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h i g h l i g h t s g r a p h i c a l a b s t r a c t 

• GIS with big data provides geospatial in- 

formation to fight COVID-19. 
• Big data showed power on epidemic 

transmission analysis and prevention de- 

cision making support. 
• Challenges still continue in data aggrega- 

tion, knowledge discovery, and dynamic 

expression. 
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a b s t r a c t 

The outbreak of the 2019 novel coronavirus disease (COVID-19) has caused more than 100,000 people infected 

and thousands of deaths. Currently, the number of infections and deaths is still increasing rapidly. COVID-19 seri- 

ously threatens human health, production, life, social functioning and international relations. In the fight against 

COVID-19, Geographic Information Systems (GIS) and big data technologies have played an important role in 

many aspects, including the rapid aggregation of multi-source big data, rapid visualization of epidemic informa- 

tion, spatial tracking of confirmed cases, prediction of regional transmission, spatial segmentation of the epidemic 

risk and prevention level, balancing and management of the supply and demand of material resources, and social- 

emotional guidance and panic elimination, which provided solid spatial information support for decision-making, 

measures formulation, and effectiveness assessment of COVID-19 prevention and control. GIS has developed and 

matured relatively quickly and has a complete technological route for data preparation, platform construction, 

model construction, and map production. However, for the struggle against the widespread epidemic, the main 

challenge is finding strategies to adjust traditional technical methods and improve speed and accuracy of infor- 

mation provision for social management. At the data level, in the era of big data, data no longer come mainly 

from the government but are gathered from more diverse enterprises. As a result, the use of GIS faces difficulties 

in data acquisition and the integration of heterogeneous data, which requires governments, businesses, and aca- 

demic institutions to jointly promote the formulation of relevant policies. At the technical level, spatial analysis 

methods for big data are in the ascendancy. Currently and for a long time in the future, the development of 

GIS should be strengthened to form a data-driven system for rapid knowledge acquisition, which signifies that 
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. Background 

The outbreak of 2019 novel coronavirus disease (COVID-19) is a

ublic health emergency of international concern that had caused more

han 100,000 infections and 3,830 deaths in more than 100 countries by

arch 8, 2020 ( NHC, 2020 ; WHO, 2020 ), seriously affecting economic

nd social development. On February 28, UN Secretary-General Guter-

es called on governments to take action to do everything possible to

ontrol the COVID-19 epidemic ( New.cn, 2020 ). 

The United Nations Sustainable Development Goals (SDGs) aim to

ddress social, economic, and environmental issues from 2015 to 2030

nd move towards sustainable development ( United Nations Develop-

ent Programme, 2015 ). The United Nations SDGs contain 17 goals

nd 169 targets. SDG 3 aims to ensure healthy lives and promote well-

eing for all at all ages including the specific in SDG 3.3, which aims

o end epidemics of AIDS, tuberculosis, malaria and neglected tropical

iseases and to combat hepatitis, water-borne diseases and other com-

unicable diseases by 2030 ( United Nations Development Programme,

015 ). The COVID-19 epidemic directly threatens the achievement of

he above goals for health, and also affects the realization of goals for

conomic and social development. In the context of global environmen-

al changes, the transmission characteristics of the COVID-19 epidemic

ave not yet been sufficiently recognized ( CDC, 2020 ). Additionally, the

cceleration of global urbanization, increased concentration of popula-

ion, more frequent and complex interactions, and shortage of medical

rotection in developing countries all increase the difficulties of the pre-

ention and control of COVID-19. 

.1. China’s response to COVID-19 

At the beginning of the epidemic, the medical and research com-

unities responded quickly. They quickly isolated the new coronavirus,

onducted gene sequencing to determine the intermediate host, actively

hared data with the international community, and sent three successive

xpert teams to Wuhan. On January 23, 2020, the Chinese government

ook decisive measures to lock down the city of Wuhan and to close

he external routes to all cities in Hubei Province ( State council, 2020 ).

ach province has successively launched a first-level public health re-

ponse, which has effectively curbed the spread of the epidemic. China

as undertaken enormous personal and socioeconomic losses and has

on valuable time for the Chinese and for global prevention and con-

rol of the epidemic. On February 3, only 10 days after construction, Hu-

shenshan Hospital, which is a 1000-bed hospital in Wuhan, Hubei, was

ut into use ( China Daily, 2020 a). On February 8, Leishenshan Hospi-

al, which has 1600 beds, was completed and put into use ( China Daily,

020 b). In the interim, medical staff from all over the country rushed to

ubei to fight the epidemic. On February 12, the local government took

he measure of receiving and curing all patients that should be treated,

ollowing which the epidemic in Hubei Province reached a turning point

nd began to decline. During this period, we utilized GIS and spatial big

ata technology, which have a high degree of scientific and technologi-

al display ( Zhou et al., 2016 ), to provide important scientific and tech-

ical support to allow the government to judge the epidemic situation

nd formulate prevention and control measures ( Health Commission of

ubei Province, 2020 ). 

.2. Spatiotemporal development of COVID-19 in China 

During December 2019, a cluster of unexplained viral pneumonia

ases was detected in Wuhan city, Hubei Province, China. The COVID-

9 epidemic subsequently spread to the rest of Hubei, and to other parts
78 
f China. The number of newly confirmed cases increased rapidly from

anuary 10 to January 24, 2020, and the reported cases reached a peak

nd flattened from January 31 to February 7. The number of confirmed

ases increased on February 12 because of a change in how cases were

iagnosed and reported in Hubei Province that began on the same date.

s of March 8, China has cumulatively confirmed 80,735 cases ( National

ealth Commission of the PRC, 2020 ). The daily confirmed cases from

020/01/10 to 2020/03/04 are summarized in Fig. 1 . 

In China, the epidemic outbroke in Wuhan and then spread through-

ut Hubei Province. Since January 18, because of the large-scale mi-

ration associated with the Chinese Lunar New Year, the epidemic has

pread rapidly across the country. By January 29, confirmed cases were

ecorded in all provinces and regions in China. After February 14, the

umber of newly confirmed cases in the areas outside Hubei Province

radually decreased. By February 21, the number of newly confirmed

ases in Hubei Province had increased by one hundred people per day.

he newly confirmed cases outside Hubei Province fell to single digits,

nd the national epidemic situation was effectively controlled. The na-

ional distribution maps of newly confirmed cases at the province-level

re shown in Fig. 2 . 

. Ten challenges in using GIS with spatiotemporal big data 

The characteristics of strong infectivity, a long incubation period

nd uncertain detection of COVID-19, combined with the background of

arge-scale population flow and other factors, led to the urgent need for

cientific and technological support to control and prevent the spread of

he epidemic. During the struggle against epidemic, GIS and spatial big

ata technology have played an important role in identifying the spatial

ransmission of the epidemic, in spatial prevention and control of the

pidemic, in spatial allocation of resources, and in spatial detection of

ocial sentiment, among other things. Here, we discuss ten of these chal-

enges and responses, viz ., 1) rapid construction of a big data information

ystem for the epidemic; 2) rapid problem-oriented big data acquisition

nd integration; 3) convenient multi-scale dynamic mapping for epi-

emics; 4) comparison between spatial tracking and the spatiotemporal

rajectory of big data; 5) spatiotemporal prediction of the transmission

peed and scale of the epidemic; 6) spatial segmentation of the epidemic

isk and prevention level; 7) spatial dynamic balancing of supply and

emand for medical resources; 8) assessment of the supply of materials
GIS should be used to reinf

providing support for social
he social operation parameterization of models and methods, especially when

gement. 

ig. 1. Daily Changes in new confirmed cases of COVID-19 in China

2020/01/10 - 2020/03/04). 

Data source: National Health Commission of the People’s Repub-

ic of China. Daily briefing on novel coronavirus cases in China,

ttp://en.nhc.gov.cn/DailyBriefing.html ) 

http://en.nhc.gov.cn/DailyBriefing.html
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Fig. 2. Changes in new confirmed cases of COVID-19 in China at province-level (2020/01/17 - 2020/02/21). 

(Data source: National Health Commission of the People’s Republic of China. Daily briefing on novel coronavirus cases in China, 

http://en.nhc.gov.cn/DailyBriefing.html ) 

and transportation risk; 9) rapid estimation of the population flow and 

distribution; and 10) monitoring the spatial spread of social sentiment 

and detection. 

2.1. Rapid construction of a big data information system for epidemics 

With the development of GIS technology, an information system for 

a relevant subject can be constructed rapidly, especially in terms of 

database management, spatial analysis tools, and mapping. However, 

the constructed information system is commonly limited by the ba- 

sic functions of the commercial software. In response to the epidemic, 

many institutions and research groups have built a number of informa- 

tion systems, such as "epidemic map displays", "fever clinic queries" and 

"passenger information queries", based on existing commercial software, 

which has made an important contribution to epidemic prevention and 

control ( CAICT: China Academy of Information and Communications 

Technology, 2020 ). Considering that decision-making in regard to epi- 

demic prevention and control requires rapid analysis of the spatiotem- 

poral dynamics and comprehensive consideration of multiple geograph- 

ical scales, the systems development teams have 1) connected health 

departments and the internet to build a virtual perception network of 

multi-source spatiotemporal big data about the epidemic, and devel- 

oped GIS for the epidemic from a daily time scale, which is a relatively 

static information system, into real-time dynamic GIS on hourly or even 

minute-by-minute timescales; 2) built a spatiotemporal cube model of 

big data about the epidemic, and realized the normalized modeling of 

multi-source heterogeneous data with different spatial references, dif- 

ferent times, different scales and different semantics, as well as creat- 

ing a unified storage system and management of mixed polymorphic 

data; 3) set up a computing engine for epidemic description, diagnosis, 

prediction and decision-making, and developed the traditional online 

GIS for epidemics with the "visualizing query" function to an integrated 

stage with "visualization query analysis"; 4) developed a multi-scale in- 

tegrated spatiotemporal dynamic visualization technology to visualize 

the epidemic at the “country, province, city, county, community, and in- 

dividual ” scales in order to manage visualization analysis on “one map ”

of multidimensional epidemic data under a unified spatiotemporal da- 

tum; 5) adopted the new generation of native cloud architecture technol- 

ogy to develop a three-tier structure consisting of the infrastructure as 

the background, a platform for spatiotemporal big data management as 

the middle ground, and application for the epidemic as the foreground, 

which solved problems caused by traditional information systems, such 

as overfull links in development mode, complex processing and long 

lead time, and satisfied the demand for rapid construction of GIS for an 

epidemic in an emergency. The system interfaces at different scales are 

shown in Fig. 3 . 

2.2. Rapid problem-oriented big data acquisition and integration 

The decisions and actions of large-scale epidemic prevention and 

control depend on data support. The development and application of big 

data will undoubtedly contribute to quickly identifying the spatiotempo- 

ral process of epidemic development, prevention and control measures, 

and the resulting effectiveness. Strategies for gathering and integrating 

massive geographic and social-spatial information in the face of preven- 

tion and control of an epidemic emergency is the most basic problem 

for subsequent temporal and spatial mining and analysis. Based on the 

unified geographical framework, this research quickly absorbed and in- 

tegrated geographical big data, including the WHO data released inter- 

nationally, daily domestic health and disease control data, professional 

population health platform data, Tencent location request data, Baidu 

migration data, microblog text data, patient spatiotemporal trajectory 

data, international airline data, census data, education enrollment data, 

land cover data, remote sensing imagery and other multi-source data 

through statistical data collection, network data mining, API interface 

connection, and international and domestic data platform exchange. 

With the support of unified spatial registration, raster-vector transfor- 

mation, statistical normalization, format transformation, etc., these data 

were rapidly merged and applied to the spatiotemporal analysis and 

visualization systems for the COVID-19 epidemic. In this process, due 

to the weakness of current research on the classification and security 

management of spatiotemporal big data, it is clear that GIS needs to be 

developed in the aspects of automatic correlation aggregation of data, 

79 
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Fig. 3. Dynamic information query system for different scales: (a) City level; (b) County level; (c) Community level. 

Fig. 4. Rapid mapping based on multi-scale templates. 

historical data tracing, adaptive conversion of heterogeneous data, and 

standardized storage of multi-source data. 

2.3. Convenient multi-scale dynamic mapping for epidemics 

Since the outbreak of COVID-19, in addition to the news published 

by the government, epidemic information has also been widely dissem- 

inated through internet platforms such as Weibo, WeChat, and other 

channels. This massive and multi-source information has created con- 

siderable challenges for epidemic mapping. ESRI’s expert Kenneth Field 

appealed that coronavirus mapping should be responsible ( Field, 2020 ). 

He called attention to misunderstandings in the current COVID-19 epi- 

demic maps, including the incorrect use of map projections, choropleth 

maps, classification schemes, color schemes, point density maps, grad- 

uated symbols, heat maps, and three-dimensional maps. 

In this study, a data-driven multi-scale mapping template was de- 

signed. By rapidly processing real-time public outbreak data in 34 

provinces and more than 300 prefecture-level cities, we implemented 

a multi-scale map matching database template. By making the thematic 

map templates in advance, the rapid production and release of large- 

scale epidemic maps were realized. Several color schemes were designed 

to not only reflect thematic knowledge with the use of color but also to 

provide more emotively intuitive information, such as a red-purple color 

scheme for the COVID-19 cases, a blue-black color scheme for the cases 

with mortality, and a yellow-green color scheme for cured cases. Daily 

animation maps were applied to express the spatiotemporal characteris- 

tics of the spread of the epidemic. The knowledge mapping method com- 

bined with the epidemiological and emergency response-related profes- 

sional knowledge were also utilized further. We designed maps for the 

multidimensional dynamic expression of the epidemic situation, such as 

the cumulative distribution map of confirmed cases per 100,000 people 

and the distribution map of places with zero new recorded cases. We 

also launched daily reports called the Epidemic Map Story starting on 

February 1, 2020, via the official WeChat platform. More than ten daily 

update maps for the public were published and updated, including those 

for the global COVID-19 epidemic situation, the spatial distribution of 

the COVID-19 epidemic situation in China, and the development and 

change of the epidemic situation as well as the spatial distribution and 

change information of the epidemic situation in critical provinces; there 

were more than 50,000 page views in total up to March 4, 2020. Two 

template application examples are shown in Fig. 4 . 

2.4. Comparison between spatial tracking and spatiotemporal trajectory of 

big data 

The comparison of the spatial track of the patient’s activities is a 

critical technical task for virus tracking and transmission chain recon- 

struction. The comparison of activity tracks between patients and pop- 

ulations provides an important scientific basis for delimiting the poten- 

tially infected population. Methods to quickly and automatically extract 

the patient’s spatiotemporal trajectory from text data, establish the spa- 

tiotemporal comparison method, find the potential spatiotemporal ex- 

posure link of patients, support epidemiological investigation and rapid 

analysis, and realize automatic detection of the cross-regional epidemic 

infection path are major challenges for GIS. In this research, we 1) de- 

veloped a reconstruction technology for the progress of the spatiotem- 
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Fig. 5. Exposure analysis of a patient’s spatial trajectory. 

poral events in a patient’s text track data that can automatically convert 

the track text into quantitative spatiotemporal events; 2) established a 

spatiotemporal events database with more than 70000 pieces of patient 

track text covering the whole country; 3) constructed an exposure cal- 

culation model and a patient-node-patient association model that inte- 

grates time, space and text similarity, which showed the exposure assess- 

ment and site risk assessment of each individual (the exposure analysis 

of a patient’s spatial trajectory is shown in Fig. 5 ). Based on the above 

work, the key epidemic transmission centers were located, including 

Baodi Mall in Tianjin; Toulong Mall in Harbin, Heilongjiang; and Yin- 

taishimao Mall in Wenzhou, Zhejiang. 

2.5. Spatiotemporal prediction of transmission speed and magnitude 

The spatiotemporal spread of infectious diseases in large populations 

is a very large and complex system that poses great challenges to mathe- 

matical modeling ( Grassly and Fraser, 2008 ; Riley, 2007 ). This research 

conducted a spatial simulation from the perspective of the geograph- 

ical environment and social space. A spatiotemporal diffusion model 

(Multi susceptible-exposed-infectious-removed-died-cumulative model, 

multi-SEIRDC model) centered on Wuhan was established, which takes 

into account factors including the effects of spatial barriers from hu- 

man intervention, the impact of large-scale population migration dur- 

ing the Chinese New Year and the spatial heterogeneity of different epi- 

demic areas. The multi-SEIRDC model was used to track, derive and 

predict the COVID-19 epidemic situation in different regions of China. 

Research has shown that the earliest time when COVID-19 began to 

spread from person to person was in late November or early December. 

The expected basic reproduction number was 4.08, with a range of 3.37- 

4.77. The day before the Wuhan lockdown, there were approximately 

20,000 people infected with COVID-19 nationwide. As of March 5, the 

number of potentially infected people in Wuhan exceeds 100,000. Due 

to the serious lack of detection capacity, there may have been a large 

number of neglected mild and asymptomatic infections before February 

13, 2020. The effective reproduction number outside Hubei fell below 

the threshold of 1 on February 2, and reached an inflection point and 

entered a steady decline. The number of new cases per day will fluctu- 

ate under 10 cases for approximately one month before the end of the 

COVID-19 epidemic. If there is no import of overseas infection cases, 

the end of the COVID-19 epidemic outside Hubei is expected to be at 

mid-March. 

2.6. Spatial segmentation of the epidemic risk and prevention level 

Assessing the risk of epidemics and transmission in different regions 

is of great significance for decision-making and the adjustment of pre- 

vention and control efforts. Considering that the epidemic center of 

China was in Wuhan, the correlation between the number of confirmed 

cases in each province and the population flow from Wuhan to each 

province was examined first. The research indicated that until 24:00 on 

February 2, 2020, the severity of the epidemic in each province was 

highly correlated with the population who travelled there from Wuhan 

before the city of Wuhan was locked down, with a correlation coefficient 

of 0.77. A risk assessment model was constructed with the spatial distri- 

bution of the number of confirmed cases and the population migration, 

and three risk level areas were outlined on the regional scale and on the 

urban scale for the cities with high risks of epidemics, including Beijing, 

Shenzhen, Guangzhou, Shanghai, Chongqing, Wenzhou, Zhuhai, Chang- 

sha and Harbin. However, after the Spring Festival, the epidemic risk 

had a high probability of increasing due to the return flow. The three 

variables, viz., case number, population migration, and transportation 

network, were incorporated into the prediction. The results (not includ- 

ing those for Hubei) suggested that, after the Spring Festival Holiday, 

Beijing, Shenzhen, Guangzhou, and Shanghai would have the highest 

levels of risk, followed by Chongqing, Changsha, Hangzhou, Zhengzhou, 

Nanjing, Xi’an, and Chengdu. See Fig. 6 for details. 

2.7. Spatial dynamic balancing of supply and demand for medical 

resources 

The spatial distribution of medical resources is generally balanced 

according to factors such as population density, but the spatially un- 

even outbreak of the epidemic and their rapid development result in 

a spatiotemporal imbalance of the supply and demand for medical re- 
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Fig. 6. National spatial segmentation of the 

COVID-19 epidemic risk. 

Fig. 7. Relationship between confirmed case 

number and hospital shortage levels at the 

city-scale. Mi is cumulative cases number of 

city i; Pi is estimation number of population 

of city i; Ni is number of hospitals in shortage 

of city i; (Statistics until 19:00 2020/02/02). 

sources. In this case, the key to epidemic prevention and control is know- 

ing the spatiotemporal dynamics of the supply and demand for medical 

resources to optimize the allocation of materials. Based on the factors of 

online hospital help information, local cases and forecasts, and existing 

resource data, we analyzed the current dynamic situation of medical 

protective equipment across the country through cross-validation and 

sampling verification (phone inquiry and web inquiry) and attained the 

following: 1) the prompt identification of a shortage of medical pro- 

tective equipments in 462 hospitals, including 336 in Hubei Province 

and the rest in Sichuan Province, Anhui Province, Guangdong Province, 

Jiangsu Province and Hunan Province, among others; and 2) based on 

the number of confirmed cases, the number of hospitals that lacked suf- 

ficient medical protective equipments and the urban population, the 

shortage of medical supplies was divided into four levels on a regional 

scale and three levels on a city scale (the result for Hubei Province is 

shown in Fig. 7 , and the national result is shown in Fig. 8 ). The above 

achievements provided an important scientific basis for the national al- 
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Fig. 8. National distribution of hospitals in shortage of medical protective materials. 

location of medical care resources for the prevention and control of the 

epidemic. 

2.8. Assessment of material supply and transportation risk 

A stable and efficient national material supply and transportation 

system provides important support for successful epidemic prevention 

and control. We have integrated multiple datasets, such as provincial 

epidemic data, online consumption data and postal service data, to an- 

alyze the supply-demand situation and price changes in necessities and 

food, including vegetables and meat, for every province during the epi- 

demic prevention period, as well as the changing volume and trends 

of postal and express delivery businesses in each region, to identify the 

area, type, and the transportation support capacity of the material short- 

age risks. Through this, we provided scientific data for the social man- 

agement departments to obtain the material supply-demand dynamic 

information in real time. Meanwhile, by tracking the transportation of 

materials, we identified the highly sensitive nodes that may invoke virus 

transmission during the transportation process and provided advance 

warning and decision support for the prevention and control of the re- 

gional spread of the epidemic (the national distribution of risk index is 

shown in Fig. 9 ). Due to the involvement of company business informa- 

tion in the data, there were many difficulties in the acquisition process, 

which revealed that knowledge of how businesses constrain data shar- 

ing will become an important research direction. At present, JD.COM, SF 

Express, and other large domestic online shopping and logistics compa- 

nies have begun to establish GIS-based logistics monitoring systems. In 

the future, with the support of Internet of Things technology, a national 

classified material transportation monitoring system and national data 

integration and analysis platform will be gradually established, which 

will provide more accurate and timely information on the material sup- 

ply and transportation capacity during emergency policy-making for the 

whole society. 

2.9. Rapid estimation of population flow and distribution 

The magnitude and scale of population mobility are essential infor- 

mation for spatial transmission prediction, risk area division, and con- 

trol measure decision-making for infectious diseases ( Wang et al., 2019 ). 

Research has shown a strong relationship between the number of train 

journeys and the number of COVID-19 cases ( Zhao et al., 2020 ). Before 

the lockdown of Wuhan on January 23, 2020, more than five million 

people had left Wuhan to other regions in China ( News China, 2020 ). 

A better understanding of the destinations of those people can assist 

in decision-making and prevention of coronavirus spread. Therefore, in 

this research, by using multi-source spatiotemporal big data, including 

Tencent location request data, Baidu migration data, and land cover 

data, we have developed a dynamic estimation model of the multilevel 

spatial distribution of the interregional migrant population and further 

characterized the spatial distribution of the population migrating from 

Wuhan to other regions of Hubei Province. The results show that 1) dur- 

ing the Spring Festival, the average ratio between the increases in rural 

populations to the total population was 124.7% in the prefecture-level 

cities in Hubei Province, and at least 51.3% of the population moving 

from Wuhan to prefecture-level cities flowed into rural areas, and 2) 

the spatial distribution of migrants among cities and counties in Hubei 

Province exhibited a three-ringed structure. The first ring was the core 

area of disease, which included Wuhan and its surrounding areas, which 

mainly experienced population outflows. The second ring was the pri- 

mary focus area, including Huanggang, Huangshi, Xiantao, Tianmen, 

Qianjiang, Suizhou, Xiangyang, and parts of Xiaogan, Jingzhou, Jing- 

men, and Xianning, where the total population and the population in 

rural areas increased significantly during the Spring Festival. The third 

ring was the secondary focus area, which included Yichang, Enshi, Shen- 

nongjia, and parts of Jingzhou and Jingmen, which were located in 

the western part of Hubei Province and were mainly characterized by 

a small population inflow (shown in Fig. 10 ). The above results were 

shared with government officials, and the development of the epidemic 
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Fig. 9. Risk index of new coronavirus transmission associated with the logistics process in China on January 31, 2020. 

Fig. 10. The spatial distribution of county-level total 

population changes during the 2018 Spring Festival 

(Lunar New Year’s Day- the fourth day after Lunar 

New Year’s Day) in Hubei Province. 

confirmed the objectivity of this research, which strongly supported gov- 

ernment decision-making. 

Population mobility in the Spring Festival of 2020 was significantly 

lower than that during the Spring Festival of 2019 (shown in Fig. 11 ) 

due to the quarantine measure, which prevented the wider spread of 

the epidemic ( Hu, 2019 ; Wei et al., 2018 ). However, Fig. 11 shows that 

population mobility has increased since February 17 (the 24 th of the 

first lunar month of 2020). The return of people to work will possi- 

bly increase the spread of COVID-19. Baidu migration data were uti- 

lized here to predict the risk ( Xu et al., 2017 ). We calculated the speed 

of the population mobility recovery in each city (shown in Fig. 12 a.) 

based on the population migration from February 17-23, 2020. The re- 

sult showed that the speed of the return to normal levels of population 

mobility was rapid in economically developed cities in South China. 

The community division of the population mobility network showed 

that the population flows were mostly from the cities in Henan, An- 

hui, and Jiangsu to the Yangtze River Delta and from cities in Hunan, 

Guizhou, and Jiangxi to the Pearl River Delta. Both the departure cities 

and the destination cities are places with large outbreak of COVID-19. 

Based on the above analysis, taking strict measures on these moving 

populations was suggested in the case of the second surge of COVID-19 

cases. 
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Fig. 11. National population flow trend in 

the same period of Spring Festival in 2019 

and 2020. 

Fig. 12. (a) Recovery of urban population flow; (b) Rework population flow network and community Division. 

Fig. 13. Spatial distribution of help and donation information of COVID-19 during the epidemic period (2020/01/09 - 2020/02/10). 

2.10. Spatial spread and detection of social sentiment 

When a major epidemic occurs, the negative impact of uncertainty 

and panic on social operations may exceed that of the viral diseases. 

Therefore, this research applied massive social media data to track and 

evaluate the spatial spread of public sentiment ( Miller and Goodchild, 

2015 ). Considering that public behavior has the characteristics of irra- 

tionality, strong infectivity and conformity, we needed to build a knowl- 

edge base of epidemic sentiment association by mining the dynamic evo- 

lution process of public opinion in time and space and using the seman- 

tics from social media ( Goodchild and Glennon, 2010 ; Shi et al., 2017 ). 

The Sina Weibo, which is similar to Twitter, is the social media plat- 

form on which Chinese people typically share their opinions. With the 

goal of modelling and visualizing the semantic and spatiotemporal evo- 
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lution of public opinion on COVID-19, a topic extraction and classifica- 

tion framework for extracting topics of a COVID-19-related microblogs 

was designed and implemented. Based on the complex network, a user 

semantic behavior evolution model was introduced to measure and ana- 

lyze the change in public opinion by tracking topics and sentiments that 

appeared in microblog users’ timelines in response to COVID-19. The 

results indicated that from January 9 to February 10, 2020, more than 

60% of posts related to science popularization of disease prevention, 

government announcements, and responses suggested that public senti- 

ment was positive and stable. The posts with the topics of “help-seeking ”

were concentrated in the key epidemic area of Wuhan, and the posts re- 

lated to “donation information ” were widely distributed throughout the 

country (shown in Fig. 13 ). The results reflected the characteristics of 

China’s emergency disaster relief, which was characterized by the adage 

"Trouble on one side, help from all sides". 

3. Conclusions 

COVID-19 is characterized by a long incubation period, strong infec- 

tivity and difficulty of detection, which has led to the sudden outbreak 

and the rapid development of an epidemic. This situation requires GIS 

and big data technology to allow rapid responses and analyses, a quick 

supply of information about the epidemic dynamics and an understand- 

ing of the epidemic development rules to provide timely support for the 

prevention and control decisions and actions. 

In this study, we analyzed the spatial representation of the disease, 

material, population and social psychology at three scales: individual, 

group and regional. At the individual scale, the comparison between 

spatial epidemic tracking and the spatiotemporal trajectories of patients 

was carried out. At the group scale, the estimation of population flow 

and the spatial distribution was carried out. At the regional scale, the 

segmentation of spatial risk, the analysis of balance between the supply 

and demand of medical resources, and the spatial differentiation analy- 

sis of material transportation capacity and social sentiment were carried 

out. 

From the perspective of GIS technology, this study revolutionized the 

data acquisition methods through big data technology, which achieved 

rapid data acquisition and integration from traditional data to big data 

of various organizations. The analysis platform was quickly constructed 

through an innovative construction technology system, which provided 

the technical platform for timely epidemic analysis. The production 

of epidemic maps was quickly completed through multi-scale dynamic 

template technology, which allowed timely dissemination of epidemic 

dynamic information. From the perspective of spatial simulation and 

analysis, this study simulated the spatial transmission process of the epi- 

demic scientifically by increasing detailed regional variables and chang- 

ing the population flow and R 0 (basic reproduction number) according 

to the prevention and control measures. The calculation of the overlap 

between the spatial tracking of the virus and that of patient trajecto- 

ries was realized based on the exposure index of fused spatial and text 

information via text spatialization technology. The estimation of popu- 

lation flow and spatial distribution was realized via the combination of 

big data and traditional geographic data, which identified the problems 

in the key risk areas and the spatial mismatching of medical resources 

in a timely manner, to bring about a rapid supply of information about 

the delimitation of prevention areas and resource deployment in epi- 

demic control. The monitoring of social sentiment from social media 

was realized through the construction of a knowledge database on public 

opinion, which provided important foundational information on public 

opinion to guide the government. 

In assessing the contribution of GIS and spatial big data technol- 

ogy to the containment of the COVID-19 epidemic, it is clear that many 

challenges remain to be studied. For example, the status of big data 

source restrictions in commercial enterprises may restrict the data sup- 

ply needed for social management, result in the lack of a mature scheme 

for big data aggregation, and cause difficulty of rapid online application 

of deep integration, which are ongoing issues. Regarding data-driven 

knowledge acquisition, the uncertainty of social operations, especially 

with the high spatial heterogeneity of responses to epidemic develop- 

ment throughout the country, may lead to spatial deviations from the 

model simulation. Strategies for a technical system of knowledge acqui- 

sition based on big spatial data focused on social operations are existing 

challenges. From the aspect of result presentation, the status presenta- 

tion can be fully reflected, while the multi-scale dynamic presentation 

driven by big data is urgently needed and promising. 
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