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ABSTRACT

Bangladesh faces ongoing public health challenges from dengue fever, particularly
in urban areas like Dhaka. The spread of this mosquito-borne disease is influenced by cli-
mate, with temperature, rainfall, humidity, and wind speed affecting its occurrence and dis-
tribution. This study investigates the relationship between these environmental factors and
dengue transmission in Dhaka from 2021 to 2023. Various count models—Poisson, Negative
Binomial, discrete Lindley and Weibull, zero-inflated, and hurdle models—were applied to
analyze dengue incidence. Model selection was based on AIC, dispersion, and predictive cri-
teria. A simulation study supported the findings, consistently identifying the discrete Weibull
model as the best fit. Results showed that maximum temperature and wind speed were nega-
tively associated with dengue cases, while minimum temperature and humidity had a positive
effect. Rainfall and visibility showed no significant impact. This study enhances understand-
ing of how climate influences dengue in Dhaka and supports the development of effective
prevention strategies, including a potential climate-based warning system for Bangladesh.
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1. Introduction and Preliminaries mosquitoes, predominantly Aedes aegypti
Dengue, a disease transmitted pri- and Aedes albopictus species, has emerged
marily by the biting of infected Aedes as a significant global public health con-
cern due to its widespread distribution, in-
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creasing incidence, and substantial socioe-
conomic burden. Dengue Hemorrhagic
Fever (DHF) and Dengue Shock Syndrome
(DSS) are more severe than the other type
of dengue, common dengue fever. Espe-
cially in tropical and subtropical regions,
it is regarded as an alarming arbovirus
comprising four different strains: DENV-
1, DENV-2, DENV-3, and DENV-4, that
cause dengue virus (DENV), of which
DENV-3 and DENV-4 serotypes are typi-
cally regarded as belonging to the virulent
group.

Dengue has become a global prob-
lem, striking tropical and subtropical coun-
tries alarmingly frequently since its first
known outbreak in the 1950s.  Over
100 countries have an endemic case of
dengue, which is primarily found in tropi-
cal and subtropical regions of the world [1].
Around 75% of dengue cases worldwide oc-
cur in Southeast Asia and the Western Pa-
cific region, which also has a heavy disease
burden [2]. According to estimates from the
World Health Organization (WHO), about
390 million cases of dengue fever occur
each year, putting almost half of the world’s
population at risk of contracting the virus
[3].

Bangladesh has become a conducive
environment for the transmission of the
dengue virus with its tropical climate. The
initial recorded outbreak of Dengue in
Bangladesh occurred in 1964 within Dhaka
city, with subsequent sporadic cases of
Dengue Fever reported during the periods
of 1977-1978 and 1996-1997 [4]. But mid-
way through 2000, there was a dengue pan-
demic that spread to all of the main cities
and resulted in 5521 officially documented
cases and 93 fatalities [5, 6].

From 2000 to 2009, Dhaka held the
status of being the most endemic metropoli-
tan area in Bangladesh, with 91% of all re-
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ported dengue cases recorded within its bor-
ders [7]. The outbreak in 2019 stands as the
nation’s most extensive to date, surpassing
the 2018 outbreak, which was the second
largest. In 2019, there were a staggering
87,953 reported cases of dengue, resulting
in 81 deaths, marking a nearly ninefold rise
compared to the previous record of 10,148
cases in 2018 [8]. Dengue has increasingly
become a pressing issue in Bangladesh, ex-
acting a significant human toll each year.
From January to December 2022, the coun-
try witnessed 59,196 cases of dengue and
258 fatalities [9].

Numerous studies have been con-
ducted to investigate the relationship
between various climatic variables and
dengue incidence worldwide. Research
results from a study indicated that there
is a strong association between serotype
DENV-3 and a heightened occurrence of
acute dengue cases [10]. A separate study
employed Poisson and negative binomial
regression models to estimate the effect of
different predictor variables on the dengue
[11]. Other researchers undertook a study
to explore the association between climate
variables and dengue fever occurrences in
Dhaka, Bangladesh, analyzing data span-
ning from 2013 to 2020 [5]. They fitted
Poisson, zero-inflated Poisson, and nega-
tive binomial regression models, and their
findings revealed a positive correlation
between dengue outbreaks and maximum,
minimum temperature, humidity, and wind
speed, with rainfall and sunshine hours
showing a negative association. The results
imply that temperature significantly influ-
ences the transmission of dengue fever,
indicating that mosquito vectors tend to be
more active in warmer conditions.

Additionally, a study on daily dengue
incidence has been conducted that used data
from 2021 to 2022 and employed differ-
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ent count models, including zero-inflated
Conway-Maxwell Poisson regression, zero-
inflated Poisson regression, zero-truncated
Conway-Maxwell Poisson regression, and
zero-truncated negative binomial [12]. Dif-
ferent potential environmental factors for
dengue incidence have been determined.
As per their study, humidity, precipitation,
and wind speed were all found to have a
significant effect on dengue fever. A sepa-
rate study focused on the dengue situation in
Dhaka, Bangladesh, by modeling data from
2000 to 2010 [13]. In their research, they
used the Poisson time series model com-
bined with the DLM (distributed lag model)
and found effects of temperature and hu-
midity on dengue outbreaks but no effect of
rainfall.

Additionally, research revealed sig-
nificant association between dengue cases
and climate factors, analyzing 9 years
(2014-2022) divisional data for model per-
formance analysis [14]. Furthermore, a
study modeled data over a decade (2000—
2009) from Dhaka, Bangladesh, using a
negative binomial generalized linear model
and found a positive impact of temperature
and rainfall but no impact of humidity [15].
An investigation conducted in Kolkata, In-
dia, constructed a regression model aimed
at predicting the occurrence of dengue fever
[16]. They employed data on dengue inci-
dence along with climate metrics gathered
between 2005 and 2016. The study out-
comes unveiled a notable association be-
tween instances of dengue fever and both
maximum and minimum temperatures, hu-
midity, and rainfall. The findings suggested
that elevated levels of maximum and min-
imum temperatures, humidity, and rainfall
were positively associated with heightened
dengue case counts.

A study in Pakistan discovered a
robust relationship between rainfall and
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dengue fever occurrences in Lahore, Pak-
istan, spanning from 2013 to 2014 [17].
Furthermore, the research revealed correla-
tions between temperature, humidity, and
the spread of dengue in the region. Rainfall
and the highest temperature were shown to
be substantially correlated with dengue in-
cidence in a separate study on the spatial-
temporal effect of dengue disease in Pak-
istan from 2006 to 2017 [18]. In order to
examine the relationship between climatic
factors and dengue transmission, the study
combined data from several sources, such
as weather reports, demographic statistics,
and dengue case records. The study’s find-
ings demonstrated a positive correlation be-
tween dengue incidence and greater maxi-
mum temperatures and rainfall.

Examining the connection between
climate variables and dengue fever in Nepal
spanning from 2010 to 2017, a study re-
vealed a strong correlation between dengue
fever and minimum and maximum temper-
atures as well as humidity [19]. The find-
ings indicated that increased minimum and
maximum temperatures, along with higher
humidity, were linked to elevated dengue
incidence. However, the study did not iden-
tify a significant relationship between rain-
fall and dengue occurrence.

A study in Malaysia found a pos-
itive correlation between temperature and
rainfall, with no effect of precipitation on
dengue [20]. Additionally, a study analyzed
data spanning a five-year period (2008-
2012) from China [21]. They employed
a Poisson regression model and found that
humidity and precipitation had a significant
impact, while there was no observed effect
of temperature on dengue incidence.

In Sulawesi, Indonesia, researchers
investigated the connection between cli-
mate variables and dengue disease by de-
veloping a model for dengue prediction in
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the future [22]. All of this data was gathered
throughout 2010 and 2015. They found that
while there were negative associations be-
tween dengue fever and rainfall and humid-
ity, there was a positive correlation between
dengue fever and mean temperature.

Similarly, a study investigated the
impact of climate factors on dengue fever
in Davao, Philippines, analyzing meteoro-
logical and dengue data from 2011 to 2015
[23]. They identified low temperatures and
moderate rainfall as significant contributors
to dengue incidence.

A study in Itan fitted the ARIMA
model with the transfer function on dengue
and climatic data from 2003 to 2009 and
found the opposite effects of tempera-
ture (positive) and humidity (negative) on
dengue fever, whereas there was no sig-
nificance of precipitation [24]. Another
study considered temperature and rainfall
as covariates and found these to be influen-
tial environmental factors for dengue out-
breaks by analyzing data from a period of
8 years (1998-2015) [25]. Unique results
were seen in a separate study, where all the
climate variables, such as temperature, hu-
midity, and rainfall, were statistically neg-
atively associated with dengue cases [26].
They utilized data on Rio Branco, Brazil,
from 2001 to 2012 and analyzed it using
generalized autoregressive moving average
models with a negative binomial distribu-
tion.

While numerous researchers have
sought to ascertain the prevalence of dengue
in Bangladesh, to the best of our knowl-
edge, no study has yet been carried out
in Bangladesh where comprehensive model
comparison was made as well as up-to-date
meteorological data (2023) having been uti-
lized. Additionally, the majority of stud-
ies have attempted to delineate the corre-
lation between temperature, humidity, rain-
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fall, and wind speed but have often over-
looked the influence of visibility.

Thus, this study has taken into ac-
count all six factors such as, minimum
temperature, maximum temperature, wind
speed, rainfall, visibility, and humidity
in order to comprehend their impact on
the transmission of dengue in Dhaka,
Bangladesh. In this study, we thoroughly
examine a comprehensive range of count re-
gression models, covering nearly all possi-
ble variations, which has not been done in
previous research.

Alongside other established count
regression models, the discrete Weibull
model has recently gained attention in the
literature. A recent study on COVID-19
demonstrated the effectiveness of the dis-
crete Weibull model, showing that it outper-
formed several other count regression mod-
els in accurately capturing the dynamics of
COVID-19 count data [27]. This finding
primarily justifies the use of the discrete
Weibull model in our study. The novelty
of this study lies in the utilization of the
latest meteorological data (2021-2023) and
the application of almost all possible count
regression models to determine the influen-
tial climatic factors affecting dengue inci-
dence in Bangladesh.

2. Materials and Methods
2.1 Data and variables

In this study, data from several
sources have been extracted for conducting
analysis on dengue outbreaks. To carry out
the study, data on the response variable,
“Daily Dengue Infected Cases” from 2021
to 2023, was gathered from the daily
reports of the Directorate General of Health
Services (DGHS), Dhaka, Bangladesh’s
Health Emergency Operation Center &
Control Room, which can be accessed
at http://www.dghs.gov.bd. To explore
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the influential environmental factors on
dengue cases, minimum temperature, max-
imum temperature, wind speed, rainfall,
visibility, and humidity are considered as
independent variables based on extensive
literature. The daily minimum tempera-
ture, maximum temperature, wind speed,
rainfall, and visibility data have been
collected from Bangladesh Meteorological
Department. Further, data on daily humid-
ity has been extracted from the website
https://www.timeanddate.com/weather/bang
ladesh/dhaka/ext. A negligible number
of cases (about 0.3%) were missing, and
after omitting them, 1,092 observations
remained.

2.2 Modeling count data

Count data refer to the number of
times an event occurs within a fixed period
oftime. For example, the number of dengue
infected cases in a particular month, the
number of deaths during a year, the number
of abusive acts a child aged 5-14 years was
exposed to during a month, and so on. To
handle count data, there are various distri-
butions available, the most well-known of
which is the Poisson distribution. However,
the equi-dispersion assumption of Poisson
distribution, that is, when variance is equal
to its mean, limits its applicability in numer-
ous real-world scenarios.

Count data frequently show up in
situations where excess variation between
counts are seen in practice, yielding over-
dispersion (variance > mean). One of the
most widely used distributions to manage
these kinds of over-dispersed count data is
the Negative Binomial (NB), which is used
when there is more count fluctuation than
expected. Other distributions, such as the
discrete Lindley, and discrete Pareto, etc.,
have also been occasionally considered as
a choice in the presence of over-dispersion.

112

A flexible choice to handle any kind of dis-
persed data can be the Generalized Poisson,
discrete Weibull, etc. Moreover, in some
applications, excess or absence of any par-
ticular count(s) are observed as a result of
mixture model. That is, when the counts
come from two different portions of the
population, using only the classical count
model may result in misleading inferences.
These situations can be handled by the two-
component models. For instance, to deal
with excess zeros in the count data, the zero-
inflated and hurdle models have been used.
All the mentioned models can be general-
ized to linear models through which the re-
lationship between the predictors and the
count of occurrences can be explained.

Let Y;(i 1,2,...,n), denote a
count response variable associated with
a (p + 1) dimensional vector of covari-
ates, x; = (1,x;1,...,x;p)T and B
(Bo, B, ---»Bp)T isthe (p + 1) x 1 vector
of regression coefficients corresponding to
Xi.

The Poisson regression model is one
of the most popular choices to model any
count data with probability density func-
tion.

P(Y; = yilpi) = (e H ) [ (yih),

yi €{0,1,2,...}, (2.1

where the mean and variance of the Poisson
variate are given by u; (>0), which is the
fundamental property of the Poisson distri-
bution, called “equi-dispersed” [28]. Under
the GLM setup, this distribution is gener-
alized by relating u; to a set of covariates
xi = (1,x11,Xi2, ..., xip)T with correspond-
ing parameters (3, via the log link function,

p
log(ui) =x/ = Po+ ) Bjxij.  (2.2)
j=1



A.H. Sajib et al. | Science & Technology Asia | Vol.30 No.2 April - June 2025

In model (R.2)), the parameter 8 j can
be interpreted as the expected change in the
log of the mean per unit change in the pre-
dictor x;; [29]. Although the Poisson model
is conventionally considered to be the most
basic model for analyzing counts, certain
departures from the assumptions of the
Poisson distribution led researchers to opt
for alternative specifications of the Poisson
model, which may allow over-dispersion
or under-dispersion or over-abundance or
under-abundance of a particular count, etc.

The Negative Binomial (NB) model
could be a good choice to handle the issue
of over-dispersion. This is the generaliza-
tion of the Poisson regression that relaxes
the restriction of the variance being equal to
the mean by incorporating a dispersion pa-
rameter. One can assume that ¥; " NB(u;, v)
with probability density function,

(yi+v)
LT (yi + 1))

Hi yio V. \y
(,ui+v) (,u,-+v) ’
vi €{0,1,2,...}, (2.3)

P(Y; = yilpi,v) =

where I'(.) is the gamma function, u; (>0)
1s the mean for the NB distribution, and v
denotes the dispersion parameter, which al-
lows for considering the variability. The
mean can be modeled within the GLM
framework as:

P
i = exp(x] B) = exp(Bo + Zﬁjxij)’
=
2.4)

and the variance is given by Var(Y;) =
lli+ll,~2

. Variance for both the Poisson and
NB will be identical when v—o. The
discrete Lindley (DL) model, which is a
discretization of the continuous Lindley
model, has gained popularity recently for
having the capacity to handle actuarial data
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that frequently exhibits the over-dispersion
phenomenon more flexibly than the Pois-
son distribution [30]. Suppose that we have
a sample of n observations yi, ya,...,¥;
are generated from discrete Lindley distri-
bution with ¥;"DL(6;), which has the fol-
lowing form

P(Yl = yi) = (1 - e—«9,-)2(1 +yl.)e_iyi,
Yi € {O’ 1’2’---}’01' > 0
(2.5)

It can be shown that [31],

2%

2
E(Yl) = m and Var(Yi) = (691' _ 1)2

While incorporating the effect of the
covariates, this model can be generalized as
a linear model such as

log(u) = x] B. (2.6)

Even though the given models are
suitable for over-dispersion relative to Pois-
son, they provide misleading results in
cases of under-dispersed count data. There-
fore, reasonable models for fitting under-
dispersed counts must be taken into con-
sideration. When count data exhibit under-
dispersion, the Negative Binomial regres-
sion model is not suitable. A different
regression model that can handle under-
dispersion needs to be introduced. The dis-
crete Weibull (DW) model is one of those
models that can handle over-dispersion,
under-dispersion, or both. The most com-
mon type in the literature is the first type of
DW model, which has the following form.

P(Y; = yilgi, @)

i(Z ilﬂ/
_ qu _ql(y+)
0

fory; =0,1,2,...,
Otherwise,
2.7
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where 0 < ¢; < 1 and « (>0) are the param-
eters with

E(Y)=pui=) q; and
yi=1

Var(Y;) =2 Z viq)t — wi — .
yi=1

In particular, different values of the
shape parameter, @ may allow different
cases, for instance, @ € (0, 1] represents
over-dispersion, @ > 3 represents under-
dispersion, regardless of the values of ¢;,
and a € (1, 3) holds both over and under-
dispersion depending on the values of g;
[32]. Formally, the effects of the covariates
can be incorporated through the link func-

tion,

log(~log(g:)) = x! B,

which is the desired generalization of the
Type I DW regression model. Real-world
situations may involve a excess number of
zeros in count data, such as the number of
dengue infected cases in a given month, the
number of deaths in an accident, etc. In this
situation, usually one may face the problem
of over-dispersion, but modeling counts us-
ing the classical methods may led to inap-
propriate statistical inference. Hence, fur-
ther modification is needed to address this
issue. Particularly, the zero-inflated and
hurdle models were recommended for zero
inflation. The zero-inflated models consist
of two parts, one for zero counts and the
other one for positive counts. Thus, one ob-
tains the two-component mixture models,
as

2.8)

P(Y; =y;)

mi+(1-m)fp(0) fory=0,
(1 =7:) fp(yi) fory € {1,2,...},
2.9)
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where f,,(-) is the pdf of the parent count
model, which can be either Poisson or Neg-
ative Binomial, and r; = P(C; = 0) denotes
the zero-inflation parameter (0 < m; <
1) with C; denoting the class membership,
given by

i =

0 for y=0,
1 forye{l,2,...},

Following that, the two predictors build the
relationship between responses and covari-
ates

log () = x/ B, and
logit(m;) = x!'y, (2.10)
wherey = (y0,v1,...,¥p)" isaanother set
of real-valued coefficients. Hurdle models
can be used as an alternative to handle the
issue of zero inflation [33]. But in cases in
which all zero counts arise from the struc-
tural zeros, the hurdle model is superior to
the zero-inflated model. This model com-
bines a binary process, 7, and a truncated-
at-zero count model, which has the form:

P(Y; = y;)
|-

where 7; determines the binary choice be-
tween zero and a positive count and f},(-)
refers to the parent process, which can be
Poisson or NB model. Now the link be-
tween responses and covariates can be ex-
pressed as

for y =0,
fp(y[)

=7, (01x)
(2.11)

log(y;) = x; B, and

logit(m;) = xiTy. (2.12)

fory € {1,2,...,n},
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2.3 Predictive model assessment

One of the major goals of statisti-
cal analysis is to make predictions along
with reasonable measures of the uncertainty
associated with them. Therefore, predic-
tions should be probabilistic in nature, rep-
resented as probability distributions across
future quantities and occurrences [34]. The
goal of probabilistic forecasting is to maxi-
mize the sharpness of the predictive distri-
butions subject to calibration [35]. Here,
sharpness refers to the concentration of the
predictive distributions, whereas calibra-
tion refers to the statistical consistency be-
tween the distributional forecasts and the
observations [36].

One of the tools for predictive model
assessment is the probability integral trans-
form (PIT), which is simply the value that
the predicted CDF attains at the observa-
tion. Itis suggested that this tool for calibra-
tion checks for continuous data [34]. The
PIT has a standard uniform distribution if
the observation is taken from the predicted
distribution, which is an ideal and desirable
scenario. But the predictive distribution is
discrete when it comes to count data and
under the assumption of an ideal scenario,
the PIT is no longer uniform. As a remedy,
a randomized PIT was recommended [36],
which follows:

u=~P, 4 +V(Px—Px_1), (213)
where P is the predictive distribution, x™~ P
1s the observed count, v is standard uniform
and independent of x (Note: P(_1) = 0
is standard uniform). Further, a nonran-
domized uniform PIT has been proposed
in which they replace the randomized PIT
value in Eq. (2.13) by its conditional CDF
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given x, i.e.,
0 u S PX—17
—P,_
F =9 Mt <u>
(u|x) Py—Px1 Px—l sSu=z Px,
1 Py >u.

(2.14)

By comparing the mean PIT across
a relevance set of n predictions, calibration
can be evaluated,

_ 1< ) .
F(u) = - E FOuxD), 0<u<l.
n
i=0

They suggested to perform the comparison
by nonrandomized PIT with height f;, de-
fined as:

1,2,...,J,

. i
fi=F)=F(I=). =
where J denotes the number of bins of the
histogram, which has been typically sug-
gested as J = 10 or J = 20. So the cal-
ibration can be easily assessed graphically
rather than numerically. That is, skewed
histograms reflect biased central tenden-
cies, whereas uniform, inversely U-shaped,
and U-shaped histograms exhibit predicted
distributions that are well-calibrated, over-
dispersed, and under-dispersed, respec-
tively.

3. Results

In this section, descriptive statistics
of the included climate covariates as well as
a graphical tool for predictive model assess-
ment have been demonstrated to understand
the nature of the raw data along with choos-
ing an appropriate model. The overview
of the summary information, such as min-
imum, maximum, mean, etc. for the daily
dengue-infected patient and different cli-
mate variables across 1092 days is shown
in Table 1.
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Table 1. Summary statistics of dependent vari-
able “daily dengue infected cases” and other cli-
matic variables from 2021 to 2023.

Variable Mean (SD) Minimum Maximum
Dengue
Inferale o 507.7(2941.88) 0 31461
Min. te(?lcp)mmre 23.12 (4.63) 10 307
Max. t?(f“cp)cra‘“rc 31.9(3.82) 15.4 40.6
Wind speed 2.45 (1.09) 0 15
Rainfall 494 (15.25) 0 255
Visibility 430 (0.71) 0.4 6
Humidity 75.34 (14.36) 27 100

800

Frequency
400

i T T T
1] 500 1000 1500

1
2000

Number of daily dengue cases

Fig. 1. Histogram of the daily dengue infected
cases in Dhaka city from 2021 to 2023.

During the course of the study, there
were, on average, 507.7 dengue-infected
cases every day. Additionally, the mini-
mum temperature of 23.12°C (with a maxi-
mum of 30.70°C and a minimum of 10°C),
maximum temperature of 31.9 (with a
maximum of 40.6°C and a minimum of
15.40°C), wind speed of 2.45 knots (with
a maximum of 15 knots and a minimum of
0 knots), rainfall of 4.94 mm (with a maxi-
mum of 255 mm and a minimum of 0 mm),
visibility of 4.30 km (with a maximum of 6
km and a minimum of 0.4 km), and humid-
ity of 75.34% (with a maximum of 100%
and a minimum of 27%), on average, have
been observed from Table 1. Summary in-
formation also shows that the variance of
the dengue-infected cases is 33.57 times the
mean, which is the case of overdispersion.
Moreover, the daily dengue-infected cases
exhibit an overabundance of zero cases,
as evident by the histogram in Fig. 1.
Hence, overdispersion as well as zero in-
flation needs to be taken into account while
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modeling the daily dengue incidence. As
a result, all possible count models, such as
Poisson, negative binomial, discrete Lind-
ley, discrete Weibull, zero-inflated Pois-
son, zero-inflated negative binomial, hurdle
Poisson, hurdle negative binomial, etc. re-
gression models were employed considered
to analyze over-dispersed and zero-inflated
dengue infected cases in our study. Based
on various performance criteria, as listed in
Table 2, the appropriate model has been se-
lected.

One of the fundamental requirements
for choosing a count model is dispersion,
which, in the case of over-dispersed count
response modeling, should have a desirable
value of close to 1 for any count model. A
dispersion value of near 1 indicates that the
particular model adequately captures over-
dispersion. From the results of Table 2, it is
seen that dispersion for negative binomial,
discrete Weibull, zero-inflated negative bi-
nomial, and hurdle negative binomial are
2.97,0.99, 3.08, 1.91, respectively, whereas
for Poisson, discrete Lindley, zero-inflated
Poisson, and hurdle Poisson, the values are
7469.92, 24.65, 80.92, and 79.87, respec-
tively. So, an obvious indication of the dis-
persion value is that discrete Weibull incor-
porates overdispersion quite well in com-
parison to the other count models.

Further, average AIC (AIC) values
have also been considered as a performance
criterion. The lower the AIC, the bet-
ter the model. As evidenced in Table 2,
lower AIC values have been found for nega-
tive binomial (AIC: 9.68), discrete Weibull
(AIC: 9.55), zero-inflated negative bino-
mial (AIC: 9.67), and hurdle negative bi-
nomial (AIC: 9.45) regression models as
compared to the other models in this study,
which is consistent with the conclusion of
dispersion values.

Moreover, Chi-square test for good-
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Table 2. Goodness-of-fit tests based on AIC, Pearson residual x2, p-value, and Dispersion for fitted

count regression models.

Model AIC DF Pearson y> p-value Dispersion
PR 2200.14 1085 8104865 <0.001 7469.92
NBR 9.68 1085 3221.608 <0.001 2.97
DL 15.17 1085 26743.44 <0.001 24.65
DW 9.55 1084 1042.393 0.805 0.99
ZIP 2031.01 1078 87236.22 <0.001 80.92
ZINB 9.67 1077 3317.111 <0.001 3.08
HP 2031.02 1078 86097.46 <0.001 79.87
HNB 9.45 1077 2052.521 <0.001 1.91

AIC: average AIC

ness of fit, the Hy: Observed data comes
from discrete Weibull distribution versus
H;: the data does not come from discrete
Weibull distribution. The larger p-value of
the Pearson residual Chi-square indicates
that we fail to reject the null hypothesis, im-
plying that observed data may come from
discrete Weibull distribution. Therefore,
our results suggest that the discrete Weibull
(DW) model provides an adequate and re-
liable fit to the dengue incidence data. In
addition to the goodness of fit, PIT, a graph-
ical tool has been utilized to help deter-
mine the predictive model with greater ac-
curacy. The more deviation from unifor-
mity, the less inadequate the model is. A
histogram close to uniform (0,1) refers to
a well-calibrated predictive model, whereas
a biased central tendency, either under or
over-dispersed, is indicated by a skewed, U-
shaped, or inverse U-shaped PIT histogram
in the predicted model. From Fig. 2, it
is clearly visible that the PIT histogram is
also consistent with the results of AIC. For
instance, the PIT histograms of the mod-
els having lower AIC Values, including
Negative Binomial, discrete Weibull, zero-
inflated negative binomial and hurdle neg-
ative binomial, are roughly close to uni-
formity, as evident by the histogram in
Fig. 2. This indicates that these models
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are approximately calibrated when they are
fitted to actual datasets. But except dis-
crete Weibull, the other models don’t cap-
ture dispersion as well as zero-inflation ra-
tio properly. Thus, combining results from
both model selection procedures, the dis-
crete Weibull model has been considered
the appropriate model over all other models
in this study. Therefore, in order to iden-
tify the significant climate factors influenc-
ing dengue incidence, only regression out-
puts obtained from the discrete Weibull re-
gression model have been taken into con-
sideration, with a p-value of less than 0.05
serving as a benchmark.

As can be seen from Table 3, climatic
factors including min. temperature, max.
temperature, wind speed, and humidity are
found to have significant effects with very
low p-value (<0.001) on daily dengue in-
fected cases, whereas rainfall and visibility
do not have to actual datasets. But except
discrete Weibull, the other models don’t
capture dispersion as well as zero-inflation
ratio properly.

Thus, combining results from both
model selection procedures, the discrete
Weibull model has been considered the ap-
propriate model over all other models in
this study. Therefore, in order to identify
the significant climate factors influencing
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Fig. 2. Probability Integral Transform (PIT) histograms.

Table 3. Outputs for discrete Weibull regression model for daily dengue infected cases over the period

of 3 years, 2021 to 2023.

Variable Estimate SE IRR 95% CI for IRR p-value
Intercept -6.22 0.925 0.002 (-0.002, 0.005) <0.001***
Min. temperature 0.25 0.03 1.284 (1.21, 1.36) <0.001***
Max. temperature -0.121 0.048 0.886 (0.80, 0.97) 0.012*
Wind speed -0.346 0.066 0.707 (0.62, 0.79) <0.001***
Rainfall -0.004 0.004 0.996 (0.99, 1.01) 0.357
Visibility 0.304 0.212 1.355 (0.79, 1.92) 0.153
Humidity 0.098 0.006 1.103 (1.09, 1.12) <0.001***

*p<0.05, **p<0.01, ***p<0.001

dengue incidence, only regression outputs
obtained from the discrete Weibull regres-
sion model have been taken into considera-
tion, with a p-value of less than 0.05 serving
as a benchmark.

As can be seen from Table 3, climatic
factors including min. temperature, max.
temperature, wind speed, and humidity are
found to have significant effects with very
low p-value (<0.001) on daily dengue in-
fected cases, whereas rainfall and visibility
do not have statistically significant effects
on dengue incidence. Results from the inci-
dence risk ratio (IRR) presented in Table 3
show that when all predictors (min. tem-
perature, max. temperature, wind speed,
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rainfall, visibility, and humidity) are equal
to zero, the rate of dengue-infected cases
decreases by 99.8%. Further, keeping all
other climatic factors at a fixed level, an in-
crease in min. temperature of just 1°C in-
creases the expected dengue incidence by
28.4%, while an increase in max. tempera-
ture of just 1°C decreases the expected inci-
dence rate by 11.4%. Similar to max. tem-
perature, wind speed has a negative impact
on dengue-infected cases. For every unit
increase in wind speed, the expected num-
ber of dengue-infected cases decreases by
29.3%, assuming the values of the other rel-
evant predictor variables remain constant.
Conversely, a 1% rise in humidity causes
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Table 4. Goodness-of-fit tests for the fitted
count regression models on simulated data.

Model  AIC DF Pearson y > p-value  Dispersion
NB 9.65 1085 2214.76 <0.001 2.04
DW 9.57 1084 1067.59 0.633 0.98

ZINB 9.67 1077 2198.09 <0.001 2.04
HNB 9.62 1077 1745.51 <0.001 1.62

Frequency

T T T T 1
0 500 1000 1500 2000

simulated daily dengue cases

Fig. 3. Histogram of the simulated dengue
cases.

the expected incidence rate of dengue to in-
crease to 1.103 times holding other signifi-
cant covariates as fixed.

4. Simulation Study

To corroborate the findings obtained
from real-life application on daily dengue
cases, a simulation study was conducted.
Given that the discrete Weibull was iden-
tified as the most suitable among the fit-
ted models based on the characteristics of
the dataset, we configured a simulation set-
ting to assess the robustness of this conclu-
sion. The primary objective of this study
was to simulate daily dengue counts from
the discrete Weibull distribution that closely
mimic the real dataset and validate the per-
formance of the models using real life ap-
plication.

Therefore, the DW regression model
was fitted on real dengue dataset using the
following link function log(—log(g;)) =
Bo + B1 X min.temperature + o X
max.temperature+BsXwindspeed+ 4%
rainfall + B5 X visibility + Bg X humidity.
Hence, the estimated regression parame-

ters: B8 = (Bo,B1, B2, B3, B, Bs, )] = (-
6.22,0.25,-0.12, -0.35, -0.004, 0.30, 0.098)
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with shape parameter, « = 0.403, which
have been further used to generate the count
data of the same sample size as the origi-
nal one. Subsequently, to verify the data
structure, the histogram of the generated
count responses (Fig. 3) was evaluated,
which exhibited patterns of over-dispersion
consistent with those observed in the real
dataset. Afterwards, the NB, ZINB, HNB,
and DW regression models were fitted on
the simulated data, and DW was found as
the most suitable model, on the basis of the
values of AIC, p-value of Pearson resid-
ual Chi-square, and dispersion (Table 4).
DW was also affirmed the most suitable
model among the fitted models for the sim-
ulated data by the predictive model assess-
ment tool (Fig. 4).

5. Discussion

Dengue fever has been a major pub-
lic health threat across many countries of
the world, including Bangladesh. There
have been many analyses on dengue trans-
mission through several meteorological as
well as demographic variables. This study
aimed at focusing on influential determi-
nants of dengue infected cases in Dhaka
city, Bangladesh over the study period of
3 years, from 2021 to 2023. Due to the
excess variation across responses as well
as the over-abundance of zero counts in
the dengue infected cases, almost all possi-
ble count regression models have been em-
ployed, among which discrete Weibull re-
gression model has been chosen as the best
fitted model for our study based on the val-
ues of AIC, dispersion and the graphical ap-
proach.

The findings of this study suggest
that particular environmental factors, such
as minimum temperature, maximum tem-
perature, wind speed, and humidity are
statistically significant in determining the
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spread of dengue. On the other hand, rain-
fall and visibility had no effect on dengue
occurrences. Aedes mosquito growth usu-
ally occurs best at temperatures between
25°C and 30°C [12]. The fast growth and
development of mosquito larvae at high
temperatures causes the adult mosquitoes
to emerge earlier. While the development
process may slow down in lower temper-
atures, it may accelerate in warmer ones.
This study also confirmed this relationship
of temperature and dengue incidence in two
opposite directions. The min. tempera-
ture range of 10°C to 30.70°C observed dur-
ing the study period had a positive asso-
ciation with dengue incidence. This find-
ing is consistent with the results of other
studies conducted in Bangladesh [5], India
[38], Taiwan [25], Malaysia [20], North-
ern Italy [39], and Indonesia [40], where
the authors also reported a positive relation-
ship between temperature and dengue out-
breaks. In contrast, the max. temperature
showed an opposite result, which is in line
with some previous studies [22, 23, 26].
Excessively high wind speeds pre-
vent adult mosquitoes from flying, which

120

reduces their propensity to bite [12], which
is supported by our study findings. Wind
speed being a statistically significant en-
vironmental factor for dengue cases, de-
creases the spread of dengue incidence.
From our study, average wind speed of 2.45
knots has been observed and dengue inci-
dence rate falls by 29.3% for 1 knot in-
crease in wind speed. The highest incidence
of dengue fever was observed with wind
speeds of 5-6 knots [44]. Regarding another
study, there is inconsistency as wind speed
had a positive impact on dengue incidence
[5].

According to our study findings,
rainfall has no significant effect on dengue
outbreaks having consistency with several
studies [13, 19, 24] but studies in Indone-
sia [22], French Guiana [41], and Thailand
[42] showed a negative effect of rainfall on
dengue incidence. This might be because
excessive rainfall can wash away mosquito
larvae from breeding sites, leading to a re-
duction in mosquito populations. Dengue
incidence may be indirectly influenced by
visibility, which is defined as atmospheric
clarity or the distance at which things are
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explicitly seen. When visibility is low, peo-
ple could be less inclined to go outside or
engage in outdoor activities, which would
limit their exposure to mosquito bites. But
results from this study indicate visibility
as an insignificant risk factor for dengue
transmission, which could be that Aedes
mosquitoes, the primary dengue vector, are
day-biters and their breeding is less affected
by visibility changes compared to nocturnal
mosquitoes.

An abundance of humidity creates
ideal conditions for Aedes mosquito repro-
duction. High humidity can extend the
life of the eggs and larvae laid by these
mosquitoes in stagnant water, hastening the
development of the larvae into adults. As
a result, humid environments are better for
mosquito reproduction, raising the possibil-
ity of dengue spreading, which also vali-
dates our outcomes. Several studies also
have similar results [5, 13, 43, 44]. Con-
tradictory findings were also observed [22,
45].

6. Conclusion

This study investigates the associa-
tion between climate factors and dengue
incidence in Dhaka, Bangladesh. Our
research affirms a significant correlation
between dengue transmission and envi-
ronmental factors, specifically minimum
temperature, maximum temperature, wind
speed, and humidity. Minimum tempera-
ture and humidity demonstrate a positive in-
fluence, whereas wind speed shows a neg-
ative impact. Rainfall and visibility, how-
ever, do not appear to affect dengue trans-
mission according to our study. These find-
ings can guide policymakers in establish-
ing a climate-based warning system. Sub-
sequent endeavors may involve construct-
ing a comprehensive model integrating im-
munological, entomological, demographic,
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and climatic data to predict dengue cases ac-
curately.

Our study is subject to certain limi-
tations. While we have focused solely on
climatic factors, it’s important to acknowl-
edge that demographic and socio-economic
factors may also play a role in shaping the
prevalence of dengue incidence. Addition-
ally, beyond the six climatic factors we have
analyzed, there are other climate variables,
such as sunshine hours and seasonal vari-
ability, which could further enrich our in-
vestigation if data on these variables could
be collected. Integrating these factors into
our analysis could provide a more compre-
hensive understanding of the dynamics in-
fluencing dengue transmission. Addition-
ally, under-reported dengue cases can also
be considered. Moreover, non-linearity,
machine learning techniques along with
spatial analysis could be incorporated.
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