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Abstract

The use of social media has played a significant role in influencing individuals' perceptions  
of community resilience, particularly in the face of global disasters. The study focuses on the city of 
Harbin in northeastern China to examine public responses to the pandemic and to assess perceived 
community resilience in regions severely affected by recurrent epidemics in a spatio-temporal context 
using social media data. The results of the study show that urban centers, characterized by high 
population density and well-developed urban infrastructure, had the highest level of public concern 
about the epidemic. In addition, users associated with universities and research institutions showed 
positive attitudes towards the epidemic. Public reactions were most pronounced during periods  
of strict prevention and control measures, with an increase in out-break-related tweets and a prevalence 
of negative sentiment. The study highlights the differences in reactions between people from different 
backgrounds and the impact of the epidemic and related prevention and control measures on different 
aspects of daily life. Based on the findings, policy measures are proposed to improve urban epidemic 
preparedness, covering both physical infrastructure and human factors. This study contributes  
to a deeper understanding of the Chinese urban context and provides valuable insights for urban 
planning and management in underdeveloped regions.

Keywords: perceived community resilience, social media data, public sentiment, urban epidemic 
preparedness

DOI: 10.15244/pjoes/178402 ONLINE PUBLICATION DATE: 2024-03-28

*e-mail: yu.zhang@hit.edu.cn



Liang X., et al.3264

Introduction

In early 2020, the United Nations declared 
Coronavirus disease 2019 (COVID-19) to be the greatest 
challenge facing mankind since World War II due to 
the significant number of confirmed cases and deaths 
[1]. In response to the outbreak, Chinese regions and 
cities implemented policies and sanitary regulations that 
locked down administrative boundaries and restricted 
city-level commuting. This major public health event 
significantly impacted the city’s economy, public mood, 
and daily life, leading to social isolation to prevent 
COVID infection and dissemination, resulting in  
a “desperate plea” [2].

Social media has emerged as the primary platform 
for timely information exchange and fostering 
connectedness, serving as a vital conduit for social 
support and facilitating the dissemination of information, 
the expression of emotions and the exchange of opinions 
[3]. As a result, it has been recognized as a valuable 
tool for examining the interplay between emergency 
response and building resilience [4]. Open-access 
geographic information data released by users in large 
quantities can be analyzed to obtain public attitudes and 
implement intervention measures during epidemics [5]. 
Spatio-temporal information about the public’s response 
to the COVID-19 epidemic, gathered from social media, 
can better guide disaster preparedness, mitigation, and 
urban recovery, enhancing and improving community 
resilience. Although the literature on community 
resilience often explores social media use as a component 
of crisis management, scholars have yet to thoroughly 
examine its impact on perceived community resilience 
[6]. Furthermore, limited research has examined the 
impact of individual community members’ social media 
behavior on the dynamic process of collective adaptation 
during a shared crisis.

While previous research has highlighted the 
importance of social media data in comprehending the 
impact of epidemics on community resilience, there is 
a current deficiency of an encompassing framework that 
considers both spatial and temporal differences in the 
public’s reaction and correlation with urban factors during 
outbreaks. This research seeks to examine the viability 
of leveraging social media data to enhance community 
resilience, particularly in times of a worldwide health 
emergency such as the COVID-19 pandemic. Taking 
the city of Harbin as the case study, the study concludes 
with a series of practical recommendations and suggests 
potential avenues for future research.

Perspectives of Community Resilience  
in the Face of the COVID-19 Pandemic

Since the beginning of 2020, the COVID-19 
pandemic has posed a significant threat to the health and 
well-being of cities and citizens worldwide, resulting 
in “alarming levels of spread and severity” [7, 8]. This 
global disaster has had a widespread negative impact 

on human life, society, the economy, and international 
political relations, attracting the attention of scholars 
worldwide who are interested in studying the resilience 
of cities and communities in recovering from its effects 
[9, 10]. Community resilience, defined as the ability to 
resist, absorb, adapt, and recover from hazards while 
maintaining functioning, has practical value in coping 
with uncertainty and disasters at the community 
level [11]. It combines individual-level coping and 
preparedness with a community’s social support system 
to withstand and recover from public health emergencies 
[12].

Facing COVID-19 outbreaks, public health 
researchers have reached a consensus that community 
resilience is an essential factor in mitigating the physical 
and emotional tolls on individuals and communities 
[6]. Studies on the pandemic have shown that strong 
neighborhood governance, civic participation, 
institutional trust, and compliance with government 
advice can influence how the epidemic unfolds in 
communities [13]. At the initial stage of the epidemic in 
China, citizens in quarantined areas, such as Wuhan and 
Shanghai, were engaged through questionnaires and in-
depth interviews to examine the influence of pandemic 
strategies on community resilience [14]. A quantitative 
study was proposed to evaluate the perceived 
community resilience based on the first lockdown in 
Eilat, Israel from April 16 to May 4, 2020. Psychometric 
questionnaires were used to measure its impact on out-
migration [15].

Perceived Community Resilience and the Role of 
Social Media in Post-Pandemic Management

Perceived community resilience reflects the public’s 
confidence in a community’s ability to withstand and 
recover from disasters [16, 17]. Perceived community 
resilience can be evaluated based on social capital, 
psychological cohesiveness, belief in leadership, 
collective efficacy, place attachment, and social trust 
among the community [18]. Community identity refers 
to an individual’s sense of belonging and connection to 
their community, which can enhance their connection to 
others through shared experiences, values, and emotions 
[19]. These factors are crucial in building community 
resilience during public health crises.

The measurement of community resilience remains 
a topic of ongoing debate, with several recognized 
frameworks such as the TOSE framework and the CDRF. 
Building on these two frameworks, Shi et al. constructed 
a four-dimensional community resilience assessment 
framework, spatial resilience, capital resilience, social 
resilience and governance resilience [20]. Zhang 
devised the Spatially Interrupted Time-Series (SITS) 
framework utilizing a large mobile phone dataset 
spanning five months during COVID-19. SITS enables 
evaluation of policy interventions in both temporal and 
spatial dimensions [21]. In the midst of the COVID-19 
pandemic, engaging in community information support, 
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social support seeking, information seeking and 
information avoidance through social media platforms 
serves as a valuable resource for individuals to foster 
connections within their community and effectively 
manage the challenges associated with social distancing 
and isolation caused by the pandemic [22]. Previous 
studies have demonstrated that coping strategies 
emphasizing problem-solving, such as engaging in 
actions to support fellow community members, enable 
individuals to reassess the crisis situation based on 
their proactive effort [23]. This reassessment, in turn, 
influences subsequent coping behaviors.

Social media platforms allow for real-time 
information sharing, emotional expression, and 
connection during and after crises, providing 
researchers with valuable data on public reaction [24]. 
Community identity highlights social media engagement 
as a coping strategy for building community resilience. 
Social media use for social support fosters social capital 
and enhances collective resilience perception [6]. Qiu 
reviewed over one thousand resilience articles from Web 
of Science and proposed social media can aid epidemic 
management, enhance resilience, and aid in pandemic 
detection, particularly for China and Singapore [25]. 
By examining social media activity, researchers can 
gain a more comprehensive understanding of the impact 
of the pandemic on the social, economic, and physical 
fabric of urban areas, as well as identify potential 
solutions for building more resilient communities 
in the future [26]. Social media platforms also have  
a strong potential to replace physical spaces damaged 
by disasters and promote active citizen participation and 
increase social resilience in the face of emergencies and 
disasters [27]. The community resilience literature often 
discusses social media’s role in crisis management, but 
communication scholars have not extensively theorized 
or researched its impact on perceived community 
resilience. There is a lack of research on how individual 
social media use during a crisis impacts collective 
adaptation and perceptions of community resilience.

The Introduce of Social Media and GIS for 
Enhancing Post-Pandemic Community Resilience

In the field of post-pandemic community resilience, 
various social media platforms, such as Twitter and 
Facebook, are widely used at a global level [28, 29]. 
The application of Chinese social media data to promote 
positive impacts in the recovery process has also received 
attention in regional studies. Weibo, often regarded as 
China’s equivalent to Twitter, is one of the largest social 
media platforms in the country. It serves as a highly 
efficient channel for rapidly distributing questionnaires 
among particular ethnic groups, facilitating an in-depth 
comprehension of their recovery processes [30]. The 
extraction of information from the hot-search topic list 
of Weibo has been used to measure public concern about 
public health emergencies [31]. Emotional expression is 
evaluated to characterize the psychological dimension 

of collective resilience by analyzing Weibo texts, 
examining the temporal evolution of public opinions on 
COVID-19 during China’s first anti-pandemic cycle [32].

The integration of social media data with 
Geographic Information Systems (GIS) provides  
a powerful approach for enhancing post-pandemic 
community resilience studies. GIS technology facilitates 
the visualization, analysis, and interpretation of spatial 
data, while social media data provides valuable insights 
into the public’s experiences and reactions during and 
after a crisis  [33]. Researchers utilize social media 
data to study the public’s experiences and reactions 
during and after a pandemic, and integrate it with GIS 
technology to map spatial and temporal patterns of 
public behaviors and emotions [34, 35]. Together, these 
tools can provide valuable insights into post-pandemic 
community resilience and inform the development 
of targeted interventions and policies to build more 
resilient communities in the future [36, 37].

Emotional Responses and Sentiment 
Analysis to Understand the Implications 

for Community Resilience

Sentiment analysis is a powerful tool for 
understanding individual and community intentions 
during disasters and for comprehending the emotional 
state of individuals [38]. Sentiment analysis uses natural 
language processing and machine learning algorithms 
to analyze the sentiment of social media posts.  
By applying sentiment analysis to geotagged social 
media data, researchers can generate a spatially explicit 
representation of the public’s emotions and reactions 
to the pandemic [39].  Studies have also revealed that 
the emotional valence displayed on government social 
media can promote citizen engagement and self-
resilience during epidemic crises [40].  Emotional value 
assessment can provide valuable insights into the factors 
that influence post-pandemic community resilience, as 
well as help identify areas where targeted interventions 
and policies may be required [41].

A wide range of emotional responses, stemming 
from an individual’s perception and assessment of 
the “person-environment” relationship, can influence 
the actions individuals take in response to a crisis.  
A dimensional framework for understanding emotions 
suggests that emotions can be classified based on two 
evaluative valence dimensions: positive and negative 
emotions. Negative emotions have been found to be 
positively linked to active information seeking and 
processing, yet negatively associated with trust in an 
organization during a crisis [42].  Conversely, the role 
of positive emotions in the context of a crisis is less 
well-explored. Some existing studies indicate that 
positive emotions can co-occur with negative emotions 
during a crisis, and these positive emotions can play 
a significant role in mitigating the adverse effects of 
the crisis [43]. While previous research has examined 
emotional responses to crises in various contexts, such 



Liang X., et al.3266

as flooding, hurricanes, and influenza, and in relation 
to constructs like trust, information processing, and 
perceived responsibility, there has been relatively less 
investigation into the connection between emotions and 
perceived community resilience [44].

Material and Methods

The city of Harbin, located in the northeast region 
of China, is selected as the primary case study for 
this research. In order to obtain social media data 
pertaining to the study, a cross-search approach 
is employed, utilizing a series of epidemic-related 
keywords aided by web crawler tools to access the 
Weibo API. The social media data collected includes 
users’ information, geolocation data, post time, and 
post content. Furthermore, an innovative assessment 
framework is constructed by combining the social 
media data with traditional data sources, such as 
land use data, to evaluate the urban resilience of 
Harbin. The structure of assessment comprises four 
dimensions: User Information, Spatial Distribution, 
Temporal Dynamics, and Intercorrelation Statistical 
Analysis. This comprehensive framework blends spatial 
information with temporal patterns to accurately detect 
and display people’s responses to adverse public events 
over time. Additionally, the framework uses the Pearson 
Correlation Coefficient to explore the relationships 
between variables, assisting in identifying the crucial 
factors that affect urban resilience in Harbin.

Research Area Selection: The City of Harbin

Harbin, situated in the northeastern region of China, 
holds the distinction of being the city with the largest 
land jurisdiction – 53,186 square kilometers – among 
all the provinces and municipalities in China [45].  
The city experiences severely cold and relatively extreme 
climatic conditions, with temperatures plummeting 
to around minus 40 degrees Celsius during the winter 
season. Despite the harsh climate, Harbin boasts  
a unique and westernized urban landscape, featuring 
the Chinese Baroque district, which is a result of its rich 
developmental history and frequent trading activities.  
In the 1920s, Harbin became a booming city due to 
its status as the Russian administrative center of the 

railway. The Russian colonial rule brought European 
architecture to the city, resulting in the creation of 
the Chinese Baroque architectural style, which is a 
fusion of Baroque façade and Chinese traditional 
quadrangle. Even today, Harbin, particularly its 
Daowai District, features a plethora of Chinese 
Baroque buildings. In recent years, the district has 
undergone an urban development project driven by 
the preservation of its heritage. Additionally, Harbin 
is home to over 50 colleges, universities, and research 
institutes, including the prestigious HIT, resulting in  
a young and diverse community.

The study focuses on the main urban area of Harbin, 
which comprises seven built-up urban administrative 
districts [46], covering 598 square kilometers of land. 
The selected area has a population of 5.265 million, 
representing 53.26% of the total population of Harbin, 
and is the primary focus of the research [47].

Data Collection and Purification

The research conducted in this study employs 
limitations in both temporal and spatial dimensions 
for data acquisition. The time range considered for 
data acquisition is from January 25, 2020, to May 22, 
2022, covering the initial outbreak stage of the new 
crown epidemic in 2020 to the first half of 2022, when 
the epidemic situation in Harbin became stable. The 
geographical scope of data acquisition is restricted to 
the main urban area of Harbin.

To begin the data acquisition process, a search string 
is constructed. First, a preliminary keyword library 
is generated by manual reading and sorting to create  
a search string consisting of multiple keywords, including 
“Harbin,” “mask,” “resumption of work,” “isolation,” 
“positive,” and “epidemic,” to access the Weibo API. This 
step resulted in the acquisition of 32,315 posts containing 
relevant information, such as posting time, text content, 
geographical data, and user profile information, including 
gender, registered IP, and current IP.

Data purification comprises two steps. Firstly,  
a computing approach is utilized to identify and 
remove completely duplicated posts, resulting in 11,559 
posts being eliminated. Secondly, irrelevant Weibo 
posts are screened out through manual reading and 
marking based on criteria, such as meeting the selected 
geographical scope, restricted time frame, and content 

Step No. Approach Criteria Removed items Remaining items

Step 0 API accessing Original dataset / 32315

Step 1 Computing Complete duplication 11559 20756

Step 2 Manual marking

NOT in the selected geographical scope 2019 18737

NOT in the restricted time frame 144 18593

The content is NOT in corresponding with requests 5140 13453

Table 1. Screening process of obtained Weibo data.



Revealing the Perceived Community Resilience During the Pandemic... 3267

relevance. For instance, any post specifically mentioning 
other cities will be deemed outside our geographical 
focus, despite their association with a geo-location 
or hashtag linked to Harbin. Furthermore, we have 
excluded articles discussing topics from previous years 
that were published during the COVID era. Posts that 
are unrelated, such as those criticizing traffic accidents, 
have also misused the hashtag “covid in Harbin” to gain 
more visibility and have consequently been removed. As 
a result, 13,453 Weibo posts were identified as valid data 
(Table 1). 

Data Analysis

The present study investigates data obtained 
from four distinct perspectives: user information, 
spatial distribution, temporal dynamics, and variables 
impacting urban resilience. Firstly, user information is 
scrutinized, including gender ratio and whether the user 
is local, to establish user profiles for relevant groups. 
Secondly, geolocation data is analyzed. Following 
correction of the latitude and longitude information, it 
is combined with Harbin urban planning geographic 
information data. The point density analysis method 
is employed within the GIS to analyze the spatial 
distribution evolution characteristics of epidemic-related 
microblogs in Harbin. Subsequently, the study combines 
the timing of Weibo releases with that of local epidemic 
prevention and control policies at different stages and 
examines the response of Harbin’s community resilience 
to the epidemic at different times. Finally, by means of 
statistical correlation analysis, specific variables that 
impact community resilience are explored.

User Information Statistics

This study examines user information, specifically 
gender and local residency status. The study calculated 
the number and proportion of male/female and local/
non-local users and drew the response of different 
groups to the epidemic from the user portraits of 
relevant groups, ultimately identifying the impact of 
the epidemic on urban resilience. As the IP obtained 
by Weibo is divided into the posting IP (the location of 
Weibo is automatically displayed to be accurate to the 

province) and the user IP (set by the user to be accurate 
to the city), the study comprehensively considered both 
IP indicators when judging the IP and then determined 
whether the post belonged to a local or non-local 
resident.

Spatial Distribution of People’s Sentiment

In this study, a novel approach was utilized to explore 
public attitudes towards the pandemic by combining 
social media data, land use data, and other information. 
The social media data was processed and visualized 
using ArcGIS to investigate the spatial distribution 
of user sentiment. Land use information was obtained 
from the “Harbin Master Plan (2011-2020) revised 
version in 2017” at a scale of 1:2000. Specifically, the 
textual content collected from Weibo was semantically 
determined and combined with geographic location data 
to create a spatial pattern of sentiment. 

In this study, a novel approach was utilized to explore 
public attitudes towards the pandemic by combining 
social media data, land use data, and other information. 
The social media data was processed and visualized 
using ArcGIS to investigate the spatial distribution 
of user sentiment. Land use information was obtained 
from the “Harbin Master Plan (2011-2020) revised 
version in 2017” at a scale of 1:2000. Specifically, the 
textual content collected from Weibo was semantically 
determined and combined with geographic location data 
to create a spatial pattern of sentiment. 

Sentiment analysis was used to examine people’s 
mood by assigning sentiment scores or levels based 
on the text content. A classification-based method 
was employed that manually labeled tweets as 
negative, neutral, or positive, and then used supervised 
classification to classify instances [48]. Table 2 
provides examples of original tweets along with their 
corresponding classified results. This addition will 
enable readers to better understand and evaluate the 
accuracy of our classification process. By presenting 
concrete examples, we aim to provide a clearer picture 
of how the subjective interpretation was applied and 
showcase the reliability of our approach. It should 
be noted that manual recognition of text content was 
employed in this study, as opposed to the use of machine 

Label Text Post time

Positive
Although many countries around the world are now in the grip of the 

new crown epidemic, the strict controls at home have actually made us 
much more relaxed psychologically.

2020-04-07 15:04:38

Negative

It's been a sad winter, doctors, nurses, police, community workers, 
many, many of them have been sickened by this pneumonia, died 

suddenly or had car accidents, never thought the year would start with 
a virus spreading, an earthquake, a fire...... don't even know what to say

2020-02-19 20:50:00

Neutral Safety first during vaccination! Harbin refueling #All neighborhoods in 
Harbin are closed #Harbin renovations 2020-04-16 11:21:33

Table 2. Examples of original tweets along with their corresponding classified results
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Variable Description Category Amount %

V0 Sentiment

Negative 4304 31.99

Neutral 6084 45.22

Positive 3065 22.78

n.a. 0 0

V1 Gender

Male 6342 47.31

Female 6813 50.87

n.a. 244 1.81

V2 Location of account IP

Local IP 7349 54.63

Non-local IP 5860 43.56

n.a. 244 1.81

V3 Posts geotag location

In Harbin city area 12793 95.09

Out of Harbin city area 660 4.91

n.a. 0 0

V4 Strictness of 
quarantine policy

Low 1176 8.74

Medium 2135 15.87

High 1318 9.8

Extremely high 8824 65.59

V5 Stage of the epidemic

EEPs

3042 22.61

448 3.33

68 0.51

439 3.26

133 0.99

230 1.71

2334 17.35

3448 25.63

ENPs

812 6.04

293 2.18

40 0.3

31 0.23

61 0.45

427 3.17

1079 8.02

568 4.22

V6 Land use function

Institute and college 2512 18.67

Residential land 1636 12.16

Commercial land 7360 54.71

Tourist attractions 192 1.43

Public facilities 633 4.71

Green space 141 1.05

Other 979 7.28

n.a. 0 0

Table 3. Descriptive statistics of the variables based on Weibo data.
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learning tools for semantic recognition. This was mainly 
due to the limited amount of data available for training 
machine learning algorithms, which was around ten 
thousand. Future research and practical applications 
should aim to employ artificial intelligence tools, such 
as natural language processing, to recognize larger 
amounts of textual content.

Following the correction of the latitude and longitude 
coordinates of the microblogs gathered in the initial 
stage and their importation into Geographic Information 
System (GIS) to ensure congruence with the city data, 
this research established the microblogs’ location within 
the main urban area. Of the 13,453 data examined, none 
were deemed invalid, and N.A. was used to denote 
instances where location data was unavailable due to 
users not enabling the positioning system. Similarly, 
invalid default geolocations represented instances where 
the default location point was displayed due to the user 
not turning on the positioning system when posting  
a tweet.

We used the spatial analysis tool, specifically the 
kernel density detection tool in ArcGIS 10.8.2, to 
estimate the kernel density of Weibo posts within 
Harbin city. To capture the spatial distribution patterns 
and features of the pre-filtered Weibo posts, a fixed 
search radius (bandwidth) of 0.01 degrees and a cell 
size of 0.001 degrees were utilized. The concentration 
of feature points within each output area image was 
then calculated using kernel density analysis. The 
resulting plot shows a smooth vertical line for each 
location, illustrating the density of Weibo posts. The 
use of kernel density estimation is crucial for accurately 
estimating probability distributions and allows for a 
more comprehensive examination of the probabilistic 

model under investigation, overcoming the limitations 
of traditional bitmap techniques.

Temporal Dynamics of Posting Activities

The present study initially delimited the time frame 
for collecting relevant Weibo data from January 25, 
2020, which marked the closure of all public places in 
Harbin due to the pandemic, until May 22, 2022, when 
the epidemic situation in Harbin stabilized, and no new 
local cases were reported. This time frame spans the 
entire period of in-creasing cases, from the issuance of 
the No. 2 Announcement on Epidemic Prevention and 
Control by the Harbin Municipal Government to the 
issuance of the No. 66 Announcement on Epidemic 
Prevention and Control. Based on the changing 
epidemic situation and policies in Harbin, we divide the 
whole period into seventeen phases (see Appendix A). 
This study further classifies the prevention and control 
policies at each stage of the epidemic based on the level 
of strictness as outlined in the policies. Table 3 presents 
the number and proportion of blog posts in each period, 
corresponding with policy tendency level.

Variables Affecting Community Resilience

The data analysis in this study utilized statistical 
analysis approaches, where Table 3 displays six 
independent variables and one dependent variable. 
In terms of sentiment assignments (V0), the 
correspondence with attitudes followed a low-to-high 
order, with negative sentiments assigned 1, neutral 
assigned 2, and positive sentiments assigned 3. For 
the independent variables with binary options such 
as gender, local residence, and IP location in the main 
urban area, the research assigned 1 to male users and 2 
to female users, 1 to local users, and 2 to non-local users, 
and 1 to main urban area and 2 to non-main urban areas.  
The nature of land use was divided into seven sub-
categories, with values of 1 to educational land (Institute 
and college), 2 to residential land, 3 to commercial 
entertainment, 4 to tourist attractions, 5 to public 
facilities, 6 to green spaces, and 7 to other categories. 
Additionally, the level of policy strictness was classified 
into four categories, ranging from low to high strictness. 
Missing data, except for epidemic situations, were 
assigned a value of 0.

Pearson Correlation Coefficient was employed 
to investigate the difference between categorical 
variable X and quantitative variable Y. The analysis 
involved determining whether there was a significant 
difference between X and Y (p<0.05 or 0.01), followed 
by comparing the average value to describe specific 
differences if the result was significant. Then, 
Correlation analysis was employed to investigate the 
correlation between different data information, with 
the aim of identifying the dependent variable, i.e., the 
degree to which emotion (V0) is affected by independent 
variables (V1-V6). The correlation coefficients were 

Variables V0.1 
(Negative)

V0.2 
(Neutral)

V0.3 
(Positive)

V1 0.018* -0.012 -0.005

V2 0.009 0.022* -0.036***

V3 -0.033*** 0.033*** -0.003

V4 0.029*** 0.024** -0.061***

V5 0.100*** 0.021* -0.136***

V6

V6.1 0.001 0.004 -0.006

V6.2 0.021* -0.004 -0.018*

V6.3 -0.025** -0.004 0.033***

V6.4 0.025** -0.005 -0.021*

V6.5 0 0.017* -0.020*

V6.6 0.008 0.013 -0.024**

V6.7 0.006 -0.009 0.003

Note: * p<0.05 ** p<0.01 *** p<0.001.

Table 4. Correlation analysis results between attitudes and 
various variables in relation to COVID-19.
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used to express the relationship between the analyzed 
variables. The research first determined whether 
there was a relationship between the variables when 
presenting the conclusions.

Results and Discussion

User Information Analysis

The analysis of user information provided important 
insights into the distribution of tweets related to 
COVID-19 in Harbin city, highlighting the gender and 
local residential status of users, as well as the spatial 

Fig. 1. Upper. Density and spatial distribution of public responses on Weibo in Harbin during the COVID-19 (total). Lower. Close-up of 
the enlarged Harbin urban area. a) Cluster 1, Nangang district; b) Cluster 2, Xiangfang district; c) Cluster 3, Daoli district; f) Cluster 4, 
Daowai district; e) Cluster 5, Hulan district; f) Cluster 6, Songbei district.
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patterns of tweet posting locations. The user information 
included gender and local residence status, which were 
categorized and presented in Table 3.

The study identified 6342 Weibo users as male, 
accounting for 47.31% of the total, and 6813 Weibo 
users as female, accounting for 50.87% of the total (see 
Table 3). In addition, 244 tweets had missing gender 
information, representing 1.81% of the total. The study 
also categorized users who posted valid Weibo data 
according to their local residence status. Table 3 shows 
that there were 7,349 local tweets, accounting for 54.63% 
of the total, and 5,860 non-local tweets, accounting for 
43.56% of the total. The study also analyzed the real-
time location of the tweets and found that over 95% 
of the tweets were posted within the Harbin city area. 
12,793 tweets were posted in the main urban area, 
accounting for 95.09% of the total, while only 660 tweets 
were posted outside the main urban area, accounting 
for 4.91% of the total. The study also categorized the 
posting locations according to land use functions, such 
as institutes and colleges, residential areas, commercial 
areas, tourist attractions, public facilities, green areas, 
and others.

Mapping the Spatial Distribution of 
COVID-19 Related Posts in Harbin City

The present study investigated the distribution 
of postings across different land use types in a given 
area. A total of 2512 postings were analyzed, and it 

was found that the number of postings for education  
sites was significantly higher than for other land 
use types, accounting for 18% of the total sample.  
The second-highest number of postings was found for 
residential sites (N = 1636), while postings positioned in 
the urban green space function accounted for only about 
1% of the total sample (see Table 3). These findings 
highlight the importance of education sites as a popular 
destination for posting on social media, while urban 
green spaces appear to be less frequently visited and 
photographed.

The study revealed a clear spatial pattern in the 
distribution of tweets related to the COVID-19 epidemic 
in Harbin city. The distribution can be classified into 
six distinct clusters, each with multiple patterns of 
distribution and aggregation. The most concentrated 
hotspots are in and around the Qunlixi residential 
area (cluster 3) and the historic central city of Harbin  
(cluster 4), as shown in Fig. 1. The general pattern 
of Weibo hotspots is broadly consistent with the 
distribution of population density in the Harbin urban 
area, as shown in Fig. 2.

Cluster 1 is located in the Nangang district of 
Harbin, with Harbin Railway Station as its center. 
The high level of concern expressed on social media 
platforms about the epidemic is likely to be driven, in 
the main, by the high density of the population [49]. In 
addition, a number of university campuses in clusters 1 
and 2 are also recognized as the core area with a high 
density of postings, such as HIT, Northeast Agricultural 

Fig. 2. Population density distribution in the Harbin urban area (data source: open street map, accessed on 15 June 2023) overlapping 
posts’ hotspot map.
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University. This is strongly related to the relatively 
younger and denser population of users in universities 
and research institutes, who are more likely to use 
online platforms to express their views. In addition, the 
higher number of activities at home during the pandemic 
allowed students to participate more actively in online 
discussions about the epidemic.

Cluster 3, situated in the Daoli district, shows a high 
concentration of posting users in densely populated 
super high-rise residential areas, particularly in the 
Qunlixi residential area. It is evident that after more 
than a decade of construction, Qunlixi area now 
boasts a significant number of contemporary, high-
end residential and commercial projects that are 

Fig. 3. The geographical pattern of public sentiment responses towards the epidemic in Harbin. a) geographical pattern of positive 
sentiment; b) geographical pattern of negative sentiment; a1, b1) Hulan district; a2, b2) The historic city center; a3, b3) Pingfang District.
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well established, coupled with a relatively youthful 
demographic and benefiting from the centralized, top-
down urban master planning process implemented by 
the government. However, this new urban neighborhood 
is located some distance from the city center, due to the 
still inadequate public transport system. 

Concurrently, Cluster 4 exhibits a distinct tendency 
towards the aggregation of posting frequency within the 
historic urban localities, notably the Chinese Baroque 
Quarter, Central Street, and St. Sophia’s Church, 
situated within the historical city center of Harbin. 
Generally speaking, urban heritage regions, after 
undergoing urban renewal, have garnered more attention 
compared to their unrenovated counterparts. Popular 
tourist destinations, such as the Harbin Central Street 
precinct, exhibited a posting frequency similar to that 
of the University district, while historic districts with 
a more pronounced local resident presence, such as the 
Chinese Baroque area, were subject to considerably less 
attention.

In contrast to other clusters, Cluster 5 and Cluster 6 
have relatively low population densities. Hulan district 
and Songbei district are located north of the Songhua 
River, which are widely recognized as having lower 
levels of urbanization. Since 2015, Hulan district 
has been designated as an important new district to 
promote the Belt and Road Initiative and accelerate the 
revitalization of old industrial bases in northeast China. 

Processing the geographical location data of Weibo 
posts showed that the hotspots (places where more 
posts were made) in the city were the historic city 
center of Harbin Core, followed by the residential and 
commercial center of Daoli District, and some other 
scattered hotspots (Fig. 3). This finding aligns with 
research into Covid-19 infection rates in urban areas of 
London, whereby infection rates are typically lower in 

public buildings and higher in residential buildings [50]. 
Interestingly, when comparing the hot maps of positive 
and negative sentiment expressions, the historic city 
center, including St. Sofia Church Square and part of its 
urban extension, Zhongyang Avenue (built in 1898 by 
Russian builders when the city was in its semi-colonial 
period), and the Chinese Baroque Quarter, stand out as 
common hotspots (Fig. 3).

Positive sentiment was found to be highly 
concentrated in central areas of the city, such as the 
Qunlixi residential area, HIT and Northeast Agricultural 
University. In contrast, negative sentiment posts were 
scattered across different parts of the city, with no 
particular concentration. These negative sentiment posts 
covered larger areas, including less popular regions with 
smaller populations.

Apart from a few pockets of positive sentiment in 
the city center, negative sentiment appeared to be more 
evenly distributed across the city, with a tendency to 
spread out towards the suburbs. It is worth noting that 
residents in the northern area of Harbin, such as the 
Hulan district, may require more attention and support 
due to their relatively lower level of discussion and 
higher prevalence of negative sentiment towards the 
epidemic.

Temporal Analysis on Public Attitudes 
Towards COVID-19 During Different 

Epidemic Periods in Harbin City

According to the announcement of the Harbin 
City Response to the COVID-19 Work Headquarters,  
the overall epidemic duration (Jan. 25, 2020 – 
May 22, 2022) is recognized into eight Epidemic 
Emergency Periods (EEPs) and corresponded Epidemic 
Normalization Periods (ENPs). Fig. 4. portrays  

Fig. 4. Trends in tweets of public responses to COVID-19 in Harbin during different epidemic periods.
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the alterations in the quantity of tweets during each 
epidemic period. It can be seen that most epidemic-
related tweets (75.39% in total) were posted during the 
EEPs. At the same time, the amount of Weibo posted 
during the ENPs has reached just 24.61% which is just 
around a quarter of the whole. This confirms that social 
media activities regarding adverse events, especially 
small-scale hazards, tend to peak during the events 
happening or activating when people’s daily lives are 
directly affected [51]. Overall, the total number of tweets 
reached 3 peaks, during the 1st EEP, the number of 
tweets (3042) reached the first peak, the 7th EEP (2334) 
reached the second peak, and the 8th ENP (3448) reached 
the third peak, which is also the highest point. Between 

the 1st and 2nd peak, the number of tweets has remained 
low. 

In terms of public attitude, Fig. 5 shows that attitude 
changes are divided into three stages, the first stage is 1st 
EEP-4th ENP, the Positive Attitudes (PA) and Negative 
Attitudes (NA) are repeatedly crossed, the second stage 
is 5th EEP-8th EEP, NA is always higher than PA, and the 
third stage is 8th ENP, PA rose significantly. During the 
entire time period, Neutral Attitudes are consistently far 
higher than the tweets that clearly stated attitudes (both 
PA and NA). Starting from the 1st ENP, the percentage 
of NA and the PA alternated on the rise, showing up 
with five intersections until the 5th EEP. In which, the 
largest difference occurs in the 3rd ENP as 35% between 

Fig. 5. Trends in attitudes of public responses to COVID-19 in Harbin during different epidemic periods.

Fig. 6. Change of the hotspot spatial patterns caused by lockdown policies.
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NA (50%) and PA (15%). Moreover, it is not until the 
3rd ENP that Neutral Attitudes (35%) is below NA (50%) 
for the first time. It is worth mentioning that the total 
number of tweets during this period is the lowest in the 
whole period, only 1% of the peak. Since the 5th EEP, it 
has entered the second stage in which NA continue to be 
higher than PA. Since then, the PA remains steadily at a 
lower status than NA until the end of the 8th EEP. When 
Neutral Attitude (39.67%) is below NA (40.68%) for the 
second time in the 7th ENP, the amount of their tweets 
is very close. The second difference peak emerged 
during the 8th EEP at 27.44%, where NA (40.68%) is 
again higher than PA (11.05%) From the 8th ENP, the PA 
suddenly had a rapid upward trend, surpassing the NA 
by 13.03% in 8 days (May 15, 2022 - May 22, 2022). 

Based on the content of the policies, this study 
categorizes strict intensity assignments to the prevention 
and control policies at each stage of the epidemic (see 
Appendix B). During the emergency period of most 
epidemics, there are more epidemic-related tweets 
than during the normalization period. The number of 
epidemic-related tweets in 1st EEP is 2230 more than that 
in 1st ENP. During the emergency period, the country 
and local governments took very strict measures to deal 
with the epidemic, and the public reacted strongly to the 
epidemic. However, the number of Weibo posts in 6th 
ENP is higher than that of 6th EEP, probably because it 
is during the Spring Festival, when the public is more 
concerned about the epidemic. From the 3rd EEP to the 
6th ENP, which concentrated within four months, no 
very strict policies were implemented, and the number 
of epidemic-related tweets has decreased significantly 
(10.62% in total epidemic waves). However, in the7th 
EEP and 8th EEP, the number of epidemic-related tweets 
has risen sharply, even reaching the highest value since 
the epidemic (3448). From this it is clear that, during 
the severe period of the epidemic, the central and local 
governments and communities took strict prevention 
and control measures, and the daily life and emotions 
of the public have been seriously negatively affected.  
In summary, a lesson is obtained that community 
resilience requires all parties to get more prepared for 
the incident together [52]. For example, in the early stage 
of the epidemic, more accurate epidemic prevention 
measures are not sufficient, but more regional static 
management, while precise measures to prevent the 
epidemic in the later stage of the epidemic have achieved 
significant results.

The hotspot maps for each of the eight phases of 
policy management consistently showed high levels 
of user engagement in outbreak prevention and 
control in the historic central district of Harbin (see 
Fig. 6). Throughout the course of the epidemic, the 
distribution of user-generated posts showed a dispersal-
concentration-dispersal pattern that evolved over time. 
During the initial phase of the epidemic and the near-
closure phases (7th and 8th), the distribution of posts was 
more widespread and evenly distributed, indicating 
a lower level of concentration. However, during the 

intermediate phases (2, 3, 4, 5 and 6), a remarkable 
pattern of centripetal, multiplicative and clustered 
distribution of posts emerged. Importantly, this 
clustering pattern coincided with a period characterized 
by the absence of extremely strict quarantine policies. 
The implementation of highly restrictive traffic control 
policies had a greater impact on residents living in 
the peripheral areas of the city, whereas moderately 
restrictive traffic control policies had a greater impact on 
residents living in the central areas. 

This observation is also linked to changes in the 
emotional state of the population. In the early stages of 
the epidemic, a more dispersed population had difficulty 
adapting to abrupt lifestyle changes. As users gradually 
adjusted to the inconveniences of travel restrictions in 
the middle phase, only a portion of habitual Internet 
users continued to actively post on Weibo. Towards the 
end of the epidemic, residents’ dissatisfaction with the 
mandatory quarantine policy and related implementation 
issues again attracted national attention.

Correlation Between Attitudes and Various 
Variables in Relation to COVID-19:  

an Investigation Using Pearson 
Correlation Coefficient

In this study we examined the correlation between 
attitudes and various variables, including policy, land 
use function and others, using the Pearson correlation 
coefficient. This study aims to investigate the correlation 
between specific urban factors and the satisfaction of 
residents, with a primary focus on the individual effects 
of these factors rather than their interrelationships. 
Therefore, the problem of multicollinearity among urban 
factors is not considered a major concern when choosing 
the regression model [53]. A significant correlation 
in statistics indicates a relationship that is unlikely 
to have occurred by chance. A significant negative 
correlation indicates an inverse relationship between 
two variables, while a significant positive correlation 
indicates a direct relationship between two variables. 
The results presented in Table 4 show that attitudes were 
significantly correlated with certain variables, while no 
correlation was observed with others.

In particular, a significant positive correlation 
suggests a consistent pattern where neutral attitudes are 
associated with higher scores on the variable related to 
the location of the account IP (V2). As V2 increases, 
scores on the positive sentiment variable also tend to 
increase. This implies that non-local users tend to post 
more neutral sentiments compared to locals, while 
locals are more optimistic about the pandemic. On the 
other hand, significant negative correlations were found 
between negative attitudes (V0.1) and the geotagged 
location of the post (V3) at the 0.001 level of significance. 
At the same time, significant positive correlations were 
observed for neutral sentiments at the same level of 
significance. These results suggest that users located 
in the city center tend to post more negative sentiments  
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on social media, while individuals from outside the 
central urban area tend to adopt a neutral attitude.

Furthermore, the variables strictness of quarantine 
policy (V4) and stage of epidemic (V5) show significant 
correlations with all three categories of feelings. Both 
variables show a positive correlation with negative and 
neutral feelings and a negative correlation with positive 
feedback. These results suggest that the increasing 
strictness of the quarantine policy and the repeated 
extension of the quarantine period have a negative 
impact on public sentiment. Interestingly, users living 
in residential areas (V6.2) and commercial areas (V6.3) 
express positive feelings about pandemic measures. 
Residents in residential areas tend to express more 
complaints, while people in commercial areas give more 
positive feedback. Users of tourist attractions (V6.4) 
express a mixture of negative and positive feelings. 
Public facilities (V6.5) show a significant positive 
correlation with neutral and positive feelings, while 
users of green areas (V6.6) have a negative impression.

Further Discussion and Limitation  
of the Research

Since 1989, Harbin has experienced rapid urban 
expansion. By 2013, Harbin’s construction land area 
had expanded 1.80 times, its economy had grown 31.85 
times and its population had increased by 9.02% [54]. 
In the last 20 years, the focus has been on developing 
new areas, while renovating old urban areas, gradually 
raising the level of housing and improving the living 
environment in new areas and old areas in stages, such 
as the construction of the Hulan district. With such 
rapid urbanization, Harbin’s urban resilience has been 
challenged by the sudden outbreak of the pandemic. The 
study encourages government and decision-makers to 
consider the needs and preferences of the community 
when formulating policies and managing urban 
planning. This can con-tribute to the overall resilience 
of the community and ensure that urban development is 
aligned with community interests.

This study analyzed the spatial distribution of 
tweets related to the COVID-19 epi-demic in Harbin 
city. The results suggest that users located in areas with 
universities and research institutes showed a higher 
positive sentiment towards the epidemic. In contrast, 
negative emotions were more prevalent in areas outside 
the central city of Harbin, suggesting the need for 
targeted interventions and communication strategies to 
promote public health and well-being in these peripheral 
regions. Improving the response to pandemics 
or other emergencies requires a comprehensive 
approach involving multiple stakeholders, including 
government agencies, healthcare providers, community 
organizations and individuals. Community engagement 
is therefore essential to better understand the needs of 
these stakeholders and to develop appropriate strategies. 
It is worth noting that this approach must include 
several components, including strengthening health 

infrastructure, raising public awareness, improving 
communication and coordination, developing a 
comprehensive response plan and supporting vulnerable 
populations.

Analysis of the temporal dimension of community 
resilience shows that a coordinated effort by all parties is 
needed to prepare for and respond effectively to events. 
The results showed that during the emergency period of 
most epidemics, there are more epidemic-related tweets 
than during the normalization period. This is because 
during the emergency period, the national and local 
governments took very strict measures to deal with the 
epidemic, and the public reacted strongly to the epidemic. 
This suggests that effective communication channels 
with the public and other stakeholders are essential to 
provide accurate and up-to-date information about 
the epidemic, to prevent the spread of misinformation 
and rumors, and to ensure that resources are allocated 
effectively. Meanwhile, increasing public awareness 
and education about the epidemic helps to reduce panic 
and fear, while increasing compliance with preventive 
measures, including signs and symptoms of the disease, 
preventive measures and appropriate responses. 

The Pearson correlation analysis demonstrates the 
correlation between attitudes and various variables 
in relation to COVID-19. The positive correlation 
between positive attitudes and commercial land 
suggests that businesses and economic activity can 
contribute positively to community resilience. It is 
therefore recommended that financial or other incentives 
be provided to local businesses offering outdoor 
recreational activities such as skiing and ice skating 
to stimulate the local economy while encouraging  
the use of natural areas and recreational spaces. Such  
a strategy can help promote wellbeing in times of crisis, 
while providing an additional outlet for physical activity 
and stress reduction. In addition, from the policy-
making point of view, policy makers should establish 
and enforce regulations that protect natural areas and 
recreational spaces, such as parks and trails, from the 
threat of development and such ensure the availability of 
these spaces in times of crisis.

This study has several notable limitations that deserve 
attention. First, in addition to the brief comparison made 
between Weibo hotspots and population distribution, it is 
important to acknowledge that population hotspots may 
also show interrelationships with Weibo hotspots. Future 
studies should aim to explore the unique phenomena 
that Weibo hotspots may reflect, and to elucidate the 
behavioral responses they elicit in scenarios beyond 
those related to COVID-19.

Second, although our assessment approach was 
innovative, further investigation is needed to improve 
the inference of spatiotemporal causality. While this 
study examines changes in the spatial distribution of 
hotspots in relation to temporal dynamics, it is crucial 
for future research to further consider spatially varying 
counterfactuals based on time-varying factors. This 
approach would allow analysis of the causal relationships 
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underlying spatial changes. Our use of Pearson 
correlation analysis as a non-spatial linear statistical 
analysis approach serves as a starting point for exploring 
the relationships between the variables of interest. It is 
recommended that Geographically Weighted Regression 
(GWR) analysis be included in future studies as it 
can provide valuable in-sights by capturing spatial 
autocorrelation and potentially uncovering localized 
relationships between variables. Future research could 
consider incorporating spatiotemporal heterogeneities 
into causal analyses by accounting for temporal and 
spatial autocorrelations within traditional spatiotemporal 
models.

Finally, it is important to acknowledge that the current 
social media dataset does not cover the entire duration 
of the pandemic. This limitation may introduce bias in 
the estimation of the impact of interventions over time. 
To address this, future work should track a longer time 
series of mobility behaviors following the COVID-19 
outbreak and policy implementation, provided the 
necessary data are available. Future work is encouraged 
to develop a more comprehensive understanding of the 
spatiotemporal dynamics and causal relationships within 
our research domain. In addition, the subjective nature 
and lack of precision in manually assessing sentiment 
based on text and emoticons highlights the need for 
future research and practical applications to incorporate 
artificial intelligence tools, particularly natural language 
processing (NLP). By using NLP techniques such as 
sentiment analysis, larger volumes of textual content can 
be efficiently processed and analyzed, providing more 
objective and accurate insights. Incorporating AI-driven 
approaches will improve the reliability and scalability 
of sentiment analysis in various domains and enable  
a deeper understanding of sentiment patterns.

Conclusions

The study makes a notable contribution to our 
understanding of how to map people’s perceptions 
and identify the urban factors that are most affected 
during times of crisis using real-time social media 
data. Through a novel approach of using social media 
data to analyze the public response to COVID-19 in 
Harbin, the study explored public responses to the 
pandemic and assessed perceived community resilience 
in a spatiotemporal context in regions severely affected 
by recurrent epidemics. The findings highlight the 
significant impact of the epidemic and related prevention 
and control measures on public sentiment, underscoring 
the need for comprehensive and targeted interventions. 

This research makes a valuable contribution to 
the existing knowledge on community resilience and 
demonstrates the potential of social media data in 
analyzing public responses to health emergencies. 
Advanced analytics and machine learning algorithms 
can assist researchers and public health officials 
in extracting valuable insights from social media 

platforms. The real-time nature of social media provides 
a responsive and adaptable means of understanding the 
evolving landscape of public opinion in the post-COVID 
era. In addition, targeted analysis of social media data 
can offer valuable insights for developing precise 
communication strategies, public health interventions 
and policy adjustments to address emerging issues and 
ensure the accurate dissemination of information.

This research enhances comprehension of the urban 
Chinese context and presents valuable perspectives for 
urban planning and administration in similar regions. 
The possible future utilization of social media data for 
comprehending public perception in the post-pandemic 
epoch demands continued online discourse analysis and 
monitoring. By understanding the dynamics of public 
perceptions and responses, policymakers can effectively 
anticipate and meet the needs of communities during 
crises, thus enhancing the resilience and preparedness 
of cities. Further research is required to investigate 
the utilization of non-linear assessment techniques 
that integrate both temporal and spatial dimensions 
to capture spatiotemporal heterogeneity and improve 
causal inference.

Acknowledgments

We would like to express our sincere gratitude 
to the anonymous reviewers for their valuable and 
insightful comments on our work. Their feedback has 
greatly contributed to the improvement of this article. 
Additionally, we extend our heartfelt appreciation to 
the editors, for their dedicated efforts in handling and 
overseeing the review process. Their guidance and 
support have been instrumental in shaping the final 
version of this manuscript.

Conflict of Interest

The authors declare no conflict of interest.

References

1. WHO Coronavirus disease (COVID-19) pandemic. WHO, 
2020.

2. HORTON R. Offline: 2019-nCoV—“A desperate plea”. 
The Lancet. 395 (10222), 400, 2020.

3. BRAJAWIDAGDA U., REDDICK C.G., CHATFIELD 
A.T. Social Media and Urban Resilience: A Case Study 
of the 2016 Jakarta Terror Attack. ACM, Shanghai China. 
2016.

4. TAYLOR F.E., MILLINGTON J.D.A., JACOB E., 
MALAMUD B.D., PELLING M. Messy maps: Qualitative 
GIS representations of resilience. Landscape and Urban 
Planning. 198, 2020.

5. YIGITCANLAR T., KANKANAMGE N., PRESTON 
A., GILL P.S., REZAYEE M., OSTADNIA M., XIA 
B., IOPPOLO G. How can social media analytics assist 
authorities in pandemic-related policy decisions? Insights 



Liang X., et al.3278

from Australian states and territories. Health Information 
Science and Systems. 8 (1), 37, 2020.

6. XIE L., PINTO J., ZHONG B. Building community 
resilience on social media to help recover from the 
COVID-19 pandemic. Computers in Human Behavior. 
134, 107294, 2022.

7. RICE L. After Covid-19: urban design as spatial medicine. 
URBAN DESIGN International. 28 (2), 97, 2023.

8. VENTER Z.S., BARTON D.N., GUNDERSEN V., 
FIGARI H., NOWELL M. Urban nature in a time of 
crisis: recreational use of green space increases during 
the COVID-19 outbreak in Oslo, Norway. Environmental 
Research Letters. 15 (10), 104075, 2020.

9. ALCáNTARA-AYALA I., BURTON I., LAVELL A., 
MANSILLA E., MASKREY A., OLIVER-SMITH A., 
RAMíREZ-GóMEZ F. Editorial: Root causes and policy 
dilemmas of the COVID-19 pandemic global disaster. 
International Journal of Disaster Risk Reduction. 52, 
101892, 2021.

10. HASSAN A.M., MEGAHED N.A. COVID-19 and urban 
spaces: A new integrated CFD approach for public health 
opportunities. Building and Environment. 204, 108131, 
2021.

11. OSTADTAGHIZADEH A., ARDALAN A., PATON D., 
JABBARI H., KHANKEH H.R. Community disaster 
resilience: a systematic review on assessment models and 
tools. PLoS Curr. 7, 2015.

12. HALDANE V., DE FOO C., ABDALLA S.M., JUNG A.-
S., TAN M., WU S., CHUA A., VERMA M., SHRESTHA 
P., SINGH S., PEREZ T., TAN S.M., BARTOS M., 
MABUCHI S., BONK M., MCNAB C., WERNER G.K., 
PANJABI R., NORDSTRöM A., LEGIDO-QUIGLEY 
H. Health systems resilience in managing the COVID-19 
pandemic: lessons from 28 countries. Nature Medicine. 27 
(6), 964, 2021.

13. KOLIOU M., VAN DE LINDT J.W., MCALLISTER T.P., 
ELLINGWOOD B.R., DILLARD M., CUTLER H. State 
of the research in community resilience: progress and 
challenges. Sustainable and Resilient Infrastructure. 5 (3), 
131, 2020.

14. FENXIA Z. The community resilience measurement 
throughout the COVID-19 pandemic and beyond -an 
empirical study based on data from Shanghai, Wuhan 
and Chengdu. International Journal of Disaster Risk 
Reduction. 67, 2022.

15. GAFTER L., TCHETCHIK A., SHILO S. Urban resilience 
as a mitigating factor against economically driven out-
migration during COVID-19: The case of Eilat, a tourism-
based city. Cities. 125, 103636, 2022.

16. HYNES W., TRUMP B., LOVE P., LINKOV I. Bouncing 
forward: a resilience approach to dealing with COVID-19 
and future systemic shocks. Environment Systems and 
Decisions. 40 (2), 174, 2020.

17. WU C. Social capital and COVID-19: a multidimensional 
and multilevel approach. Chinese Sociological Review. 53 
(1), 27, 2021.

18. LEYKIN D., LAHAD M., COHEN O., GOLDBERG 
A., AHARONSON-DANIEL L. Conjoint Community 
Resiliency Assessment Measure-28/10 Items (CCRAM28 
and CCRAM10): A Self-report Tool for Assessing 
Community Resilience. American Journal of Community 
Psychology. 52 (3-4), 313, 2013.

19. WANG X., YANG Z., XIN Z., WU Y., QI S. Community 
identity profiles and COVID-19-related community 
participation. Journal of Community & Applied Social 
Psychology. 32 (3), 398, 2022.

20. SHI C., LIAO L., LI H., SU Z. Which urban communities 
are susceptible to COVID-19? An empirical study through 
the lens of community resilience. BMC Public Health. 22 
(1), 70, 2022.

21. ZHANG W., NING K. Spatiotemporal Heterogeneities 
in the Causal Effects of Mobility Intervention Policies 
during the COVID-19 Outbreak: A Spatially Interrupted 
Time-Series (SITS) Analysis. Annals of the American 
Association of Geographers. 113 (5), 1112, 2023.

22. PFEFFERBAUM B., PFEFFERBAUM R.L., VAN HORN 
R.L. Community Resilience Interventions: Participatory, 
Assessment-Based, Action-Oriented Processes. American 
Behavioral Scientist. 59 (2), 238, 2015.

23. DOLAN R., CONDUIT J., FAHY J., GOODMAN 
S. Social media engagement behaviour: a uses and 
gratifications perspective. Journal of Strategic Marketing. 
24 (3-4), 261, 2016.

24. BUKAR U.A., JABAR M.A., SIDI F., NOR R.N.H.B., 
ABDULLAH S., ISHAK I. How social media crisis 
response and social interaction is helping people recover 
from Covid-19: an empirical investigation. Journal of 
Computational Social Science. 5 (1), 781, 2022.

25. QIU D., LV B., CHAN C.M.L. How Digital Platforms 
Enhance Urban Resilience. Sustainability. 14 (3), 1285, 
2022.

26. MORENO C., ALLAM Z., CHABAUD D., GALL 
C., PRATLONG F. Introducing the “15-Minute City”: 
Sustainability, Resilience and Place Identity in Future 
Post-Pandemic Cities. Smart Cities. 4 (1), 93, 2021.

27. ZHOU Y., XU J., YIN M., ZENG J., MING H., WANG 
Y. Spatial-Temporal Pattern Evolution of Public Sentiment 
Responses to the COVID-19 Pandemic in Small Cities 
of China: A Case Study Based on Social Media Data 
Analysis. Int J Environ Res Public Health. 19 (18), 2022.

28. GENG D., INNES J., WU W., WANG G. Impacts of 
COVID-19 pandemic on urban park visitation: a global 
analysis. Journal of Forestry Research. 32 (2), 553, 2021.

29. ZHU B. Analysis of spatiotemporal characteristics of big 
data on social media sentiment with COVID-19 epidemic 
topics. Chaos, Solitons and Fractals. 10, 2020.

30. YANG L., LI X., HERNANDEZ-LARA A.B. Tourism and 
COVID-19 in China: recovery and resilience strategies 
of main Chinese tourism cities. International Journal of 
Tourism Cities. 2022.

31. ZHAO Y., CHENG S., YU X., XU H. Chinese Public’s 
Attention to the COVID-19 Epidemic on Social Media: 
Observational Descriptive Study. JOURNAL OF 
MEDICAL INTERNET RESEARCH. 22 (5), 13, 2020.

32. LIU S., YU B., XU C., ZHAO M., GUO J. Characteristics 
of Collective Resilience and Its Influencing Factors from 
the Perspective of Psychological Emotion: A Case Study 
of COVID-19 in China, 19 (22), 14958, 2022.

33. GINZARLY M., RODERS A.P., TELLER J. Mapping 
historic urban landscape values through social media. 
Journal of Cultural Heritage. 36, 1, 2019.

34. SHEIKHATTARI P., BARSHA R.A.A., SHAFFER E., 
BHUYAN I., ELLIOTT B. Lessons learned to improve 
COVID-19 response in communities with greatest socio-
economic vulnerabilities. BMC Public Health. 23 (1), 659, 
2023.

35. WEI X., YAO X.A. Constructing and analyzing spatial-
social networks from location-based social media data. 
Cartography and Geographic Information Science. 48 (3), 
258, 2021.

36. ANTONIOU V., VASSILAKIS E., HATZAKI M. 
Is Crowdsourcing a Reliable Method for Mass Data 



Revealing the Perceived Community Resilience During the Pandemic... 3279

Acquisition? The Case of COVID-19 Spread in Greece 
During Spring 2020. ISPRS International Journal of Geo-
Information. 9 (10), 605, 2020.

37. CHEN J., GUO X., PAN H., ZHONG S. What determines 
city’s resilience against epidemic outbreak: evidence from 
China’s COVID-19 experience. Sustain Cities Soc. 70, 
102892, 2021.

38. HU X., SONG Y., ZHU R., HE S., ZHOU B., LI X., 
BAO H., SHEN S., LIU B. Understanding the impact 
of emotional support on mental health resilience of the 
community in the social media in Covid-19 pandemic. 
Journal of Affective Disorders. 308, 360, 2022.

39. WANG B., LOO B.P.Y., ZHEN F., XI G. Urban resilience 
from the lens of social media data: Responses to urban 
flooding in Nanjing, China. Cities. 106, 102884, 2020.

40. CHEN Q., MIN C., ZHANG W., WANG G., MA X., 
EVANS R. Unpacking the black box: How to promote 
citizen engagement through government social media 
during the COVID-19 crisis. Computers in Human 
Behavior. 110, 106380, 2020.

41. CAMACHO K., PORTELLI R., SHORTRIDGE A., 
TAKAHASHI B. Sentiment mapping: point pattern 
analysis of sentiment classified Twitter data. Cartography 
and Geographic Information Science. 48 (3), 241, 2021.

42. FOLKMAN S., MOSKOWITZ J.T. Stress, Positive 
Emotion, and Coping. Current Directions in Psychological 
Science. 9 (4), 115, 2000.

43. KIM H.K., NIEDERDEPPE J. The Role of Emotional 
Response during an H1N1 Influenza Pandemic on a 
College Campus. Journal of Public Relations Research. 25 
(1), 30, 2013.

44. HAN X., WANG J. Modelling and Analyzing the Semantic 
Evolution of Social Media User Behaviors during Disaster 
Events: A Case Study of COVID-19. ISPRS International 
Journal of Geo-Information. 11 (7), 373, 2022.

45. Statistical table of administrative divisions of the People’s 
Republic of China in 2020. Ministry of Civil Affairs of 
PRC 2020.

46. Harbin Urban Master Plan (2011-2020). Harbin Municipal 
People’s Government (revised draft in 2017), 2017.

47. 2021 Harbin National Economic and Social Development 
Statistical Bulletin. Harbin Municipal People’s 
Government. 2022.

48. WANG B., HUANG Y., WU X., LI X. A Fuzzy Computing 
Model for Identifying Polarity of Chinese Sentiment 
Words. Computational Intelligence and Neuroscience. 
2015, 525437, 2015.

49. TSAO S.F., CHEN H., TISSEVERASINGHE T., YANG 
Y., LI L., BUTT Z.A. What social media told us in the 
time of COVID-19: a scoping review. Lancet Digit Health. 
3 (3), e175, 2021.

50. TONG H., LI M.X., KANG J. Relationships between 
building attributes and COVID-19 infection in London. 
Building and Environment. 225, 2022.

51. WANG Z., YE X. Social media analytics for natural 
disaster management. International Journal of 
Geographical Information Science. 32 (1), 49, 2018.

52. LOO B.P.Y., LEUNG K.Y.K. Transport resilience: The 
Occupy Central Movement in Hong Kong from another 
perspective. Transportation Research Part A: Policy and 
Practice. 106, 100, 2017.

53. TONG H., ALETTA F., MITCHELL A., OBERMAN 
T., KANG J. Increases in noise complaints during the 
COVID-19 lockdown in Spring 2020: A case study in 
Greater London, UK. Science of the Total Environment. 
785, 2021.

54. WANG D., WANG B., ZHANG L. Comparative analysis 
of spatial and temporal characteristics of construction land 
expansion in Harbin city. Mapping and spatial geographic 
information. S1, 142, 2021.



Liang X., et al.3280

Appendix A. Social Media Data during the COVID-19

Epidemic stage Start time End time Amount Rate % Policy strength

1
E 2020.01.25 2020.05.14 3042 22.61 Extremely high

N 2020.05.15 2021.01.19 812 6.04 Low

2
E 2021.01.20 2021.03.08 448 3.33 High

N 2021.03.09 2021.08.01 293 2.18 Low

3
E 2021.08.02 2021.08.20 68 0.51 High

N 2021.08.21 2021.09.20 40 0.30 Low

4
E 2021.09.21 2021.10.14 439 3.26 High

N 2021.10.15 2021.10.29 31 0.23 Low

5
E 2021.10.30 2021.11.17 133 0.99 High

N 2021.11.18 20212.12.1 61 0.45 Medium

6
E 2021.12.02 2021.12.21 230 1.71 High

N 2021.12.22 2022.02.28 427 3.17 Medium

7
E 2022.03.01 2022.04.09 2334 17.35 Extremely high

N 2022.04.10 2022.04.17 1079 8.02 Medium

8
E 2022.04.18 2022.05.14 3448 25.63 Extremely high

N 2022.05.15 2022.05.22 568 4.22 Medium

Note: E: Epidemic Emergency Periods (EEPs), epidemic areas are declared to be in emergency states; N: Epidemic Normalization 
Periods (ENPs), areas with no epidemic are declared to be in normalization states; Low: Normal production and living status; Medium: 
Restriction on leaving the city limits of Harbin; High: Smart working, closure of indoor public spaces and stopping gatherings of 
people; Restriction on leaving the main urban area of Harbin; Extremely high: Residents can enter and leave the residential area once 
every two days; Suspension of most public transport operations

Epidemic stage Number Percentage % Sum

1st EEP 

Positive 927 30.47

3042Negative 775 25.48

Neutral 1340 44.05

1st ENP 

Positive 248 30.54

812Negative 228 28.08

Neutral 336 41.38

2nd EEP 

Positive 103 23.00

448Negative 142 31.70

Neutral 203 45.30

2nd ENP 

Positive 94 32.08

293Negative 47 16.04

Neutral 152 51.88

A.1. Epidemic stage statistics

A.2. The epidemic and public attitude data in Harbin during the COVID-19 (Jan. 25, 2020 - May 22, 2022). 
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A.2. Continued.

3rd EEP 

Positive 18 26.47

68Negative 20 29.41

Neutral 30 44.12

3rd ENP 

Positive 6 15.00

40Negative 20 50.00

Neutral 14 35.00

4th EEP 

Positive 118 26.88

439Negative 105 23.92

Neutral 216 49.20

4th ENP 

Positive 11 35.48

31Negative 7 22.58

Neutral 13 41.94

5th EEP 

Positive 21 15.79

133Negative 37 27.82

Neutral 75 56.39

5th ENP 

Positive 9 14.75

61Negative 18 29.51

Neutral 34 55.74

6th EEP 

Positive 40 17.39

230Negative 92 40.00

Neutral 98 42.61

6th ENP 

Positive 112 26.23

427Negative 134 31.38

Neutral 181 42.39

7th EEP 

Positive 570 24.42

2334Negative 792 33.93

Neutral 972 41.65

7th ENP 

Positive 212 19.65

1079Negative 439 40.68

Neutral 428 39.67

8th EEP 

Positive 381 11.05

3448Negative 1327 38.49

Neutral 1740 50.46

8th ENP 

Positive 195 34.33

568Negative 121 21.30

Neutral 252 44.37


