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Dengue dynamics are driven by complex interactions between hosts, vectors and viruses that are
influenced by environmental and climatic factors. Several studies examined the role of El Niño
Southern Oscillation (ENSO) in dengue incidence. However, the role of Indian Ocean Dipole (IOD), a
coupled ocean atmosphere phenomenon in the Indian Ocean, which controls the summer monsoon
rainfall in the Indian region, remains unexplored. Here, we examined the effects of ENSO and IOD on
dengue incidence in Bangladesh. According to the wavelet coherence analysis, there was a very weak
association between ENSO, IOD and dengue incidence, but a highly significant coherence between
dengue incidence and local climate variables (temperature and rainfall). However, a distributed lag
nonlinear model (DLNM) revealed that the association between dengue incidence and ENSO or IOD
were comparatively stronger after adjustment for local climate variables, seasonality and trend.
The estimated effects were nonlinear for both ENSO and IOD with higher relative risks at higher
ENSO and IOD. The weak association between ENSO, IOD and dengue incidence might be driven by
the stronger effects of local climate variables such as temperature and rainfall. Further research is
required to disentangle these effects.

Dengue is a major public health problem in many countries of the tropical and subtropical regions of the
world. Dengue viruses that cause the disease are transmitted through the mosquito vectors Aedes aegypti
(primary vector) and Ae. albopictus (secondary vector)1. Ae. aegypti prefers to lay its eggs in artificial
containers commonly found in and around homes. Containers used for water storage are important in
producing large numbers of adult mosquitoes in close proximity to humans1. It is well established that
the transmission of dengue viruses can be influenced by several factors including environmental and
climatic factors, host-pathogen interactions and population immunological factors1. Dengue is sensitive
to climatic conditions as its mosquito vector requires standing water to breed and warm ambient temperature for larval development and virus replication2,3. Temperature influences the life cycle of Aedes
mosquitoes including growth rate and larval survival and the length of reproductive cycle. Higher temperatures decrease the length of viral incubation within the vector, and thus increase the chance of mosquitoes becoming infective in their life span. Adult mosquito survival and biting activity are related to
humidity while rainfall provides an increased number of breeding habitats2,3. Some studies have reported
that the El Niño Southern Oscillation (ENSO) plays an important role in the inter-annual variation of
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Figure 1. Time series for the number of dengue cases each month in Bangladesh, Nino3.4 (SST in the
Nino3.4 region), and the DMI .

dengue transmission4,5. ENSO is the fluctuation in atmospheric pressure and sea surface temperature
(SST) in the equatorial Pacific Ocean. ENSO is a contributor to monsoon rainfall in the Indian region
and influences world weather6. The large positive values of ENSO are associated with El Niño events
which cause dry conditions in the Indian region7. Conversely, La Niña events are associated with large
negative values of ENSO that cause increased rainfall and wet conditions in this region. Variability in the
cholera incidence in Dhaka, Bangladesh between 1980 and 1998 was associated with ENSO8,9. However,
the relationship between ENSO and dengue in Bangladesh has not been rigorously analysed.
The Indian Ocean Dipole (IOD) is a coupled ocean-atmosphere phenomenon in the Indian Ocean,
which is characterized by anomalous cooling of SST in the south eastern equatorial Indian Ocean and
anomalous warming of SST in the western equatorial Indian Ocean10. During a positive IOD event the
East African region receives above normal rainfall, while rainfall is reduced in Indonesia and in Australia
causing drought11. The IOD also plays an important role as a modulator of the Indian summer monsoon
rainfall (ISMR) and influences the correlation between the ISMR and ENSO12. A positive IOD event
significantly increases the monsoon rainfall over the Indian region and reduces the effects of ENSO on
ISMR12. There is evidence that rainfall influenced dengue patterns in Bangladesh13,14. However, the effect
of IOD on dengue incidence has not previously been examined. Clarifying the effects of IOD could assist
in the development of an appropriate early warning system for dengue epidemics and aid in disease
control. Here, we examined the relationship between ENSO, IOD and the incidence of dengue, using a
13-years dataset from Bangladesh where the disease is endemic13,15.

Results

Summary statistics. The ENSO index used in this study is the Nino3.4. Nino3.4 is the difference

between monthly average SST for the area between 5o N, 5 oS, 120 oW and 170 oW and the average for that
value for the years 1981–2000. ENSO events are defined as 5 consecutive overlapping 3-month periods
at or above the +0.5o SST anomaly for warm (El Niño) events and at or below the − 0.5 anomaly for
cold (La Niña) events. The threshold is further broken down into weak (with a 0.5 to 0.9 SST anomaly),
moderate (1.0 to 1.4) and strong ( ≥1.5) events. We observed moderate El Niño events in 2002–2003
and 2009–2010 (Fig. 1). A weak El Niño event occurred in 2006–2007. During 2007–2008, a moderate
La Niña event occurred while a strong La Niña event occurred in 2010–2011(Fig. 1). The Dipole Mode
Index (DMI) is the difference in SST between the western equatorial Indian Ocean (50 oE–70 oE and
10 oS–10 oN) and the south eastern equatorial Indian Ocean (90 oE–110 oE and 10 oS–0 oN) which provides
an index for IOD. Positive IOD events occurred in 2002 and 2006 during which the DMI peaked in
October. During 2010 IOD event, the DMI peaked in February (Fig. 1).
We used the monthly dengue incidence rate per 100,000 populations in Bangladesh from January
2000 to October 2012 (Table1). The mean monthly dengue incidence rate was 0.13 per 100, 000 populations (Table 1). The monthly mean of temperature, rainfall and relative humidity were 25.5 oC, 7086 mm
and 79.85%, respectively, between 2000 and 2012 in Bangladesh (Table 1). The monthly mean of Nino
3.4 and DMI were − 0.1 and 0.12, respectively (Table 1). Figure 2 shows the monthly time series for
temperature, humidity and total rainfall in Bangladesh. We calculated the partial correlation coefficient
between dengue incidence rate and climate variables by controlling the effects of other climate variables.
When we calculated the correlation between two climate variables, we accounted for the effects of other
climate variables. The two tailed significance level for the correlation at p <  0.01 was calculated. Partial
correlation coefficients between climate variables and dengue incidence rate show that only humidity was
significantly correlated (r =  0.26, p <  0.01) with dengue incidence rate after controlling for other covariates including temperature, rainfall, DMI and Nino3.4 (Table 2). The Nino3.4 was significantly (r =  0.29,
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Variable

Mean

Incidence rate (1/100,000)

Standard Deviation

Maximum

0.32

0

2.56

Temperature (oC)

25.5

3.8

16.3

29.7

Relative Humidity (%)

79.85

5.3

67

88

7086

7104

0

24638

0.75

− 1.79

1.79

0.57

− 1.27

1.37

Rainfall (mm)
Nino3.4

0.13

Minimum

− 0.1

DMI

0.12

Table 1. Descriptive statistics for monthly climate variables and monthly dengue incidence rate in
Bangladesh.

Figure 2. Monthly time series for temperature, humidity and total rainfall in Bangladesh.

Variables

Incidence rate

Temperature

0.09

Humidity

0.26*

Rainfall

− 0.07

Temperature

Humidity

Rainfall

DMI

− 0.15
0.57*

0.7*

DMI

0.02

0.12

0.07

− 0.04

Nino3.4

0.07

0.02

0.09

− 0.35

0.29*

Table 2. Partial correlations between monthly climate variables and dengue incidence rate in
Bangladesh. *P <  0.01.
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Figure 3. Squared coherence between Nino3.4, DMI and dengue incidence rate in Bangladesh (A:
Nino3.4 and dengue, B: DMI and dengue). Statistical significance for coherence is determined by Monte
Carlo simulations (300).Blue, low coherence; red, high coherence. The black lines show the areas where
coherence is significantly high (95% confidence level). The cone of influence (white curve) indicates the
region not influenced by edge effects.

DLNMs

Adjusted R2

AIC

Nino3.4

0.562

20480.45

DMI

0.77

14016.75

Temperature

0.596

20229.21

Humidity

0.743

17886.6

Rainfall

0.833

11147

Temperature, Humidity, Rainfall

0.88

8970.655

Temperature, Humidity, Rainfall and
Nino3.4

0.902

7812.226

Temperature, Humidity, Rainfall and
DMI

0.908

6912.696

Temperature, Humidity, Rainfall,
Nino3.4 and DMI

0.929

4895.068

Table 3. Adjusted R2 and Akaike Information Criterion (AIC) for different distributed lag nonlinear
models (DLNM).

p <  0.01) associated with DMI after controlling for temperature, rainfall and humidity (Table 2). The
partial correlation coefficient between rainfall and temperature was 0.57 (p <  0.01) during the study
period (Table 2). The correlation between rainfall and humidity was also significant (r =  0.7, p <  0.01).

Coherence between ENSO, IOD and dengue. We used wavelet coherence analysis to determine

whether the presence of a particular frequency at a given time in dengue incidence corresponded to the
presence of the same frequency climate covariates such as Nino3.4 and DMI. The results show that there
were coherent cycles between dengue incidence rate and Nino3.4 in the 1–2 year band from 2001 to
2008 (Fig. 3A). The wavelet coherency between Nino3.4 and the dengue incidence rate was greater than
0.4 for most times in the 1–2 year band; however, it did not reach statistical significance. The coherence
between dengue and DMI was significant in the 1 year band during the 2002 to 2007 (Fig. 3B).We also
performed wavelet coherency between local climate variables (temperature and rainfall) and Nino3.4
(Supplementary Figure S4). The results show that there was moderate coherency between Nino3.4 and
temperature in the 1–2 year band when rainfall was not significantly coherent in annual cycle. There
was significant coherency between temperature, rainfall and DMI in the 1-year band (Supplementary
Figure S5).
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Figure 4. Cross validation of distributed lag nonlinear model. A natural cubic spline with three degrees
of freedom was used for both Nino3.4 and DMI to smooth the data.

Variables

df

F

p

ENSO

6

8.2

2.1e***

DMI

9

7.6

1.07e***

Temperature

2

3.9

0.02**

Humidity

2

9.2

0.00**

Rainfall

8

9.5

4.7e***

Year

1

26.8

9.47e***

s(month,6)

5

6.2

3.7e***

Table 4. Coefficients of the best fit distributed lag nonlinear model.

The effects of ENSO and IOD on dengue. A Poisson time series model combined with the dis-

tributed lag nonlinear model (DLNM) was used to estimate the effects of Nino3.4 and DMI on dengue
incidence16,17. According to the DLNM, Nino3.4 explained 56% (adjusted R2 =  0.562) variation in the
dengue incidence, when DMI explained 77% (adjusted R2 =  0.77) variation (Table 3). Our best fit model
included Nino 3.4, DMI, temperature, humidity and rainfall, which explained more than 90% (adjusted
R2 =  0.929) variation in dengue incidence (Table 3). The model that included only local climate variables (temperature, humidity and rainfall) explained 88% of the variation in dengue incidence rate
compared to the best fit model which explained 92% variation. Additionally, AIC decreased substantially
from 8970.655 to 4895.068 after including Nino3.4 and DMI into the model. There was no significant
auto-correlation between model residuals at different lags in the DLNM (Supplementary Figure S8).
Thus the goodness-of-fit analyses show that the model fits the data reasonably well. The cross validation
indicates that the DLNM had reasonable accuracy as the observed and predicted values were mostly
consistent (Fig. 4). Thus although neither Nino3.4 nor DMI was significantly associated with dengue
incidence in the partial correlation analysis, they became significant in the DLNM after adjustment
for local climate variables, seasonality and trend. The coefficients of the best fit model are presented in
Table 4. In the best fit model, the coefficients for Nino3.4 were 8.2 (p <  0.01) and 7.6 for DMI (p =  0.01)
(Table 4). Figure 5 illustrates the overall association between Nino3.4 and DMI with dengue incidence
in the final model. The estimated effects were nonlinear for both Nino3.4 and DMI with higher relative
risks at higher Nino3.4 and DMI (Fig. 5). For example, the higher Nino3.4 index was associated with
higher dengue incidence at 4-month lag. We calculated the overall effects of Nino3.4 and DMI on dengue
incidence. A unit increase (0.1) in Nino3.4 (reference value =  − 0.1) and DMI (reference value =  0.1) was
associated with a 3.3% (95% confidence interval (CI): 0.8, 12.3) and 2.5% (95% CI: 0.5, 11.7) increase in
dengue incidence, respectively (Table 5).
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Figure 5. Estimated overall effects of ENSO/ IOD on dengue incidence rate after adjustment of
potential confounders. The centre line in each graph represents the estimated spline curve, and the shadow
represents 95% CI.

Variables
0.1 increase in Nino3.4
0.1 increase in DMI

Reference
values

Estimates

95% confidence
interval

− 0.1

3.3

0.8, 12.3

0.1

2.5

0.5, 11.7

Table 5. Association between dengue incidence and DMI and ENSO in the best fit model.

Discussion

We found that ENSO and IOD might play a role in the inter-annual variation in dengue incidence in
Bangladesh. However, the association was very weak and might be driven by correlation between dengue
incidence and local climate variables such as temperature and rainfall. The ENSO has been reported to be
a driver of the inter-annual variation of endemic dengue in many parts of the world5,18–21. The biological
basis for this relationship is that ENSO brings changes in local weather, and local weather affects dengue
transmission. In Bangladesh, higher ENSO was associated with higher dengue incidence. Winter ENSO
events lead to a general warming of the tropical atmosphere that persists into the next summer, potentially extending the breeding season for mosquitoes and their spatial distribution. This warming leads to
a change in the circulation over the Indian Ocean region, which brings greater moisture and increases
monsoon rainfall over Bangladesh12. Hales and his colleagues examined the relationship between ENSO
and monthly incidence of dengue in 14 island nations of the Pacific5. They found that dengue incidence
was positively associated with ENSO in 10 countries, which is consistent with our findings. Studies in
Thailand and Mexico also reported a positive association between dengue and ENSO18,22. Similar relationship between dengue and ENSO was observed in Australia19. Australia is likely to experience dry and
warmer than normal conditions when El Niño occurs. Although drier conditions may reduce breeding
sites this is likely for the container breeding mosquitoes such as Ae. aegypti and Ae. albopictus. However,
warmer temperatures allow for increased mosquito reproduction and activity and more rapid larval
development which results in an increased capacity for producing offspring19.
Using wavelet coherency analysis, we found very weak associations of ENSO and IOD with dengue at
a multiyear scale. There was a weak coherence between ENSO and dengue at a periodicity of 1–2 years,
which did not reach statistical significance. The coherence between IOD and dengue was observed at a
periodicity of 1 year. ENSO and IOD affect local weather conditions which in turn affect dengue incidence in Bangladesh. There is also evidence of a nonstationary relationship between ENSO and dengue
incidence in the 2–3 year periodic cycle in Thailand and Vietnam4,23. Johansson and his colleagues also
observed a weak associations between dengue and ENSO in Puerto Rico, Thailand and Mexico24. The
role of ENSO may be masked by local variation in climate, randomly coincident outbreaks and other
factors regulating dengue dynamics such as socio-ecological conditions and vector control.
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In the DLNM, we observed a positive association between IOD and dengue after controlling for
local climate variables, seasonality and trend. During a positive IOD event high rainfall occurs over
Bangladesh, which increases the number of breeding habitats for Aedes mosquitoes. Rainfall has previously been reported to influence dengue in Bangladesh13. There is also evidence that IOD has influenced the cholera incidence in Bangladesh25,26. The key characteristics of dengue incidence included a
relationship with ENSO and IOD in the preceding 1–6 months. This delay is biologically plausible as
dengue transmission requires time for mosquito and virus development with external incubation (within
mosquito) and internal incubation (within host). This feature may be used to assist in forecasting dengue
outbreaks in Bangladesh. Four months lag effect of ENSO was observed in Mexico22 and a longer lag
(1–6 month) was observed in Thailand18.
We observed a broad confidence interval for the association between dengue incidence and ENSO or
DMI. This may be due to the relatively shorter study period with limited observations (154 months). The
first dengue outbreak in Bangladesh occurred in 2000. A longer time period may improve our model and
narrow the confidence interval. Notwithstanding this, our 154 month dataset adequately captured the
trend and seasonality in the dataset. Of course, the use of weekly dengue notification data rather than
monthly data would increase the number of observations but both ENSO and IOD are long term global
climate phenomena so weekly data could be too small to capture their effects on dengue.
This is the first epidemiological study for Bangladesh to explore the impacts of IOD on dengue incidence and a predictive model was developed for dengue using both IOD and ENSO indices. The model
has a high degree of accuracy. We acknowledge the limitations inherent in using passive surveillance
data. Dengue data used in this study were based on notified suspected dengue cases from hospitals and
clinics without laboratory confirmation. Underreporting bias is possible in dengue surveillance when
people infected with subclinical dengue infection or did not seek medical advice19. We did not adjust our
model for the effects of population immunity, mosquito density, viral factors and human behaviour as
these data are unavailable. More detailed risk assessment at a more local or individual level may improve
the model.
Although the findings of this study cannot be interpreted as a causal relationship, they do suggest
that inclusion of ENSO and IOD could improve the model fitness when building predictive models for
dengue, if more sophisticated models are employed to capture nonlinear trends and take appropriate
account of other factors. This study furthers our understanding of our ability to predict dengue epidemics
in Bangladesh. An accurate and precise predictive model will allow for recognition of epidemic periods
at an early stage, thereby facilitating intervention with an adequate 1–6 month lead time. Early warning
using both local and long-term variables can assist in improving vector control and personal protection
and provide a useful decision support tool for dengue risk management.

Methods

Data collection. The data consist of a monthly time series of dengue incidence in Bangladesh
from January 2000 to October 2012 provided by the Directorate General of Health Services (DGHS),
Bangladesh. This data is freely available through formal data request in DGHS. The ENSO index used
in this study is the Nino3.4 (SST anomaly index for the Nino region 3.4 available from the climate
prediction centre of the US National Weather Service (http://www.cpc.ncep.noaa.gov/data/indices).
The monthly average DMI values were obtained from the Japan Agency for Marine Earth Science and
Technology http://www.jamstec.go.jp/frsgc/research/d1/iod/e/iod/dipole_mode_index.html). Over the
same time span, the monthly weather data on temperature, relative humidity and total rainfall were
obtained from 35 weather stations in Bangladesh. Population data (2001 and 2011 censuses) were
obtained from Bangladesh Bureau of Statistics (BBS). The population between censuses were estimated
using a linear interpolation approach.
Data analysis. Wavelet coherence analysis. Wavelet analysis provides the possibility of investigating
and quantifying the temporal evolution of time series with different rhythmic components. It can be used
to determine whether the presence of a particular periodic cycle at a given time in a disease incidence
corresponds to the presence of the same periodical cycle at the same time in an exposure covariates27.
Here we used wavelet coherence analysis to determine whether the presence of a particular frequency at
a given time in dengue incidence corresponded to the presence of the same frequency climate covariates
such as ENSO and DMI. The Fourier squared coherency is used to identify frequency bands within
which two time series are co-varying. The 95% significance level was determined from a Monte Carlo
simulation of 300 sets of two white noise time series with the same length as dengue cases and climate
variables. Analyses were performed using R package “biwavelet”.
Distributed Lag Non-linear Model. A Poisson time series model combined with the DLNM was used to
estimate the effects of ENSO and DMI on dengue incidence16,17. The observed number of dengue cases
followed a quasi-Poisson distribution and the model allows for over dispersion.
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Yt

= quasi Poisson(µt ), t = 1 , ............., n

log(µt ) = α +
L

L

l=1

+ ∑β 2(Tt,l ) +
l=1

L

∑β0(Et,l) + ∑β1(Dt,l)
L

l=1

L

∑β3(Ht,l) + ∑β4(Rt,l)
l=1

l=1

+ log(Nt ) + s(month , λ) + year + εt
Where t is the month of the observation; Yt is the observed monthly dengue counts in month t which
implies logarithm of the expected monthly dengue cases μ t; log(μ t) is the logarithm of the expected
monthly dengue incidence μ t ; α is the intercept; Et,l, Dt,l, Tt,l, Ht,l and Rt,l are the matrices obtained by
applying the DLNM to ENSO, DMI, temperature, humidity and rainfall, respectively; l is the lag months;
L is the maximum lag; β0, β1, β2, β3 and β4 are the vector coefficients for Et,l, Dt,l, Tt,l, Ht,l and Rt,l respectively; Nt is an offset to control for population using a linear function of time based on the 2001 and
2011 censuses. The s(month, λ) is the natural cubic spline smoothing function of calendar month with
assigned λ of 6 degrees of freedom to control for seasonal pattern and trend. To take account of the time
taken for mosquitoes to lay eggs, hatch and develop to adults and for the virus to replicate, we incorporated time lags into the analysis. We used a natural cubic spline basis with three degrees of freedom
for ENSO and two degrees of freedom for lag. A natural cubic spline with three degrees of freedom was
used for both DMI and the lag. We adjusted the model for temperature and humidity with a maximum
lag of four months. We also adjusted for rainfall using natural cubic spline with a maximum lag of six
months. We used the maximum lag up to 6 months according to previous study22,28 and the selection of
maximum lag was conducted using model residual checking. We checked the auto-correlation function
of the residuals and the normality of the residuals. To choose the degrees of freedom, we used the Akaike
Information Criterion (AIC) for quasi-Poisson models. The median value was defined as the baseline
(reference value) for calculating the relative risks. We plotted relative risks against ENSO and DMI to
show the entire relationship between weather conditions and dengue. The constructed model was then
validated using cross validation method. 2011 and 2012 data were removed to create the testing dataset
and the remaining dataset was used as training dataset. The validation was run and then the predicted
values were plotted against the observed values Analyses were performed using R package “dlnm”29.
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