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Abstract: Unlike previous regionalized studies on a worldwide crisis, this study aims to analyze 
spatial distribution patterns and evolution characteristics of the COVID-19 pandemic, using space-
time aggregation and spatial statistics from a global perspective. Hence, various spatial statistical 
methods, such as the heat map, global Moran’s I, geographic mean center, and emerging hot spot 
analysis were utilized comprehensively to mine and analyze spatiotemporal evolution patterns. The 
main findings were as follows: Overall, the spatial autocorrelation of confirmed cases gradually 
increased from the initial outbreak until September 2020 and then decreased slightly. The geo-
graphic centroid migration ranges of the pandemic in Asia, Europe, and Africa are wider than those 
in South America, Oceania, and North America. The spatiotemporal evolution pattern of the global 
pandemic mainly consisted of oscillating hot spots, intensifying cold spots, persistent cold spots, 
and diminishing cold spots. This study provides auxiliary decision-making information for pan-
demic prevention and control. 

Keywords: COVID-19; global perspective; spatiotemporal evolution pattern; space-time aggrega-
tion; spatial statistics 
 

1. Introduction 
The COVID-19 pandemic has caused an unprecedented crisis worldwide, which has 

seriously affected economic development, social function, and the lives and health of peo-
ple globally [1]. Moreover, the spatiotemporal variability of the outbreak led to great chal-
lenges in the prevention and control of the pandemic. The timely aggregation of time se-
ries data related to the pandemic, statistical analysis of the pandemic’s spatiotemporal 
distribution pattern and its changes in characteristics over time, and rapid visualization 
of pandemic information, can provide effective information support for decision-making, 
the formulation of measures, and evaluation of its effects. This assists COVID-19 pan-
demic prevention and control [2]. However, the complexity of COVID-19 makes it diffi-
cult to analyze the spatiotemporal distribution characteristics of infected people globally. 
One of the major challenges is determining how to use geographic information system 
(GIS) visualization technology and spatiotemporal statistical analysis methods to quickly 
and accurately obtain spatiotemporal information about the COVID-19 pandemic, to aid 
decision-making for social management, and pandemic prevention and control. Most pre-
vious research on the spatiotemporal analysis of the pandemic is limited to specific coun-
tries or regions, and Asia and the Americas are the geographic regions where the most 
included studies have been carried out [3]. Although some researchers have studied the 
global overview offered by climatic models [4] and ecological niche models [5] that indi-
cated the possible fostering of the virus expansion due to climatic conditions at the earliest 
stage of the COVID-19 pandemic, a global overview of the pandemic’s spatiotemporal 
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distribution characteristics is lacking [6]. Thus, an investigation of the spatiotemporal evo-
lution of the pandemic that involves mining and analyzing the spatiotemporal variation 
characteristics of COVID-19 infections from a global perspective is warranted. 

One of the most important characteristics of the pandemic is the spatiotemporal un-
certainty of its spread. Understanding the spatiotemporal dynamics of COVID-19 is criti-
cal to reducing its impact, as this would help clarify the scope of the pandemic and facili-
tate decision-making and community action [7]. Thus, we used geographic information 
technology and various spatial statistical methods to determine the spatiotemporal dy-
namics of the pandemic’s spread. In this way, we obtained scientific information to help 
mitigate the outbreak. Spatiotemporal analysis of the pandemic is reflected in the analysis 
of the geographical distribution characteristics and impact factors related to persons in-
fected with COVID-19 using classical statistical and spatial statistical methods. The clas-
sical statistical methods used mainly include statistical description [8], regression analysis 
[1,6,9], and correlation analysis [8,10], and the spatial statistical methods used mainly in-
clude density analysis [9], spatial autocorrelation [10–13], and hot spot analysis [14]. 
Meanwhile, classical statistical and spatial statistical methods are often combined to ana-
lyze the spatiotemporal distribution characteristics of the pandemic in practical research 
work. 

Classical statistical methods are more frequently used to analyze the correlations be-
tween the COVID-19 pandemic and socioeconomic factors. The risk of the impact of the 
pandemic on each country has been assessed on a global scale, and the correlation be-
tween its rating on the vulnerability index of infectious diseases and the number of elderly 
people in the population has been analyzed based on multiple regression models [1,6]. 
Researchers have investigated whether the prevalence of COVID-19 in Spain has shown 
seasonal changes due to changes in temperature, humidity, and daylight hours by spati-
otemporal analysis of environment-related factors [15]. Moreover, spatiotemporal analy-
sis technology was used to explore the effect of the daily mean temperature on the cumu-
lative number of COVID-19 cases in Spanish provinces [16]. The spatial scan statistics 
method was used to identify the clustering characteristics of COVID-19 cases in New York 
City, and Box plot and Pearson correlation measure models were used to determine the 
degree of association between the clustering results and environmental factors [8]. In ad-
dition, spatial autocorrelation and Spearman rank correlation were used to study the spa-
tiotemporal patterns of the COVID-19 pandemic and the factors impacting them [10]. The 
spatiotemporal variations of country-specific COVID-19 doubling time and effective re-
production number were examined to provide real time pandemic progression [17]. The 
diffusion-based cartograms for visualization of the COVID-19 pandemic were proposed 
according to the country-level statistical data of the first 150 days of the outbreak [18]. 

Spatial statistical methods mainly involve analysis of the spatial distribution charac-
teristics of the COVID-19 pandemic. Getis–Ord 𝐺∗  statistics were used to conduct a 
hotspot analysis of the pandemic in Bangladesh, and the vulnerability zones of COVID-
19 were analyzed in combination with the hierarchical model to assess and analyze its 
spatial and temporal transmission dynamics [14]. Based on geotagged data, the spatial 
and temporal distributions of COVID-19 cases in Wuhan, China were analyzed using ker-
nel density analysis and ordinary least-squares’ regression methods [9]. The spatial heter-
ogeneity of the epidemic in Kenya was analyzed by constructing an epidemic vulnerabil-
ity index based on geospatial analysis [19]. The spatial prevalence dynamics of COVID-19 
in China were explored with the Moran index [12]. A spatiotemporal risk source model 
was developed to predict the geographical distribution of confirmed cases and the areas 
of high transmission risk in the early stages of the epidemic in China using mobile phone 
data to measure people’s movement [20]. Combined with the Moran index and logical 
model, the spatial and temporal distribution characteristics of COVID-19 in China were 
analyzed [13]. A spatiotemporal simulation of the COVID-19 outbreak was conducted us-
ing an agent-based modelling method to evaluate the impact of the adopted epidemic 
control strategy on the prevention and control of the outbreak [21]. 
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The above-mentioned studies on the spatiotemporal analysis of the COVID-19 pan-
demic have used GIS thematic maps, such as classification, proportion, and density maps, 
and line charts to visually present the analysis results. However, effective integration of 
infected persons’ spatial location and time information and a time series analysis has not 
been sufficiently considered. Due to the large number of COVID-19 cases, the visual effect 
expressed by scatter diagrams and scale thematic diagrams is not intuitive. Although the-
matic maps can express the spatial distribution of the pandemic, they are all mapped for 
large administrative divisions, such as countries, provinces or states, and the granularity 
of visual expression is relatively coarse. Moreover, it is not easy to analyze the spatiotem-
poral variation characteristics and patterns of the pandemic from dual dimensions of time 
and space. Furthermore, line charts can only express the temporal dimension information 
of pandemic time series data simply, without considering spatial location information. 
Using the above visualization methods, it is difficult to effectively aggregate spatiotem-
poral series data to analyze the changes in characteristics of the spatiotemporal distribu-
tion pattern of the COVID-19 pandemic over time. Meanwhile, a single statistical analysis 
method cannot be used to fully analyze the spatiotemporal pattern of the pandemic and 
its evolution. 

In summary, previous studies that have analyzed the spatiotemporal distribution 
characteristics of the COVID-19 pandemic have mainly focused on local or regional epi-
demic situations, and the depiction of the spatiotemporal evolution from a global perspec-
tive is lacking. The problem brought by data gaps and heterogeneous reporting has been 
the principal hindrances of the spatiotemporal analysis model of the COVID-19 pandemic, 
especially the global-scale model. Meanwhile, spatiotemporal analysis research has failed 
to fully aggregate the time series data of the spatial, temporal, and attributes of the pan-
demic. Hence, it is difficult to effectively explore the trends in the evolution of the pan-
demic over time by using the conventional single information visualization method. In 
response to these limitations, the purpose of this study is to mine the spatial distribution 
pattern and evolution characteristics of the COVID-19 pandemic on a global scale by using 
space-time aggregation and spatial statistics methods. This study uses worldwide data on 
the COVID-19 pandemic, to create a multidimensional data model with a space-time cube 
and spatial database to obtain time series data for time slices on different time scales. To 
analyze the spatiotemporal evolution process of the pandemic from a global perspective, 
spatiotemporal statistical methods, such as the heat map, geographic mean center, spatial 
autocorrelation, and emerging spatiotemporal hot spot analysis were comprehensively 
used to mine and analyze the spatiotemporal distribution characteristics and variation 
pattern of the pandemic. Such analysis of the COVID-19 pandemic based on spatiotem-
poral statistics could help countries or regions worldwide to understand the spatiotem-
poral distribution pattern of the pandemic, allowing for dynamic improved supervision 
of pandemic prevention and important decision-making support for pandemic preven-
tion and control. 

2. Materials and Methods 
2.1. Data Collection and Preprocessing 
2.1.1. Data Collection 

All data used in this study were obtained from the internet. The COVID-19 outbreak 
data which came from nearly 4000 sampling locations around the world were obtained 
from the COVID-19 data repository at the Johns Hopkins Center for Systems Science and 
Engineering (CSSE) [22]. These sampling locations could be in the capital of a relatively 
small country or the administrative center of a province or state of a large country. Time 
series data of global confirmed cases from 22 January 2020 to 22 January 2021 were ob-
tained from this repository to analyze the spatiotemporal variation characteristics of the 
COVID-19 pandemic. In addition, visualization of the spatial distribution of the COVID-
19 pandemic necessitates the support of geographic information. This study used the 
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global administrative regions as the basic geographic information, and the map data were 
obtained from the China National Geographic Information Public Service Platform 
(www.tianditu.gov.cn, accessed on 23 January 2021). 

2.1.2. Data Preprocessing 
The data preprocessing mainly included data cleaning, database construction, data 

extraction, and data aggregation. As the collected COVID-19 pandemic data are in html 
format, it is not easy to analyze and calculate the data. Therefore, this study used Python 
to write a data cleaning script to clear the contents of the html tags and other information 
unrelated to the pandemic data and converted html into a plain text format. Thereafter, 
the database storage structure was designed according to the data requirements of the 
spatio-temporal change analysis of the pandemic situation. After cleaning and format con-
version, the global pandemic data were stored in the PostgreSQL spatial database to ob-
tain the data according to the spatiotemporal analysis requirements. When analyzing the 
spatiotemporal changes of a pandemic, we need to extract slice data of different time 
scales. Using database query technology, the data were sliced according to different time 
scales to form a time series data set to analyze spatial and temporal distribution charac-
teristics of the pandemic qualitatively and quantitatively. Simultaneously, data on the 
spatial, attribute, and time characteristics of the confirmed cases were extracted from the 
database, and a space-time multi-dimensional data model was constructed using the spa-
tiotemporal cube function module by ArcGIS software. The global pandemic data were 
aggregated into spatiotemporal bins, and several spatiotemporal bins form a three-dimen-
sional spatiotemporal cube. The spatiotemporal cube dataset was stored in the network 
common data format (NetCDF) to realize the spatiotemporal aggregation of pandemic 
data to mine and analyze the spatiotemporal variation patterns of the COVID-19 pan-
demic. 

2.2. Methods 
2.2.1. The Method to Present the Spatial Distribution of COVID-19 Cases by Heat Maps 

Due to the huge number of COVID-19 cases, it is difficult to express the spatial dis-
tribution characteristics of the pandemic intuitively with a scatter plot. As an intuitive 
data visualization technology, heat maps use color to convey the relationships among data 
values. Heat maps show the spatial distribution density of geographical phenomena 
through color variations, so they can be used to visualize the spatial aggregation of 
COVID-19 cases. 

The method of drawing COVID-19 heat maps using two-dimensional histogram 
technology [23] mainly includes three steps: First, according to the given time interval 
parameters, the cumulative data of newly confirmed cases in different countries were ex-
tracted from the COVID-19 pandemic database to form the time slice data of the global 
pandemic situation. Then, to utilize a histogram to count the number of newly confirmed 
cases from sampling locations in a given time interval, two-dimensional histogram tech-
nology was used to construct statistical blocks of global histogram. The number of bins in 
a histogram is 64, which was determined by taking the square root of the maximum num-
ber of sampling locations and rounded up. The sum aggregate function was used to cal-
culate the number of confirmed cases in each statistical block. Meanwhile, a logarithm 
transform was used for the aggregate data inside the blocks to facilitate the coloring of the 
heat maps. Finally, the two-dimensional histogram blocks were rendered, using the color 
gradient ribbon to draw the COVID-19 pandemic heat map. 

In this study, the Matplotlib software package in the Python environment was used 
to draw a COVID-19 pandemic heat map. This tool is commonly used for data visualiza-
tion, and uses the imshow function to create a heat map [24]. To analyze the evolution 
trend of the COVID-19 heat map on a global scale, it is necessary to ensure that the newly 
confirmed cases within a given date interval can cover most regions of the world. Due to 
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the uneven spatial distribution of the new confirmed cases reported by different sampling 
locations worldwide, some sampling locations got a lot of cases, while some sampling 
locations didn’t even get one case. Therefore, it is necessary to select an appropriate date 
interval to aggregate the epidemic data to meet the basic requirements of drawing the 
COVID-19 heat map globally. When the sampling data is sparse, it is not easy to draw a 
heat map. Through the exploratory experimental analysis of data aggregation, the newly 
confirmed cases aggregated according to 60-day intervals were more suitable for the evo-
lution analysis of the global COVID-19 heat map. Finally, 60-day time slices of the global 
pandemic data were made, and heat maps were created based on the time series data of 
these slices to analyze the spatial distribution characteristics of the COVID-19 pandemic 
over time on a global scale. 

2.2.2. Analysis Method to Determine the Geographic Barycenter Shift of the COVID-19 
Pandemic 

To determine the changes in the geographic center of the pandemic, the mean center 
index, which measures the geographical distribution, was used to analyze the geographic 
center migration characteristics of the pandemic. The mean center is a type of central trend 
index of point features, which can be calculated using the arithmetic mean and weighted 
mean. In this study, the weighted average algorithm was used to calculate the mean center 
of the confirmed cases. Its calculation formula [25] is shown in Equation (1), where 𝑛 de-
notes the number of sampling locations, 𝑥 , 𝑦  are the coordinates of the ith sampling lo-
cation of the confirmed cases, 𝑝  is the cumulative number of confirmed cases at the ith 
sampling location, and 𝑋,  𝑌 are the weighted mean center coordinates of the COVID-19 
pandemic. 𝑋 = ∑ 𝑝 𝑥∑ 𝑝 , 𝑌 = ∑ 𝑝 𝑦∑ 𝑝  (1)

The mean center is a statistic that describes the spatial locations of the samples. There-
fore, it can be used to reflect the general location variation of the COVID-19 pandemic 
during different time slices. As the land area only accounts for 29% of the total global area, 
this study calculated the geographic mean centers of the COVID-19 pandemic in different 
time slices by grouping countries into Asia, Europe, Africa, South America, North Amer-
ica, and Oceania. Selecting the appropriate number of geographic mean centers can better 
depict the change trend and mapping effect of the geographic mean center migration of 
the pandemic. Nevertheless, the appropriate number depends on the time interval of the 
pandemic data. In this study, the results of the visualization effect of geographic mean 
center migration with different time intervals were compared through exploratory exper-
iments, and 30 days were selected as the time interval, which can better track the geo-
graphic mean center shift of the COVID-19 pandemic. Finally, global pandemic data were 
split into 30-day time slices. 

2.2.3. Measurement Method to Determine the Spatial Clustering Intensity of the COVID-
19 Pandemic 

To quantitatively analyze the spatial distribution characteristics of the COVID-19 
pandemic, the global Moran index was used to measure the spatial clustering intensity of 
the pandemic. The global Moran index measures spatial autocorrelation according to the 
location and attribute values of the geographical features. Given geographical phenomena 
and their related attributes, it can be used to evaluate whether the expressed pattern is a 
clustering, discrete, or random pattern. 𝐼 = 𝑛 ∑ ∑ 𝑊 𝑍 − �̅� 𝑍 − �̅�∑ ∑ 𝑊 ∑ 𝑍 − �̅�  (2)
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𝑍 𝐼 =  𝐼 − 𝐸 𝐼𝑉𝑎𝑟 𝐼  (3)

The statistical model to measure the spatial autocorrelation of the COVID-19 pan-
demic with the global Moran index is shown in Equation (2) [26], where I denotes the 
global Moran index, and its value range is [−1,1]. 𝑛 denotes the number of sampling lo-
cations in confirmed cases. 𝑍  and 𝑍  are the numbers of confirmed cases at sampling 
locations 𝑖 and 𝑗, respectively. �̅� denotes the mean value of confirmed cases at all sam-
pling locations. 𝑊  is the spatial weight between 𝑖 and 𝑗, which can be determined by 
the conceptualization of the spatial relationship. Here, the spatial weight is constructed 
according to the inverse distance weighting method, namely, 𝑊 = , where 𝑑  is the 

Euclidean distance between 𝑖 and 𝑗. The significance of the global spatial correlation can 
be tested using the 𝑍 value and its calculation formula, as shown in Equation (3) [27]. At 
a given significance level, if 𝑍 is positive, and the larger the value is, the greater the clus-
tering intensity is; if 𝑍 is negative, and the smaller the value is, the greater the discrete is. 
Furthermore, because of the uneven spatial distribution of the new confirmed cases re-
ported daily by different sampling locations worldwide, if the time interval is too small, 
the confirmed cases will be concentrated in some local areas, which cannot be suitable to 
analyze the spatial clustering intensity of the pandemic from a global perspective. The 
results of the global Moran index under different time intervals were compared through 
exploratory experiments, and the aggregations of the pandemic data with 30-day intervals 
were suitable to analyze the spatial clustering intensity of the COVID-19 pandemic from 
a global scale. Finally, the pandemic data were generated in time slices at 30-day intervals. 
The Moran index tool module in ArcGIS software was used to calculate Moran’s I of the 
cumulative confirmed cases in each time slice. 

2.2.4. Methods to Mine the Spatiotemporal Cold and Hot Change Pattern of the COVID-
19 Pandemic 

The spatiotemporal evolution analysis is based on the confirmed cases obtained from 
the results of nucleic acid tests. Due to the high infectivity of COVID-19, these confirmed 
cases have strong temporal and spatial correlations in each country or region. Thus, the 
spatiotemporal cube can be used to aggregate the confirmed cases to mine the spatiotem-
poral cold and hot spot change pattern of the COVID-19 using the emerging spatiotem-
poral hot spot analysis method which follows the basic principle that neighboring objects 
are more closely related than distant objects are [28]. It defines the spatiotemporal rela-
tionships among geographical phenomena according to their spatiotemporal neighbor-
hood. Based on the constructed spatiotemporal cube, the spatiotemporal variation pattern 
was excavated using the spatiotemporal statistics method. 

The Getis–Ord 𝐺∗ statistical model is commonly used to analyse emerging spatio-
temporal hotspots to explore the local spatial autocorrelation of sample sets to identify the 
spatial clustering patterns of hot and cold spots with statistical significance. For the 𝐺∗ 
statistic, a positive value suggests a spatial clustering of high values, and a negative value 
indicates a spatial clustering of low values [26]. The 𝐺∗ statistical model [29] for COVID-
19 is illustrated in Equation (4), where 𝐶  is the number of confirmed cases at sampling 
location 𝑗, and 𝜔 ,  represents the space-time weights between sampling locations 𝑖 and 𝑗, as shown in Equation (5). Here, the spatiotemporal weight is constructed according to 
the neighborhood relationship determined by the neighborhood distance and neighbor-
hood time step which can be determined through exploratory experiments based on the 
spatial-temporal distribution of sampling points. �̅�  denotes the mean number of con-
firmed cases, as in Equation (6). S is the standard deviation of the sample of confirmed 
cases, as in Equation (7). Where 𝑛 denotes the number of sampling locations. 
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𝐺∗ = ∑ 𝜔 , 𝐶 − 𝑋 ∑ 𝜔 ,
𝑆 𝑛 ∑ 𝜔 , − ∑ 𝜔 ,𝑛 − 1

 
(4)

𝜔 , = 1,      𝑗 𝑖𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑡ℎ𝑒 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑 𝑜𝑓  𝑖0,   𝑜𝑡ℎ𝑒𝑟                                  (5)

�̅� = ∑ 𝐶𝑛  (6)

𝑆 = ∑ 𝐶𝑛 − �̅�  (7)

Each space-time bin aggregating COVID-19 epidemic data in the space-time cube 
was associated with the Z-score, p-value, and hot (cold) spot category information ob-
tained by the 𝐺∗ statistical test. The p-value represents the probability that the observed 
spatial pattern was created by a random process. A very small p-value indicates that the 
confirmed cases of COVID-19 showed a statistically significant cluster or discrete pattern. 
The Z-score represents a multiple of the standard deviation, which was used to measure 
the intensity of the COVID-19 pandemic cluster. The Mann–Kendall trend analysis 
method [30] can be used to analyze the variation trends for the Z-score, p-value, and the 
number of confirmed cases of each spatiotemporal bin in the cube. A sequence of p-values 
at a location can be used to determine whether there is a statistically significant agglom-
eration trend at that location, and a symbol associated with a Z-score can be used to de-
termine whether the trend is upward (positive Z-score) or downward (negative Z-score). 
Based on the statistical characteristics of hot (cold) spots, eight types of hot (cold) spots 
can be identified, including new, consecutive, intensifying, persistent, diminishing, spo-
radic, oscillating, and historical hot (cold) spots [31]. The definitions of the eight cold and 
hot spot patterns [32] are listed in Table 1. 

Table 1. The definitions of eight hot (cold) spot patterns. 

Pattern Definition  
New Hot (Cold) 

Spot 
A location that is a hot (cold) spot for the final time step and never was 

a hot (cold) spot before. 
Consecutive Hot 

(Cold) Spot 
A location with a single uninterrupted series of hot (cold) spot bins in 

the final time-step intervals. 

Intensifying Hot 
(Cold) Spot 

A location that has been a hot (cold) spot for 90% of the time-step inter-
vals. In addition, the intensity of clustering high values in each time 

step signifies an overall increase.  

Persistent Hot 
(Cold) Spot 

A location that has been a hot (cold) spot for 90% of the time-step inter-
vals with no discernible trend to indicate an increase or decrease in the 

intensity of clustering over time. 

Diminishing Hot 
(Cold) Spot 

A location that has been a hot (cold) spot for 90% of the time-step inter-
vals. In addition, the intensity of clustering in each time step is decreas-

ing overall. 

Sporadic Hot (Cold) 
Spot 

A location that is sometimes hot (cold) and sometimes cold (hot). Less 
than 90% of the time-step intervals have been statistically significant hot 

(cold) spots and none of the time-step intervals have been statistically 
significant cold (hot) spots. 

Oscillating Hot 
(Cold) Spot 

A hot (cold) spot for the final time-step interval that was a cold (hot) 
spot during a prior time step. 

Historical Hot 
(Cold) Spot 

The most recent period is not hot (cold) but has been a hot (cold) spot 
for at least 90% of the time-step intervals. 
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In this study, a spatiotemporal cube was first constructed according to the data col-
lected on the COVID-19 pandemic. Thereafter, the spatial distribution of the hot (cold) 
spots of confirmed cases in different time slices was determined using an emerging spati-
otemporal hot spot analysis using ArcGIS software. Finally, the Mann–Kendall trend anal-
ysis was used to explore the evolution patterns of hot (cold) spots over time. 

3. Results 
3.1. Evolution Characteristics of the Heat Map of the Global COVID-19 Pandemic 

Heat maps were used to analyze the spatial distribution and concentration trends for 
the COVID-19 pandemic to show the overall state of the global pandemic. The heat map 
variation for the global pandemic over the six periods is shown in Figure 1. From 22 Jan-
uary to 22 March 2020, the high-density shadows were concentrated in Europe and Asia, 
with Italy, France, Germany, and China being among the most affected areas. From 23 
March to 22 May 2020, the high-density shadows were mainly concentrated in Europe and 
the Americas, with Europe, the eastern United States, Brazil, the Arabian Peninsula, and 
India being the most severely affected areas. From 23 May to 22 July 2020, high-density 
shadows were concentrated in the United States, Brazil, the Arabian Peninsula, India, and 
Russia. From 23 July to 21 September 2020, high-density shadows were concentrated in 
the United States, Brazil, the Arabian Peninsula, India, and Europe. From 22 September 
to 21 November 2020, high-density shadows were mainly concentrated in Europe and the 
eastern United States. High-density shadows were concentrated in Europe and the United 
States from 22 November 2020 to 22 January 2021. 

                       (a)                         (b)  

                       (c)                         (d)  

                       (e)                         (f)  
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Figure 1. Evolution characteristics in heat maps of the COVID-19 pandemic: (a) the heat map of 
the global pandemic from 22 January to 22 March 2020; (b) the heat map of the global pandemic 
from 23 March to 22 May 2020; (c) the heat map of the global pandemic from 23 May to 22 July 
2020; (d) the heat map of the global pandemic from 23 July to 21 September 2020; (e) the heat map 
of the global pandemic from 22 September to 21 November 2020; (f) the heat map of the global 
pandemic from 22 November 2020 to 22 January 2021. 

3.2. Global Spatial Autocorrelations of the COVID-19 Pandemic over Time 
The global Moran index was used to analyze the spatial autocorrelations of cumula-

tive confirmed cases for the global COVID-19 pandemic to show the change in the con-
centration intensity of the pandemic over time. Figure 2 shows the changes in the global 
Moran’s I and Z-scores for the global pandemic in 30-day slices. The cumulative number 
of confirmed COVID-19 cases in all time slices showed a significant global spatial auto-
correlation (𝑝 < 0.05, 𝑍𝑠𝑐𝑜𝑟𝑒 > 1.96). Overall, the trend of the Moran Index shows a grad-
ual increase in the spatial autocorrelation of confirmed cases from the start of the outbreak 
until September 2020, followed by a slight decline. It is worth noting that, except for an 
absolute Moran’s I index value of less than 0.04 in the initial two months of the outbreak, 
the Moran’s I index values of confirmed cases in the subsequent time slices were positive, 
and all were greater than 0.13, with the maximum value reaching 0.31, indicating a strong 
global spatial autocorrelation for confirmed cases. Z-scores are all positive, and their 
change trend is consistent with the change trend of Moran’s I index values, indicating that 
the confirmed COVID-19 cases had significant spatial agglomeration characteristics. 

 
Figure 2. Global spatial autocorrelation of the global COVID-19 pandemic over time. 

3.3. Geographical Mean Center Migration of Global COVID-19 Pandemic 
The geographical mean center was used to analyze the shift in the location of the 

concentration of cases in the COVID-19 pandemic. The spatiotemporal dynamics of the 
pandemic in Europe, North America, South America, Africa, Asia, and Oceania are illus-
trated. Figure 3 shows the changes in the geographic mean center of confirmed COVID-
19 cases per 30-day slice across six continents. 
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(a)  (b)  

(c)  (d)  

(e)  (f)  

Figure 3. Geographical centroid migration of the COVID-19 pandemic in six continents: (a) the ge-
ographic mean center migration of the pandemic in Asia; (b) the geographic mean center migration 
of the pandemic in Europe; (c) the geographic mean center migration of the pandemic in North 
America; (d) the geographic mean center migration of the pandemic in South America; (e) the geo-
graphic mean center migration of the pandemic in Africa; (f) the geographic mean center migration 
of the pandemic in Oceania. 

Figure 3a describes the geographic mean center shift for confirmed COVID-19 cases 
in Asia. The geographic mean center of the outbreak moved from east to west, from China 
to India. Except for the initial three months of the outbreak, the geographical mean center 
of the pandemic was predominantly in India. Figure 3b shows the geographic mean center 
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shift for confirmed COVID-19 cases in Europe. At the beginning of the outbreak, the geo-
graphical mean center of the pandemic shifted southwest, from France to Spain. Subse-
quently, the geographical mean center of the pandemic shifted to the northeast and be-
came concentrated in eastern Europe. Figure 3c shows the geographic mean center shift 
for confirmed cases of COVID-19 in North America. The geographical mean center of the 
pandemic first migrated from the west to the east and then to the southwest in the United 
States. Figure 3d shows the geographic mean center shift for confirmed COVID-19 cases 
in South America. The geographical mean center of the pandemic generally migrated from 
west to east, mostly to locations in Brazil. Figure 3e shows the geographic mean center 
shift of the COVID-19 pandemic in Africa. The geographical mean center of the pandemic 
originally moved to the southwest area from Egypt in northern Africa and then moved 
southward to western Africa. Figure 3f shows the geographic mean center shift for con-
firmed COVID-19 cases in Oceania. The geographical mean center of the pandemic mi-
grated from north to south and became densely distributed in the southeast coastal area 
of Australia. 

Table 2 shows the migration distance of the geographic mean center of the COVID-
19 pandemic in six continents. The smaller the migration distance of the geographical 
mean center, the more concentrated the outbreak. Otherwise, the scope of the outbreak 
was wider. In terms of the migration distances of the geographic mean center, Asia, Eu-
rope, and Africa show relatively long migration distances for the geographic mean center, 
indicating that their outbreak scopes are wider. South America, Oceania, and North 
America have relatively short migration distances for the geographical mean center, indi-
cating that their pandemic outbreaks are more concentrated. According to the ratio of mi-
gration distance to the continent area, it can be seen that the continents of migration dis-
tance per unit area from small to large are South America, North America, Asia, Africa, 
Oceania, and Europe. From the perspective of migration direction, the geographical mean 
center of Asian epidemic moved 4553.78 km from east to west, from China to India, and 
then moved 1334.872 km to the southeast; The geographic mean center of the epidemic in 
Europe first moved 1232.307 km from northwest France to northern Portugal, and then 
moved 4428.343 km to northeast; The geographic mean center of the epidemic in North 
America first moved 2186.728 km eastward from the central part of the United States, and 
then moved 842.772 km to the southwest; The geographic mean center of the epidemic in 
South America first moved 738.202 km eastward from northern Bolivia, and then 636.328 
km southward; The geographic mean center of the epidemic in Africa first moved 3229.465 
km from the east of Egypt to the southwest, and then moved 3850.305 km to the south to 
West Africa; The geographic mean center of the epidemic in Oceania first moved 1783.294 
km southward from the northeast of Australia, then 389.166 km southward, and finally 
171.610 km westward. 

Table 2. Geographic centroid migration distance for the COVID-19 pandemic on six continents. 

Continents Distance (km) Area (km2) 
Asia 5888.650 44,579,000 

Europe 5660.650 10,180,000 
North America 3029.500 24,709,000 
South America 1374.530 17,840,000 

Africa 7079.770 30,370,000 
Oceania 2433.070 8,600,000 

  



ISPRS Int. J. Geo-Inf. 2021, 10, 519 12 of 18 
 

 

3.4. Hot Spot Change Pattern for the Global COVID-19 Pandemic 
Based on the space-time cube aggregated pandemic data, the global evolution pat-

terns for the cold and hot spots of confirmed COVID-19 cases were excavated using the 
emerging spatiotemporal hot spot analysis. The results show the spatiotemporal variation 
characteristics of the global COVID-19 pandemic. 

Table 3 shows the global proportions of cold and hot patterns for confirmed COVID-
19 cases. From the statistical data in the table, we observe that there are many more regions 
with a cold spot pattern than with a hot spot pattern. The range ratio of the cold spot 
pattern was 65.6%, while that of the hot spot pattern was 26.8%. The main types of cold 
spot evolution patterns are intensifying cold spots, persistent cold spots, and diminishing 
cold spots, which account for 61.7% of the regions where cold and hot spot patterns were 
identified. Sporadic cold spots, historical cold spots, consecutive cold spots, and oscillat-
ing cold spot patterns were rare, accounting for only 3.9% of all patterns. No new cold 
spots were detected. The main evolution pattern identified for hot spots was oscillating 
hot spots, accounting for 26.3% of all patterns. The number of new hot spots identified 
was very small, accounting for only 0.5% of all patterns. No other hot spot pattern catego-
ries were identified. 

Table 3. Proportions of cold and hot spot patterns globally for confirmed COVID-19 cases. 

Pattern Hot Spot (%) Cold Spot (%) 
New 0.5 / 

Consecutive / 0.8 
Intensifying / 27.2 

Persistent / 21.4 
Diminishing / 13.1 

Sporadic / 1.6 
Oscillating 26.3 0.4 
Historical / 1.0 

Note: / indicates no instances of this pattern were detected. 

Figure 4 shows the spatial distribution of the hot and cold evolution patterns for con-
firmed COVID-19 cases globally. The oscillating hot spots are mainly distributed in the 
United States, Mexico, Central America, most parts of South America, Europe, the Middle 
East, Western Asia, north-eastern Arabian Peninsula, Indian peninsula, Indonesia and 
Malaysia. The new hot spots are mainly distributed in the border area between the United 
States and Canada, parts of northern and southern Africa, parts of northern and eastern 
Europe, parts of Indonesia and Malaysia, the border area between Korea and Japan. The 
intensifying cold spots are mainly distributed in parts of Central Africa, parts of South-
west Arabian Peninsula, parts of China, eastern coastal areas of Vietnam, parts of northern 
Russia, parts of Australia, parts of New Zealand, parts of Sweden, parts of Norway, most 
of Canada, and Alaska in the United States. Persistent cold spots are mainly distributed 
in southern Russia, Mongolia, Kazakhstan, Thailand, Laos, Cambodia, parts of China, 
parts of Japan, most of Iceland, Finland, Norway and Sweden, some islands in Oceania, 
parts of West Africa, parts of East Africa, parts of southwest Africa, and parts of Canada. 
The diminishing cold spots are mainly distributed in the transition area between Russia 
and Kazakhstan, the Korean Peninsula, and parts of northern and southern Africa. The 
sporadic cold spots are mainly distributed in the northwest of Brazil, southern Chile, parts 
of China, parts of the Arabian Peninsula, Kenya, and other parts of Africa. The oscillating 
cold spots are mainly distributed in the central part of China and the central part of the 
Arabian Peninsula. The historical cold spots are mainly distributed in parts of western 
Russia, parts of central Japan, parts of New Zealand, and parts of Australia. 
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Figure 4. Cold and hot spot patterns of confirmed COVID-19 cases. 

4. Discussion and Conclusions 
4.1. Temporal and Spatial Changes in the Global COVID-19 Pandemic 

To excavate and analyze the spatiotemporal variation trends in the COVID-19 pan-
demic from a global perspective, based on global pandemic time series data, we compre-
hensively analyzed the spatial distribution pattern and its evolution for confirmed cases 
from multiple dimensions by using a heat map, spatial autocorrelation, geographic mean 
center, and emerging spatiotemporal hot spot analysis methods. The main findings are as 
follows: The global spatial and temporal distribution of the confirmed cases is uneven 
over time and space. The high-density area observed in the heat map of the outbreak, 
spread from Asia and Europe to North America and South America, while Africa and 
Oceania were always low-density areas. Asia, Europe, and Africa have had wider geo-
graphical centroid migration, while South America, Oceania, and North America have 
had relatively concentrated geographical centroid migration. There is a significant global 
spatial autocorrelation of the confirmed cases. Overall, the spatial autocorrelation of con-
firmed cases gradually increased from the outbreak until September 2020 and then de-
creased slightly. The spatiotemporal patterns of cold and hot spots of the global pandemic 
are mainly characterized by oscillating hot spots, intensifying cold spots, persistent cold 
spots, and diminishing cold spots. Moreover, the spatial distribution range of the cold 
spot variation pattern is much larger than that of the hot spot variation pattern. 

Based on epidemic time series data, heat maps can be used to qualitatively display 
the spatial distribution density of confirmed cases in different time slices. The heat map 
aggregates a large amount of discrete pandemic data in a two-dimensional histogram, and 
it uses a progressive color band to represent the analysis results [24]. This type of display 
can intuitively show the density or frequency of confirmed cases, which is better than the 
display effect of scatter diagrams and proportional bubble diagrams. Therefore, through 
analyzing the change of heat maps over time, the information of the spatiotemporal dis-
tribution characteristics of the COVID-19 outbreak worldwide has been provided from a 
global perspective. The global Moran index uses spatial location and attribute information 
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of confirmed cases to build a statistical model [26], and it can be used to quantitatively 
measure the spatial clustering intensity of confirmed cases globally. Therefore, it can be 
used to analyze changes in the clustering intensity over time based on the time series data 
of the confirmed cases, thus making up for the fact that the heat map cannot quantitatively 
express the spatial distribution density of the pandemic. Thus, the information of the 
change trend of clustering intensity of the COVID-19 pandemic has been provided by us-
ing the global Moran index from a global scale. A quantitative analysis of the geographic 
mean center migration of outbreaks across six continents was conducted because the in-
dex of the geographic mean center considers both spatial locations and the number of 
confirmed cases at each location. Consequently, the shift range and concentration of the 
pandemic can be determined by the direction and distance of the migration path of the 
geographic mean center. Hence, the results of geographic barycenter shift analysis can 
provide information on the migration path, migration range, and migration direction of 
the COVID-19 pandemic from a regional scale. 

The three abovementioned methods can be used to analyze the spatial distribution 
characteristics of the pandemic to a certain extent, but the statistical model has some lim-
itations in dealing with time dimension information. It is difficult to analyze spatiotem-
poral information synchronously and comprehensively using conventional statistical 
analysis methods. The emerging spatiotemporal hot spot analysis method can be used as 
a new approach to analyze the spatiotemporal change pattern for the global COVID-19 
pandemic, because it can aggregate spatiotemporal information in a multidimensional 
data model and meet the requirements of time and space continuity [31]. Meanwhile, the 
Mann–Kendall method is useful to analyze time series data for the global pandemic, be-
cause the test range and effect of this method are not affected by outliers, and the data are 
not required to follow a certain distribution trend. This method is more suitable for time 
series analysis without the distribution law [30]. Therefore, combined with the time series 
data for the COVID-19 pandemic, the emerging spatiotemporal hot spot analysis method 
can effectively identify spatiotemporal change patterns of cold and hot spots during the 
pandemic according to the spatiotemporal data aggregation model, making up for the 
inability of the conventional hot spot analysis method to fully reveal the evolution pattern 
of the spatial distribution of the pandemic over time. Thus, through mining and analyzing 
of the cold and hot spots of the pandemic, the information of the cold and hot spot change 
patterns of the COVID-19 pandemic worldwide has been provided from a local or regional 
scale. 

When only one conventional statistical method is used, only certain aspects of the 
spatiotemporal variation characteristics of the COVID-19 pandemic can be analyzed. 
Therefore, based on global COVID-19 pandemic time series data, the integrated use of a 
variety of spatiotemporal statistical analysis methods can be more comprehensive, allow-
ing better analysis of the spatiotemporal patterns and trends of confirmed cases from a 
global perspective [33]. This avoids the limitation of conventional visualization methods, 
such as line charts, which cannot consider the shortage of spatial location information for 
confirmed cases when analyzing pandemic time series data. The World Health Organiza-
tion believes that the timely use of mathematical models plays an important role in as-
sessing pandemics, making health decisions, and assessing the effectiveness of interven-
tions [34]. Timely access to the spatial patterns and trends of global pandemics can help 
governments in various countries or regions to develop control measures based on re-
gional classifications. More so, it can promote precise prevention and control and the over-
all healthy functioning of society. In the present study, the spatiotemporal patterns and 
trends of global pandemic spread were explored in a multi-dimensional manner using a 
variety of spatiotemporal statistical methods. Our results provide information about the 
spatiotemporal variation of the COVID-19 pandemic from a global perspective that can 
aid in decision-making and provide a scientific basis to prevent pandemic spread and 
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making pandemic prevention decisions. Therefore, it is of great global significance to con-
tinue to strengthen strategies to prevent new cases, control the pandemic and respond to 
possible changes. 

4.2. Influences of the Accuracy and Granularity of COVID-19 Data on Analysis Results 
The accuracy of data reporting and the difference in data granularity are the common 

limitations in the COVID-19 spatiotemporal analysis, and this study is no exception. Be-
cause this is a difficult problem to solve, it has become a major obstacle to analyze the 
spatiotemporal evolution of the COVID-19 pandemic on a global scale. Due to the differ-
ent methods and standards for nucleic acid testing, and the different epidemic prevention 
policies in each country or region, the COVID-19 cases reported by each country world-
wide may not represent the actual number of infected people. The experimental data used 
in this study came from the COVID-19 database of Hopkins University, which has col-
lected, processed, and updated the pandemic data reported by various countries or re-
gions worldwide. Although these data are constantly updated, there may be data differ-
ences due to different nucleic acid test standards. Because of the above reasons, there may 
be some differences between the spatiotemporal analysis results based on the reported 
cases and the spatiotemporal evolution of the COVID-19 pandemic in reality. 

In addition, the COVID-19 data used in this study came from nearly 4000 sampling 
locations around the world. These sampling locations could be in the capital of a relatively 
small country or the administrative center of a province or state of a large country. As a 
result, the data used in this study have different spatial scales. For example, in the United 
States, the COVID-19 data is collected by county-level sampling locations, while in some 
African countries, there is only one sampling location, namely, the capital of the country. 
We know that the cold and hot spots, geographic mean centers, and heat maps were cal-
culated according to the samples of the sampling locations. Hence, the spatiotemporal 
analysis results of countries like the United States with county-level data will be more 
accurate than those of African countries, because the data granularity is higher. Due to the 
uncertainty of the spatial location of the COVID-19 pandemic, the spatial resolution of 
these data obtained by taking the national capital or the administrative center of provinces 
and states as the sampling location is still low. If we can get higher granularity data, the 
analysis results of the spatiotemporal evolution characteristics of COVID-19 will be more 
accurate. 

4.3. Limitations and Future Work 
Due to differences in data collection procedures or health policies, there is consider-

able uncertainty about the data available on the COVID-19 pandemic. Except for the 
United States, spatial information on confirmed cases is only accurate at the national or 
provincial level. This could have caused a significant amount of spatial information to be 
ignored. Although this would have affected the accuracy of the spatial analysis to some 
extent, its influence on the analysis of the spatiotemporal variation characteristics of the 
pandemic would be relatively small from the perspective of a global scale. It should be 
noted that this study did not consider the relationships between the spatiotemporal vari-
ation characteristics of the pandemic and other impact factors, such as changes in the mo-
bility of people, population density, and temperature. Correlations between the spatio-
temporal evolution patterns of the global pandemic and human and natural environmen-
tal impact factors could be further explored based on the time series data of the COVID-
19 pandemic in future work. In addition, the experimental analysis results for the present 
study were generated by desktop software, which is inconvenient for global real-time 
sharing of spatiotemporal variation trends of the COVID-19 pandemic. Hence, it is neces-
sary to further study the use of Web online visualization technology based on time series 
data for heat map visualization, geographic mean center migration, and the change pat-
terns of cold and hot spots during the COVID-19 pandemic. In the future, an information-
sharing service platform could be built to provide timely visual information services to 
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show the spatiotemporal process evolution characteristics of the global COVID-19 pan-
demic. 

4.4. Conclusions 
Research on the spatiotemporal analysis of the COVID-19 pandemic has mainly fo-

cused on local regions, and analysis from a global perspective is lacking. Furthermore, the 
use of only one statistical analysis method to analyze spatiotemporal change trends for 
the global situation is difficult. Thus, based on slice data of the global pandemic on differ-
ent time scales, this study analyzed the spatiotemporal distribution patterns and evolu-
tion from a global perspective using spatiotemporal statistical methods such as heat maps, 
geographic mean centers, spatial autocorrelations, and an emerging spatiotemporal hot 
spot analysis. 

The experimental analysis results show the following: First, the time sequence anal-
ysis of the heat map of the pandemic shows that the high-density area of the outbreak 
gradually spread from Asia and Europe to North America and South America; Africa and 
Oceania have consistently been classified as low-density outbreak zones. In terms of the 
geographical center migration distance of the global pandemic, Asia, Europe, and Africa 
had relatively wider outbreak ranges, while South America, Oceania, and North America 
had relatively concentrated outbreak ranges. The analysis of the spatial autocorrelation 
time series showed significant global spatial autocorrelation for the confirmed cases. 
Overall, the spatial autocorrelation of the confirmed cases gradually increased from the 
outbreak until September 2020 and then decreased slightly. The main evolution patterns 
of the global COVID-19 pandemic were oscillating hot spots, intensifying cold spots, per-
sistent cold spots, and diminishing cold spots. Oscillating hot spots were identified as the 
main hot spot pattern, mainly distributed in the Americas, Europe, the Middle East, and 
some parts of southern Asia. The spatial distribution of the cold spot patterns of the con-
firmed cases was found to be much wider than that of the hot spot patterns. The identified 
evolution patterns of cold spots mainly included intensifying cold spots, persistent cold 
spots, and diminishing cold spots, which were mainly found to be distributed in Oceania, 
most of Asia and Africa, and very small parts of both the Americas and Northern Europe. 

Compared with a single statistical analysis method, the comprehensive application 
of multiple spatial statistical methods can be used to more intuitively and effectively ana-
lyze the evolution trends of the spatial and temporal distribution patterns of global con-
firmed COVID-19 cases from multiple perspectives. The results of this study can provide 
the following auxiliary decision-making information for the COVID-19 pandemic preven-
tion and control: (1) the information of the spatiotemporal distribution characteristics and 
clustering intensity of the COVID-19 outbreak worldwide has been provided from a 
global scale; (2) the migration paths, migration scopes, and migration directions of the 
COVID-19 pandemic in each continent have been supplied from a continent scale; (3) the 
cold and hot spot change patterns of the COVID-19 pandemic in different regions or coun-
tries worldwide have been mined from a local or regional scale. Relevant research results 
can provide a scientific basis for the precise prevention and control of the global pandemic 
and help governments of various regions formulate preventative and control measures 
tailored to local conditions. In view of the fact that the factors affecting the spatiotemporal 
dynamics of the pandemic are not considered, and the experimental results are not easy 
to share in real time. Therefore, in the future, correlations between the spatiotemporal 
evolution pattern of the global pandemic and human and natural environmental factors 
should be explored further based on COVID-19 pandemic time series data, and online 
visualization information service technology should be used to study the spatiotemporal 
variation characteristics of the global COVID-19 pandemic. 
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