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Mapping of dengue vulnerability in the Mekong 
Delta region of Viet Nam using a water-associated 
disease index and remote sensing approach

For the last two decades, dengue fever has continuously been a disease burden 
in Viet Nam, particularly in the Mekong River Delta (MRD) region, which is 
one of the regions most vulnerable to climate change. This study focuses on 
mapping vulnerability to dengue over the MRD region of Viet Nam by applying 
the Water-Associated Disease Index approach developed by Dickin, Schus-
ter-Wallace and Elliott (2013) and using geospatial data. The data includes 
annual land cover and monthly temperature extracted from MODIS (Moder-
ate Resolution Imaging Spectroradiometer) and monthly precipitation from 
GSMaP (Global Satellite Mapping of Precipitation). The maps, produced for 
the period 2001-2016, helped in analyzing temporal and spatial patterns of 
vulnerability to dengue in the region. The results show clear seasonal vari-
ation in vulnerability over the whole region following the variability in the 
climate factor. Pearson’s correlation was used to evaluate the association 
between dengue rates and vulnerability aggregated at the provincial level. 
Significant linear associations, with a correlation coefficient greater than 0.5, 
were found in half of the provinces mapped. Mapping vulnerability to dengue 
using geospatial technology seems to be an effective means for supporting 
public health authorities in disease control and intervention not only for the 
MRD region but also for the whole country of Viet Nam.
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1. INTRODUCTION

Under the impact of global climate change on human 
health, there is an increasing number of infectious 
disease cases (Patz, Campbell-Lendrum, Holloway, & 
Foley, 2005), including mosquito-borne diseases such 
as dengue, one of the most climate-sensitive diseases. 
Climate factors, in addition to multiple human, biolog-
ical and ecological determinants, influence the emer-
gence and re-emergence of infectious diseases (Patz & 
Balbus, 1996). In Southeast Asia, a study by Sia Su (2008) 
has shown that there was a significant correlation 
between rainfall and dengue incidence in metropolitan 
Manila, the Philippines, from 1996 to 2005. Promprou, 

Jaroensutasinee and  Jaroensutasinee (2005) also found 
a correlation between temperature, rainfall and dengue 
incidence in southern Thailand using multiple regression 
analysis. Dom, Hassan, Latif and Ismail (2013b) gener-
ated a temporal model using climate variables for the 
prediction of dengue in Malaysia and showed that climate 
variables affect dengue incidence in multiple ways. On a 
regional scale, a review of the impacts of climate change 
on human health by Patz, Campbell-Lendrum, Holloway 
and Foley (2005) provided more evidence of the burden 
of climate change-attributable diseases and emphasized 
the uncertainty in attributing diseases to climate change, 
owing to a lack of long-term and high-quality data. 
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However, climate change is certainly not the only factor. 
The land cover of the area might also have an impact on 
dengue fever. Cheong, Leitão and Lakes (2014) showed 
an important correlation between the number of dengue 
cases and land cover, with human settlements and water 
body types having higher probabilities of infection than 
other land types. Besides land cover, dengue incidence 
occurred higher in the residential area, followed by com-
mercial and industrial area (Dom, Ahmad, Latif, Ismail, 
& Pradhan, 2013a).

Analysis of vulnerability has popularly been applied 
to assess health hazards related to climate change (Patz 
& Balbus 1996; Dickin, Schuster-Wallace, & Elliott, 2013). 
Mapping health vulnerability to climate change with 
three components of exposure, sensitivity and adap-
tive capacity is a popular assessment approach, which 
includes 3 phases: problem formulation, analysis, and 
integration (Kovats et al., 2003). Patz and Balbus (1996) 
proposed a framework for the assessment of health vul-
nerability due to climate change. Dickin, Schuster-Wal-
lace and Elliott (2013) developed the Water-Associated 
Disease Index (WADI) approach to provide a “practical 
tool” and vulnerability map in support of dengue pre-
vention and control in Southeast Asia and South America 
and on a global scale. Khormi and Kumar (2011) reviewed 
and highlighted the advantages of geospatial data and 
techniques in the issue of mapping mosquito-borne 
diseases where satellite images provide good data with 
high temporal and spatial resolution to estimate various 
parameters (rainfall, temperature, soil moisture, land 
cover type, etc.) to identify mosquito habitats. Geo-
graphic information systems (GIS) will merge such 
information with socio-economic factors and disease 
incidence, applying spatial statistical analysis to map and 
model diseases with high accuracy. Recent application of 
GIS and spatial union analysis in Malaysia was successful 
in visualizing and predicting dengue hotspot and dis-
semination pattern (Dom, Ahmad, Latif, & Ismail, 2013c, 
2017). The flexibility of the WADI framework allows 
the ability to adapt multi-dimensional data at different 
temporal and spatial scales, which can be applied with 
geospatial data (Louis et al., 2014). 

This study focuses on the mapping of dengue vul-
nerability to the above-mentioned factors for the MRD 
of Viet Nam. The extensive use of remote sensing data 
for presenting climate variables in the WADI framework 
is described in the data and methodology section. GIS-
based analyses are applied for processing the outputs, 
and mapping correlation, temporal and spatial varia-
tions are presented in the results and discussion section, 
followed by the conclusion section.

2. DATA AND METHODOLOGY 

2.1 Study site

The study was conducted in the lower MRD in south-
ern Viet Nam, the area most affected by dengue fever, 
with up to 65% of cases recorded during 1998-2015. 
Moreover, dengue fever has been reported as the second 
most frequent cause of hospital admissions among com-
municable diseases in this region (Phung, Talukder, 
Rutherford, & Chu, 2016). The MRD is a flat and low-ly-
ing area with a very complex network of rivers, channels 
and floodplains, supporting agriculture fields (Figure 1). 
The climate is tropical monsoon with a wet season from 
May to October and a dry season from November to April, 
and the average air temperature in the coldest months is 
approximately 18-20°C. 

2.2 Mapping method - WADI application

This study applies the WADI conceptual frame-
work developed by Dickin, Schuster-Wallace and Elliott 
(2013), which is described in Figure 2. In this framework, 
the vulnerability index is composed of only the expo-
sure and susceptibility indicators, where the exposure 
describes conditions that are conducive to the survival 
and transmission of dengue in the environment. Suscep-
tibility describes the existing sensitivity of a population 
to dengue. The susceptibility indicator also includes con-
ditions that impact resilience, a concept described as the 
capacity to prevent, respond to and cope with disease. 

We use two components of climate and human 
environment for the exposure indicator, while the sus-
ceptibility indicator comprises components indicating 
age, poverty, and healthcare access. The climate factor 
includes the two important variables of temperature 
and rainfall, and human environment consists of land 
cover and population density. Exposure and suscepti-
bility scores were scaled between 0 and 1, representing 
a range from low to high exposure or susceptibility and 

FIGURE 1. Map of the Mekong Delta region of Viet Nam
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were based on the proposed threshold of Dickin, Schus-
ter-Wallace and Elliott (2013), with modification by 
Cheong,  Leitão and Lakes (2014) for land use.

Dickin, Schuster-Wallace and Elliott (2013) pro-
posed 5 components, including population age, housing 
quality, water and sanitation, health care access, and 
female education level. Based on the availability of col-
lected data, we were able to use 3 of these factors, as 
listed in Table 1. Louis et al. (2014) reviewed the 26 pub-
lished papers on mapping dengue risk and found that age 
and income are two of the most commonly used factors 
for predicting dengue risk. 

2.3 Remote sensing data

In this study, land cover data were extracted from a 
satellite-based secondary product, MODIS Land Cover 
Type yearly L3 global (MCD12Q1) product (Friedl et al., 
2010; Friedl & Sulla-Menashe, 2015), and mapped with 
areas of standard Land Use Map of year 2010, with the 
scale of 1:100.000, provided by the Ministry of Natural 
Resources & Environment (MONRE), as in Figure 3. 

In an attempt to extensively use remote sensing data, 
with the advantages of spatial coverage with high resolu-
tion and temporal availability, we used GSMaP data as an 
alternative for surface rainfall measurement. The daily 
GSMaP/MVK (version 6) data with a spatial resolution 

of 0.1 x 0.1 degrees (Ushio et al., 2009), were extracted 
for the MRD and accumulated to calculate the monthly 
amount. We used monthly Land Surface Temperature 
data from MODIS LST (MOD11A2) with a 1 km x 1 km res-
olution (Wan, 2007) as a proxy for air temperature. 

3. RESULTS AND DISCUSSION

3.1 The vulnerability maps

Monthly maps of overall vulnerability were produced 
by combining raster layers of susceptibility and exposure 
indicators. The selection of weighting schemes for each 
indicator to the total vulnerability index was based on an 
approach in which different weightings were tested to 
find the best correlation coefficient of the WADI index 
with monthly dengue rates from 2002 to 2014 for each 
province. In fact, the vulnerability is more sensitive to 
exposure than the susceptibility indicator because the 
climate components clearly show monthly variations, 
while the others change at a yearly scale. Based on cor-
relation results, we decided to use weightings of 1 for the 
susceptibility and 3 for the exposure indicator, so that 
the final vulnerability index was weighted more heavily 
on the exposure indicator. In addition, monthly data for 
temperature and rainfall were used in a time-lagged 

FIGURE 2. The WADI framework following Dickin, Schuster-Wallace 

and Elliott (2013)

FIGURE 3. Modified land cover map from MODIS data (MCD12Q1) for the 

MRD in 2013

TABLE 1. Summary of the susceptibility components used for calculation

Component Data sources Threshold

Age under 15 years The General Statistics Office of Vietnam 
(2009 census dataset)

% population under 15 years by province

Health care access Actual data from the General Statistics Office 
of Vietnam

Density health facilities per square km area

Poverty Annual data from the General Statistics Office 
of Vietnam

% poverty household per province
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manner based on their best correlation with monthly 
dengue incidences for each province. This approach is 
similar to the approach used by Vu, Okumura,  Hashi-
zume, Tran and Yamamoto (2014), where weather com-
ponents strongly affected dengue transmission at a lag 
time of 0 to 3 months, with considerable variation in 
their influence among different areas in Viet Nam due to 
the delay between the onset of weather conditions and 
the impact on mosquito populations. Yearly vulnerabil-
ity maps were produced by averaging monthly maps and 
aggregated to maps by district and provincial admin-
istrative boundaries by using GIS software as shown in 
Figure 4 (a & b). 

The results suggest that vulnerability to dengue 
over the Mekong Delta region of Viet Nam  varies greatly 
across spatial and temporal dimensions. The highest 
vulnerability is clearly observed in the scattered areas of 
urban and mixed horticulture land use while the lowest 
vulnerability is observed in the remote and sparse popu-
lations covered by forest and bare soil land types. Overall, 
this finding agrees well with the weighting of land use 
for calculating the exposure indicator (Table 1). We found 
that aggregated vulnerability concentrated higher in the 
provinces of An Giang, Dong Thap, Tien Giang, Ben Tre, 
and Soc Trang, corresponding to a high-risk cluster of 
dengue in the Mekong Delta area (Phung et al., 2016). 

At a temporal scale, the monthly average data in 
Figure 5 clearly shows the seasonal variation of vul-
nerability with the lowest values in February-March, 
increasing towards the highest values in August-No-
vember. Obviously, this seasonal cycle is mainly affected 
by the seasonal variation in climate in this region, as 
other factors remained unchanged throughout the year. 
Generally, increased temperature and rainfall are asso-

ciated with increased dengue transmission (Johansson, 
Dominici, & Glass, 2009); therefore, higher vulnerabil-
ity is related to the rainy season during May-Novem-
ber. This trend was widely reported in many regions 
in Southeast Asia in tropical environments (Wai et al., 
2012). This seasonal cycle also varies at a spatial scale, 
shown in Figure 5, which shows that higher vulnerability 
occurred in Bac Lieu, Soc Trang, and Ben Tre provinces in 
September, while it occurred in An Giang and Dong Thap 
provinces in October. Apparently, exposure to dengue 
heavily varies throughout the year, depending on the 
changes in climate conditions over the region. 

3.2 Assessing the correlation of vulnerability with 
dengue incidence

We evaluate an association between monthly vulner-
ability indicators and dengue incidence by calculating 
Pearson’s correlation for both the training data period of 
2001-2014 and the last two years of 2015-2016 data. To 
avoid variance in dengue counts, the data was stabilized 
by log transformation to the same scale as vulnerability 
score. The regressions of vulnerability and dengue for 
the 2001-2014 training data are presented in Figure 6 for 
provinces with highly correlated cases. Again, we found 
that better regressions were associated with provinces 
with a high dengue rate.

The correlation varies significantly from 0.26 to 
0.63 (with p<0.05) for different provinces, and a high 
correlation was only found in provinces with a high 
dengue rate. The most seasonal factor in this region that 
contributes to the exposure of vulnerability is rainfall; 
therefore, we also evaluated the association between 
monthly rainfall amount and dengue incidence for each 
province with Pearson’s correlation. We compared two 

FIGURE 4. a) Yearly average vulnerability to dengue in grid map; b) that aggregated to administrative boundaries
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correlations, as in Figure 7a, which show a similar trend 
in their variations: the higher correlation of dengue with 
rain and the better correlation of dengue with estimated 
vulnerability. This finding indicates that seasonal trends 
in exposure are highly sensitive to climate variables, as 
mentioned in the review of climate change and dengue 
with the modelling approach by Naish et al. (2014). Val-
idation result for the 2015-2016 years of data also pre-
sented correlation above 0.5 in provinces of high-risk 
cluster of dengue towards the north-eastern part of the 
region (Figure 7b).

3.3 Discussion

With the extensive use of satellite remote sensing 
data for eco-environmental factors of rainfall, temper-
ature, and land use, we have limited the inconsistency of 
data sources over the whole region for index calculating. 

As mentioned before, the vulnerability was weighted 
more heavily on the exposure indicator; therefore, 
changes in exposure resulted in greater changes in vul-
nerability. Because all index approaches are restrained 
by the weighting selection (Dickin & Schuster-Wallace, 
2014), different weighting schemes were tested in this 
study, and the weight was assigned based on the best 
correlation of dengue incidence and vulnerability for 
the training data (2001-2014). Nevertheless, the result 
of validation showed the different performance of the 
WADI over the region; a high correlation of vulnerability 
with dengue incidence was found in provinces with high 
dengue risk. We anticipate a better correlation of dengue 
incidence with rain as one possible reason. However, 
as mentioned by Fekete (2009) dengue vulnerability 
includes conditions of exposure and susceptibility that 
can occur without virus transmission. Therefore, the 
high potential transmission areas or habitat are gener-
ally the areas with the densest human and vector popu-
lation (Hasnan, Dom, Latif, & Madzlan, 2017).

The vulnerability maps could be constructed in 
raster grids with a high spatial resolution of environ-
ment variables but still be limited in social variables at 
the provincial and district scale levels. These data had 
been rasterized into grids comparable to environment 
variables for the input to WADI calculation. However, the 
availability of dengue cases at the provincial level limits 
the validation to that level, providing results in vulner-
ability relating to large-scale patterns but not processes 
occurring at smaller scales. Undoubtedly, a combination 
of socio-environmental factors affects the transmis-
sion of dengue disease at different scales: larger scale 
factors, such as climate, are responsible for the influ-
ence of dengue transmission over the region, while local 
factors relate to community activities to prevent human 

FIGURE 5. Monthly average vulnerability to dengue 

FIGURE 6. Regression between monthly vulnerability and monthly dengue for higher correlated cases of provinces
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infection (Thai et al., 2010). Dickin & Schuster-Wallace 
(2014) considered that a stronger weighting for exposure 
is attributable to larger scale factors, while susceptibility 
plays a role at the local level. Therefore, detailed data on 
social information and dengue reports at community 
levels are important for studying the combined effects of 
exposure and susceptibility at regional and local levels.

4. CONCLUSION

This study focused on presenting socio-environmen-
tal influences and climate factors on the vulnerability to 
dengue fever in the MRD, which has the highest dengue 
rate in Viet Nam. This research is the first application of 
the WADI approach to dengue in Viet Nam to enhance 
the understanding of dengue burden by exposure and 
susceptibility components rather than the mathematical 
modelling of epidemic transmission used in previous 
studies. Monthly and yearly maps of vulnerability to 
dengue in the MDR were produced by using extensive 
remote sensing data for climate and environment vari-
ables at high spatial resolution. The results showed that 
provinces along the Mekong River with higher popu-
lation density are more vulnerable to dengue. There is 
a clear seasonal variation in the vulnerability over the 
whole region following variability of the climate factor, 
such that there is the lower vulnerability during the dry 
season from January to May and higher vulnerability 
during the rainy season from June to December. The 
correlation between the estimated vulnerability with 
dengue incidence significantly varies among MRD prov-
inces, depending on their local condition of climate var-
iables and land cover as well as population distribution. 
The validation results revealed that the WADI performed 
better in provinces with a high-risk cluster of dengue, 
where dengue has a greater correlation with rain.  

The remote sensing data provides detailed informa-

tion on climate and environment variables for vulner-
ability mapping that are advantageous over standard 
surface observation. However, the challenge of existing 
approaches in mapping dengue risk is to improve the 
accuracy in describing the spatially localized dengue 
distribution influenced by human activities. In addition, 
the validation of the mapping was limited to the provin-
cial level due to the lack of dengue data at the community 
level in this study. Influences of combined exposure and 
susceptibility at regional and local scales is subject for 
further research in other regions of Viet Nam. Finally, all 
monthly and yearly vulnerability maps, as the outcome 
of this study, can be accessed at the GIS-based website 
http://www.apn-climateandhealth.com.
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