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ABSTRACT. An outbreak of the 2019 Novel Coronavirus Disease (COVID-19) in China caused by the emergence of Severe 
Acute Respiratory Syndrome CoronaVirus 2 (SARSCoV2) spreads rapidly across the world and has negatively affected almost 
all countries including such the developing country as Vietnam. This study aimed to analyze the spatial clustering of the 
COVID-19 pandemic using spatial auto-correlation analysis. The spatial clustering including spatial clusters (high-high and 
low-low), spatial outliers (low-high and high-low), and hotspots of the COVID-19 pandemic were explored using the local 
Moran’s I and Getis-Ord’s  G*

i  statistics. The local Moran’s I and Moran scatterplot were first employed to identify spatial clusters 
and spatial outliers of COVID-19. The Getis-Ord’s  G*

i  statistic was then used to detect hotspots of COVID-19. The method has 
been illustrated using a dataset of 86,277 locally transmitted cases confirmed in two phases of the fourth COVID-19 wave in 
Vietnam. It was shown that significant low-high spatial outliers and hotspots of COVID-19 were first detected in the North-
Eastern region in the first phase, whereas, high-high clusters and low-high outliers and hotspots were then detected in the 
Southern region of Vietnam. The present findings confirm the effectiveness of spatial auto-correlation in the fight against the 
COVID-19 pandemic, especially in the study of spatial clustering of COVID-19. The insights gained from this study may be of 
assistance to mitigate the health, economic, environmental, and social impacts of the COVID-19 pandemic.
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INTRODUCTION

 The 2019 COVID-19 is a pandemic illness that was discovered 
in Wuhan of China at the end of 2019. The COVID-19 epidemic 
quickly spreads worldwide rapidly to emerge as a global public 
health concern (Das et al. 2021). Globally, as of 26 October 
2021, a total of more than 243.6 million confirmed cases of 
the COVID-19 and more than 4.9 million deaths were reported 
(WHO 2021). The COVID-19 pandemic has been described as 
a social, human, and economic crisis (United Nations 2020). It 
is, therefore, the understanding of the spatial distribution of the 
COVID pandemic, in general, and of the spatial clustering, in 
particular, plays an important role in the fight of COVID-19.
 In studies of the COVID-19 pandemic, Shepherd (2020) 
indicated that geography is considered a key part of fighting 
the COVID-19 coronavirus outbreak. Especially, after Rose-
Redwood et al. (2020) discovered the COVID-19 pandemic is 
thoroughly spatial in nature, a lot of efforts have been made 
on the study of the COVID-19 pandemic from a geographical 
perspective to better understand the spatial distribution and 

better manage the COVID-19 infection. Using Getis-Ord’s G*
i 

statistic and geographically weighted principal component 
analysis, Das et al. (2021) successfully examined the impact 
of living environment deprivation on the COVID-19 hotspot 
in Kolkata megacity, India. The result study of Das et al. (2021) 
revealed that living environment deprivation was an important 
determinant of spatial clustering of COVID-19 hotspots in 
the Kolkata megacity. Xie et al. (2020) used the exploratory 
spatial data analysis and the geodetector method to analyze 
the spatial and temporal differentiation characteristics and 
the influencing factors of the COVID-19 epidemic spread in 
mainland China based on the cumulative confirmed cases, 
average temperature, and socio-economic data. The results of 
Xie et al. (2020) demonstrate two things. First, the population 
inflow from Wuhan and the strength of economic connection 
are the main factors affecting the epidemic’s spread. Second, 
when the average temperature in winter is maintained at 
11-16°C, the epidemic spread rate is higher. Later, with the 
aim to analyze the spatial distribution characteristics of the 
COVID-19 pandemic in Beijing and its relationship with the 
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environmental factors, based on the incidences of new local 
COVID-19 cases in Beijing, Han et al. (2021) investigated the 
spatial clustering characteristics of the COVID-19 pandemic in 
Beijing using spatial autocorrelation analysis. In line with those 
obtained by Xie et al. (2020), Han et al. (2021) also indicated 
that population density and distance to the market are key 
factors of the pandemic. When a rapid increase in the number 
of COVID-19 cases was reported in Iran in 2020, Ramírez-Aldana 
et al. (2020) developed a spatial statistical approach to describe 
how COVID-19 cases are spatially distributed and to identify 
significant spatial clusters of cases and how socioeconomic 
and climatic features of Iranian provinces might predict the 
number of cases. In that study, Ramírez-Aldana et al. (2020) 
successfully applied global (Moran’s I) and local indicators of 
spatial autocorrelation (LISA), both univariate and bivariate, to 
derive significant clustering of COVID-19 pandemic. In South 
Korea, to understand the COVID-19 clustering across districts in 
South Korea and how the spatial pattern of COVID-19 changes, 
Kim and Castro (2020) successfully applied the global Moran’s 
I statistic and the retrospective space-time scan statistic 
to analyze spatio-temporal clusters of COVID-19. A similar 
conclusion was reached by Choi (2020), Kim and Castro (2020) 
also showed that the spatial pattern of clusters changed and the 
duration of clusters became shorter over time in this country. 
Most recently, when identifying spatial patterns of COVID-19 
disease clustering in India using another global spatial 
autocorrelation statistic, the Getis-Ord’s G*

i statistic, Bhunia et 
al. (2021) discovered that this statistic can help public health 
professionals to effectively identify risk areas for disease and 
take decisions in real-time to control this viral disease. Similar to 
those obtained from these studies, a recent study by Robinson 
(2000) has also indicated that commonly used statistics such 
as global spatial statistics (Moran’s I, Getis-Ord’s G*

i and Geary’s 
C) and LISA have been successfully applied in epidemiological 
studies in general and in the study of COVID-19 pandemic 
in particular. Among these spatial statistics, local Moran’s I 
and Getis-Ord’s G*

i statistics have been most widely used for 
the analysis of spatial auto-correlation (Zhang and Zhang 
2007) because of their effectiveness in displaying the spatial 
distribution of infectious diseases (Tran et al. 2004; Wang et al. 
2015), thus, these two statistics will be employed to analyze the 
spatial clustering of the COVID-19 pandemic in this study.  
 A Delta-driven fourth wave of COVID-19 has profoundly 
affected the world including such countries in Southeast Asia 
as Vietnam. Although, a  lot of efforts have been put into the 
study of the COVID-19 pandemic in Vietnam (Duy et al. 2021; 
Hoang et al. 2020; Huang et al. 2020; La et al. 2020; Le and Tran 
2021; Nguyen and Vu 2020), so far, very little attention has 
been paid to the role of geographical methods. Most recently, 
Hoang et al. (2020) described the pattern of the  COVID-19 
epidemic in Vietnam, however, no spatial autocorrelation also 

has been taken into account. Particularly, to date, no previous 
study has investigated the spatial clustering of the COVID-19 
pandemic in Vietnam. Accordingly, this study aims to analyze 
spatial clustering of the COVID-19 pandemic using spatial auto-
correlation analysis. It is believed that this is the first study on 
the identification of spatial clustering of COVID-19 pandemic 
in Vietnam that accounts for spatial auto-correlation among 
locally transmitted cases COVID-19 cases.

STUDY AREA AND DATA USED

 According to the Ministry of Health of Vietnam (MHV), as 
of 24 June 2021, the COVID-19 pandemic in Vietnam can be 
divided into four COVID-19 waves and resulted in a total of 
89,992 confirmed cases (87,847 locally transmitted cases and 
2,145 internationally imported cases) and 63 deaths (MHV 
2021). The first wave started from 23 January to 24 July 2020 
causing 415 confirmed cases (106 locally transmitted cases and 
309 internationally imported cases). Vietnam was ranked 94th 
on the list of 206 countries and territories affected by COVID-19 
(Ha et al. 2020). The second wave ranged from 25 July 2020 
to 27 January 2021 with 1,136 confirmed cases (554 locally 
transmitted cases and 582 internationally imported cases) 
(Ha et al. 2020) and 35 deaths as of February 2021 (Phuong 
et al. 2021). The third wave was from 28 January 2021 to 26 
April 2021 with 1,301 cases (910 locally transmitted cases and 
391 internationally imported cases) (MHV 2021). A total of 25 
COVID-19 clusters related to the outbreaks had been identified 
mainly in Van Don international airport (VnExpress 2021a) and 
Dong Trieu town in Quang Ninh province (VnExpress 2021b), 
and POYUN company and Haiduong city in Hai Duong province 
(HanoiTimes 2021). The latest data show that, as of 24 June 2021, 
the on-going fourth wave has resulted in 87,140 (86,277 locally 
transmitted cases and 863 internationally imported cases) since 
a series of COVID-19 confirmed cases occurred due to viral virus 
strain from the UK and India was declared on 27 April 2021 in 
industrial zones in Bac Giang and Bac Ninh provinces, North-
East of Vietnam (VietNamNews 2021a; VnExpress 2021c) and 
the presence of the Delta variant (VietNamNews 2021b). In this 
study, the focus will be made on the fourth wave of COVID-19 
in all 63 provinces and cities in Vietnam. Consequently, a total of 
86,277 locally transmitted cases confirmed in the fourth wave 
of COVID-19 was used to identify the spatial clustering of the 
COVID-19 pandemic. Data from Figure 1 demonstrates the 
daily number of new locally transmitted cases were reported 
in Vietnam by MHV (2021) since the ongoing fourth wave 
of COVID-19 infections started on 27 April 2021. The spatial 
distribution of these locally transmitted cases in the first, second 
phase of the fourth COVID-19 wave and the whole fourth wave 
was shown in Figures 2-a, b, and c, respectively.
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Fig. 1. Daily new confirmed cases in the fourth wave of COVID-19 in Vietnam
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METHODOLOGY

 The workflow for spatial clustering analysis of the 
COVID-19 pandemic is shown in Figure 3. The number of 
locally transmitted COVID-19 cases was firstly collected 
from a database provided by the  official websites  of the 
Ministry of Health of Vietnam (MHV 2021). After the spatial 
weight matrix was constructed, with the help of GeoDA 
software developed by Anselin et al. (2016), Moran’s I and 
Getis-Ord’s G*

i statistics were then computed to create 
LISA and hotspot maps. These maps were finally used for 
the evaluation of the spatial clustering of the COVID-19 
pandemic.

Identifying spatial clustering of the COVID-19 pandemic 
using Moran’s I statistic

 In this study, the degree of spatial clustering of the 
COVID-19 pandemic as a whole is measured using global 
Moran’s I statistic (Cliff and Ord 1981; Getis and Ord 1996). 
The global Moran’s I statistic is defined as follow:

 where xi and xj are the cumulative numbers of 
confirmed cases for province/city i and province/city j in 
the fourth wave of COVID-19;  x is the mean of COVID-19 
cases and be given x x

n
i

i

n

=
=
∑

1

; n is the total number of 

provinces/cities (all 63 provinces and cities  in Vietnam) in 
the whole study area; and Wij is a (n x n) spatial queen 
contiguity weight matrix. 
 The global Moran’s I coefficient takes values in the 
interval [-1, +1]. Positive spatial autocorrelation in the 
data translates into positive values of Moran’s I, whereas 
negative spatial autocorrelation produces negative values 
of Moran’s I (Nguyen and Vu 2019a). The values of global 
Moran’s I coefficients are close to zero indicating no spatial 
clustering or random distribution of COVID-19 pandemic.
 The global Moran’s I reflects the presence or lack of 
spatial clustering as a whole (Nguyen et al. 2016; Nguyen 
and Vu 2019a). Therefore, the spatial clustering of low and 
high COVID-19 pandemic at each province/city was then 
measured utilizing the local Moran’s I statistic. The local 
Moran’s I statistic (Ii) for COVID-19 pandemic at province/
city i is given by the following equation (Anselin 1995):

 where xi, xj, x, and Wij are defined in equation (1); N  is the 
total number of neighborhood provinces/cities; Ji denotes 
the neighborhood  set  of COVID-19 confirmed cases at 
province/city i; j#i implies that the sum of all (xj-x) of nearby 
neighbourhood provinces/cities of province/city i but not 
including xj; and σ2 is the variance of x, given in equation (3).

Fig. 2. Spatial distribution of confirmed cases in the fourth wave of COVID-19 in Vietnam

Fig. 3. The workflow for spatial clustering analysis of the COVID-19 pandemic
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 Local Moran’s I reflects the degree of spatial clustering 
of the COVID-19 pandemic at each province/city. Similar 
to the global Moran’s I statistic, the local Moran’s I  value at 
province/city i (Ii) also ranges between -1 and +1. If the local 
Moran’s I coefficient at province/city i equals zero (Ii= 0) then 
there is no spatial clustering of COVID-19 cases. If  Ii> 0 then 
there will be a positive spatial clustering of COVID-19 cases. 
If Ii< 0 then there will be a negative spatial clustering of 
COVID-19 cases. A high positive Ii shows the province/city i 
has a similarly high or low number of COVID-19 cases as its 
neighbors and is called the «spatial cluster» by Nguyen and 
Vu (2019a). In this case, when there exists a positive local 
spatial autocorrelation, the local Moran’s I statistic identifies 
two types of spatial clusters for COVID-19 cases: high-
high clusters and low-low clusters. Based on the findings 
in previous studies (Nguyen et al. 2016; Nguyen and Vu 
2019a), if the p-value of local Moran’s I at location i, p(Ii), is 
less than a predetermined level (α), p(Ii)<α, Ii>0 and xi-x>0, 
then xi and xjєJi belong to a spatial cluster between high 
numbers of COVID-19 cases. This means a high number 
of COVID-19 at province/city i are clustered with high 
numbers of COVID-19 at neighborhood provinces/cities. If 
p(Ii)<α, Ii>0, and xi-x<0, then xi and xjєJi belong to a spatial 
cluster between the low number of COVID-19 cases. This 
means a low number of COVID-19 cases at province/city i is 
clustered with low numbers of COVID-19 at neighborhood 
provinces/cities. Meanwhile, Lalor and Zhang (2001) 
defined spatial outliers as those values that are significantly 
different from the values of their surrounding locations. In 
this case, similar to those reported in Nguyen et al. (2016) 
when there exists a negative local spatial autocorrelation, 
local Moran’s I identifies two types of spatial outliers: low-
high and high-low clusters. If p(Ii)<α, Ii<0, and xi-x>0 then 
a province/city with a high number of COVID-19, xi, is 
surrounded by provinces/cities with low numbers of 
COVID-19, xjєJi, (high-low outliers). If p(Ii)<α, Ii<0, and xi-x>0 
then a province/city with a low number of COVID-19, xi, 
is surrounded by provinces/cities with high numbers of 
COVID-19, xjєJi, (low-high outliers).
 Anselin (1995) indicates that testing for the significance 
of spatial autocorrelation statistics such as the global and 
local Moran’s I, and Getis-Ord’s  G*

i can be carried out based 
on an assumption of a normal distribution. However, 
these statistics are very sensitive to a strongly skewed 
distribution (Hoang et al. 2017; Nguyen et al. 2014; Nguyen 
2018; Nguyen et al. 2016; Nguyen and Vu 2019a; Nguyen 
and Vu 2019b) due to the existence of a high and very high 
number of COVID-19 cases in some provinces or cities. 
Wherefore, in this study, testing for the significance of 
these spatial autocorrelation statistics was carried out by 
a randomization test which recalculates the statistic many 
times to generate a reference distribution (Anselin 2005). 
The data values are reassigned among the N fixed locations 
in the randomization test, providing a randomization 
distribution against which we can judge our observed 
value (Nguyen 2018). With the help of the spatial statistics 
software, GeoDA 095i, developed by Anselin et al. (2016), 
all spatial autocorrelation coefficients including the 
Getis-Ord’s G*

i statistic (see below for more details) were 
calculated and tested at the significance of 0.05 using 999 
permutations. 

Identifying hotspots of the COVID-19 pandemic using 
Getis-Ord’s G*

i statistic

 The Getis-Ord’s G*
i statistic can be employed to measure 

the degree of spatial clustering of COVID-19 incidence in a 
study location (Liu et al. 2021). Getis-Ord’s G*

i statistic-based 

hotspot analysis characterizes the presence of hotspots 
(high clustered values) and coldspots (low clustered values) 
over an entire area by looking at each feature within the 
context of its neighboring features (Mitchel 2005; Nguyen 
and Vu 2019b). Accordingly, in this study, Getis-Ord’s G*

i   
statistic was applied to measure the degree of hotspot of 
COVID-19. Ord and Getis (1995) defined the form of Getis-
Ord’s G*

i statistic as follows:

 where  G*
i is computed for the number of COVID-19 

cases at province/city i; xi, xj, x, and Wij are defined in 
equation (1); and N is the total number of neighborhood 
provinces/cities as defined in equation (2).
 Similar to those obtained from global and local Moran’s  
I statistics, the Getis-Ord’s G*

i  coefficient at province/city i 
(G*

i) also ranges from -1 to +1. If  G*
i >0 and p(G*

i )<α then 
there exists a spatial clustering of the high number of 
COVID-19 cases. In this case, these high-high values, so-
called a hotspot, reflects the presence of high numbers of 
COVID-19 cases among province/city i and its neighborhood 
provinces/cities (jєJi). On the contrary, if G*

i <0 and p(G*
i )<α 

then there exists a spatial clustering of low-low values. 
These low-low values are called a coldspot indicating low 
numbers of COVID-19 cases among provinces/cities i and 
its neighborhood provinces/cities (jєJi). Similar to those 
in the definition of local Moran’s I statistic, if the value of 
G*

i close zero and p(G*
i)<α then there will be no spatial 

clustering (neither hotspots nor coldspots) or random 
distribution of COVID-19 cases.
 Several studies (Alves et al. 2021; Liu et al. 2021; Nguyen 
and Vu 2019b) have computed the Getis-Ord’s G*

i statistic 
with the help of ArcGIS software using Getis z-scores 
defined in a study by Mitchel (2005). If provinces/cities with 
1.65<Getis z-scores<1.96, 1.96<Getis z-scores<2.58, and Getis 
z-scores>2.58 were considered to be significant at the 90% 
confidence level (p < 0.1), 95% confidence level (p < 0.05), 
and 99% confidence level (p < 0.01), respectively. However, 
as discussed in the previous section on Moran’s I statistic, 
the presence of a strongly skewed distribution in the 
dataset fails the test. Therefore, testing for the significance 
of the Getis-Ord’s G*

i statistic in this study was also carried 
out by a randomization test using 999 permutations.

RESULTS AND DISCUSSIONS

Spatial clustering of the COVID-19 pandemic 

 Global Moran’s I coefficients (p<0.001) were 0.1 for the 
first phase, 0.06 for the second phase, 0.05 for the whole 
of the ongoing fourth COVID-19 wave, respectively (Figure 
4). The global Moran’s I value of 0.1 indicates the strongest 
spatial association for the first phrase. Whereas, global 
Moran’s I values reduce to 0.06 and 0.05 indicating weaker 
spatial associations for the second phase and the whole 
of the fourth COVID-19 wave, respectively. However, these 
global Moran’s I coefficients were close to zero indicating, as 
a whole, there were no spatial auto-correlation or random 
distribution of the COVID-19 pandemic in this fourth 
wave.  In addition, global Moran’s I ignore the presence of 
spatial auto-correlation of COVID-19 confirmed cases at 
local or provincial scales. To overcome this limitation, local 
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Moran’s I-based LISA was employed to measure the degree 
of spatial clustering at local scales (province/city level). 
 A total of 9,192 locally transmitted cases were 
reported in the first phase of the fourth wave of the 
COVID-19 pandemic in Vietnam. The spatial distribution 
of the COVID-19 clustering area was illustrated by LISA 
maps in Figure 5. Data from Figure 5-a demonstrates 
that, in the first phase of the ongoing COVID-19 wave, 
the local Moran’s I statistic identified a total of three 
high-high clusters in Bac Giang (5,083 cases), Bac Ninh 
(1,407 cases), and Hanoi (464 cases); and nine low-low 
clusters including Ninh Thuan (12 cases), Binh Thuan (11 
cases), Dak Lak (6 cases) in South-central region and very 
low number of COVID-19 cases in Southern provinces 
of Vietnam such as Lam Dong, An Giang, Kien Giang, 
Can Tho, Hau Giang, and Bac Lieu. Spatial clustering of 
COVID-19 pandemic including high-high clusters and 
low-high outliers was mainly identified in the North-
Eastern provinces of Vietnam. These spatial clusters and 
outliers were mainly caused by more than 6,500 infected 
workers in industrial parks in Bac Giang and Bac Ninh 
provinces (VietNamNews 2021a; VnExpress 2021c) after 
a series of COVID-19 confirmed cases declared on 27 
April 2021 due to the rapid spread of the viral virus strain 
from the UK and India (VietNamNews 2021a; VnExpress 
2021c). 
 Data from Figures 5-b and 5-c illustrates that 
comparing with those obtained in the first phase, the 
locations of spatial clustering of COVID-19 pandemic have 
been quickly changed from the North-Eastern region 
in the first phase to the Southern region of Vietnam in 
the second phase of the fourth COVID-19 wave (Figure 
5-b). The local Moran’s I statistic successfully identified 

five high-high, eleven low-low clusters, and two low-
high outliers. Five high-high clusters included Ho Chi 
Minh city (52,913 cases), the epicenter of the ongoing 
fourth wave, followed by the Southern provinces of 
Binh Duong (6,146 cases), Long An (2,178 cases) and 
Dong Nai (1,778 cases), and Tieng Giang (1,245 cases). 
Two low-high outliers were detected in the provinces 
of Ba Ria – Vung Tau (471 cases) and Tay Ninh (204 
cases). Whereas, eleven low-low clusters were identified 
in North-Western provinces of Vietnam with a low 
number of COVID-19 cases. Policy solutions for COVID-19 
response used by local authorities in these provinces 
have shown  effectiveness  in stopping  the  community 
transmission in these areas. Since the  presence of the 
Delta variant was detected in the second phase of the 
fourth wave (VietNamNews 2021b), Vietnam recorded 
77,085 locally transmitted cases mainly detected in 
Southern provinces. Similar to those obtained in the 
second phase, spatial clustering of the COVID-19 
pandemic in the whole of the fourth COVID-19 wave 
was mainly detected in cities/provinces in the Southern 
region of Vietnam. This is due to the number of locally 
transmitted cases in this phase accounts for 97% of the 
total number confirmed in the fourth wave of COVID-19. 
To effectively fight the COVID-19 in the ongoing fourth 
wave, social distancing  rules under the Government’s 
Directive No. 16 are being  imposed in these Southern 
localities of COVID-19 hotspots (VGP 2021). The rapid 
spread of infections has prompted strict movement 
restrictions in around one-third of the country, with both 
Hanoi and Ho Chi Minh City under lockdown (Reuters 
2021).

Fig. 4. Moran scatterplot of confirmed cases in the fourth wave of COVID-19 in Vietnam

Fig. 5. Spatial clustering of the COVID-19 pandemic in the fourth wave in Vietnam
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Fig. 6. Hot spots of the COVID-19 pandemic in the fourth wave in Vietnam

Hotspots of the COVID-19 pandemic

 Maps from Figure 6 illustrate the spatial distribution 
of hotspots and coldspots of the COVID-19 pandemic in 
the fourth wave in Vietnam. In the first phase of the fourth 
COVID-19 wave (Figure 6-a), the local Getis-Ord’s G*

i statistic 
successfully identified a total of six COVID-19 hotspots in 
the North-Eastern region of Vietnam, including Bac Giang 
(5,083 cases), Bac Ninh (1,470 cases), Hanoi (464 cases), 
Hai Duong (51 cases), Thai Nguyen (7 cases), and Quang 
Ninh (1 case). Especially, two provinces have reported 
the highest number of new cases including Bac Giang 
(5,083 cases) and Bac Ninh (1,407 cases). In addition, 11 
coldspots with a very low number of COVID-19 cases in 
provinces and cities of the central and Southern region 
were successfully detected. A recent study by Nguyen 
et al. (2021) has shown that effective policy solutions for 
COVID-19 response of the Vietnamese government such as 
swift governmental action, strict border control measures, 
effective communication of health promotion measures, 
widespread community engagement, expanded testing 
capacity and effective social measures can be account for 
the presence of these coldspots in this phrase. But in late 
April 2021, the highly transmissible Delta variant began to 
take hold in the Southern region of Vietnam, especially in 
Ho Chi Minh city – the country’s economic engine (Tough 
2021) and has caused the second phrase of COVID-19 in 
Vietnam. 
 Similar to those obtained using the local Moran’s I (see 
Figure 5-b), the locations of hotspots of the COVID-19 
pandemic quickly changed from the North-Eastern region 
in the first phase to the Southern region of Vietnam in 
the second phase of the fourth COVID-19 wave (Figure 
6-b). In this second phase, the local Getis-Ord’s G*

i statistic 
successfully identified seven COVID-19 hotspots in the 
southern region of Vietnam and 11 coldspots in the North-
Western cities/provinces in Vietnam. Similar to those 
obtained in the second phase by the local Moran’s I, seven 
hotspots of COVID-19 included Ho Chi Minh city (52,913 
cases), Binh Duong (6,146 cases), Long An (2,178 cases), 
and Dong Nai (1,778 cases), Tien Giang (1,245 cases), Ba 
Ria – Vung Tau (471 cases) and Tay Ninh (204 cases). Similar 
to those obtained in the second phase, hotspots of the 
COVID-19 pandemic in the whole of the fourth COVID-19 
wave were also mainly detected in cities/provinces in the 
southern region of Vietnam (Figure 6-c). Among these 
hotspots of the COVID-19 pandemic, an unknown source 
of a COVID-19 cluster from a Christian congregation based 

in Go Vap district caused Ho Chi Minh city the most-
affected local with 52,913 confirmed cases and 356 deaths 
(VnExpress 2021). A most recent study by Tough (2021) 
has also indicated that social distancing measures used to 
control previous variants have proven ineffective against 
the virulent Delta strain in these COVID-19 hotspot areas in 
Vietnam, and this prompted the Vietnamese authorities to 
impose increasingly strict lockdowns in these hotspot areas. 
Another important reason might be the very low testing 
capacities. In addition, a total of 10 coldspots caused by 
a very low number of COVID-19 cases was identified in 
the North-Western provinces. Travel restrictions and the 
effectiveness of local policies for COVID-19 response play 
an important role in the effective prevention and control 
of COVID-19 in these coldspot areas.

CONCLUSIONS

 In this study, the spatial clustering of the COVID-19 
pandemic was analyzed using spatial auto-correlation 
analysis. The spatial clustering including spatial clusters 
(high-high and low-low), spatial outliers (low-high and 
high-low), and hotspots of the COVID-19 pandemic were 
explored using the local Moran’s I and Getis-Ord’s G*

i statistics. 
Results from a case study on 86,277 locally transmitted 
cases confirmed in two phases of the fourth COVID-19 
wave in Vietnam showed that significant low-high spatial 
outliers and hotspots of COVID-19 were first detected in 
the North-Eastern region in the first phase. Significant 
high-high clusters and low-high outliers and hotspots 
were then identified in the Southern region of Vietnam in 
the second phase. It can be concluded that spatial statistics 
(Moran’s I and Getis-Ord’s G*

i statistics) are of great help 
in understanding the spatial clustering of the COVID-19 
pandemic. The study is limited by the lack of the relative 
values of the total COVID-19 confirmed cases and deaths to 
the total population of a municipality in the data used. It is, 
therefore, further studies regarding the role of the relative 
values would be worthwhile. Notwithstanding these 
limitations, the present findings confirm the effectiveness 
of spatial statistics, particularly spatial clustering analysis, in 
the fight against the COVID-19 pandemic. These empirical 
findings not only provide a new understanding of how the 
COVID-19 pandemic is spatially clustered, but also may be 
help mitigate  the effects of  the COVID-19 clustering area 
and making appropriate decisions related to the health, 
economic, and social system.
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