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Abstract 
COVID-19 is a major global public health event. To objectively understand the network 
public opinion reaction and its spatial difference during the epidemic, and to propose 
policy response and media guidance of public health emergencies are of great 
significance. This paper took Sina Weibo as the main data source and was based on 1.5 
million Sina Weibo posts from January 18th to February 29th in 2020, and used Python 
crawler technology, K-means text clustering method and SnowNLP sentiment data 
analysis model to analyze hot topics and texts such as “COVID-19” and “the pneumonia 
epidemic”. The results showed that: (1) The cumulative number of confirmed cases in 
China increased in ladder model from January 18th to February 29th in 2020, and the 
development of Weibo public opinion showed a fluctuating trend, which was highly 
correlated with the former. (2) The spatial distribution of cumulative confirmed cases 
was less in the west and more in the east along the Hu Line, and Guangdong province was 
the most prominent region with high affective value. (3) The regions with high emotional 
value in Guangdong province were mainly concentrated in the central urban areas, and 
radiated from Guangzhou to the surrounding areas. The time variation of sadness 
emotional value fluctuated greatly. 

Keywords 
COVID-19; Network Public Opinion; Temporal and Spatial Differentiation. 

1. Introduction 

In December, 2019, a number of viral pneumonia cases of unknown cause were found in Wuhan, 
Hubei Province. The symptoms were fever and fatigue, dyspnea, and ground-glass shadows in 
the lungs, all of which were diagnosed as viral pneumonia or lung infection. On January 12th, 
the World Health Organization named it “2019 Novel Corona-virus (2019-NCOV)”. On January 
23th, Wuhan locked down. On January 29th , all provinces and cities launched a Level I 
emergency response. On February 11th, it was officially named COVID-19 by the World Health 
Organization. Since February 20th, except Hubei province, the epidemic has been effectively 
controlled in most provinces and cities, with zero growth of active cases and stable 
development. During the COVID-19 outbreak, for the purpose of personal protection and 
control of the spread of the epidemic, people responded to the national call of quarantine, learnt 
about the epidemic situation and exchanged information through the Internet and social media 
platforms. The number of discussion groups on social media has also increased as the epidemic 
has attracted more attention. The topic of epidemic-related events and public sentiment were 
gradually spreading and evolving. 
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Network public opinion refers to different views on social issues on the Internet. It is a form of 
social public opinion, and it is the influential and tendentious remarks and views held by the 
public through the Internet on some popular and focal issues in real life. With the rapid 
development of China’s mobile Internet, online media has become “the fourth media” after 
newspapers, radio and television, and become one of the main information carriers reflecting 
the complex public opinions in the current international economy and society. Public 
emergencies as Infectious disease has fast spread.  Based on the clustering characteristics of 
online public opinions, differentiated analysis of public opinion outbreak areas is of great 
scientific significance to correctly guide public sentiment and formulate accurate epidemic 
prevention policies. 
Through social media platforms, many scholars obtain the emotional value of the public on 
major public health emergencies or natural disasters and conduct emotional analysis, so as to 
formulate corresponding countermeasures and serve to improve the efficiency of epidemic 
prevention and disaster reduction. Ragini et al. divided social media information after the flood 
into positive, negative and neutral categories to analyze the public response on the disaster and 
understand the needs of people in the disaster. Gomide used Sentiment analysis of Twitter data 
to monitor public panic during the dengue epidemic [13]. Dwibhasi et al. analyzed the 
proportion of positive and negative emotions in Twitter data under the influence of Ebola 
epidemic, and found that public sentiment was significantly correlated with major social 
events[13]. Hridoy et al. proposed that social network data is one of the most effective and 
accurate indicators to study public opinion. Among them, Weibo is of great significance in public 
opinion research because it contains location information, rich emotional information and 
distinct thematic content. Yang Pengfei et al. used the convolutional neural network model to 
classify the public's fine-grained emotional information and conducted a temporal and spatial 
analysis of the Weibo topics related to the Ya’ an earthquake in Sichuan province on April 20th, 
2013, and concluded that the relief needs of the disaffected public could be timely understood 
through anxiety analysis. Anger can help to explore the concerns of public opinion in the 
process of disaster. Sadness and fear have the potential to explore public mental health 
problems. Positive emotions can provide feedback on the trend and effect of disaster relief 
actions[6]. Chen Xingshu et al. used SnowNLP emotion analysis model and K-means text 
clustering algorithm to analyze the spatio-temporal evolution of public opinion on COVID-19-
related Weibo topics through emotion value, and concluded that the national Weibo audience 
generally showed a positive than negative emotional state. And the conclusion that the regions 
with the most severe epidemic have the lowest emotional value [1]. 
Some studies have used web crawler technology to crawl public comments on emergencies on 
Sina Weibo, Toutiao and other social platforms and used semantic analysis technology to 
analyze  public attitudes. However, the results show that most studies focus on revealing public 
opinion at national and regional scales through social media data [3], but few studies take 
special high-value regions as research objects for temporal and spatial analysis, and the division 
of public sentiment is not detailed enough. Based on Weibo data, this paper obtained the 
emotional value of the public towards COVID-19 from January 18th to February 29th in 2020 
through emotion classification and keyword extraction, and analyzed the spatial and temporal 
distribution characteristics of the public’s emotional value from the spatial scale of the whole 
country, high-value provinces and cities, and different periods to reveal the public’s response 
to COVID-19 and led to deeper thinking on epidemic prevention and control. 
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2. Data Sources and Research Methods 

2.1. Data Acquisition and Pretreatment 
2.1.1. Data Acquisition 
The data acquisition tool of this paper is distributed web crawler, which uses Scrapy framework 
of Python. The main function of Scrapy is fast, high-level screen scraping and web scraping 
framework for scraping website content and extracting structured data from web pages. Scrapy 
uses the Twisted asynchronous network library to handle network communication, which has 
a clean architecture and includes various middleware interfaces [7]. 
Sina Weibo is one of the most widely used social media platforms in China. Up to December, 
2019, Weibo has  had 516 million active users. Weibo users must complete the real-name 
authentication. Thus, the information published has high reliability and authenticity, and the 
information includes geographical location. In this paper, Weibo data sources were selected to 
conduct public opinion analysis. The total amount of Weibo data in the research period was 
more than 1.5 million, which could reflect certain social public opinion dynamics. What needs 
to be noted in particular is that the name of the pneumonia outbreak has changed many times. 
From December 30th , 2019 to January 10th , 2020, it was called “pneumonia of unknown cause” 
and “viral pneumonia of unknown cause”. From January 11th to February 7th, 2020, it was 
called “novel Coronavirus pneumonia”. On February 8th, the Press Conference of the Joint 
Prevention and Control Mechanism (JCP) was held to inform the provisional name of novel 
Coronavirus pneumonia of the National Health Commission, “COVID-19” in short. Therefore, 
this paper takes “COVID-19” and “pneumonia epidemic” as keywords to capture topics related 
to the epidemic in different periods in a more comprehensive way and Weibo information 
includes user name, user ID, blog text, geographic location, release time and other attribute 
fields. 
2.1.2. Data Preprocessing 
Through data cleaning, Chinese word segmentation, stop words extractation and other 
methods, the text data from the web was preprocessed. Chinese word segmentation is the basic 
link of Chinese text mining and information processing. Jie-ba word segmentation is an open-
sourced word segmentation project of Python community, which can add custom word base or 
delete“stop-words” [4]. TF-IDF value reflects the importance of a word in the text. TF is“word 
frequency ”, IDF is “reverse document frequency ”, and the TF-IDF value of a word can be 
obtained by multiplying these two items[9]. “Invalid words” have no clear emotional direction 
but are often used (with high frequency) when expressing emotion. Therefore, the TF-IDF value 
of invalid words may still be very high, and it needs to be deleted actively to avoid introducing 
noise[10] and reduce the accuracy of Chinese word segmentation. 

2.2. Research Methods 
2.2.1. Text Clustering 
After data pretreatment, pure word text information is obtained, and then the word text 
information is converted into digital information to generate TF-IDF text vector matrix, so as to 
reflect the similarity of documents. Since Weibo blogs are originally free of attributes and labels, 
it is necessary to obtain subject word types through K-means clustering. K-means algorithm is 
an unsupervised learning, so the selection of initial K is very important. Elbow rule can be used 
to solve this problem. Elbow rule can draw cost functions with different K values. When K value 
increases, the improvement effect of the average distortion degree will decrease continuously. 
When a point is reached, the improvement effect of the distortion degree decreases the most 
before the point, and after the point, the improvement effect of the distortion degree decreases 
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more stable. The K value corresponding to this point is the elbow. Subject words can be used to 
generate word clouds and perform statistics of high frequency words. 
2.2.2. Word Cloud and Word Frequency 
Based on the word and word frequency data obtained from Weibo database and text clustering, 
in order to better and more intuitively display the topics that people were most concerned 
about during the epidemic and analyze and summarize the changes in people’s mentality, the 
Wordcould module and Matplotlib of Python were called to make statistics on all the cleaned 
high-frequency words in Weibo[5], generate the corresponding score of emotion value, and 
finally generate word cloud and the ranked list  of high-frequency words[1]. 
2.2.3. Emotional Analysis 
Emotional analysis is a process of analyzing, processing, inducing and reasoning subjective 
texts with emotional color. A large number of comments on Sina Weibo, which are widely 
participated by users and express people’s emotional colors and emotional tendencies, can be 
processed to understand people’s views on a certain event and generate polarity analysis of 
two parts, namely “agree”and “deny”. 
SnowNLP, a third-party library of Python, was used to analyze the polarity of emotion for Weibo 
content. SnowNLP has the following emotional judgment process. First of all, it can read the 
classified text negt. txt and pos.txt, and then, all the text are segmented and stop words are 
extracted, so that the author can calculate the frequency of each word, and finally use Bayes’ 
theorem to calculate the probability of large emotional value category. 
Sentiment classification method of  Python can be used to score text sentiment value. The 
obtained sentiment value is distributed in between 0 and 1. The score is greater than 0.5, 
indicating positive emotion. When the score is less than 0.5, the emotion is more negative. The 
closer the value gets to zero, the more negative your emotions are.  Part of the code of SnowNLP 
emotion analysis is as follows: 
def Sentiment_anly(ls): 
res = [ ]; 
for i in ls: 
if len(i) > 1; 
value = SnowNLP(i).sentiments; 
if value > 0.6: 
s =“positive” 
elif value>0.5: 
s=“neutral” 
elif value>0.4: 
s=“angry” 
elif value>0.3: 
s=“sad” 
elif value>0.2: 
s=“anxious” 
elif: 
s=“worried” 
res.append((i, s,value)); 
return res. 
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2.2.4. Geographic Statistical Analysis  
In this study, ArcGIS was used to analyze the spatial difference of the emotional values of the 
data, and the data was visualized in space. And then the distribution of the emotional values of 
the regions with serious epidemics and the whole country was determined by combining the 
geographical distribution data with the epidemic data released by the National Health 
Commission. 
2.2.5. Kernel Density Estimation (KDE)  
Kernel Density Estimation (KDE) is used to calculate the density of discrete points within a 
certain window area and is taken as the central value of the window data, so as to obtain the 
density change diagram of spatial connections between research objects. That is, the geospatial 
distribution pattern strengthened by “peaks” and “troughs”. This method is often used for 
spatially visualized expression of the distribution pattern of dotted facilities, such as the spatial 
distribution layout of enterprises, bank outlets, schools and hospitals. The kernel density 
analysis can be expressed as: 
 

f(x) =
1

nh
K(

x − x

h
)                                                                  (1) 

 

K( ) is the kernel density equation, indicating that the density distribution reaches the 
highest at the center of each xi   point and decreases continuously from the inside to the outside. 
When the distance from the center reaches a certain threshold range, the density becomes 0. h 
is the threshold, and n is the number within the threshold. d is the dimension of data. When d=2, 
the commonly used kernel density equation can be defined as: 
 

f(x) =
1

nh π
[1 −

(x − x ) + (y − y )

h
]                                           (2) 

 
Where, (x − x ) + (y − y ) is the deviation between point (x , y ) and point (x,y). The higher 
kernel density, the denser distribution of point elements. And vice versa. In this paper, kernel 
density estimation is used to analyze the spatial distribution and aggregation of the number of 
Weibo with different emotional attitudes in China. 

3. Result Analysis 

3.1. Epidemic Situation and Development Characteristics of Weibo Public 
Opinion 

3.1.1. Spatio-temporal Characteristics of Cumulative Confirmed Cases and Newly 
Confirmed Cases in China 

As shown in Figure 1, the cumulative number of confirmed cases in China showed an upward 
trend. From the beginning of the epidemic to February 10th , the number of newly confirmed 
cases increased slowly, and peaked on February 12th with 13,468 newly confirmed cases. The 
“inflection point” of the epidemic was reached on February 13th. After that, as the spread of the 
epidemic was gradually under control, the number of newly confirmed cases gradually declined 
and fluctuated gently. The cumulative number of confirmed cases has gradually slowed down, 
and the epidemic has been stabilizing since February 20th. 
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Figure 1. Changes of Growth Time of Confirmed Cases of COVID-19 Epidemic 

 
As can be seen from Figure 2, the cumulative number of confirmed cases in China is bounded 
by the Hu Line, and there are fewer cases in the west, with 1,029 cases accounting for 1.3% of 
the total cumulative number of confirmed cases in China. The number of confirmed cases in the 
east China was 77,873, accounting for 98.7 percent of the whole country. Hubei province has 
the largest number of confirmed cases, with 66,337. Guangdong province follows with 1,349, 
Henan province with 1,272, Zhejiang Province with 1,205 and Hunan Province with 1,018. The 
lowest number is found in Tibet Autonomous Region, where the cumulative number of 
confirmed cases is 1. Compared with the eastern coastal areas, the northeast and northwest 
inland areas and Taiwan province across the Taiwan Strait are less affected by the epidemic. 
The possible reason is that the cumulative number of confirmed cases in Henan and Hunan 
provinces, which are adjacent to Hubei Province, is relatively high due to the impact of 
population migration. Affected by migrant workers returning home during the Spring Festival 
travel rush, the cumulative number of confirmed cases in Zhejiang and Guangdong provinces is 
also high. The Tibet Autonomous Region has a high altitude and the flow of people with the 
mainland mainly occurs in tourism activities. During the Spring Festival, tourism activities in 
Tibet are off-season, so it is basically not affected. Provinces in the northwest and northeast of 
China are far away from the original area of the epidemic and the number of migrants to the 
region is also small. The epidemic is spreading slowly and the cumulative number of confirmed 
cases is relatively small. 
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Figure 2. Spatial Distribution of Cumulative Confirmed Cases of COVID-19 Epidemic 

3.1.2. Analysis of Temporal and Spatial Characteristics of the Development of Public 
Opinion on Weibo 

Figure 3 shows the temporal variation of the number of COVID-19-related Weibo posts. From 
January 18th to February 29th, the total number of Weibo posts in China showed an upward 
trend of fluctuation. The trend of upward trend was obvious from January 18th to January 23rd , 
from January 30th to January 31st, from February 1st to February 2nd, and from February 4th 
to February 5th, and reached the peak of the whole period on February 5th. From January 31st 
to February 1st, from February 2nd to February 3rd, and from February 5th to February 6th, 
the trend of decrease was obvious. The rise was apparent after Zhong Nanshan confirmed the 
“human-to-human transmission” of the virus at a press conference of the National Health 
Commission on January 20th. On January 23rd, Wuhan declared “lockdown” and the trend 
reached a high and smooth fluctuation. The cumulative number of confirmed cases across the 
country peaked on January 31st after exceeding 10,000 and then rapidly declined. The second 
peak was reached after the official delivery of Huoshenshan Hospital on February 2nd. On 
February 5th, the first batch of patients admitted to the makeshift hospital and all the 14 
infected doctors and nurses in Wuhan Union Hospital were discharged from the hospital, and 
the number of Weibo topics reached the peak during the epidemic period. After that, the curve 
of the number of Weibo posts fluctuated gently in a small scale, but it was still at a relatively 
high value. 
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Figure 3. Time Variation of the Number of Weibo posts Related to the Outbreak of COVID-19 

 
From January 18th to February 29th in 2020, the spatial distribution of the number of COVID-
19 related Weibo posts is shown in Figure 4a. The regions with the highest number of posts are 
mainly located in the central and eastern and southern coastal areas of China. Guangdong and 
Anhui provinces have more than 100,000 Weibo posts. Eight provinces, Henan, Shandong, 
Sichuan, Jiangsu, Zhejiang, Fujian, Hubei and Liaoning, have more than 60,000 posts. Xizang, 
Xinjiang, Qinghai, Ningxia, Heilongjiang, Jilin, Guizhou, Tianjin, Shanghai, Hainan and other 
provinces (cities) have a small number of Weibo posts. The distribution diagram of Weibo 
quantitative kernel density value (search radius is 200km) is shown in Figure 4b. The kernel 
density value of Weibo quantity is basically similar to the population distribution in China, 
mainly distributed in Guangzhou, Hefei, Zhengzhou, Chongqing, Hangzhou, Beijing, Tianjin, 
Wuhan and other cities, and shows the situation that east China and North China are 
contiguated, and the southeast coastal area is larger than the northwest inland area. 
 

 
Figure 4. Spatial Distribution and Information Kernel Value of Public Emotion Value of 

COVID-19 Epidemic 
3.1.3. Correlation Analysis between the Number of Cumulative Confirmed Cases and 

the Number of Weibo Posts 
With the help of Origin, Spearman correlation analysis was conducted on the number of COVID-
19-related Weibo posts and the number of cumulative confirmed cases nationwide. The 
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correlation trend is shown in Figure 5. There was a significant positive correlation between the 
two (P <0.01), and the correlation coefficient was in the range of 0.6 ~ 0.95, but with the 
epidemic gradually under control, the correlation fluctuated. It reached a maximum of 0.93 on 
January 26th . After February 13th , it began to decline steadily, which was necessary to link 
with the emergence of the “turning point” of the epidemic. 
 

 
Figure 5. Sperman Correlation Coefficient Trend of Weibo Quantity and Cumulative Number 

of Confirmed Patients 

3.2. Temporal and Spatial Distribution Characteristics of Emotion Values 
3.2.1. Sentiment Classification and Proportion 

 
Figure 6. Proportion of Public Sentiment Classification of COVID-19 Epidemic 
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According to Python’s SnowNLP library for positive and negative perspective analysis, the 
processing object is the Weibo posts which mainly take COVID-19 and pneumonia pandemic as 
keywords. Python SnowNLP analysis is based on the sentiment dictionary implementation, 
which simply divides text into positive and negative categories. The return value is the 
probability of emotion, which is positive as it approaches 1, and negative as it approaches 0. In 
this paper, neutral emotions are added and negative emotions are subdivided into three types, 
anxiety, sadness and anger, so as to better grasp the public opinion situation on Weibo. 
When the emotion index is greater than 0.6, the public emotion value is positive, 0.5~0.6 is 
neutral, 0.4~0.5 is angry, 0.3~0.4 is sad, 0.2~0.3 is anxious, and less than 0.2 is worried. 
Accordingly, the national Weibo emotion index can be divided into six categories. As shown in 
Figure 6, positive and sad proportions are 57.51% and 33.04%, respectively, while worry, anger, 
anxiety and neutral proportions are all below 3%. 
3.2.2. Spatial and Temporal Distribution Characteristics of the Six Categories of 

Emotional Values  
After averaging the analysis results of the emotional values of daily Weibo posts in China during 
the research period (Figure 7), it can be found that the overall emotional index tends to be 
positive from January 18th to February 29th , and only 2 of the 43 days have values less than 
0.5, that is, tends to be negative. From January 19th to January 22nd, from January 23rd to 
January 31st, from February 1st to February 2nd, and from February 4th to February 5th, the 
increasing trend was obvious, and reached the peak on February 5th . From January 22nd to 
January 23rd, from January 31st to February 1st, from February 2nd to February 4th, and from 
February 5th to February 6th, the decreasing trend was obvious. The national average of 
emotion was 0.47 on January 19th and 0.49 on January 20th. On January 22nd, it quickly 
climbed to 0.7, the first positive peak. The reason is that after the announcement of “lockdown” 
in Wuhan on January 23rd, the sentiment value quickly dropped to 0.51. The second peak was 
reached after the Novel Corona-virus outbreak was classified as a Public Health Emergency of 
international concern by the World Health Organization (WHO) on January 31st, with a rapid 
rise to 0.72. After Dr. Li Wenliang diagnosed COVID-19 on February 1st, it quickly dropped back 
to 0.57. After the third peak on February 2nd, it fell to 0.58 on February 4th after the Hubei 
Provincial Commission for Discipline Inspection notified the Leading cadres of the Red Cross 
society of Hubei province of dereliction of duty. It reached its peak on February 5th and then 
fell again on February 6th after the National Health Commission announced that the cumulative 
number of cases in the country exceeded 30,000. Since then, it was fluctuating in a small scale. 
 

 
Figure 7. Time Change of Public Sentiment Value of COVID-19 Epidemic 
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The spatial distribution of various emotional values is shown in Figure 8. The spatial 
distribution of the number of sad emotional Weibo posts is shown in Figure 8a, with the highest 
value in Guangdong province, where the number reaches more than 3000. As can be seen 
clearly from kernel density Figure 9a of sadness emotion, the regions with high values were 
distributed in Guangdong, Beijing, Henan, Anhui, Jiangsu, Zhejiang, Hubei, Fujian, Sichuan, 
Chongqing and other provinces (cities). The spatial distribution of the number of angry Weibo 
posts is shown in Figure 8b. The highest value is mainly concentrated in Guangdong, Shandong, 
Anhui and Henan provinces, and the number of Weibo posts is more than 2000. As can be seen 
from Figure 9b of kernel density, the high value is distributed in Jiangsu, Zhejiang, Fujian and 
Sichuan Provinces. As shown in Figure 8c, the spatial distribution of the number of Weibo posts 
concerned about emotion is still highest in Guangdong province, where the number of Weibo 
posts reaches over 40,000. As can be seen from kernel density Figure 9c of worry emotion, the 
regions with high values were distributed in Beijing, Henan, Anhui, Guangdong, Hubei, Jiangsu, 
Zhejiang, Fujian, Sichuan, Chongqing, Shaanxi and other provinces (cities). The spatial 
distribution of the number of positive emotion Weibo posts is shown in Figure 8d, with the 
highest value mainly concentrated in Guangdong, Shandong, Anhui and Henan provinces, and 
the number of Weibo posts is more than 50,000. As can be seen from Figure. 9d of kernel density, 
the high values were distributed in Liaoning, Hebei, Shaanxi, Sichuan, Hubei, Jiangsu, Zhejiang, 
Fujian and Jiangxi provinces. The spatial distribution of the number of anxious Weibo posts is 
shown in Figure 8E, with the highest value mainly concentrated in Guangdong, Shandong, Anhui, 
Henan, Jiangsu and Sichuan provinces, and the number of Weibo posts is over 2000. As can be 
seen from Figure 9e of kernel density, the high value is distributed in Liaoning, Hebei, Hubei, 
Zhejiang and Fujian provinces.  Figure 8F shows the spatial distribution of the number of posts 
of neutral emotion Weibo posts, with the highest value mainly concentrated in Guangdong, 
Shandong and Anhui provinces, and the number of Weibo posts is over 2000. As can be seen 
from Figure 9f of kernel density, the regions with high values were distributed in Liaoning, 
Hebei, Henan, Hubei, Jiangsu, Zhejiang, Fujian, Jiangxi and Sichuan provinces. 
 

 
Figure 8. Spatial Distribution of Six Types of Emotional Weibo 

 



Volume 3 Issue 4, 2022 

DOI: 10.6981/FEM.202204_3(4).0100 

776 

Frontiers in Economics and Management 

ISSN: 2692-7608 

 
Figure 9. Core Density Distribution of Six Types of Emotional Weibo (Search Radius: 200km) 

3.2.3. Spatial and Temporal Distribution Characteristics of High-value Provinces’ 
Emotional Values  

According to Figure 5, positive and sad proportions of the national emotional values are 90.55% 
of the total amount of Weibo posts, while Figure 8 shows that Guangdong province has the 
highest values in both of these two emotional types. Therefore, the distribution of these two 
types of emotional values in Guangdong province was separately analyzed in this paper to 
provide a basis for feedback on the effect of disaster reduction and rescue operations and to 
explore the potential mental health problems of the public. 
(1) Hot topics concerned by Weibo users in high-value areas  
 

 
Figure 10. Statistical Histogram of Weibo High Frequency Words 
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In order to further understand the main topics discussed by the public in Guangdong province 
during the COVID-19 outbreak, this study constructed the word frequency ranking related to 
“COVID-19” in the Weibo field from January 18th to February 29th. The top 13 high-frequency 
keywords are shown in Figure 10. The word “pneumonia” appears most frequently, with a total 
of 213,174 times, followed by the word “epidemic”, with a total of 194,307. There are also 
words like “novel”, “virus”, “prevention and control”, “case”, “confirmed”, “Wuhan” and “Come 
on”. All of these directly reflected the public’s concern about the epidemic. From the number of 
word frequencies, it can also be known that this sudden public health event has aroused high 
public concern. It is important to note that although this pneumonia outbroke suddenly and 
spread fast, but due to the timely and effective prevention and control measures, and each 
department of the whole country worked closely and orderly, making the outbreak quickly 
controlled. Thus, the public mood were effectively soothed, and negative emotions were 
rare.Weibo posts were positive. People also focused on how to fight the epidemic, support 
Wuhan, and cheer for the frontline workers, etc. This shows the solidarity spirit of the people 
in the face of difficulties, fearlessness in the face of danger, support from all sides when one 
party is in trouble. 
Through the word cloud statistics chart (Figure 11), we can more intuitively see the direction 
of public attention to the topic. The larger the font, the higher the attention of word frequency 
[1]. As you can see “epidemic”, “new”, “pneumonia”, “virus”, “control” are marked, and secondly 
“infected”, “new”, “confirmed”, “coronavirus”, “hospital”, “together”, “hope” and “the guardian” 
words are also presented, which show the determination of the public to overcome the 
outbreak. Due to the need of epidemic prevention and control, home quarantine measures were 
implemented in most parts of the country, and enterprises stopped production, thus 
suspending the operation of all social production departments. It can be seen that the public 
hopes for the early resumption of work and normal operation of society during home 
quarantine. In addition, the name “Zhong Nanshan” also appeared in the cloud. In this epidemic, 
Zhong Nanshan, as an expert who rushed to Wuhan early to support, has been recognized and 
respected by the masses for his moral character and contribution. 
 

 
Figure 11. Novel Coronavirus Pneumonia 

 
(2) Time series analysis of affective value in Guangdong Province 
Figure 12 shows the time distribution of the proportion of sad emotion in each city in 
Guangdong Province [8]. On the whole, the proportion of sad emotion in Guangdong province 
showed a trend of large fluctuation from January 18th to February 29th, with Guangzhou, 
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Shenzhen, Foshan and Shantou taking a relatively high proportion of sad emotion. There were 
three large fluctuations before and after January 21st, January 30th and February 6th, 
respectively, because on January 21st, the World Health Organization issued a statement that 
COVID-19 may continue to appear “human-to-human transmission” phenomenon. Cross-
border trains in and out of Hong Kong were suspended on January 30th. On February 6th, the 
total number of cases nationwide exceeded 30,000. It is worth noting that in the early stage of 
the epidemic, namely from January 18th to January 20th, the proportion of sadness in 
Zhongshan, Foshan and Zhuhai was relatively high, while the proportion of sadness in 
Guangzhou and Shenzhen was relatively low. The proportion of Guangzhou, Shenzhen, 
Qingyuan and other places increased successively before and after January 20th. The 
proportion of Maoming increased sharply on January 23rd and decreased sharply after January 
24th. 
On January 23rd, February 2nd and February 12th, the proportion of sadness sentiment 
decreased significantly, because on January 23rd, Wuhan announced “lockdown” to some 
extent to block the spread of the epidemic, and on February 2nd, Huoshenshan Hospital was 
officially delivered, and “China Speed” became a hot topic at that time. The turning point of the 
epidemic appeared on February 12th. 
 

 
Figure 12. Time Stream Chart of Sadness Emotion Value Proportion in Different Cities of 

Guangdong Province 
 

Figure 13 shows the temporal distribution of the proportion of positive emotion in cities of 
Guangdong Province. Compared with the proportion of sad emotion, the proportion of positive 
emotion fluctuates much more gently, indicating that positive emotion has been stable from 
January 18th to February 29th. Guangzhou, Shenzhen, Foshan, Dongguan and other places 
accounted for relatively large. There were large fluctuations around January 26th and February 
2nd. The possible reason is that the National Health Commission declared on January 26th that 
the incubation period of novel Corona-virus was up to 14 days and it had certain infectiousness. 
On February 2nd, Zhong Nanshan predicted that novel Corona-virus was likely to be 
transmitted through fecal-oral transmission. 
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Figure 13. Time Chart of the Proportion of Positive Emotion Value in Cities of Guangdong 

Province 
 
(3) Spatial distribution characteristics of affective value in Guangdong Province 
The spatial distribution of sadness emotion value in Guangdong province is shown in Figure 
14a. On the whole, the regions with high sadness value are mainly concentrated in the central 
urban area, which is shown the tendency radiating from Guangzhou to outwards.  The number 
of sad Weibo posts is 686 in Guangzhou, followed by 549 in Shenzhen, 298 in Foshan and 202 
in Shantou.  Most cities in the north of Guangdong province, such as Shaoguan and Qingyuan, 
and Jieyang, Shanwei and Jiangmen in the south, have fewer Weibo posts. The reason is that 
Guangzhou is the capital city and economic center of Guangdong Province, and its economic 
development and personnel exchange are in the forefront of Guangdong Province. Therefore, 
the spread of the epidemic and the popularization of public information are fast.  Shenzhen is a 
migrant population distribution center in Guangdong province with frequent exchanges of 
personnel. The outbreak of the epidemic occurred during the Lunar New Year, and the spread 
effect of Spring Festival travel on population mobility increased, resulting in a high level of 
sadness in Shenzhen. 
The spatial distribution of positive emotion value in Guangdong province is shown in Figure 
14b. As a whole, positive emotion value in Guangdong Province is significantly higher than sad 
emotion. The similarity of the emotional injury values was still mainly concentrated in the 
central urban areas, showing a trend of radiating from Guangzhou to the surrounding areas. 
However, Shenzhen was ranked in the first sequence from the second, and two medium-high 
value regions, Maoming and Zhanjiang in the west, were also listed.  There were 20,717 positive 
emotion Weibo posts in Guangzhou, 16,396 in Shenzhen and 8,236 in Foshan.  The reason is 
that although guangzhou, Shenzhen and Foshan are densely populated, they have high levels of 
economic development and good medical and health conditions, and the public has confidence 
in their ability to fight the epidemic. 
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Figure 14. Spatial Distribution of Public Positive and Sad Emotional Values in Guangdong 

Province 

4. Conclusion 

Based on Weibo data related to COVID-19 from January 18th to February 29th in 2020, in this 
paper, Python crawler and SnowNLP sentiment analysis software were used to explore the 
public sentiment tendency of COVID-19 in 31 provinces, autonomous regions and 
municipalities in China except Hong Kong, Macao and Taiwan. The following conclusions are 
drawn: 
(1) The cumulative number of confirmed cases in China during this period showed an upward 
trend. The number of newly confirmed cases reached the “inflection point” of the epidemic on 
February 13th. After that, as the spread of the epidemic was gradually brought under control, 
the number of newly confirmed cases gradually declined and fluctuated gently, and the 
increasing rate of the cumulative number of confirmed cases gradually slowed down. Spatially, 
the cumulative number of cases in China was bounded by the Hu Line, with fewer cases in the 
west and more cases in the east. The highest value was found in Hubei Province, while the 
lowest value was found in Tibet Autonomous Region. Compared with the eastern coastal areas, 
northeast and northwest inland areas and Taiwan Province across the Taiwan Strait were less 
affected by the epidemic. From January 18th to February 29th, the number of Weibo posts in 
China showed an overall trend of fluctuation and increase. It reached the peak of the whole 
range on February 5th. In terms of spatial distribution, the areas with high publications are 
mainly concentrated in the coastal areas of central and eastern China and southern China, and 
the population distribution is basically similar to that of China. East China and North China are 
contiguous, and the southeast coastal area is larger than the northwest inland area. According 
to Spearman correlation analysis, there was a significant positive correlation between the two 
(P <0.01), but with the epidemic gradually under control, the correlation fluctuated. 
(2) In proportion of national emotional value, positive and sad proportions are 57.51% and 
33.04%, respectively, while worry, anger, anxiety and neutral proportions are less than 
3%.  From January 18th  to February 29th, the overall sentiment index tended to be positive, 
and only 2 of the 43 days had a value less than 0.5, that is, it tended to be negative. It reached 
the peak of the overall range on February 5th, and fluctuated in a small range thereafter.  In 
terms of space, the highest number of sad emotion Weibo posts is in Guangdong Province, with 
more than 3000 posts. The highest number of angry Weibo posts is mainly concentrated in 
Guangdong, Shandong, Anhui and Henan provinces, and the number of Weibo posts is more 
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than 2000. The region with the highest number of Weibo posts about feelings is still Guangdong 
province, with the number of Weibo posts reaching more than 40,000. The highest number of 
positive emotion Weibo posts is mainly concentrated in Guangdong, Shandong, Anhui and 
Henan provinces, and the number of Weibo posts is over 50000.  The highest number of anxious 
Weibo posts is mainly concentrated in Guangdong, Shandong, Anhui, Henan, Jiangsu and 
Sichuan provinces, and the number of Weibo posts is more than 2000.  The highest value of the 
number of neutral emotion Weibo posts is mainly concentrated in Guangdong, Shandong and 
Anhui provinces, and the number of Weibo posts is more than 2,000.  Guangdong province is 
the cross area of positive and sad emotion values with the largest proportion among the six 
categories. 
(3) Among the main topics discussed by the general public in Guangdong province on Weibo, 
the word “pneumonia” appeared most frequently, followed by the word “epidemic”, as well as 
the words “new”, “virus”, “prevention and control”, “case”, “confirmed diagnosis”, “Wuhan” and 
“Come on”. It can be seen from the number of word frequency that this sudden public health 
event has aroused high public concern. Due to the timely and effective prevention and control 
measures, there are not a lot of negative emotions, and the word frequency is mainly positive. 
In terms of time, the proportion of sad feelings in Guangdong province fluctuated greatly from 
January 18th to February 29th, and fluctuated three times before and after January 21st, 
January 30th  and February 6th  respectively. As for cities in Guangdong province, the 
proportion of sad feelings in Guangzhou, Shenzhen, Foshan and Shantou is relatively high. The 
positive emotion value fluctuated more gently than the sad emotion value, and there was a large 
fluctuation around January 26th and February 2nd. Guangzhou, Shenzhen, Foshan, Dongguan 
and other places accounts for a large proportion. Spatially, the regions with high sadness 
emotion values are mainly concentrated in the central urban areas, showing a trend of radiating 
from Guangzhou to the surrounding areas. Guangzhou has the largest number of sad Weibo 
posts, followed by Shenzhen, Foshan and Shantou. Most cities in the north of Guangdong 
province, such as Shaoguan and Qingyuan, and Jieyang, Shanwei and Jiangmen in the south, 
have fewer Weibo posts. The area with high positive emotion value is similar to the area with 
high sad emotion value, which is still mainly concentrated in the central urban area, showing a 
trend of radiating from Guangzhou to the surrounding areas. However, Shenzhen stepped in 
the first sequence, and more two medium-high areas of Maoming and Zhanjiang in the west 
appeared. 

5. Limitations and Forecast 

This paper selected Sina Weibo as the data source to analyze online public opinion on COVID-
19. Compared to Zhihu, Tianya and other social media, Weibo has the geographical position and 
the reliability of real-name certification, but there still exists certain limitations. Weibo users 
are mainly young active groups. In the future, the author will collect data from more social 
media platforms, and analyze the social public response of the outbreak more deeply. 
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