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ABSTRACT 

 

Background: Dengue is a leading cause of 

severe illness and hospitalization in Vietnam. 

This study aims to assess the relationship 

between population density and dengue 

hemorrhagic fever (DHF) in August 2023 in Ho 

Chi Minh city, Vietnam.  

Methods: Exploratory data analysis (EDA) 

techniques were first applied to investigate the 

distribution patterns of DHF incidence. It will go 

on to use Getis Ord statistic to detect hotspots and 

coldspots of DHF infection rates. A scatter plot 

will be then employed to quantitatively assess the 

relationship between population density and 

DHF infection rates and Getis Ord statistic. 

Finally, a dataset of DHF cases reported in 

August 2023 in Ho Chi Minh city was used to 

illustrate the proposed methods.  

Results: It was found that high values of Getis 

Ord coefficients was mainly concentrated in the 

east and west of the city. There was a negative 

correlation between population density and both 

variables (DHF infection rates and Getis Ord 

statistic). The population density likely decreases 

dengue hemorrhagic fever infection rates in 

August in Ho Chi Minh city.  

Conclusions: It can be concluded that spatial 

statistics and EDA have proved their 

effectiveness in the assessment of the 

relationship between population density and the 

incidence of dengue hemorrhagic fever. Findings 

of this study provide an insight into the effects of 

population density on DHF infection rates. 

 

Keywords: Relationship assessment, Population 

density, Spatial autocorrelation analysis, Dengue 

hemorrhagic fever, Infection rate, Ho Chi Minh 

city. 

 

INTRODUCTION 

Dengue, including dengue fever and dengue 

haemorrhagic fever, is the most rapidly 

spreading mosquito-borne viral disease and 

an increasing public health problem globally 

(1). During the past 50 years, the incidence 

of dengue has increased by 30 fold, parallel 

with the increasing geographic expansion 

from urban to rural areas (2,3). According to 

current estimates, at least 100 countries are 

endemic of dengue and about 2.5 billion 

people are at risk in tropical and subtropical 

regions, with about 50 million dengue 

infections occurring annually (1). The 

revised International Health Regulations 

2005 included dengue as a disease that may 

constitute a public health emergency of 

international concern with implications for 

health security due to disruption and rapid 

epidemic spread beyond national borders (4). 

The impact of global warming on human 

health, especially in vector-borne diseases, is 

increasingly becoming a public health 

concern, because the risk of dengue has been 

reported to be associated directly or 

indirectly with seasonal changes in climate 

(2,3,5,6), and mosquito larval indices (7–9). 

GIS and spatial statistics have been widely 

applied on infectious disease mapping such 

as mapping the COVID-19 pandemic (10–

12), hand-foot-and-mouth disease (13,14) 
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and dengue fever/dengue hemorrhagic fever 

(15–17). For instance, in the study of 

COVID-19, a spatio-temporal analysis and 

hotspots detection of COVID-19 in southern, 

northern and western Europe was carried out 

using spatial statistics (18). In Oman, local 

Moran’s I autocorrelation coefficient, Getis-

Ord General-G high/low clustering, and 

Getis-Ord Getis-Ord’s 𝐺𝑖
∗ statistic were 

successfully emloyed to study spatio-

temporal COVID-19 spread (19). To 

determine the effects of living environment 

deprivation, an assessment of the COVID-19 

hotspots in Kolkata, India was carried out 

utilizing the Getis-Ord G statistic and 

regionally weighted principal component 

analysis (20). Exploratory spatial data 

analysis and the geodetector approach were 

also used to analyze the regional and 

temporal differentiation characteristics and 

the contributing elements that influenced the 

COVID-19 epidemic spread in mainland 

China (21). A part from these countries, GIS 

and spatial statistics have also been 

successfully used in COVID-19 studies in 

other countries such as the United States 

(22),  England (23), Spain (24) and Italy (25). 

In the study of hand-foot-and-mouth disease, 

a study on spatio-temporal distribution and 

hotspots of hand-foot-and-mouth disease 

was successfully carried out in northern 

Thailand (26). In China, spatial clustering 

and changing trend of hand-foot-mouth 

disease were identified during 2008-2011 

(27). In 2014, anothe study has been 

conducted for a temporal and spatial 

mapping of HFMD that covered 13 all 

divisions of Sarawak during 2006 - 2012 

(28). In studies of dengue, geographic 

information systems (GIS) have mapped the 

regional clustering patterns of dengue cases 

and examined the relationships between 

these patterns and pertinent entomological 

parameters (15–17)  and environmental 

conditions (29), and have determined the 

dengue and vector distributions' spatial-

temporal diffusion patterns (17,30).  

This study aims to assess the relationship 

between population density and dengue 

hemorrhagic fever in August 2023 in Ho Chi 

Minh city. The first step of this method will 

use Exploratory data analysis (EDA) 

techniques to investigate the distribution 

patterns of DHF incidence. It will go on to 

use Getis Ord statistic to detect hotspots and 

coldspots of DHF infection rates. A scatter 

plot will be then employed to quantitatively 

assess the relationship between population 

density and DHF infection rates and Getis 

Ord statistics. Finally, the last section will 

focus on the main findings of the study. 

 

MATERIALS & METHODS 

Materials  

In Vietnam, dengue is highly prevalent, and 

the incidence rate is reported to be 

145/100,000 population according to the 

national surveillance system data from 2010 

(31). All four dengue serotypes circulate 

(32). Vietnam seems to follow similar trends 

to Thailand where dengue epidemiology has 

been studied extensively. Despite mosquito 

control efforts, dengue fever/dengue 

hemorrhagic fever (DF/DHF) has steadily 

increased in both incidence and range of 

distribution in Thailand, and the incidence 

rate in 2010 was reported to be 177/100,000 

population (31). Dengue has now spread to 

all provinces, districts, sub-districts and 

communities, and is seen every year (33). 

Recently, comparing with those reported in 

July, 350 cases of dengue fever were 

recorded, an increase of 19.1 percent 

compared to the average of 4 weeks ago. 

From the beginning of the year to August 19, 

a total of 10,847 DHF cases were recorded. 

In this study, a dataset of DHF infection rates 

reported in August 2023 in Ho Chi Minh city 

was used to assess the relationship between 

population density and dengue hemorrhagic 

fever. 

 

Methods  

Exploratory data analysis. 

Exploratory data analysis (EDA) involves 

the use of statistical techniques to identify 

patterns that may be hidden in a group of 

numbers. Two of these techniques is the "box 

plot" and " scatter plot" which is used to 

visually summarize and compare groups of 

https://psycnet.apa.org/record/2011-23865-003
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data. The box plot uses the median, the 

approximate quartiles, and the lowest and 

highest data points to convey the level, 

spread, and symmetry of a distribution of 

data values (34). 

The box plot is one of a diverse family of 

statistical techniques, called exploratory data 

analysis, used to visually identify patterns 

that may otherwise be hidden in a data set. 

Three useful proper ties of exploratory data 

analysis techniques are that they require few 

prior assumptions about the data, their 

statistical measures are resistant to outlying 

data values that may inordinately influence 

an analysis, and they emphasize visual 

displays that clearly highlight important 

landmarks of the data. Lines that extend 

from the box (either up or down) are 

called whiskers. Lower whiskers indicate 

lower values of the data group that are within 

the IQR. Upper whiskers indicate higher 

values from the data group that are within the 

IQR. Whisker length, 1.5 ∗ 𝐼𝑄𝑅, starts from 

the end of the IQR box, and ends at data 

values that are not categorized as outliers (as 

shown in the Figure 1, the boundaries are the 

UIF and LIF lines ). Thus, the largest and 

smallest values of the observed data 

(excluding outliers) are still part of the 

Boxplot which is located right at the end of 

the whiskers edge line. 

𝐼𝑄𝑅 =  𝑄3 − 𝑄1 (1) 

𝐿𝐼𝐹 =  𝑄1 − 1.5 ∗ 𝐼𝑄𝑅 (2) 

𝑈𝐼𝐹 =  𝑄3 + 1.5 ∗ 𝐼𝑄𝑅 (3) 

A scatter plot is a type of plot or 

mathematical diagram using Cartesian 

coordinates to display values for typically 

two variables for a set of data (35). If the 

points are coded, one additional variable can 

be displayed. The data are displayed as a 

collection of points, each having the value of 

one variable determining the position on the 

horizontal axis and the value of the other 

variable determining the position on 

the vertical axis (36). A scatter plot can be 

used either when one continuous variable is 

under the control of the experimenter and the 

other depends on it or when both continuous 

variables are independent. If a parameter 

exists that is systematically incremented 

and/or decremented by the other, it is called 

the control parameter or independent 

variable and is customarily plotted along the 

horizontal axis. The measured or dependent 

variable is customarily plotted along the 

vertical axis. If no dependent variable exists, 

either type of variable can be plotted on 

either axis and a scatter plot will illustrate 

only the degree of correlation (not causation) 

between two variables. A scatter plot can 

suggest various kinds of correlations 

between variables with a certain confidence 

interval. Correlations may be positive 

(rising), negative (falling), or null 

(uncorrelated). 

 

 
Figure 1. Boxplot. 

 

(Notes: min - smallest observation value, 

max - the largest observation value; uif – 

Upper Inner Fence; Q3 - highest quartile or 

third quartile; Q2 - median or middle value; 

Q1 - lowest quartile or first quartile; iqr-

Inner Quartile Range; lif - Lower Inner 

Fence). 

 

Hotspot analysis 

There are different methods for analyzing 

spatial patterns and detecting hotspots 

including spatial autocorrelation and cluster 

analysis (37).  A hotspot can be defined as an 

area that has higher concentration of events 
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compared to the expected number given a 

random distribution of events (38). The 

application of hotspot analysis within public 

health and epidemiological research as well 

as in other disciplines (e.g., a great deal of the 

literature on hotspot analysis comes from 

crime mapping and research) has increased 

significantly in the past couple of decades 

mainly due to the advent of Geographic 

Information Systems (GIS)-based software 

(39–41). 

Spatial autocorrelation analysis looks at how 

similar are those values that are closer to each 

other (42). Measures of spatial autocorrelation 

can be categorized as global or local 

indicators of spatial association (43). Spatial 

autocorrelation analysis was performed on 

the incidence rates to test whether the cases 

were distributed randomly over space and, if 

not, to evaluate any identified spatial disease 

clusters for statistical significance (44). A 

hotspot is defined as a condition indicating 

some form of clustering in a spatial 

distribution (44). Hotspot analysis is based 

on the Getis-Ord’s 𝐺𝑖
∗ statistic. 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 (38). 

Hotspot can separate clusters of high values 

from cluster of low values. It is, therefore, 

Getis-Ord’s 𝐺𝑖
∗ statistic was used to identify 

the counties of high and low numbers of 

COVID-19 cases (45,46). The form of Getis-

Ord’s 𝐺𝑖
∗ statistic is defined as follows (47):  

𝐺𝑖
∗ =

∑ 𝑊𝑖𝑗
𝑁
𝑗=1 𝑥𝑗 − 𝑥 ∑ 𝑊𝑖𝑗

𝑁
𝑗=1

𝑆√𝑁 ∑ [𝑊𝑖𝑗
2 − (𝑊𝑖𝑗)2]𝑁

𝑗=1

𝑁 − 1

 
(4) 

with: 

𝑥 =
1

𝑁
∑ 𝑥𝑗

𝑁

𝑗=1

 (5) 

and: 

𝑆 = √
∑ 𝑥𝑗

2𝑁
𝑗=1

𝑁
− (𝑥)2 (6) 

Expectation: 

E(Gi
∗) =

W𝑖
∗

n − 1
 (7) 

with: 

W𝑖
∗ = ∑ w𝑖𝑗(𝑑)

n

𝑗=1

 (8) 

and variance: 

Var(Gi
∗) =

W𝑖
∗(n − W𝑖

∗)Y𝑖2
∗

n2(n − 1)(Y𝑖1
∗ )2

 (9) 

with: 

Y𝑖1
∗ =

∑ xj
n
𝑗=1

n
; (10) 

and: 

Y𝑖2
∗ =

∑ ∑ (xixj)
2n

𝑗=1
n
𝑖=1

n
− (Y𝑖1

∗ )2 (11) 

where: the Getis-Ord’s 𝐺𝑖
∗ statistic is 

computed for the number of COVID-19 

cases at county i; 𝑥𝑖, 𝑥𝑗, 𝑥̅, and 𝑊𝑖𝑗 are 

defined in equation (1); and 𝑁 is the total 

number of neighborhood counties as defined 

in equation (2). 𝑊𝑖𝑗 can be constructed using 

the methods of the first order and second of 

contiguity. In this study, adjacency to 

compute  𝑊𝑖𝑗  is defined using the first order 

of continuity. 

The Getis-Ord’s 𝐺𝑖
∗ coefficient at county i 

(𝐺𝑖
∗) also ranges between -1 and +1. If 𝐺𝑖

∗ > 

0 and p(𝐺𝑖
∗) < α then there exists a spatial 

clustering of high-high values (45,46). In this 

case, these high-high values, so-called a 

hotspot, reflects the presence of high 

numbers of COVID-19 cases among county 

i and its neighborhood counties (𝑗 ∈ 𝐽𝑖). 

Whereas, if 𝐺𝑖
∗ < 0 and p(𝐺𝑖

∗) < α then there 

exists a spatial clustering of low-low values 

(45,46). These low-low values are called a 

coldspots indicating low numbers of 

COVID-19 cases among county i and its 

neighborhood counties (𝑗 ∈ 𝐽𝑖). Similar to 

those in the definition of local Moran’s 𝐼 

statistic, if the value of 𝐺𝑖
∗close zero and 

p(𝐺𝑖
∗) < α then there will be neither hotspots 

nor coldspots or random distribution of 

COVID-19 cases (46). Clusters of cases that 

occur randomly can also have an influence 

on the spread of an infectious disease (44). 

The output from Getis-Ord’s 𝐺𝑖
∗ statistic 
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identifies spatial clusters of high values 

(hotspots) and spatial clusters of low values 

(cold spots). 

The high/low clustering tool is an inferential 

statistic, which means that the results of the 

analysis are interpreted within the context of 

a null hypothesis (44). A lots of attempts 

have been put on the use of Getis-Ord’s 𝐺𝑖
∗ 

statistic with the help of ArcGIS software 

using Getis z-scores (21,38,48) defined in a 

study by Mitchel (48). The presence of a 

strongly skewed distribution in the dataset 

fails the test. It is, therefore, testing for the 

significance of the Getis-Ord’s 𝐺𝑖
∗ statistic in 

this study was also carried out by a 

randomization test using 999 permutations. 

In this work, with the help of the spatial 

statistics software, GeoDA, developed by 

(49), a randomization test was used to test the 

significance of spatial autocorrelation 

statistics. Spatial auto-correlation statistics 

were generated and tested at the significance 

of 0.05 using 999 permutations. When the p-

value is very small, it means it is very 

unlikely (small probability) that the observed 

spatial pattern is the result of random 

processes, so the null hypothesis can be 

rejected (44). 

 

Pearson correlation analysis 

In statistics, the Pearson correlation 

coefficient is a correlation coefficient that 

measures linear correlation between two sets 

of data. It is the ratio between the covariance 

of two variables and the product of their 

standard deviations; thus, it is essentially a 

normalized measurement of the covariance, 

such that the result always has a value 

between -1 and 1. It assigns a value between 

-1 and 1, where 0 is no correlation, 1 is total 

positive correlation, and -1 is total negative 

correlation. As with covariance itself, the 

measure can only reflect a linear correlation 

of variables, and ignores many other types of 

relationships or correlations. 

𝑟 =
∑ (𝑥𝑖 − 𝑥)(𝑦𝑖 − 𝑦)𝑛

𝑖=1

√∑ (𝑥𝑖 − 𝑥)2(𝑦𝑖 − 𝑦)2𝑛
𝑖=1

 (12) 

 

RESULTS AND DISCUSSIONS 

Distribution of DHF incidence and 

population density  

Data on statistical indicators of DHF 

infection rate and population density were 

statistically summarized in Table 1. Data 

from Table 1 shows that, in August 2023, the 

lowest and highest DHF infection rates were 

5 cases100,000 people and 28 cases/100,000 

people, respectively. The vaues of the mean 

and the median of DHF infection rates were 

16.1/100,000 people and 15.5 cases/100,000 

people, respectively. In which the data 

dispersion of DHF infection rates determined 

by IQR and SDEV were 8 cases/100,000 

people and 6.1 cases/100,000 people, 

respectively. Meanwhile, the lowest and 

highest population density were 106 

people/km2 and 65,113 people/km2, 

respectively. The values of the mean and the 

median population density were 24,611 

people/km2 and 23,581 people/km2, 

respectively. In which the dispersion of the 

population density determined with IQR and 

SDEV was 32,243 people/km2 and 19,914 

people/km2, respectively. 

The distribution of DHF infection rates in 

August 2023 and population density were 

shown in the boxplot as shown in Figure 2 

left and right, respectively. Data from Figure 

2 shows that the boxplot was slightly skewed 

to the top (skewed to the direction of the 

larger values). This is consistent with those 

obtained in Table 1 where the mean value 

was larger than the median value. This 

proves that the high DHF infection rate and 

high population density were more 

prominent throughout Ho Chi Minh City. 

 

Table 1. Statistical descriptives for DHF incidence and population density. 

Variables Statistical descriptives 

Min Mean Median Max Q1 Q3 IQR SDEV 

DHF incidence 5 16.1 15.5 28 11 19 8 6.1 

Population density 106 24.611 23.581 65.113 5.149 37.392 32.243 19.914 
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Figure 2. Boxplots of DHF incidence (left) and population density (right). 

 

The spatial distribution of DHF incidence in 

August of 2023 and population density was 

shown in the maps in Figure 3 left and right, 

respectively. Data from Figure 3 (left) shows 

that high DHF infection rates mainly 

appeared in districts near the city center, 

whereas low DHF infection rates were 

mainly distributed in a few districts in the 

centre of the city, and som suburban districts 

in the north and south of the city. It can be 

seen clearly that the closer to the city center, 

the higher the DHF infection rate. Some 

districts had high and very high infection 

rates such as Nha Be (28 cases/100,000 

people), District 1 (26 cases/100,000 

people), District 7 (24 cases/100,000 

people), Tan Phu (24 cases/100,000 people) 

and Binh Thanh (21 cases/100,000 people), 

whereas some districts had low infection 

rates such as Can Gio (5 cases/100,000 

people), District 6 and District 11 (8 

cases/100,000 people), and Phu Nhuan (10 

cases/100,000 people). Meanwhile, the 

spatial distribution of population density was 

shown in Figure 3 (right). Data from Figure 

3 illustrate that high population density was 

mainly concentrated in urban districts in the 

city center. Some districts with high 

population density were District 10 (65,114 

people/km2), District 11 (64,696 

people/km2), District 4 (48,579 people/km2) 

and District 5 (43,913 people/km2). Low 

population density was mainly distributed in 

the northern, southern, eastern and western 

suburban districts surrounding the city 

center. Low population density were found in 

some suburban districts such as Can Gio 

(106.5 people/km2), Cu Chi (926.5 

people/km2), Nha Be (2239 people/km2) and 

Binh Chanh (2687 people/km2).  

 

Analysis of DHF hotspots 

The distribution of Getis Ord statistic 

obtained from DHF infection rates were 

shown in Figure 4. Data from Figure 4 (left) 

shows that the high values of Getis Ord 

coefficients was mainly concentrated in the 

east and west of the city. Meanwhile, low 

values of Getis Ord statistics were found in 

the northern and southern suburban districts 

and some urban districts in the city center. In 

August, Getis Ord's statistic successfully 

detected three hotspots and one coldspot. 

Three hotspots of DHF were discovered in 

the west and south of the city in the districts 

of District 4 (11 cases/100,000 people), Binh 

Chanh (16 cases/100,000 people), Can Gio (5 

cases/100,000 people). Meanwhile, a 

coldspot was also detected in Tan Phu (24 

cases/100,000 people), a district in the city 

center. 

Data in boxplots in Figure 4 (right) 

demonstrates that the Getis Ord statistics 

were skewed to the upward. This proves that 

the Getis Ord statistic was skewed to the side 
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where many high number of DHF cases were 

detected. It was found that the lowest and 

highest values of the Getis Ord statistic were 

0.039 and 0.056, respectively. The mean and 

median values of Getis Ord statistic were 

0.047 and 0.046, respectively. In which the 

data dispersion of the Getis Ord statistic 

determined by IQR and SDEV was 0.007 and 

0.005 respectively. Data in Figure 4 shows 

that high values of Getis Ord statistics were 

found in some districts including Binh Chanh 

(0.0563), District 7 (0.0545), District 4 

(0.054), Thu Duc (0.054) and Nha Be 

(0.051). High values of Getis Ord statistic 

were mainly found in districts in western and 

eastern areas of the city. Meanwhile, low 

values of Getis Ord statistic were mainly 

detected in districts of Tan Phu (0.0389), 

District 11 (0.041), Tan Binh (0.041), and 

District 6 (0.042).

 

 

Figure 3. Equal interval maps of DHF incidence (left) and population density (right). 

 

 

Figure 4. Distribution of Getis Ord’s statistic: boxmap (left) and (b) boxplot.  

 

Analysis of the relationship between 

population density and DHF infection rate 

As discussed above, a scatterplot is a type of 

data display that shows the relationship 

between two numerical variables. In this 

study, the relationship between population 

density and DHF infection rates and Getis 

Ord statistic in Ho Chi Minh city was 

investigated using the scatter plot. Data from 

the scatter plot in Figure 5 demonstrate the 
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relationship between population density and 

DHF infection rates and Getis Ord statistic. It 

can be seen that there was a negative 

correlation between population density and 

both variables (DHF infection rates and Getis 

Ord statistic). It can be concluded that as 

population density increases, the DHF 

infection rate tends to decrease in August.

 

 
Figure 5. Scatterplots of population density against DHF infection rates (left) and Getis Ord’s statistic (right). 

 

CONCLUSION 

Dengue fever is one of the most prevalent 

arboviral diseases in the world, and its global 

range of transmission has increased 

significantly in recent decades. This study is 

set out to assess the relationship between 

population density and dengue hemorrhagic 

fever in August of 2023 in Ho Chi Minh city, 

Vietnam. EDA techniques were first used to 

investigate the distribution patterns of DHF 

incidence. Getis Ord statistic was then 

employed to detect hotspots and coldspots of 

DHF infection rates. A scatter plot was then 

employed to quantitatively assess the 

relationship between population density and 

DHF infection rates and Getis Ord statistic. 

Finally, a dataset of DHF cases recorded in 

August 2023 in Ho Chi Minh city was used 

to illustrate the proposed methods. It was 

found that there existed a negative 

correlation between population density and 

both of DHF infection rates and Getis Ord 

statistic. The population density likely 

decreases dengue hemorrhagic fever 

infection rates in August of 2023 in Ho Chi 

Minh city. It can be concluded that spatial 

statistics and EDA have proved their 

effectiveness in the assessment of the 

relationship between population density and 

the incidence of dengue hemorrhagic fever. 

Findings of this study not only provide an 

insight into the effects of population density 

on DHF infection rates, but also helps to 

understand different socio-ecological drivers 

of locally or overseas acquired dengue 

hemorrhagic fever 
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