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Unveiling the future: Wavelet- ARIMAX @
analysis of climate and diarrhea dynamics
in Bangladesh’s Urban centers
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Abstract

Background Diarrheal infections continue to be a major public health concern in Bangladesh, especially in urban
areas where population density and environmental variables increase dissemination risks. Identifying the intricate
connections between weather variables and diarrhea epidemics is critical for developing effective public health
remedies.

Methods We deploy the novel approach of Wavelet-Autoregressive Integrated Moving Average with Exogenous
Variable (WARIMAX) and the traditional Autoregressive Integrated Moving Average with Exogenous Variable (ARIMAX)
technique to forecast the incidence of diarrhea by analyzing the influence of climate factors.

Results Higher temperatures are associated with greater diarrheal occurrences, demonstrating the vulnerability of
diarrheal epidemics to weather fluctuations. The Wavelet-ARIMAX method, which uses wavelet analysis within the
ARIMAX structure, is better at forecasting performance and model fit than the standard ARIMAX model. Based on
climatic variables, Wavelet-ARIMAX can accurately predict diarrheal occurrence, as indicated by the mean absolute
error (MAE), root mean squared error (RMSE), and root mean squared logarithmic error (RMSLE). The outcomes
highlight the necessity of employing advanced time-series modeling tools such as Wavelet-ARIMAX to better
understand and anticipate climate-health interactions. Wavelet-ARIMAX uses wavelet analysis to identify time-varying
patterns in climate-disease interactions, providing useful insights for public health initiatives.

Conclusions The results of this research have implications for climate-adaptive health planning, emphasizing the
need for focused actions to reduce the impact of climate change on diarrheal illness burdens in towns and cities.
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Introduction

Diarrhea is a major cause of disease and death, espe-
cially in underdeveloped nations where it is the leading
cause of child mortality. In 2015, diarrhea caused an esti-
mated 688 million illnesses and 499,000 deaths in chil-
dren under five years of age [1]. Diarrhea is generally a
mild illness that can be easily controlled. While diarrhea
normally disappears within a week, extended symptoms
(over seven days) could signify a serious underlying con-
dition. For persons with reduced immune systems, such
as young children, elders, and those with weakened
immunity, diarrhea can bring a greater risk. Furthermore,
it can be caused by several factors, including bacterial
infections such as E. coli or persistent problems such as
lactose intolerance [2, 3]. In neonates and young chil-
dren, recurrent diarrhea can be an indication of illnesses,
such as HIV or cryptosporidiosis [4]. In cities such as
Dhaka, Chattogram, Rajshahi, and Khulna in Bangladesh,
diarrhea rates are greatly affected by climate change.
Researchers have identified scientific evidence for the
connection between climatic conditions and infectious
diseases [5, 6]. Another study had demonstrated that cli-
matic variables greatly affect seasonal diarrhea in suscep-
tible groups, particularly in children under 5 years of age
[7-9]. There are several reasons why it is vital to under-
stand the association between climatic conditions and
diarrhea. First, climatic conditions may alter the survival
and transit of pathogenic microorganisms that might
cause diarrhea. A greater understanding of the associa-
tion between climate and diarrhea may enable us to fore-
cast epidemics of this illness, which can help healthcare
systems and physicians be better prepared. Second, cli-
mate is one of the primary variables for the availability of
water, and changes in the environment can lead to con-
tamination of water sources. A greater understanding of
how climate change may affect diarrhea may help to limit
the dissemination of waterborne infections. Finally, the
occurrence of diarrhea is a crucial indicator of the safety
of drinking water and water used in food production.
Epidemiological studies exploring the climate and diar-
rhea should increase our understanding of the relevance
of water contaminated with infectious organisms in the
transmission of this disease [10]. Research has demon-
strated a strong correlation between weather patterns and
epidemics. Factors include strong rains, humidity, floods,
ocean temperatures, and El Nifio-Southern Oscillation
(ENSO), all of which influence disease spread [11]. For
instance, climate change is closely associated with chol-
era outbreaks, and the relationship between ENSO and
cholera in Dhaka has changed over time [12]. However,
the actual impact of climate change on cholera in big cit-
ies, such as Dhaka, varies, and the specific ways in which
they spread inside these cities are still being studied [13].
Climate change does not affect only cholera. Researchers

Page 2 of 14

have explored its impact on various health conditions.
For example, a study in Bangladesh related climatic con-
ditions to the spread of COVID-19 [14]. Another study
revealed a correlation between variations in the Indian
Ocean Dipole and cholera outbreaks in Bangladesh, indi-
cating how climate and disease are tightly related [15]. In
Bangladesh, concerns about the health repercussions of
climate change have led to a focus on finding methods to
prevent these effects [16] [17]. suggested that the health
challenges experienced by climate-displaced persons liv-
ing in urban slums indicate disparities in vulnerability
to health issues between migrants and non-migrants in
regions such as Khulna and Bangladesh. Understanding
the association between climate and diarrhea in urban
Bangladesh is vital for its prevention and treatment. In
Bangladesh, unusual weather and topography make it
simple for diseases such as rotavirus, Shigella, cholera,
and E. coli to spread [18]. Research suggests that climate
is a key factor in the spread of cholera in large cities, such
as Dhaka and Bangladesh [19]. Therefore, it is crucial to
use chance-based models to predict cholera outbreaks.
In addition, climate change has a negative impact on
impoverished people in Bangladesh’s cities, making them
more likely to suffer from its effects [20]. The autoregres-
sive integrated moving average (ARIMA) model is fre-
quently used as a classic method for diarrhea incidence
prediction. However, it has several downsides at the same
time [21, 22]. In particular, some researchers applied the
ARIMA model in the early warning systems of diarrhea
and achieved a poor fit [21]. Several studies have demon-
strated that climatic parameters are connected with diar-
rhea and can be used to forecast its incidence [8, 23] [24].
created a multivariable ARIMA (ARIMAX) model con-
sidering temperature and rainfall and only achieved high
short-term forecast accuracy. This may be because the
ARIMAX models assume linear relationships between
the independent and dependent variables. However,
meteorological parameters have been demonstrated to be
nonlinearly linked to the pandemic of infectious diarrhea
[23, 25].

It is crucial to answer the following question: what
is the relationship between climate and the number
of diarrhea cases in Bangladesh? Meanwhile, a criti-
cal analysis of the data required for forecast models and
significant public health initiatives is required to reduce
the negative effects of climate change on human health.
Unlike previous studies that only utilized VAR, ARIMA,
ARMA, ARIMAX, and linear regression, they did not
use this new approach such WARIMAX, in Bangladesh
and other nations. Previous models performed well but
sometimes they not forecast the actual fluctuations accu-
rately. WARIMAX has added dimensions because it can
incorporate information from the time and frequency
domains, which ordinary ARIMAX models cannot.



Waliullah et al. BMC Public Health (2025) 25:318

This two-pronged strategy increases the model’s perfor-
mance in finding difficult multiple climatic and illness
patterns, resulting in higher forecasting capabilities and
comprehension that would have been overlooked by the
simplistic approach. Therefore, we attempted to identify
the primary climate variables linked to disease outbreaks
and to assess the forecast efficacy of the WARIMAX
model in accurately analyzing disease trends related to
these climatic extremes. In this study, we used a wavelet
decomposition approach to capture nonstationary time-
series data. Subsequently, we implemented the unique
WARIMAX model, which significantly improved the per-
formance and accurately forecasted the future, outper-
forming the previous traditional models. Furthermore,
this study will improve the understanding of urban health
climate influences and encourage sound public health
policies while establishing an innovative perspective on
the methodology in the field of epidemiology, thus boost-
ing the prognostic model through Wavelet-ARIMAX for
climatic diarrhea dynamics. Climate change has varying
implications for health depending on the population.

Literature review
Dhaka-based research has examined the relationship
between hospital visits for diarrhea other than cholera
and climate variability. The findings indicate that there
is a positive relationship between high and low rainfall
levels, elevated ambient temperatures, and escalation in
episodes of diarrhea. Individuals with a lower quality of
education and unclean toilet usage exhibited more severe
diarrhea [26]. Climate change has been recognized as a
substantial determinant of human health through mul-
tiple avenues, one of which is the limited availability of
potable water. Climate change is widely recognized to
have significant effects on freshwater supplies in south-
western Bangladesh, resulting in many health concerns,
including diarrhea, dysentery, and skin ailments [27]. This
research highlights the importance of health adaptation
techniques and the adoption of locally accessible adap-
tive practices to address the impacts of climate change on
water shortages and public health [27]. The occurrence of
‘climate refugees’ individuals who have been displaced as
a result of climate change has been a subject of research
in Dhaka, Bangladesh. Climate refugees exhibit a greater
prevalence of diarrhea and asthma than individuals who
are not refugees affected by climate change, resulting in a
notable increase in the number of disability-adjusted life
years (DALYs). Research indicates that the health of chil-
dren who are climate refugees is negatively affected by
their exposure to household environmental factors, spe-
cifically water and indoor air quality [28].

An initial cross-sectional survey conducted in Ban-
gladesh indicated that climate change has the potential
to affect health, particularly in vulnerable populations
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where climate-sensitive diseases, such as malaria, den-
gue, infantile diarrhea, and pneumonia, are prevalent.
The findings of this study indicate that the implementa-
tion of community-based adaptation methods for health
may have positive effects in mitigating the health impacts
associated with climate change [29].

Comparative studies conducted in Gambia and Bangla-
desh have emphasized the effects of climatic conditions
on the prevalence of diarrheal sickness. The occurrence
of diarrhea in both countries is associated with seasonal
fluctuations, reaching its highest point during the rainy
season. Additionally, research highlights the signifi-
cance of personal cleanliness, breastfeeding, and wean-
ing behaviors as non-seasonal variables that impact the
occurrence of diarrheal illnesses [30].

An investigation using multi-site time regression was
conducted to determine the immediate impact of climate
variability on hospitalizations related to childhood diar-
rhea in six administrative divisions of Bangladesh. The
research revealed that a 1 °C increase in the maximum
temperature resulted in a 4.6% increase in hospitaliza-
tions for diarrhea. However, it is essential to note that the
association between temperature and diarrhea hospital-
izations differed between the different divisions [31]. The
occurrence of significant floods in Bangladesh in 2007
resulted in a notable change in the prevalence of promi-
nent diarrheal infections. Among hospitalized patients,
Vibrio cholerae O1 (33%), rotavirus (12%), and entero-
toxigenic Escherichia coli (12%) are the most prevalent
[32]. A separate investigation concentrated on the rural
region of Matlab, Bangladesh, between 2000 and 2006.
The study revealed a substantial correlation between
extreme weather occurrences (such as the frequency of
hot days and days with intense rainfall) and an increase in
pediatric diarrheal disease. The research emphasized that
the prevalence of diarrhea was significantly influenced by
both the intensity and frequency of these harsh weather
events [33]. A study conducted in Dhaka, Bangladesh,
examined the transmission of the dengue virus, incor-
porating both mean temperature and daily temperature
changes. The study revealed that a high average tempera-
ture with minimal variation led to an increase in the inci-
dence of dengue one month later. This suggests that the
intricate connections between climate and disease inci-
dence may also apply to diarrheal disorders [34]. Multiple
studies have confirmed a direct relationship between the
surrounding temperature and the occurrence of Esch-
erichia coli, which causes diarrhea. One study found an
8% increase in the occurrence of this type of bacteria
for every 1 °C increase in the average monthly tempera-
ture [35]. The observed link exhibits consistency across
several climate zones in China, as evidenced by a posi-
tive correlation between temperature and all instances of
infectious diarrhea [36]. In a study conducted in China,
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an M-shaped curve link between temperature and the
incidence of category C notifiable infectious diarrhea was
observed. The study also indicated that the relationship
between temperature and diarrhea incidence was more
potent at higher temperatures [37]. A study conducted
in Taiwan found a strong correlation between maximum
temperature and extreme rainfall days and diarrhea-asso-
ciated morbidity, notably among children and older indi-
viduals [8].

The incidence of diarrhea among young children in
rural Tamil Nadu, India, has been linked to high tem-
peratures and heavy rainfall [38]. A time-series investiga-
tion conducted in Guangzhou, a city located in southern
China, revealed a positive correlation between low mean
temperature, relative humidity, and precipitation and
an elevated susceptibility to infectious diarrhea [39]. A
study conducted in Jiangsu Province, China, found a
correlation between meteorological parameters, includ-
ing mean temperature, relative humidity, temperature
range, rainfall, and morbidity, in children aged 0-5 years.
For individuals over 20 years of age, there is a U-shaped
relationship between mean temperature, rainfall, and dis-
ease risk [40]. The literature supports the concentration-
dilution hypothesis, which suggests that the occurrence
of diarrhea can be increased by rainfall after dry periods
owing to the flushing of pathogens into surface water.
Conversely, rainfall after wet periods can dilute pathogen
concentrations. The occurrence of diarrhea was higher
when heavy rainfall occurred after the dry intervals.
However, the opposite pattern was observed when heavy
rainfall occurred after wet periods [41]. The occurrence
of diarrhea was higher in the urban areas of Esmeraldas
Province, Ecuador, when there were significant rainfall
events followed by dry antecedent circumstances [42].
Furthermore, research conducted in Surabaya, Indone-
sia, revealed that extremely low and high temperatures,
together with low relative humidity and high precipi-
tation, were linked to heightened risks of diarrhea. The
intensity of these relationships varies across different
regions [43].

After an in-depth analysis of the previous research
paper, we found that researchers carried out their study
in Bangladesh; they did not conduct a study in a partic-
ular field such as epidemiology using WARIMAX. They
also performed a time analysis using a linear regression
model; however, they were not made any future forecast.
Additionally, researchers conducted in other nations
did not adopt the Wavelet-Arimax model and instead
employed alternative methods for future forecasting,
such as VAR, ARIMA, ARMA, ARIMAX, and linear
regression. These models are applicable to stationary
data sometimes they perform with non-stationary data,
but it needs some transformation or differencing. Most
cases, they are unable to forecast actual variations with
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non-stationary data. Also, the fact that earlier models
did well, but they occasionally failed to precisely forecast
the real fluctuations. For this reason, we use the Wave-
let-Arimax approach to capture non-stationary data and
accurately forecast the future, and we analyze four signif-
icant places: Dhaka, Khulna, Chattogram, and Rajshahi of
Bangladesh. Bangladesh was our study location of choice
because the country’s health is precarious. To observe the
effects of climatic variables on viral (diarrhea) diseases,
this study could be expanded to other countries.

Method and materials

Study area

The study area focuses divisions in Bangladesh, namely
Dhaka, Chattogram, Rajshahi and Khulna due to varia-
tion in climatic conditions, population density. Dhaka
is the capital of Bangladesh. Another study location is
Chattogram division. Chattogram is one of the largest
cities in the country, and it is the Port City of Bangladesh,
the next study locations are Khulna and Rajshahi, which
are the second and 3rd largest among eight divisions in
Bangladesh (see Fig. 1).

Data source

Our study collected data for different divisions for two
types of data: meteorological and virological (diarrhea).
From the Directorate of General Health in Bangladesh!
(DGHs), we collected this diarrhea dataset. There are 704
daily entries for each division consists of daily recorded
data of diarrheal cases, spanning January 31, 2022,
through December 12, 2023. Due to limitations on the
data availability we only have 704 entries. Data on tem-
peratures (maximum and minimum), humidity, and rain-
fall between January 31, 2022 and December 12, 2023 are
acquired from NASA’s Power? and the Bangladesh Mete-
orological Department®.

Data preprocessing

There were few missing values in diarrhea cases. We
address these missing values via linear interpolation
methods. Linear interpolation is a regularly used method
in numerous domains for guessing values between two
known data points. In the context of time series data,
linear interpolation acts as a basic yet efficient technique
for filling in missing values or providing a smoother
representation of the data. In the domain of geo-statis-
tics, linear interpolation has been compared with other
approaches like quantile kriging, showing its role as a
linear estimator for interpolating variables of interest to
unknown locations [44].

Uhttps://dghs.gov.bd/.
2https://power.larc.nasa.gov/data-access-viewer/.

Shttps://www.bmd.gov.bd/.


https://dghs.gov.bd/
https://power.larc.nasa.gov/data-access-viewer/
https://www.bmd.gov.bd/

Waliullah et al. BMC Public Health (2025) 25:318

Bangladesh

Chattogram [JJj Dhaka [ Khulna [ Rajshahi

Rajshahi
Division

Page 5 of 14

Dhaka
Division

Chattogram
Division

o)

Map: Md. Walillah « Map data: OSM -« Created with Datawrapper

Fig. 1 Map of Bangladesh

The formula of Linear Interpolation is:

(x—21) (y2 — y1)
(z2 — 1)

Y=y +

In this formula, we have the following terms: x; and
are the first coordinates, x5 and y- are the second coor-
dinates, x is the place where we execute the interpolation,
y is the interpolated value.

Stationarity test

Time series data frequently show seasonality; however,
some may not. When dealing with non-stationary data,
accurate forecasting becomes difficult and requires a
check for stationarity. In this work, we employed the ADF
test to evaluate the stationarity of a time series and estab-
lish the confidence level for further analysis and forecast-
ing. The ADF test is referred to as a “unit root test,” which
is the right way for determining time series stationarity.
Furthermore, in the context of the Augmented Dickey-
Fuller (ADF) test, the null hypothesis ( Hy) argues for the
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presence of a unit root in the time series, implying non-
stationarity. The alternative hypothesis ( H;) claims that
the time series is stationary.

Wavelet transformation

Wavelet transform is a mathematical tool that decom-
poses a signal into different frequency components,
allowing for a multi-resolution study of the data. Wave-
let has advantages in modeling seasonal and nonlinear
climate variations, which are some of the deficiencies in
traditional models, such as ARIMA and SARIMA. Incor-
porating wavelets into the model allows for the decom-
position of climate data and representation of different
frequency components, which enables the modeling of
irregular climate changes such as fluctuations in mon-
soon seasons quite accurately. There are various types
of wavelet functions are employed in wavelet trans-
formations, such as the Haar wavelet, the Daubechies
wavelet, coifflets, symlets, the biorthogonal wavelet, and
the discrete Meyer wavelet [45]. In this study, we use
Daubechies wavelet functions with level 4, due to the
best compromise between localization and smoothness.
These wavelets serve a significant role in the decomposi-
tion process, enabling the extraction of both short-term
fluctuations and long-term trends in the data. Wavelet
transforms have been intensively explored for their appli-
cations in several domains, including signal processing,
picture compression, and feature extraction [46]. The
numerous types of wavelets employed in wavelet trans-
formations give versatility in analyzing and extracting
information from signals, making the wavelet transform
an important approach in current data analysis and pro-
cessing. Wavelets effortlessly handle stationary or non-
stationary time series data and deliver better outcomes
for future forecasting. For this reason, we apply wavelet
decomposition to extract the high- and low-frequency
signals. There are two types of wavelet transformation,
namely continuous wavelet transformation (CWT) and
discrete wavelet transformation (DWT). Wavelets are
defined by the wavelet function v (t) (mother wavelet)
and scaling function ¢(t) (father wavelet) in the time
domain. Wavelets are normalized, finite, short-duration,
zero mean functions.

oo
/.
The wavelet function, typically represented as ¢ (¢), acts
as the “Mother wavelet” from which “Child wavelets”
are formed by dilation and translation operations. These
Child wavelets are then used to evaluate the input sig-
nal and produce wavelet coefficients, which offer infor-

mation about the signal’s frequency content at multiple
scales and places. The wavelets created by scaling and

¢ (t)dt =0
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translating the mother wavelet are known as “children”
wavelets. They are indicated as v, (), where k indi-
cates the translation factor, and s represents the scal-
ing factor. These parameters control how the Wavelet is
positioned and scaled relative to the original (mother)
wavelet.

Mathematically, given a mother wavelet v (¢), the off-
spring Wavelet is defined as 1 ;.  (t).

1 t—>
y ( ) i
lal a
Wavelet Transform W of a function f (t) is computed

by taking the inner product of f (¢) with the translated
and dilated versions of the mother wavelet.

Wy(a,b) = /:fa).jmw* (50) a

This equation is known as the continuous wavelet trans-
formation (CW'T) general form. Where a is the scaling
parameter, b is the shift or translation parameter, and ¢ *
is the complex conjugate function.

/(/J k,s (t) =

ARIMAX model

The ARIMA model is a frequently-used technique in
time series analysis and forecasting. ARIMA stands for
Autoregressive Integrated Moving Average. It is a math-
ematical model that helps capture trends and patterns in
time-series data, making it valuable for forecasting future
values. By incorporating autoregressive, moving average,
and differencing components, the ARIMA model pro-
vides a flexible framework for studying and forecasting
time series data. Moreover, ARIMA does not account for
exogenous variables, which may alter the time series data.
In contrast, ARIMAX combines these external aspects
into its forecasting process to generate more accurate and
comprehensive forecasts. By including important exog-
enous variables into the model, ARIMAX enables greater
accuracy in forecasting future values of time series data
while also allowing for a better understanding of their
interaction with exogenous elements. Additionally, it can
aid in spotting probable outliers within the dataset for
increased forecasting precision. Our dataset comprises
these external parameters for forecasting the occurrence
of diarrhea sickness. We selected the ARIMAX model
due to this rationale and the inclusion of exogenous fac-
tors in our dataset. And, we used autoarima algorithm
for selection the best lags for training our model, which
identifies optimal lag structures based on model perfor-
mance and AIC criteria. Therefore, we advocate adopting
the ARIMAX model instead of the usual ARIMA model
for our investigation.
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The Autoregressive (AR) model is stated as following
Eq. (1):

Yi=a+7 Y +7Yeo+... +7,Yp + 7, p>0 (1)

Here p=1,2,3,... ....
The Moving Average (MA) model is written as follow-
ing Eq. (2):

Yi=a +0iei1+0aei0+... +04eq+7,¢>0 (2)

Here ¢ =1,2,3,... .
Exogenous Term as follows Eq. (3):

Yi=a +8 X1+ BXoi+?+ Bk Xpe +7, k>0 (3)

Here k =1,2,3,... .
The mathematical equation for the ARIMAX model
can be written as Eq. (4):

Y:
=a +7v Y1+ +7 Y (4)
+O0re1+... FOgeg+ B X1+ + B, X + 7

Y; indicates the value of the time series at time t (
t=1,23,....). a is a constant or intercept term.
Y1, Y2, 7Vsg are the autoregressive parameters, repre-
senting the coefficients of the lagged values of the time
seriesand €1, 62, 6 3 are the moving average param-
eters, representing the coefficients of the past forecast
errors. Here, X X5, X3 are exogenous variables at a
time, and (3 8, (3 5 are the coefficients associated with
the exogenous variables. p is the order of the autoregres-
sive (AR) component. q is the order of the moving aver-
age (MA) component. k is the number of exogenous
variables.

Model evaluation

After finishing our model training, we evaluate model
performance using multiple techniques: mean absolute
error (MAE), Root Mean Squared Logarithmic Error
(RMSLE), Mean squared error (MSE), and Root mean
squared error (RMSE).

Mean absolute error

The Mean Absolute Error (MAE) is derived as the aver-
age of the absolute discrepancies between the forecasted
values Y; and the actual observed values Y;, Mathemati-
cally denoted as follows:

1 ~
MAE=—3% LY, - ¥
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Mean squared error

Mean Squared Error (MSE) is calculated as the average
of the squared deviations between the forecasted values
Y; and the actual observed values Y;, Mathematically
expressed as follows:

1 N2
MSE:EZ ?:1(Yt—Yt)

Root mean squared error

Root Mean Squared Error (RMSE) is calculated as the
square root of the average of the squared discrepancies
between the forecasted values Y; and the actual observed
values Y; , Mathematically stated as follows:

RMSE = \/7112 v (vi- 1)

Root mean squared logarithmic error

RMSLE stands for Root Mean Squared Logarithmic
Error. It is the square root of the mean squared logarith-
mic error (MSLE). It is another popular statistic used to
evaluate model performance, particularly in regression
assignments where the target variable spans multiple
orders of magnitude. Mathematically, the Root Mean
Squared Logarithmic Error (RMSLE) is calculated as:

1 = 2
RMSLE = \/E Z 7 (log(Ye +1) —log(Y; + 1))

Results

The research area exhibits significant variability in envi-
ronmental parameters and the prevalence of diarrhea
across different places, as indicated by the descriptive
data in Table 1.

The study employed correlation analysis to investigate
the associations between the occurrence of diarrhea and
various environmental parameters, including minimum
temperature, maximum temperature, humidity, and pre-
cipitation, across diverse geographical areas. Table 2 pro-
vide a summary of the correlation coefficients for each
location.

According to Fig. 2, the fourth level of Daubechies
wavelet decomposition divides the information con-
tained in the signal into several frequency bands, allow-
ing for the observation of both the overall trend and
its rapid variations. But levels 1, 2, and 3 do not per-
form well compared to level 4. For this reason, we take
level 4, we employ wavelet decomposition to obtain
detailed and approximated coefficients. Furthermore, the
denoised approximation and detailed coefficients found
the specific coefficient values for eliminating the trend
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Table 1 Descriptive analysis on different region
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Location Diarrhea Min temp Max temp Humidity Precipitation
Dhaka Mean 3475 21.88 3041 77.68 6.39
Std 26.05 5.19 3.79 12.21 11.37
Min 0 9.31 20 39.31 0
Max 230 27.65 40.07 95.62 149.91
Chattogram Mean 33.01 20.73 30.83 79.97 7.63
Std 30.16 522 3.78 9.76 12.76
Min 0 7.86 2038 46.25 0
Max 294 26.52 41.26 97.25 111.76
Khulna Mean 4361 21.54 3155 75.14 5.09
Std 3017 549 4.39 14.36 9.82
Min 0 7.52 2035 28.44 0
Max 166 28.01 43.88 95.44 143.91
Rajshahi Mean 55.05 21.24 31.74 70.62 415
Std 21.66 593 493 16.1 7.95
Min 0 734 20.01 26.06 0
Max 173 28.67 44.34 95.12 86.84
Table 2 Correlation analysis between daily diarrhea and meteorological variables
Location Diarrhea Mini temp Max temp Humidity Precipitation
Dhaka Diarrhea 1 0.2112 0.3483 -0.0829 -0.0232
Min Temp 02112 1 0.7452 0.4467 0.3765
Max Temp 0.3483 0.7452 1 -0.1751 0.0398
Humidity -0.0829 04467 -0.1751 1 04333
Precipitation -0.0232 0.3765 0.0398 04333 1
Chattogram Diarrhea 1 0.3236 0.2825 0.0868 0.1189
Min Temp 0.3236 1 0.7505 04571 04258
Max Temp 0.2825 0.7505 1 -0.1488 0.0620
Humidity 0.0868 04571 -0.1488 1 0.5008
Precipitation 0.1189 04258 0.0620 0.5008 1
Khulna Diarrhea 1.0000 -0.0907 03533 -0.4953 -0.1664
Min Temp -0.0907 1.0000 0.6689 03673 03324
Max Temp 0.3533 0.6689 1.0000 -0.3672 -0.0419
Humidity -0.4953 03673 -0.3672 1.0000 0.4066
Precipitation -0.1664 0.3324 -0.0419 0.4066 1.0000
Rajshahi Diarrhea 1 0.2676 0.4392 -0.2306 -0.0436
Min Temp 0.2676 1 0.7366 0.2611 03743
Max Temp 04392 0.7366 1 -0.3966 0.0261
Humidity -0.2306 02611 -0.3966 1 0.3998
Precipitation -0.0436 0.3743 0.0261 0.3998 1

and seasonality and reconstructed these values. In this
instance, a scaleogram graph for cases of diarrhea was
mentioned. The original data was displayed on the right
side of this figure, while the denoised data signal was dis-
played on the left. Moreover, we see that original data
have some noise, which is indicated in upper side of the
images. After using wavelet, the noised is removed from
the data, and its normalize the data for better outcome.

Model selection

Choosing a suitable model is essential for the pre-
cise forecasting of diarrhea occurrences. The model
exhibiting the lowest AIC value indicates the optimal

equilibrium between the quality of fit and the intricacy of
the model. The findings mentioned above offer significant
insights into the appropriateness of models in forecasting
the occurrence of diarrhea in various geographical areas.
This knowledge can be helpful in informing public health
planning and intervention measures. Using the autoar-
ima method, the Akaike Information Criterion (AIC) was
utilized to assess and choose the most appropriate mod-
els for forecasting the occurrence of diarrhea in various
geographical areas. Table 3 is a comprehensive overview
of the AIC values and chosen models for each respective
region.



Waliullah et al. BMC Public Health (2025) 25:318

Time Seris Plot (Dhaka)

= Diarrhea
200 - ~— Minimum Temperature
= Maximum Temperature
w—— Humidity
- Preceptation
100 -
0 =
T T T T T
02?2 022 023 023 023
pet 2 ger? g g7 ec?
Time Seris Plot (Khulna)
w— Drarrhea
150 - = Minimum Temperature
w— Maximum Temperature
w— Humidity
— Pre(eptaynun
100 A
50 -
0 -
T T T T T
02? 022 023 023 023
P Ll I ec?

Fig. 2 Time series plot of diarrhea and weather variables

Table 3 Model selection

Region WARIMAX ARIMAX
Bestmodel AlCvalue Bestmodel AICvalue
Dhaka (2,1,0 582440 (1,1,1) 4672525
Chattogram ~ (2,1,0) 18.024 0,1,2) 4933.656
Khulna (5,1,0) -416.062 (1,1,1) 4560.109
Rajshahi (2,1,0 -290.618 (1,1,1) 4411610
Table 4 Our model performance
Division Model MAE RMSE RMSLE
Dhaka WARIMAX 0.067 0.096 0.005
ARIMAX 4.346 8.094 0431
Chattogram WARIMA 0.122 0.193 0.003
ARIMAX 7.584 12.006 0217
Khulna WARIMAX 0.084 0.117 0.005
ARIMAX 7.187 10.889 0435
Rajshahi WARIMAX 0.112 0.171 0.003
ARIMAX 5441 9.381 0374

Model evaluation

In this study, we conducted a comparative analysis of
the ARIMAX and WARIMAX models in their ability to
forecast the incidence of diarrhea across several divi-
sions. The evaluation metrics included in this analysis
included the mean absolute error (MAE), root mean
squared error (RMSE), and root mean squared logarith-
mic error (RMSLE). Smaller numbers are indicative of
higher levels of model accuracy. The WARIMAX models
consistently demonstrated superior performance com-
pared to the ARIMAX models across all divisions, as
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Time Seris Plot (Chattogram)
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indicated by lower values of MAE, RMSE, and RMSLE
(in Table 4). The findings indicate that the inclusion of
exogenous variables, such as weather data, in WARIMAX
models enhances the precision of diarrhea incidence
forecast. The significance of including external factors in
time series forecasting, particularly in public health situa-
tions, is shown by the notable disparities in performance
measures seen between ARIMAX and WARIMAX mod-
els. The results emphasize the potential advantages of
employing sophisticated modeling tools such as WARI-
MAX in providing insights for public health treatments
and policies on resource allocation. The wavelet process-
ing aspect supports the model’s detection of oscillating
patterns, making it more useful in areas with extreme
weather conditions that change seasonally. However,
incorporating new health and environmental elements
could improve the model’s performance, allowing it to
function better in various circumstances.

Model Forecast

According to Figs. 3 and 4, compare how the two mod-
els perform when forecasting where diarrhea will occur
in Dhaka, Chattogram, Rajshahi, and Khulna. The
WARIMAX model foresees more smoothly in line with
the observed trends in reality than the ARIMAX model
prognosticates, which are irregularly wild compared with
actuality but show a higher number of ceremonial forms
than the other. In contrast to the more stable WARIMAX
forecast, the notable spikes and erratic behaviors found
in the ARIMAX forecast, particularly in Chattogram and
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Fig. 3 Diarrhea Scaleogram Graph (De-noised by wavelet decomposition technique)
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Fig. 4 Diarrhea forecasting by Wavelet-ARIMAX model

Rajshahi, suggest its susceptibility to their variations. The
key result was that the ARIMAX model could not match
the performance of the WARIMAX model in terms of
both accuracy and stability; as such, it remains a bet-
ter alternative for disease surveillance by public health
officers. By giving consistent forecasts without much
fluctuation in values, the WARIMAX model can greatly
contribute to providing a smooth-running way to handle
diarrhea cases.
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Discussion

According to Table 1, Rajshahi had the most significant
average prevalence of diarrhea (55.05) of the places ana-
lyzed, followed by Khulna (43.61), Dhaka (34.75), and
Chattogram (33.01). The data reveals a significant variety
in diarrhea rates, as evidenced by the standard deviations.
Rajshahi exhibits the lowest deviation of 21.66, whereas
Chattogram demonstrates the most considerable vari-
ance of 30.16. Dhaka exhibits the most significant average
minimum temperature (21.88 °C), whereas Chattogram
has the lowest (20.73 °C). Rajshahi has the most signifi-
cant average maximum temperature, measuring 31.74 °C,
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while Chattogram has the lowest average maximum tem-
perature, measuring 30.83 °C. The standard deviations
indicate a high level of temperature uniformity among
the several places. Differences in humidity levels are evi-
dent, as Chattogram has the highest average humidity of
79.97, while Rajshahi demonstrates the lowest average
humidity of 70.62%. Significant disparities in precipita-
tion levels are observed, as Dhaka exhibits the highest
average precipitation (6.39 mm) and Chattogram demon-
strates the lowest (7.63 mm).

According to Fig. 5, from 1 January 2022 to 5 Decem-
ber 2023, there were 23,211 diarrhea cases in the Dhaka
division, 19,908 diarrhea cases in Chattogram division,
36,405 diarrhea cases in Rajshahi division, and 29,635
diarrhea cases in Khulna division. The highest num-
ber of diarrhea cases (230) were reported in Dhaka on
November 4, 2022, followed by 294 in Chattogram on
July 1, 2023, 166 in Khulna on April 24, 2022, and 173
in Rajshahi on April 16, 2022. In this work, the selected
markers of diarrhea cases in four divisions of Bangladesh
have been utilized in conjunction with daily precipitation
indexes, humidity levels, and temperature (maximum and
minimum). Figure 5 depict a time series plot of the num-
ber of diarrhea cases, temperature, humidity, and rainfall
from January 2022 to December 2023, respectively.

From Table 2, there exists a positive link between the
incidence of diarrhea and temperature across all geo-
graphical locations. Moderate positive associations have
been discovered between the incidence of diarrhea and
both lowest and maximum temperatures in the cities of
Dhaka and Chattogram. Likewise, in the cities of Rajshahi
and Khulna, there exists a moderate positive association
between the frequency of diarrhea and maximum tem-
perature. At the same time, a weaker correlation is shown

ARIMAX Forecast (Dhaka)

3 m— Actual

= 50 A —— Predicted

-

=

L]

(a]

o T T T T T L §
23 23 23 23 23

pud 20 ceP 20 oct 20 NoV 20 pec 20
ARIMAX Forecast (Khulna)

g m— Actual

£ 50 1 —— Predicted

-

=

5

n o -

puo 20135ep 20230(.1 7-023“0‘J 7'0230e¢— 2023

Fig. 5 Diarrhea forecasting by ARIMAX model
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between diarrhea incidence and minimum temperature.
There are diverse associations between humidity and the
occurrence of diarrhea in different geographical areas. A
weak negative association exists between the incidence
of diarrhea and humidity in Dhaka and Chattogram,
indicating that higher humidity levels may be linked to
reduced diarrhea incidence. Nevertheless, the associa-
tion between the occurrence of diarrhea and humidity in
Rajshahi and Khulna is either minimal or inconsequen-
tial. The association between precipitation and diarrhea
incidence is weak to nonexistent in all locations, suggest-
ing that rainfall may not have a substantial impact on the
prevalence of diarrhea in these places.

According to Table 3, the WARIMAX model with
parameters (2,1,0) demonstrated the lowest AIC value
(582.440) for Dhaka, indicating a strong agreement
between the model and the data in this particular loca-
tion. The AIC value (18.024) of the WARIMAX model
with parameters (2,1,0) was found to be the lowest, sug-
gesting that it provides the most accurate fit for the data
in Chattogram. The WARIMAX model with parameters
(5,1,0) exhibited the lowest AIC value (-416.062) among
the models examined, indicating its superior suitability
for the data in Khulna. The WARIMAX model, equipped
with parameters (2,1,0), demonstrated the most favorable
fit for the data in Rajshahi, as seen by its lowest AIC value
(-290.618). For Dhaka, Khulna, and Rajshahi, the ARI-
MAX model with parameters (1,1,1) demonstrated the
lowest AIC value (4672.525), (4560.109) and (4411.610)
respectively, indicating a strong agreement between the
model and the data in this particular location. The AIC
value (4933.656) of the ARIMAX model with parameters
(0,1,2) was found to be the lowest, suggesting that it pro-
vides the most accurate fit for the data in Chattogram.
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Table 5 Previous research model performance

Study Model MAE RMSE
[47] ARIMA 09173 1.1100
GRNN 0.8266 1.3073
ARIMA-GRNN 0.1933 0.4665
[48] ARIMAX - 0.46
ARIMA - 045
RF - 0.04
[49] ARIMA - -
LSTM - 0.21
SVM - 022
[50] BPNN 29.136 40.367
SVM 38461 49.909
RF 35.030 48.144
[51] SARIMA 11 147
[52] ARIMA 89.0302 138.8356
GRNN 134.5960 265.7046
ARIMA-GRNN 85.0429 140.6426

Our models (Table 4) outperform prior studies
(Table 5), as evidenced by decreased RMSE and MAE
values across regions. For example, in Dhaka, the WARI-
MAX model had an MAE of 0.067 and an RMSE of 0.096,
whereas in Chattogram, it had an MAE of 0.122 and an
RMSE of 0.193. In previous studies, the ARIMA-Gen-
eralized Regression Neural Network (ARIMA-GRNN)
model produced significantly higher error metrics, with
RMSE values of 0.4665 [47] and 140.6426 [52], and MAE
values of 0.1933 [47] and 85.0429 [52]. This considerable
reduction in error statistics indicates the efficacy of our
models across multiple divisions; alternatively, the RF
model recorded a lower RMSE of 0.04 in another study
[48]. Also, performances of the ARIMA model depend
on RMSE; 1.1100, 0.45, 14.7, and 138.8356 are mod-
erately satisfactory [47, 48, 51, 52]ss. One study used
Long Short-Term Memory (LSTM) and Support Vector
Machine (SVM) in their work; they found lower RMSE
scores of 0.21 and 0.22 [52]. While these models are not
good enough, they cannot reach the lower error rates that
characterize our WARIMAX and ARIMAX models. Our
new models indicate how they can be used in practical
forecasting to improve accuracy in diarrhea outbreaks,
therefore useful for resource allocation and planning
cities.

Conclusion and recommendations

The aim of this work is to forecast the incidence of diar-
rhea by analyzing the influence of climate factors and jus-
tify the forecasted efficiency of the unique WARIMAX
model in appropriately analyzing illness trends con-
nected to these climate variables, for Bangladesh’s four
important divisions such as Dhaka, Chattogram, Khulna,
and Rajshahi in order to design and test a diarrhea fore-
casting model. Due to its auto-regressive characteristics,

Page 12 of 14

seasonal behavior pattern, and influence of the weather
variable on diarrhea incidence, the Wavelet-auto-regres-
sive-integrated-moving-average with exogenous vari-
able (WARIMAX) model was determined to be a good
fit for diarrhea forecasting. The WARIMAX models
demonstrated a high correlation between the incidence
of diarrhea and the following climate variables: rain-
fall, maximum temperature, minimum temperature,
and humidity. This study also showed that different
regions and climate variables have different relation-
ships between diarrhea incidence and climate variables.
In comparison to the ARIMAX model, the WARIMAX
model performs significantly better at forecasting. Thus,
a context-sensitive model of diarrhea is one that varies
its climate input features across space. Consequently, to
forecast an event of diarrhea, one should study weather
parameters that distinguish each place.

Health care workers and epidemiologists would get
useful results from this research when making plans on
how to prevent diarrhea diseases. The increased under-
standing of the environmental and weather variables
contributing to diarrhea epidemics would benefit an
epidemiologist. A medical practitioner can get ready for
possible coping and adaptation mechanisms for Bangla-
desh’s possible health hazards associated with climate
change. Additionally, this research advances the creation
of a diarrhea early warning system based on climate. In
response to the current climatic change, decision makers
may consider launching public health programs aimed
at improving cleanliness. Furthermore, because cli-
mate variables and public health are inextricably linked,
improved inter-sectoral collaboration is required across
meteorological services, public health, and disaster man-
agement sectors. This way, climate-sensitive health-care
policies and initiatives can be implemented to not only
mitigate the effects of climate change on health-care sys-
tems, but also to reduce diseases. The scope of utilization
of the Wavelet-ARIMAX goes beyond the geographical
boundaries of Bangladesh and hence provides an ana-
lytical insight that can be used in different situations and
complicated systems around the world.

Limitations and Future aspects

The study’s focus on only four divisions of Bangladesh
makes it difficult to generalize the findings. Over time,
research on the divisions of all countries or regions with
similar climates should be explored. The Wavelet-ARI-
MAX model is effective, but it is difficult and requires
specific expertise, which may limit its applicability in
public health practice. Its applicability is also quite sen-
sitive to the model's parameters, such as the wavelet
employed and the inclusion of seasonal factors. To make
it more understandable and user-friendly, consider sim-
plifying the model or comparing it to simpler methods
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such as machine learning methodologies. Finally, addi-
tional research may authenticate the WARIMAX model
throughout include external variables such as supplemen-
tary climate variables, demographic data and socioeco-
nomic variables or health systems to better understand
the relationship between climate and health.
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