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Background and objective: Dengue is a vector-borne viral disease usually transmitted by Aedes mosquitoes. Around
the world, the relationship between local vector density and frequency of dengue cases is being explored and
needs further evidence. This study aimed to analyze the potential spatial relationships between the dengue vector

Ezrtlsgl;x; (Aedes aegypti) and dengue cases in the megacity of Bangladesh during the 2019 dengue outbreak.

Megacity Methods: Vector density measures were used to estimate spatial associations with dengue case distribution.
Outbreak Location was determined for 364 dengue cases who were admitted to Dhaka Medical College Hospital over a
Dhaka period of 4 months. Data were collected using a semi-structured questionnaire, and prior consent was ensured

before participation. The Moran global index, Getis-Ord Gi*, ordinary least squares regression, geographically
weighted regression and count data regression methods were used for spatial analysis.

Results: We found that dengue case distribution was not associated with immature Aedes aegypti mosquito (larvae)
density across the city. The relationship between larval density measured by the Breteau Index (BI) and House
Index (HI) with dengue cases was nonstationary and not statistically significant.

Conclusion: The location of dengue cases appears to be unrelated to vector distribution and vector density. These
findings should prompt the search for other transmission risk factors.

1. Introduction

Dengue, a common mosquito-borne viral infectious disease, occurs in
>100 countries around the world. Each year, up to 400 million people
become infected with dengue, with approximately 100 million people
manifesting clinical symptoms from infection and 22,000 ultimately
dying from severe dengue [1]. Estimates of dengue cases reveal that the
disease is more common in Asian countries, particularly the Philippines,
Indonesia, and Thailand, with relatively negligible contributions from
Bangladesh [2]. However, in the last two years, the sudden rise in the
number of dengue cases in Bangladesh has surpassed all previous records,
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with evidence of 10,148 cases and 47 deaths in 2018 and a tenfold in-
crease in the subsequent year (1,01,354 cases with 164 deaths by
December 2019) [3]. Even amidst the coronavirus disease-2019
(COVID-19) pandemic, a total of 746 confirmed dengue cases were re-
ported by November 2020 [4].

Identifying the presence of Aedes aegypti (vector of dengue virus) and
achieving controlled eradication of this vector remain major challenges.
High population densities, unplanned rapid urbanization and construc-
tion, and warm climates are responsible for the increased breeding of
A. aegypti [3, 5, 6]. Additionally, insufficient and inadequate prepared-
ness, lack of awareness of the general population, insufficiently resourced

1 These three authors have equal contribution and will be considered as joint first author.

https://doi.org/10.1016/j.heliyon.2022.e11640

Received 13 February 2022; Received in revised form 25 July 2022; Accepted 9 November 2022
2405-8440/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).


mailto:dr.jahid61@gmail.com
mailto:jahid@pircc.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.heliyon.2022.e11640&domain=pdf
www.sciencedirect.com/science/journal/24058440
http://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2022.e11640
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.heliyon.2022.e11640

M. Sharif et al.

health care systems, and delayed and suboptimal vector-control pro-
grams further increased the Aedes population and the impact of dengue
infection, resulting in deaths that could have been prevented [3, 7]. To
date, no effective antiviral agents exist to treat dengue infection, and
treatment therefore consists of supportive measures only [8]. Further-
more, no licensed vaccine against dengue infection is currently available,
and dengue vaccine prototypes have not been as effective as anticipated
[9, 10].

Aedes mosquito has adapted to human habitats and breed in relatively
small containers that can hold water [11]. They can actively disperse
over a very restricted range (28-199 m), and the majority of released
mosquitos are usually recaptured in the same or adjacent houses from
where they were released. The combination of small-scale breeding sites
and a low level of mobility of the vector results in highly localized sites of
disease transmission with dengue transmission around the sites where
dengue vector density is high [11, 12, 13, 14]. Therefore, current efforts
to control dengue transmission focus on the vector, using combinations of
chemical and biological targeting of Aedes mosquito and management of
breeding sites [8]. The World Health Organization (WHO) proposed
several indices for Aedes aegypti surveillance [15, 16]. The Breteau Index
(BI), House index (HI), and Container Index (CI) are used for larval
surveys, and the Pupa Index (PI) is used for pupal surveys. For adult
mosquito surveys, ovitraps are recommended. The BI and HI are
commonly used for the determination of priority risk [16]. The rapid
transition of the population in a megacity, high cost, lack of sufficient
community health care workers and logistics operations were identified
as barriers to the design of focused intervention in high BI or high HI
areas [4, 17]. Furthermore, important gaps remain in knowledge
regarding the relationship between the local level of Aedes aegypti
infestation and the risk of dengue [18]. Studies that assessed the rela-
tionship between vector infestation and the rate of dengue incidence
have frequently failed to demonstrate a clear association, and thus far,
the results of such studies have been inconsistent [19, 20, 21]. Therefore,
this study was designed to examine the extent of the spatial association of
Aedes aegypti in hotspot areas of dengue-confirmed cases recorded in the
2019 outbreak in Bangladesh.

2. Subjects and methods
2.1. Research approach and design

We performed a cross-sectional study using data from dengue fever
cases recorded during the 2019 outbreak in Bangladesh [22]. We
included cases identified between May 1, 2020, and August 30, 2020.
The criteria for dengue fever diagnosis followed from the national
Guideline [23]. Among 747 cases, we included 364 confirmed cases from
inside the geographic boundary of Dhaka city for final analysis.

2.2, Study area

The study was conducted in the Dhaka metropolitan city in
Bangladesh. The city covers an area of 118 km? (Latitude 23.71270 N,
Longitude 90.41090 E) and is located on the eastern banks of the Bur-
iganga River [24]. It is one of the most densely populated cities in the
world, with nearly 23,000 people living per square kilometer as of 2020
[25]. This megacity is characterized by a hot, humid tropical climate,
with a distinct monsoon season, an annual average temperature of 28 °C
(82 °F), and monthly mean temperatures ranging between ~28.7 °C
(~83.7 °F) in May and ~29.0 °C (~84.1 °F) in August [26].

Dhaka city is divided into two municipal zones: Dhaka North City
Corporation (DNCC) and Dhaka South City Corporation (DSCC). These
two-city corporations are again subdivided into ‘Ward’ (Ward is a level-4
administrative unit that contains at least one local community). A total of
129 wards (54 located in DNCC and 75 in DSCC), representing diverse
socioeconomic and urban ecological settings, were purposefully chosen
for the study. Before 2011, there was only one city corporation
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comprising 90 wards (‘old” ward). As new administrative GIS maps are
still unavailable, we used the old map for this analysis.

2.3. Dengue case and vector data

Dhaka Medical College Hospital (DMCH) is the busiest tertiary care
hospital in Bangladesh and provides medical services to patients both
within and outside the metropolitan region of Dhaka. During the study
period, patients who were admitted to the DMCH from outside Dhaka
primarily originated from neighboring districts and hence were consid-
ered the representative site during the outbreak.

We included patients who were currently living within the metro-
politan city only. The address of the patients was confirmed to the ward
level, and their geographical residence was then converted to ‘old’ ward
numbers to enable matching the location with available GIS maps. In
parallel, we used premonsoon Breteau Index (BI) and House Index (HI)
data as surrogates of immature Aedes mosquito distribution with
permission from Communicable Disease Control (CDC), Bangladesh [27].
The HI is widely used to assess the distribution of Aedes mosquitoes in a
locality. The BI builds a relationship between positive containers and the
number of houses. The Container Index (CI) only provides information on
the proportion of water holding containers that are positive for Aedes
[16]. According to WHO guidelines [16] on vector surveillance, Bl and HI
are the commonly used indices for the determination of priority areas for
control measures. Hence, the Container Index (CI) data were not used in
this study. These entomological data were collected as a part of the Aedes
aegypti vector survey and were converted to ‘old’ ward numbers for use.

2.4. Vector surveillance method

The premonsoon vector surveillance data were collected by the CDC
in March 2019. Samples for Aedes larvae were collected from 998
households over a period of 10 days by a group of 30 members (10 su-
pervisors and 20 collectors forming 10 teams, with each team having one
supervisor and two collectors). Each household was visited once. Ten
households were selected in a judgment sampling method using GPS
coordinates from 100 sites located in 98 wards of DNCC and DSCC. One
site was selected from each ward, and two extra sites were selected from
two densely populated wards. Multistourized buildings, independent
houses, construction sites and vacant plots was surveyed for potential
breeding sources. Larvae were collected from different types of breeding
sources, including plastic bucket, drum, bottle, mug, pots, flower tub &
tray, water tank, clay pot, discarded tires, and tin pots, following the
WHO guideline [16].

2.5. Ethics statement

The study protocol was approved by the Ethical Review Committee of
Dhaka Medical College Hospital (Memo no: MEU-DMC/ECC/2019/251).
Informed written consent was obtained from patients and parents/
guardians of patients in case of children before proceeding with the
interview and data collection process.

2.6. Statistical analysis

2.6.1. Software used during analysis

We used ArcGIS (Version 10.5) for spatial analysis, ordinary least
squares regression (OLS) and geographically weighted regression (GWR)
analysis. R (Version 4.0.1) was also used for count data regression and
other descriptive analyses.

2.6.2. Spatial autocorrelation (Moran global index) and hotspot (Getis-Ord
Gi*) analysis

An initial Moran's global index (Moran's I) spatial autocorrelation
statistic was run on dengue cases to determine the most appropriate
distance to be considered for spatial relationships during hotspot
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analysis. We calculated the Z scores from Moran's I for a distance of 100 During hotspot analysis, we used a fixed distance band method to
m to 2000 m in 100 m intervals and then plotted them on a graph. The conceptualize the spatial relationship between wards and applied 700 m
distance corresponding to the first plateau of the curve (700 m) was as the desired distance. The remainder of the parameters were set to
retained as the desired distance for Getis-Ord Gi* (hot spot) statistics. default.
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Figure 1. Spatial distribution of dengue patients admitted to Dhaka Medical College Hospital during the 2019 outbreak.
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2.6.3. OLS and GWR regression analysis

OLS regression analysis was conducted using dengue cases as the
dependent variable and BI and HI as independent variables. We con-
ducted Moran's I statistics of the residuals for both models and found
significant spatial autocorrelation. We then ran the GWR regression
models keeping the same variable settings.

2.6.4. Count data regression

We used count data regression to find any significant association
between the number of dengue patients per ward and Aedes aegypti larvae
count expressed as BI and HI index. From an initial Poisson regression
model, an overdispersion problem of dengue case data emerged; the
Akaike information criterion (AIC) values were 843.675 and 846.767 for
BI and HI explanatory variables, respectively. The residual deviances
were 649.95 and 653.04 on 89 degrees of freedom, respectively,
following a chi-square test with 1 degree of freedom. The dispersion
parameters were 649.95/89 = 7.864 and 653.04/89 = 7.338, respec-
tively. To account for the overdispersion problem, we tried to follow
other count data regressions, such as negative binomial, zero-inflated
Poisson, zero-inflated negative binomial, Hurdle Poisson and Hurdle
negative binomial regression models. To select the optimal model, we
used the AIC and Bayesian information criterion (BIC) values described
in Supplementary Tables 1 and 2. The best fit was the Hurdle negative
binomial (HNB) model for both BI and HI. Prior to incorporation of
vector data in the models, we categorized them according to WHO
guidelines [16]. A cutoff point of >20% was required to define high BI,
and >5% was required to define high HI.

3. Results
3.1. Age, sex, and location of dengue cases

A total of 364 dengue patients residing within Dhaka city were
admitted to the DMCH during the study period. The mean age was 26.3 +
11.0 years [SD]. The majority of patients were aged between 21 and 30
years (42.2%) and were male (64.8%) (Supplementary Table 3).

Patients from other districts primarily resided in the neighboring
districts of Dhaka (Figure 1).

3.2. Spatial distribution of dengue cases and Aedes larvae in Dhaka city
Within Dhaka, 85.6% of patients lived in the city, and 14.4% lived

outside the city. Ward level (level-4 administrative areas of Bangladesh)
data from those living within the city were used for spatial and hotspot
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analysis. Figure 2(a)-(c) shows the spatial distribution of dengue cases,
the Breteau Index (BI) and the House Index (HI) across the different
wards of the city. Dengue cases and Aedes larvae were clustered in the
eastern and southern parts of the city. Dengue cases were more densely
represented in wards 20, 22, 30, 62, 63, 84, 85, and 86 than in other
wards. These wards were located in the Lalbag, Jatrabari, Mohakhali and
Rampura police stations (level-3 administrative areas of the country). On
the other hand, mosquito density as measured by BI and HI was much
higher in wards 1, 4, 19, 27, 35, 52, 55, 75, and 77. These wards rep-
resented the Gulshan, Mirpur, Hazaribagh, Newmarket, Paltan, Kotowali
and Wari police stations. Thus, there was an a priori mismatch between
dengue case place of residence and clustered densities of mosquito
larvae.

3.3. Hotspot analysis of dengue cases and Aedes larvae in Dhaka city

Hotspot analysis shows that wards 84, 86, and 87 located in Jatrabari
were the most significant hotspots of dengue cases. This was followed by
wards 59 and 62 located in Lalbag and ward 22 located in Rampura.
There were no cold spots of dengue cases within Dhaka city (Figure 3a).
Hotspot analysis of Aedes larval distribution in the city (Figure 3b and c)
showed that according to BI, wards 78, 80, and 83 located in the Sutrapur
and Shaympur police stations were the major hotspots of Aedes mosquito.
These wards were surrounded by relatively less hot zones. In contrast,
wards 2, 3, 5,10, and 11 located in the Mirpur and Pallabi police stations
were colder zones of the mosquito within the city. According to HI, wards
35, 51, 54, and 76 were the major hotspots covering Dhanmondi, Khil-
gaon, Ramna and Wari.

3.4. OLS regression models

Ordinary least squares regression was conducted to evaluate the ef-
fect of Aedes distribution (as measured by BI and HI) on the number of
dengue cases (Supplementary Table 4 and Figure 4(a) and (b)). We found
that the dengue case distribution did not exhibit any significant corre-
lation with BI (coefficient —0.019, p = 0.703, robust p = 0.614) or HI
(coefficient —0.043, p = 0.584, robust p = 0.563). Additionally, both
equations accounted for a very small proportion of the variance in
dengue cases based on the Aedes vector density. High Jarque-Bera sta-
tistics (806.059 and 801.239 for models 1 and 2, respectively; df = 2 and
p < 0.001 for both) indicated that the residuals of the regression lines
were not normally distributed. Further analysis revealed that the re-
siduals of both models were spatially autocorrelated (Model 1: Moran's I
= 0.032, p = 0.029; Model 2: Moran's I = 0.034, p = 0.024).
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Figure 2. Spatial distribution of dengue cases (a) and Aedes larvae calculated as BI (b) and HI (c) in different wards of Dhaka city; BI: Breteau Index; HI: House Index.
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Figure 3. Dengue hotspots (a) and mosquito hotspots as defined by BI (b) and HI (c) in Dhaka city; BI: Breteau Index; HI: House Index.

3.5. GWR models

We used GWR modeling to further explore the spatial diversities of
dengue cases and BI or HI relationships. The summary results of the two
models are shown in Supplementary Table 5, and the spatial distribution
of the standard residuals is depicted in Figure 5(a,b). The dependent
variable was the number of dengue cases per ward. The explanatory
variables were BI for model 1 and HI for model 2. However, the GWR
models did not perform better than the OLS models in explaining the
distribution of dengue case densities (model 1 and model 2 explained 3%
and 4% of the case variations, respectively).

3.6. Count data regression models

The AIC of the best-fitting HNB regression model for BI was 444.114
(Supplementary Table 6). The first part of the table contains the trun-
cated negative binomial regression coefficient for the variable. A second
part corresponds to the inflation model, which includes logit coefficients
for predicting excess zeros. In the Dhaka city wards, high BI index areas
(>20%) had a 1.296 times higher case density than low BI index (<20%)
areas with 95% CI (0.467-3.596). Counterintuitively, high Bl index areas
also had a 1.167 times higher chance of having ‘zero’ cases than areas
with a low BI index (95% CI 0.532-2.560).
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Figure 4. Spatial distribution of standardized residuals of an OLS to see the effect of BI (a) and HI (b) on the dengue distribution in Dhaka city. OLS: Ordinary least

squares regression; BI: Breteau Index; HI: House Index.
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Figure 5. Spatial distribution of standardized residuals of a GWR to see the explanatory effect of BI (a) and HI (b) on dengue distribution in Dhaka city. GWR:

Geographically weighted regression; BI: Breteau Index; HI: House Index.

The HNB regression model was also the best fit for HI, as it had a low
AIC value (441.953) (Supplementary Table 7). According to this model,
in Dhaka city, wards with a high HI index (>5%) had a 1.055 times
higher number of dengue cases than wards with a low HI index (<5%)
(95% CI 0.423-2.630). Again, contrary to expectations, wards with high
HI were 3.229 times more likely to have ‘zero’ cases than wards with a
low HI index.

4. Discussion

Geospatial analyses revealed that both dengue and immature mos-
quito (larval) density display some degree of spatial clustering in certain
hotspot wards in the southern and eastern parts of Dhaka city. However,
the construction of multiple previously validated regression models did
not confirm such assumptions and was spatially nonstationary. None of
the OLS, GWR or count data models revealed any significant associations
between dengue case densities and immature mosquito densities in this
study.

Spatiotemporal clustering of dengue cases in endemic zones occurs
throughout the year [28, 29] and may become particularly prominent
during outbreaks [29]. We examined data during the outbreak period
and therefore, did not conduct temporal analysis. Evidence for clustering
occurred in the southern and eastern parts of the city of Dhaka and might
be due to the proximity of the affected person house to the hospital,
which is located in the southern part of the city. Ali and colleagues
evoked this possibility during the 2000 dengue outbreak in Dhaka city,
when a similar spatial pattern was observed [30]. However, clustering of
dengue cases as well as mosquitos is a common phenomenon found in
dengue-endemic zones around the world [28, 29, 31, 32, 33].

Various vector, host and environmental factors might affect the
regional distribution of dengue incidence. We explored the association of
immature mosquito larval distribution in wards (measured by BI and HI)
with dengue case distribution averaged according to ward-based regional
units. GWR models pointed to a spatially nonstationary association

between the variables, suggesting that other explanatory factors may be
in play. Previously, Sulaiman et al. [34] and Lin and Wen [35] reported
similar findings in Kuala Lumpur, Malaysia and Kaohsiung, Taiwan,
respectively. One of these two studies applied linear associations and
found no significant relationships between BI or HI and dengue cases
[34]. Another study used GWR modeling and examined immature mos-
quito density as well as human case densities, and similar to current
findings, it noted significant spatial nonstationary, indicating that higher
dengue incidence in different city areas was independent of the con-
current presence of higher vector/host densities [35]. Conversely, Pham
et al. noted a significant association of BI, HI and CI with dengue when
adjusted for seasonality [36]. However, these investigators used a Pois-
son regression model instead of OLS. In Brazil, de Albuquerque et al. [21]
also approached the problem on a finer geographic scale. They compared
the distance between dengue cases or nondengue controls and ovitraps as
well as egg density in two municipalities. These analyses led them to
conclude on the presence of a positive spatial association between case
and ovitrap positivity in one area, while no such association could be
detected in the other area. Bowman et al. [37] systematically reviewed
studies seeking the spatial relationship of dengue cases with vector
indices published up to 2013. They reported that four out of thirteen
studies found a statistically significant association between dengue and
entomological indices.

A population density gradient study of the Dhaka metropolitan area
by Khatun, Falgunee and Kutub [38] illustrated the density gradients of
people across different thanas (level 3 administrative area) of Dhaka city.
The maps generated in the study showed that the southern region of the
city (also known as ‘old Dhaka’) is the most densely populated part of the
city. In addition, the eastern region as well as some parts of the north and
middle had foci of high population density. It is interesting to note that
the spatial distribution of dengue cases in our study showed a nearly
concordant pattern of clustering. Among places where dengue cases were
more intensely present, the Lalbag and Jatrabari wards are located in the
south and southeastern parts, respectively, while Mohakhali and



M. Sharif et al.

Rampura are located in the middle and eastern parts of Dhaka, respec-
tively. This similarity points toward a possible association of dengue
incidence with population density, a pattern that was also apparent in the
study from Taiwan [35]. Further studies examining the concordance
between population density and dengue case density will be needed to
confirm these preliminary observations.

Ideally, other meteorological, geographic, environmental and de-
mographic factors should be included in the models. Additionally, an
active search of dengue cases, an approach that is quite difficult to
implement, might provide more accurate information on infection rates.
Sharmin et al. modeled dengue data from 2000 to 2009 and found that
the extent of cases recorded through passive reporting was only 2.8%
(95% credible interval 2.7-2.8) in Dhaka city [39]. When they incorpo-
rated climate data, the authors noted a decrease in dengue transmission
with a mean monthly temperature of 29 °C and when the average
monthly rainfall was above 15 mm. Yue et al. explored the relationship of
dengue incidence at the district level along with factors such as land type,
land surface temperature, population density, and gross domestic prod-
uct and found significant correlations in the OLS model [32].

We used ward-based dengue and immature mosquito density data
instead of point data. Hence, our analysis was performed on a relatively
coarse scale. This analysis assumed that the distribution of dengue
within a delimited geographic boundary is likely homogenous. How-
ever, differences in the geographic surface of such areas might be
problematic for the robust validity of such assumptions. Hence, we
surmised that a count data regression model would be more appropriate
to explore the association between dengue incidence and mosquito
density. Among the various models explored herein, HNB for BI and HI
performed better in terms of AIC values. Notwithstanding, the zero-
hurdle models were necessary to account for the problem of zero
inflation, as many cases were not reported. As previously discussed,
Pham et al. [36] used Poisson regression analysis and found a significant
association between dengue incidence and entomological indices.
Sharmin et al. [40] developed a mixed effects model accounting for
zero-inflation, spatial, and temporal random effects to explain the
spatiotemporal variation in dengue cases in Bangladesh. They used
dengue density measures at the district level and incorporated temper-
ature and rainfall data but did not include vector indices in the equation.
Our analysis revealed that HNB models also inferred spatial non-
stationarity between dengue and mosquito densities.

4.1. Limitations

We noted several limitations pertaining to this study. First, we used
passively reported dengue case data from a single tertiary care center,
and the sample size was relatively small. Second, we were unable to
collect ‘point’ data for cases. Third, we included only premonsoon Aedes
larval density measured by BI and HI; therefore, potential temporal as-
sociations between dengue case incidence and vector density measures
could not be explored. Fourth, an analysis of the clustering of dengue
cases based on socioeconomic status and place of occupation was not
possible due to a lack of relevant data. Last, incorporation of population
density, population movement, climate, meteorological data and other
factors affecting dengue distribution, such as the premise condition
index, location index, breeding percentage and breeding preference
ratio, was not possible due to the absence of available point data.

5. Recommendations

Further large-scale surveillance-based case—control studies including
population, vector, environmental, and geographic indices as explana-
tory variables should be conducted to explore various factors associated
with dengue incidence in endemic regions such as Bangladesh. Addi-
tionally, point density data should be systematically obtained for both
population and vector measures to test associations on a finer
geographical scale that should then enable targeted interventions.
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6. Conclusions

We found that dengue cases and immature mosquito indices show
spatial clustering in certain parts of Dhaka city. A geospatial analysis of
dengue density and immature mosquito indices at the ward level failed to
reveal any significant relationship. Our analysis indicates spatial non-
stationarity between dengue cases and mosquito densities during the
2019 outbreak. These findings should spark interest for further research
in this area.
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