
CLIMATE RESEARCH
Clim Res

Vol. 64: 257–274, 2015
doi: 10.3354/cr01310

Published August 31

1.  INTRODUCTION

Cholera, a severe water-borne diarrheal disease, is
a major public health concern on a global scale
(Collins 2003). The bacterium Vibrio cholerae, the

causative agent of the disease, is native to and pro -
liferates in the aquatic environment (Huq et al. 2005).
Occurrence of cholera is usually categorized as epi-
demic (seasonal and sudden outbreak, such as that
which occurred in Haiti in 2010) or endemic (persis-
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ABSTRACT: Endemic cholera in the Bengal Delta region of South Asia has been associated with
asymmetric and episodic variability of river discharge. Spring cholera was found to be related to
intrusion of bacteria-laden coastal seawater during low flow seasons. Autumn cholera was
hypothesized to result from cross-contamination of water resources when high river discharge
causes massive inland inundation. The effect of climate change on diarrheal diseases has not been
explored, because of the difficulties in establishing linkages between coarse-resolution global cli-
mate model outputs with localized disease outbreaks. Since rivers act as corridors for transport of
cholera bacteria, the first step is to understand the discharge variability that may occur with
 climate change and whether it is linked to cholera. Here, we present a framework for downscaling
precipitation from global climate models for river discharge in the Ganges-Brahmaputra-Meghna
basin. Using a data-mining method that includes particle swarm optimization-based support vec-
tor regression, precipitation was downscaled for a statistical multiple regressive model to estimate
river discharge in the basin. Key results from an ensemble of HadCM3, GFDL, and ECHAM5
models indicated 8 and 7.5% increase in flows for the IPCC A1B and A2 scenarios, respectively.
The majority of the changes are attributable to increases in flows from February through August
for both scenarios, with little to no change in seasonality of high and low flows during the next
 century. The probability of spring and autumn cholera is likely to increase steadily in the endemic
region of the Bengal Delta.
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tence of the disease throughout the year at a low rate
with seasonal peaks as evidenced in the Bengal
Delta) (Jutla et al. 2013a). Endemic cholera shows a
strong relationship with coastal ecology and asym-
metrical variability with river dynamics (Bertuzzo et
al. 2008, Akanda et al. 2011, Jutla et al. 2013b). Dual
peaks of cholera in the Bengal Delta are associated
with high and low river discharge of the Ganges and
Brahmaputra rivers. The spring cholera peak is re -
lated to prevailing low flows, allowing intrusion of
bacteria-laden seawater to inland regions, whereas
the autumn peak is linked to widespread flooding
due to monsoon rainfall, inducing cross-contamina-
tion from sanitation system overflow (Bertuzzo, et al.
2008, Akanda et al. 2009).

Climate change is predicted to have wide-ranging
effects on human health (McMichael 1997, Haines
et al. 2000), mostly where hydrologic, clima tic, and
ecological extremes converge with population vul-
nerability, notably in the developing world. The
complex nature of environmental processes and
socio-economic and cultural practices makes it dif -
ficult to interpret and quantify the linkages between
climate change and human health. Human dis-
eases have been linked with climate fluctuations
and change (Haines et al. 2000, Patz et al. 2005), but
for most waterborne pathogens monitoring is incom-
plete, with diagnoses that are not uniform and lim-
ited understanding of the effects of climate-related
drivers. With a continuous ly expanding geography
of cholera during the seventh pandemic and high
mortality rates in newly affected regions of sub-
Saharan Africa, effective global cholera prevention
strategies are needed (Akanda et al. 2012). Predic-
tion of conditions conducive to cholera is critical for
planning the logistics associated with cholera pre-
vention and treatment mechanisms, i.e. oral rehy-
dration, antibiotics, and vaccination. Changing cli-
matic patterns and their impact on cholera dynamics
are not directly linked in current global climate
change model (GCM) simulations, since these are
usually at 100−200 km spatial re solution. The out-
puts of climate model simulations (~100 km; Cooney
2012) cannot be directly applied to study cholera
incidence in an area like Dhaka (~10 km spatial res-
olution) or growth of cholera bacteria in a pond in
the rural Matlab (~1 m) region of Bangladesh. Reli-
able, long-term records of cholera incidence are not
available, nor are observational data for cholera
bacteria. Poor  coverage, both spatially and tempo-
rally, of environmental drivers exacerbates the
impediment to understanding and quantifying the
climate−cholera connection. A robust and scalable

framework is required to translate changes in cli-
matic conditions of a vulnerable region, using sce-
narios of hydroclimatic and environmental drivers of
cholera.

The objective of this study was to determine the
effect of climate change on river discharge and
thereafter on endemic cholera in the Bengal Delta.
The motivations to estimate river discharge under cli-
mate change scenarios were as follows. (1) Empirical
studies have shown that river discharge is a major
contributing hydroclimatic process related to cholera
(Pascual et al. 2008, Akanda et al. 2009). (2) Monsoon
precipitation has been linked to variability in the
flow of major Bengal rivers (Mirza 2003, Li et al.
2013). (3) Downscaling algorithms show promise for
study of future hydro climatic variability (Tripathi et
al. 2006, Guo et al. 2011). We developed a statistical
data-mining algorithm for downscaling precipitation
over the Bengal Delta. A multiple linear regression
model using precipitation was then developed to
estimate river discharge. A logistical regression
model was later calibrated and validated for 2 sea-
sonal peaks of cholera in Bangladesh using river dis-
charge data.

2.  GEOGRAPHICAL LOCATION AND DATA

The Ganges-Brahmaputra-Meghna (GBM) river
system (Fig. 1a), located between 22° 3.5’ and 31°
50’ N latitudes and 73°10.5’ to 97°53’ E longitudes,
receives high precipitation from May through Sep-
tember (Fig. 1b). Bangladesh is the downstream re -
gion where the Ganges and Brahmaputra Rivers dis-
charge into the Bay of Bengal. Dhaka City is loca ted
near the confluence of the Ganges and Brahmaputra
Rivers. Monthly river discharge data, from 1975−  
2006, for the Ganges (Hardinge gauge) and Brahma -
putra (Bahadurabad gauge) rivers, and ob ser ved
precipitation data for Dhaka on monthly scales from
1960−2006 were obtained from the Bangladesh Uni-
versity of Engineering and Tech nology.

The focal region of this study is Bangladesh, where
an extensive data set on monthly cholera prevalence
is available from 1980 and 2004. The data were col-
lected and made available through the International
Centre for Diarrhoeal Disease Research, Dhaka,
Bangladesh. For the purpose of this study, the vari-
able of primary interest is combined river discharge
since it has asymmetrical effects in creating condi-
tions favorable for cholera outbreaks (Akanda et al.
2009). Seasonality of the individual rivers differs,
with the Ganges peaking roughly a month after the
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Brahmaputra River. High flow of the combined river
discharge (sum of monthly discharges of the 2 rivers)
occurs from June through October and low flow dur-
ing December through March (Fig. 1b).

Simulated data on climate scenarios, on monthly
scales from 2000− 2100, were obtained from Intergov-
ernmental Panel on Climate Chan ge (IPCC) servers.
Two scenarios, A1B and A2, from 3 global climate
change models (GFDL, ECHAM5, and HADCM3)
were used in this study. The A1B scena rio is catego-
rized by rapid economic growth, with a global popu-

lation of 9 billion in 2050 coupled with
efficient technology, while the A2 story-
line is categorized by in creasing popula-
tion continually so that econo mic devel-
opment is more regionally focused (see
www. ipcc- data. org/ sim/ gcm_ monthly /
SRES _  AR4/index. html). Each of these
models produced outputs at coarse spatial
scales and monthly time levels from
1960−  2100. Table 1 lists 24 variables
obtained from the 3 GCMs that were used
in this study. Table 2 provides a summary
of data sets, variables used, time scales,
and purpose of data.

3.  METHODS

3.1.  Downscaling algorithm

Statistical downscaling builds em pi rical
relationships between GCM output and
ob served regional clima tic processes.
Statistical downscaling can be further
categorized as re samp ling (Murphy 2000,
Palutikof et al. 2002), weather typing (von
Storch et al. 1993, Bardossy 1997), sto-
chastic weather generator (Tung & Haith
1995, Yu et al. 2002), and regression
(Busuioc et al. 2001, Hellström et al. 2001,
Hanssen-Bauer et al. 2003) methods. The
regression method, based on building an
empirical function (linearly or non-
 linearly) be tween GCM output and local
climatic processes, is reliable and easy to
implement (Chen et al. 2010) in regions
where observed boundary conditions are
not readily available. The regression
function for downscaling can be derived
from principal components (Menzel &
Burger 2002, Chu et al. 2008), artificial
neural networks (Olsson et al. 2001,

Dibike & Coulibaly 2006), or support vector machine
(SVM) (Tripathi et al. 2006, Chen et al. 2010) based
algorithms.

We used an SVM-based pattern classification algo-
rithm, which is increasingly being used to downscale
GCM output to regional scales, since it provides reli-
able accuracy at low computational costs. Tripathi et
al. (2006) and Chen et al. (2010) downscaled precipi-
tation using SVM to project climate change scenarios
in Asia with satisfactory accuracy. Guo et al. (2011)
and Lin et al. (2006) employed SVM to forecast and
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(GBM) river system. (b) Seasonality of precipitation and discharge of 

the Ganges, Brahmaputra, and combined rivers



Clim Res 64: 257–274, 2015

predict monthly river discharge in the Changjiang
(Yangtze) River Basin and Manwan Hydropower
Scheme, respectively. Behzad et al. (2009) concluded
that SVM-based classification performed better than
neural networks for rainfall-runoff processes. Chen
et al. (2010) observed that SVM-based downscaling
outperformed multivariate regression methods since
SVM characterized non-linearity in the data more
efficiently than simple regression. The challenge
with SVM-based downscaling is selection of feature
classes, such as predictor variables, and optimal
para meters. We used a particle swarm optimization
(PSO) algorithm to determine parameter space and to
fine-tune feature class selection of the SVM model
(He et al. 2008, 2009, Lin et al. 2008, Chen & Lin
2009, Behnamian & Ghomi 2010).

Support vector regression (SVR) utilizes the power
of SVM-based classification patterns to minimize
overfitting through structural risk minimization
(Chen et al. 2010). Consider the training sample data

, where xi ∈ Rm is an input vector
and yi ∈ R is the model output or target value. The
goal of SVR for linear functional forms is to find a
function, ƒ(x,w) = wT + b, where w ∈ Rm, b ∈ R, so that
the model prediction best matches training data
 target values. In SVR, loss function is the ε and
the intensive loss function, L[yi, ƒ(x,w)], proposed by
Vapnik (1995) is:

{( , ) | 1,2 , }x y i ni i ∀ = …
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Dataset Resolution                                Period              Purpose                                                     Source

20C3M of 24 simulated monthly             1960−2000       80% of the data randomly used             IPCC (http://cera-www.dkrz.de/
GFDL variables, coarse resolution                             for calibration and 20% used for           WDCC/ui/Compact.jsp?acronym

                                                                          validation                                                 =GFDL_CM2.0_20C3M_1)

20C3M 24 simulated monthly             1960−2000       80% of the data randomly used             IPCC (http://cera-www.dkrz.de/
of ECHAM5 variables, coarse resolution                             for calibration and 20% used for           WDCC/ui/Compact.jsp?acronym

                                                                          validation                                                 =EH5_MPI_OM_20C3M_1)

20C3M 24 simulated monthly             1960−2000       80% of the data randomly used             IPCC (http://cera-www.dkrz.de/
of HADCM3 variables, coarse resolution                             for calibration and 20% used for           WDCC/ui/Compact.jsp?acronym

                                                                          validation                                                 =UKMO_HadCM3_20C3M_1)

River discharge Monthly discharge at             1975−2006       80% of the data used to calibrate          Bangladesh University of 
data 2 gauges on Ganges and                                 the river discharge− precipitation          Engineering and Technology

Brahmaputra Rivers                                         model; 20% used for validation             

Precipitation Monthly data                           1960−2006       80% of the data used for                        Bangladesh University of 
data for Dhaka City                                                  calibration and 20% used                       Engineering and Technology

                                                                          for validation                                            

Cholera data Monthly incidence                  1980−2004       80% of the data used for calibrating     International Centre for 
data                                                                    the cholera–river discharge model;      Diarrhoeal Disease Research, 
                                                                          20% of the data used for validation       Dhaka, Bangladesh

Variable         Description

Hur200           Relative humidity at 200 hPa height
Hur500           Relative humidity at 500 hPa height
Hur850           Relative humidity at 850 hPa height
Mrso               Total soil moisture content
Pr                    Total precipitation
Prc                  Convective precipitation
Psl                   Sea level pressure
Rsds                Surface downwelling shortwave radiation
Tas                  Near surface air temperature
Ta200             Air temperature at 200 hPa height
Ta500             Air temperature at 500 hPa height
Ta850             Air temperature at 850 hPa height
Ts                    Surface skin temperature
Uas                 Zonal surface wind speed
Ua200             Zonal wind component at 200 hPa height
Ua500             Zonal wind component at 500 hPa height
Ua850             Zonal wind component at 850 hPa height
Vas                 Meridional surface wind speed
Va200             Meridional wind component at 200 hPa
height
Va500             Meridional wind component at 500 hPa
height
Va850             Meridional wind component at 850 hPa
height
Zg200             Geopotential height at 200 hPa
Zg500             Geopotential height at 500 hPa
Zg850             Geopotential height at 850 hPa

Table 1. Predictors obtained from simulations of 3 global
 climate change models (GCMs) from the IPCC data center

Table 2. Datasets used in this study. PSO-SVR: particle swarm optimization-support vector regression
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(1)

In the above equation, ε is a predefined positive
constant and can be viewed as a measure of noise or
error allowed in the prediction. SVR attempts to
obtain model parameters w and b by solving the fol-
lowing quadratic minimization formulation:

Minimize (2)

Subject to:

(3)

(4)

(5)

The SVR objective function has 2 goals: (1) to make
the function fitted to the data points as flat as possible
by minimizing the norm of w, w2 and (2) to minimize
error, represented as the amount by which deviations
higher or lower than ε are tolerated. The variable ξ i

+

represents deviation above ε and ξi
– deviations be -

low ε. The constant C represents a tradeoff between
minimizing errors and making the function as flat as
possible. For nonlinear regression, a nonlinear map-
ping function φ(x) is used to map input to higher
dimensional space. A linear function is generated in
the higher dimensional space, ƒ(x,w) = wTφ(x) + b,
and a similar quadratic minimization problem can be
formulated. Constraint (3) can be represented as:

(6)

(7)

Using the principle of Lagrangian multipliers, the
optimal value for w and the functional form ƒ(x,w)
can be obtained as:

(8)

(9)

In the above equation, K(x,xi) = φ(x)Tφ(xi) corre-
sponds to a kernel function, any function which satis-
fies the Mercer Theorem (Mercer 1909). In this study,
we used radial basis, kernel functions to determine
optimal parameter spaces. Also, the value of the
Lagrangian multipliers αi and αi* can be obtained by
solving the dual of the quadratic minimization prob-
lem given as:

Maximize 

(10)

Subject to:

(11)

The data points corresponding to non-0 Lagran -
gian multipliers αi or αi* are support vectors. The
bias-parameter, b, can be obtained using the follow-
ing equation:

(12)

(13)

Several investigators have recommended using
optimization-based meta-heuristic tuning to improve
SVR prediction accuracy (Chapelle et al. 2002, He
et al. 2008, Lin et al. 2008). In this study, we fine-
tuned and determined optimal values of the error
minimization tradeoff parameter C, kernel parame-
ters, and best features (predictors), using the PSO
ap proach adopted from Lin et al. (2008). The meta-
heuristic PSO approach was selected to avoid de -
pendencies or relationship between the parameter
values and SVR performance metrics (Kennedy &
Eberhart 1995). Each solution (or particle) of PSO
will comprise m + K + 1 decision variables corre-
sponding to m features, K parameters associated
with the kernel selected, and 1 decision variable for
the error minimization tradeoff parameter. The val-
ues of m decision variables corresponding to m fea-
tures range from 0 to 1. For a variable value ≤0.5,
the corresponding feature was not selected, and for
a variable with a value >0.5, the corresponding fea-
ture was selected. An overview of the PSO algo-
rithm is provided below.

Step 1: A population of potential solutions, called
particles, is randomly generated over multi-dimen-
sional search space.

Step 2: The position of each particle is evaluated
based on the objective or fitness function. In this
study, the fitness function corresponds to deviation
(evaluated as r2) of the model prediction from the val-
idation target value. The current fitness value of the
particle is compared with the best recorded fitness. If
the current fitness value is better than the best
recorded fitness, the particle best recorded fitness is
updated. Globally best fitness is obtained by compar-
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ing the best recorded fitness value with the current
global best fitness value.

Step 3: Particle velocities and positions are updated
using the following equations

(14)

(15)

where vh
i = velocity of particle i in iteration h; pbh

i =
current best solution of particle i; gbh is the global
best solution at iteration h; xh

i is the position of parti-
cle i in iteration h; Uh

1 and Uh
2 are uniform random

numbers in the range [0, 1]; and w, c1, and c2 are iner-
tial, self cognitive, and social cognitive parameters.

Step 4: Determine whether the termination crite-
ria are satisfied, with termination criteria chosen as
(1) when the best possible fitness function value
does not change over a number of iterations or (2)
when the maximum number of iterations is reached.
If termination criteria are satisfied, no further step
is needed. If termination criteria are not satisfied,
Step 2 is taken. The PSO-SVR theory has not been
em ployed previously to downscale outputs from
GCMs. The PSO-SVR-based machine learning
algorithm is free from the assumption that the
mean of a time series is constant. Therefore, in all
likelihood, it is a robust algorithm for understanding
the impact of climate variability under non-station-
ary hydroclimatic scenarios, as discussed by Milly
et al. (2008). Simulated data for the 20th century
(20C3M), obtained from IPCC, was used as the pre-
dictor data set to develop models with observed
precipitation at Dhaka using the PSO-SVR algo-
rithm.

3.2.  Precipitation–river discharge (P-Q) model

Linking river discharge to large-scale geophysical
processes remains a challenge in the GBM basin.
The goal was to develop a model to accurately sim-
ulate river discharge using the minimum number of
parameters. Such a model should have the ability to
be linked to GCM outputs to understand variability
in streamflow in future decades. Appendix 1 pro-
vides an overview of studies establishing relation-
ships between river discharge and outputs from cli-
mate change models. The majority of studies used
statistical models to downscale precipitation and
temperature, after which hydro logical routing mod-
els were used to estimate river discharge. Although

results of the river discharge analyses appear to be
satisfactory, most studies were conducted in geo-
graphical regions where detailed hydrological data
were available for calibration and validation of a
routing model. Due to the lack of detailed hydrolog-
ical data to develop a routing model for our study,
we proceeded with a statistical river discharge esti-
mation procedure. Hence, we developed an empiri-
cal statistical relationship between historical precip-
itation and river discharge. A multiple log linear
regression model (Eq. 16) was calibrated and vali-
dated for the combined river discharge in the GBM
basin:

(16)

where Qt-1 and Qt-3 are the combined river discharge
at 1 and 3 mo lag times; Pt and Pt-3 are precipitation at
1 and 3 mo lag times, and εn is the noise term. Vari-
ables in the model were selected after multiple com-
binations of trial and error runs using linear regres-
sion (details in section 4.2).

3.3.  Cholera−river discharge (C-Q) model

A logistical regression approach was used to
understand the effects of changing climate on cho -
lera in the Bengal Delta. Binomial logistical
regression models were developed to estimate the
prob abilistic likelihood of above- and below-
average cholera levels. Based on our previous
studies on the hydroclimatological association of
cholera with river discharge (Akanda et al. 2009),
separate models were developed for the spring
(average of March, April, and May) and autumn
(average of October, November, and December)
seasons. Outputs were compared (Hosmer et al.
2013) using measures of asso ciation (Goodman-
Kruskal Gamma) as well as goodness of fit (Hos-
mer-Leme show tests). Measures of association
established relationships between the response
variable (above-average cholera incidence) and
predicted probabilities of the variables, showing
the effect of predictors (river discharge) on
seasonal cholera. Goodman-Kruskal Gamma is a
non-parametric rank correlation that ranges
between −1 and 1, with 1 representing a perfect
association. Hosmer-Lemeshow is a chi-squared
test that assesses whe ther observed events match
the expected output event in subgroups of a model
population (Hosmer et al. 2013).
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4.  RESULTS

4.1.  Downscaling precipitation: calibration 
and validation

Monthly data simulated for the 20th century
(20C3M) from 3 GCMs (HADCM3, GFDL, and
ECHAM5) were used to develop a model for down-
scaling precipitation at Dhaka in Bangladesh. The
datasets, from 1960−2000, were randomly divided
into 2 separate sets for calibration and validation in
the ratio of 80 to 20%, respectively. Three statistical
measures were used to determine the adequacy of
model performance and include the coefficient of
determination (referred to as the correlation coeffi-
cient, r2, hereafter), bias, and root mean square error
(RMSE) on monthly scales. Table 3 shows the per-
formance of the HadCM3, ECHAM5, and GFDL
models during calibration and validation using the
PSO-SVM algorithm. On average, a value of 0.86,
0.84, and 0.83 for r2 during calibration and 0.71, 0.68,
and 0.61 for validation was achieved for HadCM3,
ECHAM5, and GFDL models, respectively. Similarly,
RMSE values of 36.33, 40.49, and 43.58 mm mo−1 for
calibration and 76.31, 57.02, and 67.28 mm mo−1 for
va lidation were obtained for Had CM3, ECHAM4,

and GFDL models, respectively. High RMSE values
were noted for high river discharge months, partly
due to the fact that the variability in precipitation is
high during the same months. Average bias (mm
mo−1) was recorded as −3.78, −0.11, and 0.38 during
calibration; and 17.00, 0.71, and −14.81 during vali-
dation for HadCM3, ECHAM5, and GFDL models,
res pectively.

SVR is a machine learning statistical technique
that identifies patterns in the data and then relates
them to the output (in this case precipitation); it is
therefore important to document model parameters.
During development of the models, a radial basis
function kernel function was used with 2 calibration
parameters optimized using the PSO technique. The
Gamma parameter was as signed a value of unity,
and Table 4 lists the cost function parameter used
for simulation of the models for 3 GCMs. Fig. 2
shows co efficients of determination between simu-
lated down scaled and observed precipitation from
1960−2000, obtained using data from all 3 GCMs.
This figure along with other statistical measures
indicates that the PSO-SVR algorithm satisfactorily
captured variability between observed Dhaka pre-
cipitation and GCM output of HADCM3, ECHAM5,
and GFDL models.
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Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Mean 6.59 22.5 60.91 157.03 309.88 358.15 385.53 315.88 296.21 162.47 32.88 10.03
SD 10.64 19.55 54.1 82.84 147.08 159.08 142.51 124.2 131.54 108.3 50.15 23.92

HadCM3
R2 Calibration 0.98 0.73 0.98 0.81 0.90 0.78 0.66 0.78 0.82 0.98 0.67 0.98

Validation 0.72 0.66 0.68 0.67 0.58 0.62 0.63 0.68 0.58 0.74 0.85 0.81
RMSE Calibration 0.15 14.19 6.19 36.56 49.61 75.67 87.98 64.08 68.35 12.65 38.80 0.78

Validation 13.93 10.74 28.98 65.59 77.53 97.07 91.89 53.59 98.14 72.28 27.21 45.33
Bias Calibration −0.03 1.79 −1.11 −0.56 −5.76 −6.62 0.14 −7.97 9.35 3.17 −13.14 0.15

Validation −11.17 −0.83 5.69 −30.78 14.72 −77.33 10.63 19.42 67.22 44.81 −11.69 −8.81

ECHAM5
R2 Calibration 0.98 0.98 0.73 0.77 0.97 0.69 0.77 0.78 0.81 0.94 0.73 0.98

Validation 0.85 0.78 0.69 0.66 0.7 0.72 0.53 0.64 0.54 0.74 0.53 0.73
RMSE Calibration 0.16 0.17 31.5 50.6 27.5 89.5 87.2 62.24 64.79 31.89 37.51 2.84

Validation 20.38 13.4 34.36 66.97 80.08 118.97 60.32 106.17 79.43 63.18 26.57 14.48
Bias Calibration −0.04 0.003 3.36 8.81 6.53 −10.43 −9.17 −1.34 15.6 −1.67 −13.43 0.45

Validation 6.55 −9.66 10.57 1.52 32.89 −29.67 −14.81 58.2 26.18 −42.89 −20.73 −9.65

GDFL

R2 Calibration 0.98 0.98 0.98 0.74 0.78 0.82 0.64 0.75 0.87 0.72 0.98 0.98
Validation 0.86 0.66 0.76 0.58 0.54 0.47 0.61 0.55 0.5 0.59 0.65 0.73

RMSE Calibration 1.08 0.16 0.18 47.55 68.15 98.12 81.58 70.81 40.38 76.71 0.14 0.18
Validation 22.16 20.1 24.1 66.32 130.4 114.7 122.31 96.96 91.1 64.76 25.08 8.94

Bias Calibration 0.16 0.03 0 −0.22 −6.06 13.07 6.21 −10.59 −0.1 14.98 0 −0.02
Validation −18.13 −5.15 20.48 −34.11 −23.67 −96.16 39.06 −38.67 39.31 −8.99 −1.73 −6.74

Table 3. Calibration and validation results for downscaling precipitation of HadCM3, ECHAM5 and GDFL
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4.2.  Precipitation–river discharge (P-Q) model

A multiple log-linear regression model was cali-
brated and validated for estimating river discharge.
Historical river discharge and precipitation data from
1975−2000 (about 80% of the data) were used to de -
velop the model while the remaining data from
2001−2006 were used to test the developed model.
With reference to basins like GBM, where reliable
rainfall runoff routing models cannot be developed
due to unavailability of geophysical data, Miller et
al. (1981) suggested that inclusion of precipitation to
forecast river discharge may yield satisfactory re -
sults, since precipitation provides nonlinearity com -
ponents of variability in discharge. Such modeling
ap proa ches have been used where geophysical data
were not available (e.g. Yazicigil et al. 1982, Kotte-

goda et al. 2000, Mirza 2003) for development of
mechanistic rainfall–runoff models. The model in
Eq. (16) provided the highest r2 (0.95), adjusted r2

(0.94), and predicted r2 (0.94) during the calibration
process. Residuals showed a statistically in significant
auto cor relation (0.01 at Lag 1). Values of 4.590 (95%
CI: 4.136−5.045), 0.00428 (95% CI: 0.000184−
0.000671), 0.000773 (95% CI: 0.000541−0.00100),
1.050 (95% CI: 0.9404−1.159), and 2.237 (95% CI:
2.131−2.342) were obtained from β0, β1, β2, β3, and β4,
respectively, with p <0.05, indicating statistical sig-
nificance of all the para meters. Variance inflation fac-
tors ran ged between 1.5 and 2.2, suggesting the
absence of multicollinearity between variables used
to construct the model. The performance of the
model was tested using r2, RMSE, bias, and Nash
Sutcliffe Efficiency. Table 5 and Fig. 3 show that the
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 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Hur2             
Hur5             
Hur85             
Mrso             
Pr             
Prc             
Psl             
Rsds             
Ta2             
Ta5             
Ta85             
Tas             
Ts             
Ua2             
Ua5             
Ua85             
Uas             
Va2             
Va5             
Va85             
Vas             
Zg2             
Zg5             
Zg85             
Cost (HadCM3) 2 0.66 3.89 2.74 5.58 1.7 3.75 49.88 27.49 6.86 1.41 3.84 

Cost (ECHAM5) 6.83 7.79 1.29 1.39 4.96 1.51 1.67 2 5 4.81 1.44 4.17 

Cost (GFDL) 4.8 7 3.9 2.72 5 1.58 4.6 9.65 6.89 1.73 1.28 0.97 

Gamma 1 1 1 1 1 1 1 1 1 1 1 1 

Table 4. Variables for HadCM3, ECHAM5 and GDFL. Selected (grey) during calibration of the particle swarm optimization-
support vector regression (PSO-SVR) algorithm. j HadCM3, d ECHAM5, m GFDL. Cost: Error minimization tradeoff param-
eter to achieve low training and testing errors. Gamma: Width of RBF kernel defining shape of boundary separation. Variable 

definitions are given in Table 1
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model was able to capture variability
in the river discharge, during both the
calibration and validation processes.
The coefficient of determination be -
tween observed and simulated high
and low river discharge months was
0.80 and 0.92, respectively, further
suggesting that the P-Q model was
able to capture variability in both
spectrums of streamflow. A comple-
mentary analysis was performed to
determine whether the P-Q model
adequately simulated river discharge
using precipitation downscaled using
20C3M scenarios for 3 GCMs. Consid-
erable bias was noted in river dis-
charge, and hence, a monthly bias
correction factor was computed as the
ratio of 20C3M simulated and
observed river discharge (Table 6).
Fig. 4 shows simulated and observed
river discharge, and the 1:1 line with
r2 values suggests a minimal bias in
the P-Q model after applying correc-
tion factors.

4.3.  Analysis of river discharge

Using the calibrated P-Q model, combined river
discharge was computed for 2 climate change
scenari os, A1B and A2, with downscaled precipita-
tion obtained from 3 GCMs. Since long-term changes
in hydroclimatological processes are generally ob -
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Fig. 2. Correlation between monthly observed and simulated precipitation 
using 3 global climate change models (GCMs) over Dhaka, Bangladesh

Fig. 3. Simulated and observed river discharge for the calibration period, computed using the river discharge−precipitation 
(P-Q) model

r Bias RMSE NSE
(m3 s–1) (m3 s–1)

Calibration 0.863 1525.615 15295.6 0.730
Validation 0.830 1010.258 16900 0.680

Table 5. Model performance statistics for the observed river
discharge–precipitation model. NSE: Nash Sutcliffe Efficiency
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serv able on longer temporal scales (Immerzeel 2008,
Gain et al. 2011, Kamal et al. 2013), combined dis-
charge for both climate change scenarios was aver-
aged for 10 yr to evaluate the possible changes. His-
torically, the highest and lowest combined river
 discharges are ob served in the months of August and
February, respectively. Fig. 5 indicates that there are
no shifts in the seasonality of discharge.

Fig. 6a−c was plotted to show the percent change
in monthly combi ned river discharge in the A1B sce-
nario using the P-Q model with precipitation down-
scaled from 3 GCMs. The percentage change was
calculated by subtracting historical month ly com-
bined river discharge from 1975−2006 from values
ob tained using P-Q models with downscaled pre -
cipitation. Historically, low flow months were from
December to March, while June through October are

considered high flow months. A decrease in flow dur-
ing December and January was noted, while March
and April showed an increase in discharge for
ECHAM5 (Fig. 6a) and GFDL (Fig. 6b) under the A2
scenario. The simulation using HADCM3 (Fig. 6c),
on the other hand, showed little to no change in the
dry season flows. Discharge outputs from GFDL
(Fig. 6b) and HADCM3 (Fig. 6c) showed in creases in
the high flows during June through August, while
in September and October, discharge de creased.
ECHAM5 (Fig. 6a) indicated no noticeable changes
in the high flows during the next century. A similar
observation is true for flows under A1B scenarios for
3 models (Fig. 6d−f). In order to quantitatively assess
the likelihood of changes in magnitude in river dis-
charge, the percent ensemble chan ge was calculated
and plotted (Fig. 7) after averaging river discharge
obtained using P-Q models. River discharge gener-
ally increased from February through July for both
scenarios, while the remaining months were likely to
experience de  creases in flow values (Fig. 7).

Uncertainty in projected river discharge under cli-
mate change was calculated using unequal variance
of a 2-tailed t-test following the methodology pro-
posed by Maurer & Duffy (2005). Hovmöller plots in
Fig. 8 show confidence levels in changes in river dis-
charge compa red with historical data. Most of the
months show >90% confidence in chan ges in river
discharge over the next decade. November and
December are the transition months, when river
flows start to decrease substantially, and thus have
higher uncertainty than low or high flow months.

4.4.  Cholera prevalence under chang-
ing climate

Two separate models are required to
simulate cholera dy namics in the deltaic
region (Jutla et al. 2013). Hence, 2
binary logistical (C-Q hereafter) models
were calibrated and validated for spring
and autumn cholera. The models were
set up to provide likelihood probabilities
of above-average cholera based on his-
torical data from 1980−1999. Validation
was conducted using data from 2000−
2004. Based on our previous study
(Akan da et al. 2009), the spring cholera
model was developed using the average
of river discharge for February and
March. The autumn cholera model was
constructed using the average of August
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ECHAM5 GFDL HADCM3

January 0.80 0.78 0.77
February 0.77 0.76 0.77
March 0.77 0.76 0.78
April 0.92 0.90 0.94
May 0.96 0.95 0.98
June 1.20 1.16 1.19
July 1.53 1.53 1.54
August 1.50 1.52 1.49
September 1.52 1.50 1.46
October 1.12 1.11 1.05
November 0.79 0.78 0.75
December 0.80 0.79 0.76

Table 6. Bias correction factors for 3 climate change models

Fig. 4. Simulated and observed river discharge using the bias-corrected 
river discharge−precipitation (P-Q) model
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and September flow values. Similarly, spring cholera
was defined as the average of March, April, and May
and autumn cholera was the average of October,
November, and December. Table 7 shows model per-
formance statistics and indicates that the 2 models
capture association as well as fit to simulate cholera
in both seasons. The Hosmer-Lemeshow p values
and the Goodman-Kruskal Gamma values indicate a
high degree of association between river discharge
and the cholera time series (Hosmer et al. 2013). A
negative sign in the coefficient (Table 7) for spring
cholera suggests an inverse relationship with river

discharge. Since the model is a binary logistical
regression, it is not possible to calculate the correla-
tion (r2) between observed and simulated values. For
validation, both models were used with limited data
from 2000−2004. Spring and autumn cholera for the
year 2004 were recorded to be above average, and
the model-simulated probabilities of spring and
autumn cholera were 0.96 and 0.91, respectively.
For the other 3 years, probabilities were <0.03, thus
 indicating that both models are able to capture
cholera− river discharge dynamics sufficiently and
can be used for simulating cholera probabilities.
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Fig. 5. Seasonality of river discharge for (a−c) A1B and (d−f) A2 scenarios for (a, d) ECHAM5, (b, e) GFDL, and (c, f) 
HaDCM3 models
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C-Q models for spring and autumn cholera were
forced with ensemble averages of combined river
discharge obtained by using P-Q models with down-
scaled precipitation of 3 GCMs. Fig. 9 shows the plots
for probabilities of above-average cholera for spring
and autumn seasons. An empirical probability dis -
tribution plot (Fig. 10) provides an indication of ex-
ceedance values when the likelihood of above-aver-
age cholera is >50%. Probability of above-average
cholera with a value of 0.5 has an exceedance proba-
bility of 70%, 72%, 80%, and 85% for Autumn A2,
Autumn A1B, Spring A2, and Spring A1B cho lera, re-
spectively. Under A1B (Fig. 9a) and A2 (Fig. 9b),

spring and autumn cholera are expected to increase
over next 80 yr, assuming that social determinants
(such as availability of water and sanitation facilities)
either remain the same or worsen over time. 

5.  DISCUSSION

The objective of this study was to establish a frame-
work for downscaling river discharge in order to un-
derstand the impact of climate change on the occur-
rence of cholera in the Bengal Delta. Results
ob  tained from the data-mining-based PSO-SVM

Fig. 6. Changes in magnitude of river discharge for each decade under (a−c) A2 and (d−f) A1B scenarios for (a, d) ECHAM5,
(b, e) GFDL, and (c, f) HADCM3 models. Percent change was calculated with respect to control historical data from 1960−1999
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method reinforces advantages of statistical down-
scaling in terms of faster computational speeds and
yielding results comparable to physical regional cli-
mate models that require complex analysis and
 parameters that are not yet being monitored in de-
veloping regions of the world. The uniqueness of the
proposed framework for estimating river discharge
lies in both its simplicity and applicability to  regions
where detailed hydroclimatological information on
processes is either limited or not available. Similar
methods to determine river discharge from precipita-
tion were applied in developed countries in the early
1980s, which motivated us to develop this method
over the GBM delta (e.g. Miller et al. 1981).

IPCC (2007) reported a temperature increase be -
tween 2.4 and 3.4°C under A1B and A2 scenar-
ios. A decrease in fresh water availability in
South Asia by the 2050s is documented in the
latest IPCC report. Yet only limited studies on
the effects of climate change on regional river
discharge in the Bengal Delta are available.
On the GCM grid scale (200− 300 km2), Arnell
& Gosling (2013) showed an in crease in river
discharge in these regions of South Asia to be

between 10% and 65% during the months of Decem-
ber through January, with runoff from rivers decreas-
ing (15% and 75%, region-wise) during June
through August. Similarly, Gain et al. (2011) showed
a regional increase in river discharge on an annual
scale, results consistent with findings re por ted here,
but with a different proportion of change. The uncer-
tainty in determining changes in the South Asian
monsoon and the related interannual variability that
can be translated into river discharge calculations is
recognized (Annamalai et al. 2007, Yang et al. 2008).
Nevertheless, an annual increase in river discharge
will have significant intra-annual variability, with
low flows likely to increase while high combined
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Spring 22.38 (p < 0.001) −0.004 (p < 0.001) 0.910 0.831
Autumn 15.26 (p < 0.001) 0.0018 (p < 0.001) 0.902 0.801

Table 7. Logistic regression model performance statistics for spring
and autumn cholera. H-L: Hosmer-Lemeshow p value, GKG: Good-

man Kruskal Gamma coefficient

Fig. 7. Ensemble percent change in river discharge for each 
decade under (a) A1B and (b) A2 scenarios

Fig. 8. Uncertainty in ensemble river discharge for each 
decade for (a) A1B and (b) A2 scenarios
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river discharges decrease. On an annual scale, river
discharge is expected to increase by 8% and 7.5%
for A1B and A2 scenarios, respectively, which is con-
sistent with published literature (Gain et al. 2011).
The majority of the changes are attributable to
increases in flows from February through August.
Our results indicate no changes or shifts in seasonal-
ity of high and low flows during the next century.

Diarrheal diseases are expected to increase as a
result of the projected changes in hydrological cycles
(Patz et al. 2005). The challenge is to quantitatively
link observations of diseases with hydro climato -
logical processes, so that projected effects can also be
quantified. Results from logistical regression-based
probabilities of cholera indicate a steady increase in
both spring and autumn cholera, provided societal
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Fig. 9. Ensemble mean probabilities for above-average cholera for the spring season under (a) A1B and (b) A2 scenarios and
for the autumn season under (c) A1B and (d) A2 scenarios. Dashed line is the linear trend with Kendall’s tau values of (a) 0.31 

(p < 0.001), (b) 0.29 (p < 0.001), (c) 0.23 (p < 0.05), and (d) 0.16 (p < 0.1). Shaded areas represent confidence intervals
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settings (availability of water and sanitation facilities)
are preserved or worsen. However, cholera out-
breaks are likely to be below average, as evidenced
from the high empirical probability of occurrence
(Fig. 10), and perhaps due to increases in the river
discharge during the months of February and March.
Increases in the flows in these low discharge months
will likely limit intrusion of bacteria-laden waters to
inland water systems, thereby lowering the probabil-
ity of occurrence of extreme cholera outbreaks. Dis-
charge during the months of August and September
was marginally decreased (ca. 2.8%), resulting in
severe above-average cholera outbreaks in the
autumn  season.

While we attempted to link GCM outputs to
cholera prevalence data, an inherent limitation of our
study is the absence of societal information in the
modeling process. However, we argue that the occur-
rence of cholera is dependent on hydroclimatic and
societal determinants (such as availability of safe
water and sanitation access). Providing safe water to
the population will probably minimize cholera out-
breaks, although cholera bacteria will still remain in
the aquatic systems. Therefore, prior knowledge on
variability in seasonal river discharge is like ly to
assist in the development of climate-sensitive water
infrastructure policies for those regions where accel-
eration of the hydroclimatic cycle is likely to increase
the risk of cholera.
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Down- Predic- Measurement Downscaling Location Hydrologic Hydrologic Hydrologic Source
scaling tand accuracy accuracy model measurement model 
method accuracy accuracy

CF T, P NA NA Australia MODHYDROLOG E 0.87 Chiew et al. (1995)

Stepwise T, P Percentage Seasonality, Animas River USGS and PRMS Hydrograph Significant Wilby et al. 
multiple of P: 29 to 45 basin, underestimation (1999)

linear explained T: 79 to 96 Colorado, (34−44%) of 
regression variance USA gauged runoff 

(E%) for 1981−1986

SWG P, Pet NA NA Swan River, CMD-IHACRES NSC Calibration: Evans & 
Perth, Western 0.72; Schreider

Australia validation: 0.58 (2002)

Regression P, Pet NA NA Upper Wye HYSIM NSC Calibration: Pilling & Jones 
catchment, 0.78 to 0.9; (2002)
Wales, UK validation: 0.85

Multivariate P, T Coefficient For NE WaSiM-ETH NSC Calibration: Jasper et al. 
regression of all months, Switzerland 0.84; (2004)

determi- T: 0.6; and Alps validation: 0.73
nation P: 0.2

Appendix 1. Key studies for statistical downscaling of stream flow. Downscaling techniques — SWG: stochastic weather generator; RVM:
relevance vector machine; SVM: support vector machine; CF: change factor; WT: weather typing; SSVM: smooth support vector machine;
SDSM: statistical downscaling model. Predictands— T: temperature; P: precipitation; PE: potential evapotranspiration. Hydrologic models—
USGS: US Geological Survey; PRMS: Precipitation-Runoff Modelling System; CLASSIC: Climate and LAnduse Scenario Simulation;
MORECS: Meteorological Office Rainfall and Evaporation Calculation; WaSiM: Water flow and balance SImulation Model; INCA-N: Inte-
grated Nitrogen Model for CAtchments; CATCHMOD: CATCHment MODel; IDF: intensity−duration−frequency; HBV: Hydrologiska
Byråns Vattenbalansavdelning model; HEC-HMS: Hydrologic Modeling System; MODHYDROLOG: Model MODHYDROLOG. Hydrologic
measurement accuracy — E: Coefficient of efficiency; NSC: Nash & Sutcliffe Efficiency criterion; R2: coefficient of determination; PDM: 

Probability Distributed Moisture model; NA: not applicable
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Down- Predic- Measurement Downscaling Location Hydrologic Hydrologic Hydrologic Source
scaling tand accuracy accuracy model measurement model 
method accuracy accuracy

SDSM P, T Mean daily Minimum: Saguenay Swedish Rsq Average of Rsq: Dibike &
and precipitation −0.86 in Sep; watershed, HBV-96 0.86 Coulibaly 

LARS-WG (mm) for maximum: northern and Canadian (2005)
SDSM 0.24 in Feb Quebec,  CEQUEAU

Canada

K-nn T, P NA NA SW HEC-HMS RMSE Calibration: Cunderlik & 
weather Ontario, 44.82%; Simonovic

generator Canada validation: (2005)
46.49%

SWG Daily P, T NA NA Belgian and HBV Mean, Discharge, Leander et al. 
French sub- SD percentage (2005)
basins of the error for mean:
River Meuse 0.03; SD:

−0.03 to 0.06

SDSM T, P, NA NA River Kennet, INCA-N RMSE  Average valid- Wilby et al. 
and PE southern and (m3 s−1), ated RMSE: 2; (2006)

England, UK CATCHMOD) NSC, and NSC: 0.68; 
Rsq (%) Rsq: 0.78

RVM Stream Correlation Correlation Mahanadi, NA NA NA Ghosh & 
and flow coefficient coefficient: River basin, Mujumdar

SVM 0.99–0.61 India (2008)

CF and P, T NA NA Chute-du-Diable HSAMI NSC Calibration: Minville et al. 
SWG watershed 0.92, (2008)

(Quebec, validation:
Canada) 0.89

CF P, T, PE NA NA Enrick and Conceptual PDM  NA Prudhomme et al.
Roding Rivers, lumped for flood (2010)

UK rainfall−runoff sensitivity 
model testing

CF T, P, and PE NA NA Quebec, Canada HSAMI NSC 0.82 Boyer et al. (2010)

CF, WT T, P NA NA Belgium IDF NA NA Willems & Vrac
(2011)

SSVM and P Mean SSVM — Hanjiang Xin-anjiang NSC HBV—calibration: Chen et al.
SDSM (mm d−1) calibration: River basin, and HBV 85.91%, (2012)

0.008, China validation:
validation: 85.72%,

0.08; XAJ—calibration:
SDSM—calibration: 84.58%,

−0.05,  validation: 85.37%
validation: 0.064 

Appendix 1 (continued)
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