Heliyon 10 (2024) e35087

Contents lists available at ScienceDirect

52 CelPress Heliyon

journal homepage: www.cell.com/heliyon

Research article :.) |

Check for

Effects of extreme climate events and child mortality on total i
fertility rate in Bangladesh

Shah Md Atiqul Haq™ ', Muhammad Abdul Baker Chowdhury ", Khandaker
Jafor Ahmed ¢, Md Jamal Uddin ¢

# Department of Sociology, Shahjalal University of Science and Technology, Sylhet, 3114, Bangladesh

® Department of Neurosurgery, University of Florida, Gainesville, FL, 32608, USA

€ School for Environment and Sustainability (SEAS), University of Michigan, Ann Arbor, MI, 48109, USA

4 Department of Statistics, Shahjalal University of Science and Technology, Sylhet, 3114, Bangladesh and Department of General Educational and
Development, Daffodil International University, Dhaka, Bangladesh

ARTICLE INFO ABSTRACT

Keywords: Floods, storms, and temperature extremes are examples of extreme weather events that have a
Floods substantial influence on a country’s demographic dynamics, including migration, fertility, and
Storms

mortality. Changes in population size, composition, and distribution may result from these oc-
currences. This study, which spans the years 1966-2018, looks at how Bangladesh’s total fertility
rate (TFR) is affected by extreme weather events and child mortality, including neonatal, infant,
male infant, and under-five mortality. We use data from secondary publicly accessible sources,
such as the World Bank and The Emergency Events Database (EM-DAT), and we investigate the
correlations using the autoregressive integrated moving average model (ARIMA), complemented
by bivariate and multivariable analyses.

Our findings from the univariate analysis are noteworthy. Total extreme climate events (p =
—0.345, 95 % CI: 0.510, —0.180), as well as individual extreme climate events, such as extreme
temperatures (f = —1.176, 95 % CI: 1.88, —0.47), floods (p = —0.644, 95 % CI: 1.0729, —0.216),
and storms (f = —0.351, 95 % CI: 0.63159, —0.07154), exhibited negative associations with the
TFR. Additionally, factors such as contraceptive prevalence rate (CPR) (B = —0.085, 95 % CI:
0.09072, —0.07954) and gross national income (GNI) per capita (f = —0.003, 95 % CI:
0.0041123, —0.0024234) were negatively correlated with the TFR. Conversely, various categories
of child mortality, namely, infants (§ = 0.041, 95 % CI: 0.040474, 0.042748), males (p = 0.038,
95 % CI:0.037719, 0.039891), and under-five (§ = 0.026, 95 % CI:0.025684, 0.026979) - are
positively associated with TFR. Controlling for two pivotal confounding factors, time and GNI per
capita, yielded consistent results in the multivariate analysis. These findings provide insight on
the dual impact of extreme weather events, which can reduce TFR while also raising it through
infant mortality. This phenomena may be due to the increased vulnerability of younger children
in climate-event-prone areas, prompting parents to seek additional children as both a replacement
for lost offspring and an insurance mechanism against future child loss.
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1. Introduction and background

Scholars underscore the urgent need to investigate the intricate relationship between disasters, child mortality, and fertility,
especially in areas experiencing rapid population growth, such as Bangladesh [1]. Building on this foundation, subsequent studies by
Casey et al. and Muttarak emphasize the profound influence of disasters on fertility rates [2,3]. As climate change exacerbates global
vulnerability, it is crucial to explore how severe weather events impact fertility rates. Bangladesh has been the subject of numerous
fertility studies [4-6], examining various trends and shifts.

Recent research in Bangladesh reveals that families who experience damaged homes often seek refuge in temporary storm shelters,
where women typically reside while men repair their homes [7,8]. This finding suggests that extreme climate events might increase
fertility in highly disaster-prone areas, potentially due to an increased preference for male children [6]. In the aftermath of catastrophic
weather events and displacement to temporary shelters, families may feel a need for more male children to assist with labor-intensive
chores such as restoring destroyed homes or maintaining household livelihoods. However, a research conducted by Haq and Ahmed in
Bangladesh contradicts this premise, indicating that women in areas more severely impacted by floods and cyclones have lower
fertility rates than those in regions with fewer extreme climatic events [9]. For example, the devastating floods in Bangladesh in 1988
resulted in illness and mortality, notably among infants under one year old, with drowning emerging as the leading cause of death
among children aged 1-4 years [10]. Drowning rates in Bangladesh exceed those in other developing countries, with rural commu-
nities, which are socioeconomically vulnerable to catastrophic weather events such as floods and cyclones, suffering the burden [10].
Furthermore, exposure to external risk factors, such as severe weather occurrences, may increase neonatal death rates.

In Bangladesh, several research studies have highlighted the socio-economic factors that influence fertility and the birth choices of
sons and daughters. These factors include education, income, poverty, women’s empowerment, employment opportunities [11],
family planning awareness and societal influence [12]. Fertility rates vary considerably between urban and rural areas, as well as
between regions [13]. Disadvantaged socio-economic groups are more vulnerable to violent climatic disasters [1]. Women from lower
socio-economic backgrounds are less likely to want more children when temperatures are high, and are more likely to use family
planning methods [14]. Wealthier people often have less desire for children than their peers of lower economic status [15]. In addition,
the number of children per woman decreases as monthly household income increases [16]. Floods have a considerable impact on the
demographic mobility of poor people living in flood-prone areas [17] and can influence contraceptive use [18].

Recognizing the substantial contributions of previous research elucidating the various factors guiding fertility transitions in
Bangladesh, such as education, employment, age at marriage, contraceptive prevalence and socio-cultural aspects such as religion [15,
19-25], our study moves forward. We broaden the horizons of our investigation by looking at the field of disasters and infant mortality,
and their influence on fertility rates in Bangladesh.

Bangladesh stands out for the combined efforts of governmental and non-governmental groups in the field of family planning.
Major organizations such as World Vision Bangladesh, BRAC Bangladesh and the International Centre for Diarrhoeal Disease Research,
Bangladesh (ICDDRB) have worked continuously with the Bangladesh government, forming important partnerships that have shaped
health initiatives and provided reproductive health services to a wide range of rural and remote areas [26]. Since its inception in the
1970s, Bangladesh’s National Family Planning Program (NFP) has benefited from funding from a number of domestic and foreign
donor organizations, advancing research methodologies and facilitating effective program delivery. Family Welfare Assistants (FWAs),
or field workers, are an essential part of the outreach services offered to married couples by the Bangladesh Family Planning
Department. Every two months, these family assistants stay in touch with the same families or couples, register new marriages,
encourage the adoption of family planning, distribute contraceptives and help with referrals to family planning centers for prenatal,
postnatal and spontaneous vaginal births [27].

The CPR in Bangladesh has increased continuously since it was first introduced in 1975. The CPR increased by 54 % between 1975
and 2014, and this tendency has persisted. The latest statistics indicates that 62 % of married women in Bangladesh who are of
reproductive age utilize modern methods of contraception, out of 52 % of these women. With 16 % of users coming from the social
work field and 40 % from the public sector, social workers are the primary source of modern contraceptive usage. However, 5 % of
modern method users receive help from non-governmental organizations [28].

Bangladesh is experiencing an increasing frequency of storms and floods, both exacerbated by the devastating effects of climate
change. To understand the complex link between extreme weather events and their effects on fertility, this study drew on historical
patterns across a range of disaster categories, including floods, storms, severe cold spells, and mortality inequalities, including
neonatal, male and under-five mortality. While many studies have been carried out on how extreme weather conditions affect mor-
tality rates, not as much is known about how catastrophic weather events affect fertility dynamics. The existing literature on this
subject presents conflicting results, with some studies suggesting that fertility rates may increase [29,30] while others propose a
decline [31,32] following major climatic disasters. In order to better understand the complexities surrounding population policies and
the effects of catastrophic weather events and climate change, this study examined the influence of various forms of extreme weather
events, focusing particularly on newborn, male and child mortality, on TFR. This study specifically looked at the relationship between
several types of extreme weather events and death rates in Bangladesh, a developing country where children are particularly
vulnerable to the consequences of these occurrences [33,34]. This study’s primary goal was to investigate the associations between
Bangladesh’s overall fertility rates, infant mortality, and various types of extreme weather events.

This study examines the complex links between different disasters, indicators of infant mortality and the TFR in Bangladesh, of-
fering a new perspective on the dynamics of climate and fertility. It examines how certain categories of infant mortality, floods and
storms interact to affect fertility patterns as a whole. This study highlights the interdependence of these variables rather than their
separate assessment, enhancing our understanding of the complex relationship between climate and fertility. Our study aimed to
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evaluate the impact of various extreme climate events on Bangladesh’s TFR and examine the influence of child mortality on TFR. The
present study also investigated the role of CPR in this context to contribute to targeted interventions and family planning strategies.
These findings contribute to understanding the dynamics between climate and fertility and highlight the importance of addressing
child mortality in reproductive health policy and recognizing regional differences and sociocultural factors in developing well-
informed social policies.

2. Literature review

The impact of extreme climate events is multifaceted, including various dimensions such as socioeconomic conditions [7,35];
population dynamics, including both structure and size [1,6]; reproductive choices [33,34,36]; and mortality, specifically neonatal,
infant, and child mortality [1,6,37,38]. Severe weather events have direct and indirect impacts on demographic dynamics. These
effects include changes in socioeconomic conditions, child mortality, migration and relocation patterns, access to reproductive health
services, and the emergence of poor nutritional status [37,38]. These events also impact the desire to have a son or daughter at birth, as
well as fertility [34].

Numerous research’ empirical findings highlight the complex relationship between extreme weather events like temperature and
precipitation and reproduction. For example, in the United States, higher temperatures have been found to cause a nine-month decline
in birth rates [39,40]. Even after adjusting for age and education, Cho revealed how a day with a high temperature of 30-32 °C lowers
the birth rate in South Korea compared to a day with a temperature of 28-30 °C, indicating a decline in pregnancies linked to severe
temperatures [41]. Furthermore, in Indonesia, delayed rainy seasons in the previous year were associated with higher fertility and
lower use of family planning techniques [14]. Compared to unaffected areas, the consequences of a storm can result in a prolonged
interval of 4-6 years before fertility rates return to normal in disaster-affected regions [30]. Flood research, such as studies by Tong
et al. [42], show variations in birth rates in North Dakota between 1994 and 1996 and between 1997 and 2000. The birth rate fell from
13.1 births per 1,000 inhabitants before the crisis to 12.2 births per 1,000 inhabitants after the crisis. Fertility patterns throughout the
post-storm era, however, were contradictory, with some research showing an increase [29,30] and others showing a decrease [43,44].
On the other hand, low fertility has continuously been linked to periods of intense heat [14,40,41,45-47]. Above-average or severe
rainfall, particularly in areas like Bangladesh, Indonesia, Mali, Mexico, and sub-Saharan Africa, is associated with higher birth rates
than temperature-related occurrences [14,48,49,47,50].

In addition, there is a strong correlation between mortality and fertility [51]. Notably, people often choose to have more children in
response to anticipated disaster risks [9], motivated by the need to replace lost children [52], which in turn influences decisions to
have more children [53]. The cases of women who had no children before the 2004 Indian Ocean tsunami and who reported that they
planned to become pregnant soon after the event [54]. Couples who have lost one child may decide to try for another to compensate for
the one they have lost [55]. On the other hand, some at-risk individuals may be less inclined to desire children following climatic
shocks. When extreme weather events become more frequent, people often worry about the increased risk of losing their children [56].
The belief that having more male offspring could contribute to recovery and repair efforts during and after crises [33,54,57] and
provide a kind of insurance against extreme weather disasters [51,57] may be behind this trend.

The preference for male offspring in areas vulnerable to severe weather is sometimes attributed to the idea that sons confer ad-
vantages [51,58]. In these areas, male children can provide physical labor, financial support and security during hard times, so families
may see them as a kind of insurance or security. Sons are also expected to take care of their parents as they age, acting as a long-term
safety net in Bangladesh [6,9]. This view confirms the preference for male offspring, particularly in regions where climate change risks
are high [9,48].

3. Methodology
3.1. Data source and study population

Secondary data on extreme weather events, mortality and fertility in Bangladesh were analyzed for the study from a variety of
open-access sources. The EM-DAT is a comprehensive archive of extreme weather events dating back to 1900. It can be accessed at
https://www.emdat.be/. The International Federation of Red Cross and Red Crescent Societies, government agencies, research groups
and insurance companies are among the sources of data collected for this database, which is managed by the Centre for Research on the
Epidemiology of Disasters (CRED). For disaster-related research, EM-DAT is widely used by economists, public health researchers and
child health researchers [59]. It is important to note that once the user has registered and logged in, EM-DAT is available for free,
non-commercial use.

The data provided by EM-DAT for each disaster event include critical details, including the event’s location, classification (e.g.,
severe weather, floods, storms), commencement and conclusion dates, and associated impacts (e.g., fatalities, injuries, displacement,
and estimated damages). In the present study, information on disasters in Bangladesh from 1966 to 2018 was extracted using EM-
DAT’s online data query tool. These recorded events included climatic, hydrological, and meteorological threats, with a particular
focus on extreme temperature events, including heat waves (maximum temperature values in °C) and cold waves (minimum tem-
perature values in °C). Additionally, floods and storms were considered as the primary risk categories. The individual variables
extracted from the database were obtained annually. We conducted our analysis by summing the number of disaster events annually to
understand trends over time.

A cold wave, according to EM-DAT, is characterized by unusually low temperatures that last for two or more days and may be made
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worse by strong winds. The precise temperature thresholds used to identify a cold wave differ depending on the region. In a similar
vein, a heat wave is described by EM-DAT as a stretch of particularly hot and/or humid weather that persists for two or more days.
Once more, the exact temperature thresholds used to identify heat waves differ depending on the region. If a heat wave or cold wave is
proclaimed by the Bangladesh Meteorological Department (BMD), it is recorded by EM-DAT. To characterize weather patterns, the
Bangladesh Meteorological Department uses several classifications for hot and cold waves. They are classed into three types: mild cold
snaps (when the minimum temperature is between 8 and 10 °C), moderate cold snaps (when the minimum temperature is between 6
and 8 °C), and severe cold snaps (when the minimum temperature is less than 6 °C). Similarly, heat waves are classed as mild,
moderate, or severe based on their peak temperature. A heat wave is classed as mild if the highest temperature is between 36 and 38 °C,
moderate if it is between 38 and 40 °C, and severe if it is higher than 40 °C [60].

Storms in Bangladesh include various types, such as derechos, hail, lightning/thunderstorms, sand/dust storms, storm surges,
tornadoes, winter storms/blizzards, extra-tropical storms, and tropical cyclones. Our study broadly considers storms, regardless of
their type.

These are the broad flood categories defined by EM-DAT; our study includes all floods regardless of type. Floods include riverine
flooding (overflow from stream channels onto dry land), coastal flooding (higher-than-normal coastal water levels), flash floods (rapid
flooding from heavy rainfall), and the ponding of water after rainfall. Coastal floods result from tidal changes or thunderstorms and can
last for days to weeks, while flash floods occur rapidly due to heavy rainfall and riverine floods result from overflow onto adjacent
floodplain land.

The World Bank database, which can be accessed at https://data.worldbank.org/, provided the fertility statistics as well as related
variables including TFR, contraceptive prevalence rate, newborn mortality, infant mortality, male infant mortality, and under-five
mortality. Notably, detailed household-level data was not included in this analysis, which mostly relied on aggregated data at the
national level. Although household-level data would have yielded more complex insights and strengthened the finding, they were
outside the purview of this study. In addition, the research did not include monthly data due to the very low frequency of climate-
related disasters for Bangladesh. In particular, the monsoon season is when extreme weather phenomena such as floods, storms
and sharp temperature variations are most frequent. Future studies could, however, combine monthly demographic data with disaster
data to examine migration, mortality, fertility and the direct and indirect effects of seasonal changes on these variables.

Finally, it should be mentioned that this study was exempted from ethical review because it uses exclusively anonymous data that
are readily available to the public.

3.2. Outcome variable

The TFR was the main outcome variable in this study. TFR is a measure of the average number of children a woman would have if
she lived to the end of her reproductive potential. Based on data from the United Nations Population Division, the World Bank has
methodically collected total fertility rate data for Bangladesh.

3.3. Predictors

Several predictors were considered in this analysis. The annual counts of [deaths, injuries, affected individuals, and homelessness],
as well as the total number of people impacted by these catastrophes, were among the variables associated to disasters. The study also
examined characteristics associated to climate events, such as the overall number of extreme climatic events that occurred between
1966 and 2018. Additionally, a more thorough analysis of specific records pertaining to floods, storms, and extremely high temper-
atures was carried out. Flood types were further divided into subcategories, such as river, coastal, and flood occurrences, under these
categories. Tropical cyclones and convective storms are two of the storm subtypes. Severe winter conditions, heat waves, and cold
waves are characteristics of extreme temperature occurrences. After a thorough evaluation of the literature, the fertility predictors
were selected with care, taking into account insights from the fields of public health, sociology, anthropology, and demography.

3.4. Model construction

The total number of extreme climatic events was the key predictor used in the current study’s five different models to anticipate the
outcome variable TFR. To offer a thorough study, further predictors were subsequently included to each model. While newborn
mortality was included in the second model, under-five mortality (male and female) was included in the first. Infant mortality was
taken into account in the third model, whereas male infant mortality was linked to the fourth model. CPR and GNI per capita were
included as the elements under investigation in the fifth and final model. Notably, in this study, GNI and CPR were thought to be
potential control factors.

As earlier research [61,62] have shown, it is important to emphasize that CPR substantially effects fertility drop in low-income,
lower-middle-income, and upper-middle-income nations, holding all other factors constant. Moreover, studies have shown that the
overall fertility rate of a nation is less affected by economic metrics like GDP per capita [48,63]. Notably, Chen et al. found that
Bangladesh’s overall fertility and infant mortality rates were significantly impacted negatively by GDP per capita. Furthermore, they
found a responsive link in both the short and long periods between GDP per capita and Bangladesh’s real fertility rate [48].

While GDP and GNI are important indicators of economic progress, GNI is clearly superior than GDP when taking Bangladesh’s
economic environment into account. This benefit results from the GNI's inclusiveness, which accounts for overseas outlays and re-
ceivables. All sources of revenue, both foreign and local, that enter the national economy are fundamentally included in the GNI.
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Remittances are Bangladesh’s second-largest external source of foreign revenues after exports, and they are crucial to the country’s
economic growth and development [64,65]. Remittances into Bangladesh have increased significantly, according to the Bureau of
Manpower, Employment, and Training [BMET]; they went from USD 1.95 billion in 2000 to an astounding USD 22.07 billion in 2021
[66].

Individual extreme weather events (such as extreme temperatures, floods and storms) were added to each of the five models for
further examination. This was done in order to compare variances with the main model, which uses the number of extreme weather
events as the main predictor variable.

3.5. Equations

We first conducted univariate regression analyses to understand the individual impacts of various predictors on the TFR. The
regression equation used for this analysis was as follows:

TFR = Bo + P1X1 + €

Where.

o TFR represents the total fertility rate,

e Xj denotes the predictors such as total extreme climate events/extreme temperature events/floods/storms/under-five mortality/
neonatal mortality/infant mortality/male infant mortality/contraceptive prevalence rate/GNI per capita,

e fo, p1 are the regression coefficients, and

e ¢ is the error term.

These coefficients provide insights into the direction and magnitude of the association between each predictor and the total fertility
rate.

We then investigated the relationship between the TFR and the total number of extreme climate events, along with other char-
acteristics. The regression equation for this analysis is as follows:

TFR = fo + P1X1 + BoXo + B3X3 + ¢

Here, X; represents the total extreme climate events, X, denotes the under-five mortality rate/neonatal mortality rate/infant
mortality rate/male infant mortality rate, and X3 corresponds to the GNI per capita. The coefficients fo, 1, f2, f3 estimate the impact of
each predictor on the TFR, while ¢ signifies the error term.

Additionally, we extended our analysis to include time as a predictor variable to capture any temporal trends in the relationship
between the TFR and the total number of extreme climate events, along with other characteristics. The regression equation for this
model is as follows:

TFRy = Po + P1 X1 + B2 Xo + B3 X3 + B4 X4 + €t

In this equation, TFR; represents the TFR at time t, X; denotes the total extreme climate events, X, corresponds to the under-five
mortality rate/neonatal mortality rate/infant mortality rate/male infant mortality rate, X3 represents the GNI per capita, and X4
signifies time. The coefficients o, f1, B2, B3, 4 estimate the effect of each predictor on the TFR, while et denotes the error term associated
with time ¢.

Moreover, we examined the relationship between the TFR and individual disaster types, along with other characteristics. The
regression equation for this model is expressed as

TFR = Po + 1 X1 + P2 X2 + P3 X3 + B4 X4 + Ps X5 + €

Here, X7 represents extreme temperature events, X, corresponds to floods, X3 represents storms, X4 signifies the under-five mor-
tality rate/neonatal mortality rate/infant mortality rate/male infant mortality rate, and X5 denotes the GNI per capita. The coefficients
Po, P1, P2, B3, Pa, Bs, estimate the impact of each predictor on the TFR, while ¢ represents the error term.

Lastly, we employed ARIMA regression to assess the relationship between the TFR and total extreme climate events alongside other
characteristics. The ARIMA regression equation for this analysis is as follows:

TFR=Po+P1 X1 +P2Xo+ ... +PnXn+ ¢

Here, X3, Xo, ..., X, represent predictors such as total extreme climate events, under-five mortality rate, neonatal mortality rate,
infant mortality rate, male infant mortality rate, and contraceptive prevalence rate. The coefficients fo, f1, f2, ...fn, estimate the effect
of each predictor on the TFR, while ¢ denotes the error term.

3.6. Statistical analysis

For continuous variables, the analysis of this study included descriptive statistics such as mean, standard deviation, and inter-
quartile range. For categorical data, frequencies and percentages were calculated, and chi-square and/or Fisher’s exact tests were used
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to evaluate connections between categorical variables.

We used both bivariate and multivariate linear regression models to find the major determinants of TFR. Initially, bivariate
regression models were used to analyze each predictor’s results. The variance inflation factor (VIF) was used to assess the models’
degree of collinearity, with a maximum cutoff value of 10. According to other studies [67], only predictors with VIF values less than 10
were kept, enabling further regression analysis. The Akaike information criterion (AIC), the Bayesian information criterion (BIC), and
modified R-squared were used to evaluate the performance of the model. The models with the lowest AIC and BIC values and the
greatest R-squared values were deemed to be the best ones.

Numerous extreme weather events, different types of extreme weather events, neonatal mortality, infant mortality, male child
mortality, under-five child mortality, CPR and GNI were among the factors examined in this study. Above all, this study assessed the
annual number of extreme weather events impacting the country as a whole, using time-series data rather than focusing on a particular
calamity or year.

TFR in Bangladesh was compared to a number of independent variables, such as child mortality rates, socioeconomic indicators,
extreme weather occurrences, and other features, using multivariate regression analysis. With this method, the impacts of several
predictors on the end variable TFR may be examined simultaneously, leading to a thorough knowledge of the variables affecting
fertility dynamics. We can evaluate each variable’s distinct contribution while accounting for the influence of other factors by
incorporating multiple predictors into the study. GNI per capita was taken into account consistently throughout these studies because
of its importance in comprehending the dynamics of fertility. Keeping other predictors constant, we added this variable to each model
to provide light on how total extreme climatic occurrences interact with other factors. Additionally, we examined the unique con-
sequences of other categories of death, such as mortality for boys and girls under the age of five, neonatal mortality, infant mortality,
and male infant mortality.

In addition to regression models, an ARIMA model was used to investigate the relationship between outcome and predictor var-
iables. This model requires historical time-series data of the underlying variables and involves three parameters: p and q, representing
the orders of the autoregressive (AR) and moving average (MA) respectively, and d, indicating the number of general differentiations.
The “I" component of the ARIMA model, which stands for “integrated”, represents the number of differentiation operations required to
achieve stationarity in the time series data. Stationarity is crucial, as it implies that the statistical properties of the data, such as mean
and variance, remain consistent over time. As a general rule, stationarity involves determining the differences between consecutive
data points. Selection of the best ARIMA model, characterized by the appropriate order of the autoregressive term (p) and the moving
average term (q), was determined using the BIC from among several provisional ARIMA models. The study identified ARIMA (1,1,3) as
the optimal model for the data set, as it had the lowest BIC value (—415.20). The same predictors and models used in the linear
regression were employed, and parameter estimation was carried out using the maximum likelihood method.

The distinct insights provided by ARIMA models are highlighted by contrasting the findings of ARIMA regression with those of
other regression models, such as multivariate regression. ARIMA models offer more information about the temporal patterns and
trends in the data than multivariate regression models, which only evaluate the relationship between extreme climatic events and TFR.

The multivariate regression models’ estimations of the regression coefficients, standard errors, p-values, and 95 % confidence
intervals (CIs) were also provided. Furthermore, the models’ multicollinearity was evaluated by the use of the variance inflation factor
(VIF). Variables that exceeded the widely recognized threshold for multicollinearity, which is a VIF value of 5, were eliminated from
the model. STATA 15.0 (StataCorp LP, College Station, Texas, USA) was used for the statistical analyses. A two-sided test was used for
all tests, and a p < 0.05 threshold was selected for statistical significance.

4. Results
4.1. Trends in dependent and independent variables
Between 1966 and 2018, Bangladesh encountered a series of significant historical extreme climate events including various climate

hazards. Table 1 provides a comprehensive overview of these events from 1900 to 2018. Notably, floods and storms have emerged as
the predominant types of extreme climate events, recurrently affecting the nation. In particular, river floods and tropical cyclones have

Table 1
Disaster records for Bangladesh, 1900-2018.
Disaster type Disaster sub-type Count of events Total deaths Population affected Total damage (USD x 1000)
Extreme temperature Cold wave 19 2,182 313,200 -
Heatwave 2 62 - -
Severe winter conditions 2 230 101,000 -
Floods Not specified 35 45,026 185,490,392 4524100
Coastal flood 2 51 473,335 -
Flash flood 11 261 7,634,577 729000
Riverine flood 46 7278 138,644,785 7763300
Storms Not specified 49 5,706 2,356,857 850,000
Convective storm 39 2,153 1,470,091 40,401
Tropical cyclone 89 626,943 82,168,734 5,405,979

Data source [68]:
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been more prevalent than other climate-related occurrences, impacting numerous residents and resulting in substantial damage. Fig. 1
illustrates that over the past decade, the number of extreme climate events decreased in comparison to the preceding two decades,
spanning from 1990 to 2010. During the past three decades, Bangladesh has experienced over ten extreme climate events.

Fig. 2 offers insights into the fertility trends in Bangladesh from 1966 to 2018. Notably, the TFR exhibited a remarkable decline
from seven children per woman in 1966 to a replacement level of 2.1 children per woman in 2018. From 2000 to 2018, the country
successfully reduced its total fertility rate by one child per woman. Furthermore, Fig. 2 highlights the substantial growth in Bangla-
desh’s CPR, which rose from nearly zero in the 1980s to approximately 50 % in the late 2000s. Remarkably, CPR remained consistently
between 50 % and 60 % for almost two decades, before surpassing 60 % in 2015. The trends in TFR and CPR align, indicating that a
decline in TFR correlates with an increase in CPR.

Infant and male infant mortality rates decreased to fewer than 50 per 1,000 live births in 2005, and they stayed below 25 per 1,000
live births in 2018, as Fig. 3 illustrates. In addition, in 2018 the rates of neonatal and under-five deaths (for male and female) decreased
to about 25 per 1,000 live births. Moreover, compared to other mortality categories, neonatal mortality decreased more rapidly.

Fig. 4 provides a comprehensive record of Bangladesh’s GNI dating back to 1973, when it amounted to US$ 120. Subsequently, GNI
steadily increased until 2000, followed by a dramatic surge, reaching US$ 1,750 in 2018. This upward trajectory in GNI signifies the
country’s socioeconomic development, which is a factor associated with declining fertility rates.

Furthermore, similar to the linear regression models, the time-series models yielded congruent results regarding parameter esti-
mates and the significance of the covariates. Table 7 shows identical outcomes concerning the total number of extreme climate events
and TFR in Models 1, 3, and 4, all bearing statistical significance at 0.05. Furthermore, across all models, the findings consistently
revealed an inverse relationship between extreme climate events and fertility, implying that more extreme climate events correlate
with decreased fertility rates. Pertaining to mortality differentials, the ARIMA analysis likewise underscores the contribution of under-
five mortality and neonatal mortality to increased fertility, demonstrating a significance level of 0.01. Detailed results are presented in
Table 7.

4.2. Descriptive statistics of selected variables

Table 2 provides descriptive statistics for the selected variables and offers insights into key indicators. On average, Bangladesh
experienced approximately 5.26 (SD = 2.68, range 0-12) extreme climate events annually, reflecting the country’s susceptibility to
such occurrences. CPR exhibited an average of 45.67 % (SD = 16.01, range 7.7-62.4), indicating the proportion of women currently
using contraceptives.

The average TFR stood at 4.42 (SD = 1.83, range 2.04-6.95). Notably, Bangladesh witnessed its highest TFR (6.95 between 1969
and 1970, whereas the lowest was recorded at 2.04 in 2018. This dynamic range underscores the significant changes in fertility
patterns over the years.

Examining mortality rates, the average neonatal mortality rate was 58.92 (SD = 27.04, range 17.1-94.9) per 1000 live births, while
the rate for children under five years of age averaged at 131.01 (SD = 69.37, range 30.2-230.2) per 1000 live births. Furthermore, the
average infant mortality rate stood at 89.63 (SD = 44.35, range 25.6-153.3) per 1000 live births, and the average male infant mortality
rate was 95.84 (SD = 47.55, range 27.3-164.6) per 1000 live births.

Finally, considering the GNI per capita, the average was US$ 508.70. Notably, GNI has experienced recent growth, with Bangladesh
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Fig. 1. Extreme climate event records (Total) for Bangladesh, 1960-2018.
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Fig. 2. Trends of TFR and CPR for Bangladesh, 1960-2018
Note: The unit of all variables is annual.

transitioning to the status of a lower-middle-income country. These statistics collectively provide a comprehensive overview of the
factors under examination, illuminating the country’s demographic and economic landscapes.

4.3. Univariate effect: predictors and TFR

The regression coefficients of the factors predicting changes in TFR are shown in Table 3. The findings show that there is substantial
explanatory power for variability in TFR across all factors. We looked at the overall number of extreme climatic occurrences and
particular catastrophe aspects individually to understand their respective effects on the TFR.

The overall number of extreme climatic events and TFR showed a substantial inverse relationship. When certain extreme climatic
events are taken into account, this detrimental influence becomes more evident. When comparing these to other specific extreme
climatic occurrences and chosen predictors, extreme temperature showed the largest coefficient. In particular, there was a significant
drop in average fertility of 1.17 units for every unit increase in severe temperature occurrences.

Nonetheless, TFR was positively and significantly impacted by a number of infant mortality factors. Neonatal mortality had the
strongest effect of all these parameters. For example, there was a 0.067 unit increase in fertility for every unit rise in newborn death. In
a similar vein, TFR increased by 0.03, 0.04, and 0.04, respectively, in relation to under-five mortality for both genders, infant mor-
tality, and male infant mortality.

Additionally, this study showed that a 0.09 unit (P < 00.05) decrease in TFR was linked to a one unit increase in CPR. Put another
way, average fertility fell by 0.003 units for every unit increase in GNI per capita.

4.4. Multivariable effects: predictors and TFR

Table 4 illustrates the positive link between the TFR and all types of mortality based on the findings of these regression models.
Interestingly, compared to Models 1, 3, and 4, newborn mortality in Model 2 had a greater coefficient than the other categories of
death. Next, we ran a separate model (Model 5) that included GNI and CPR in addition to the number of extreme weather events in
order to estimate their impact on the TFR. Surprisingly, the results show that, at p < 0.10, only extreme weather events had a
meaningful impact on fertility rates.

In Table 5, we present the results of multivariate regression models examining the relationship between TFR and various predictor
variables. The total number of extreme climate events demonstrates a consistent negative association with TFR across the models,
although with varying levels of statistical significance. For instance, in Model-1, the coefficient for extreme climate events is —0.0210
(p = 0.025), indicating that an increase in extreme climate events is associated with a decrease in TFR. This negative association
persists in Models 3 and 4, with coefficients of —0.0290 (p = 0.005) and —0.0314 (p = 0.003), respectively.
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Fig. 3. Trends of Neonatal, infant, male infant and under-five mortality rate for Bangladesh, 1960-2018
Note: The unit of all variables is annual.
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Fig. 4. GNI per capita (Atlas method, US$) for Bangladesh, 1960-2018.

Mortality rates also play a significant role in shaping fertility patterns. For example, in Model-2, the coefficient for neonatal
mortality rate is 0.0790 (p < 0.001), suggesting that areas with higher neonatal mortality rates tend to exhibit higher fertility rates.
Similarly, in Model-4, the coefficient for male infant mortality rate is 0.0232 (p = 0.015), indicating a positive association between
male infant mortality and TFR.

Moreover, socioeconomic factors contribute to variations in TFR. Across all models, an increase in GNI per capita is consistently
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Table 2

Sample characteristics of selected variables*.
Variables N Mean Median SD Minimum Maximum
Total extreme climate events 54 5.26 5 2.68 0 12
Total fertility rate 52 4.42 4.07 1.83 2.04 6.95
Contraceptive prevalence rate 31 45.67 52.64 16.01 7.7 62.4
Neonatal mortality 52 58.92 58.2 27.04 17.1 94.9
Under-five mortality 52 131.01 128.7 69.37 30.2 230.2
Infant mortality 53 89.63 88.4 44.35 25.6 153.3
Male infant mortality rate 53 95.84 94.7 47.55 27.3 164.6

Note: The units of all the variables are annual.

Table 3

Univariate regression coefficient predicting TFR.
Variables B coefficient Std. Err. t p-value 95 % CI
Total extreme climate events —0.345484 0.08225 —4.2 <0.001 —0.51069 —0.18028
Extreme temperature events —1.176515 0.350055 —3.36 0.001 —1.87962 —0.47341
Floods —0.644639 0.213258 -3.02 0.004 —1.07298 —0.2163
Storms —0.351564 0.139415 —2.52 0.015 —0.63159 —0.07154
Under-five mortality 0.026332 0.000322 81.67 <0.001 0.025684 0.026979
Contraceptive prevalence rate —0.085133 0.002733 -31.15 <0.001 —0.09072 —0.07954
Neonatal mortality 0.067474 0.000943 71.58 <0.001 0.065581 0.069367
Infant mortality rate 0.041611 0.000566 73.5 <0.001 0.040474 0.042748
Male infant mortality rate 0.038805 0.000541 71.76 <0.001 0.037719 0.039891
GNI per capita —0.0032679 0.0004187 -7.8 <0.001 —0.0041123 —0.0024234

Table 4

Regression of total fertility rate by the total number of extreme climate events and other characteristics.
Variables P coefficient Std. Err. t p-value 95 % CI
Model-1
Total extreme climate events —0.0199566 0.0082354 —2.42 0.02 —0.036588 —0.003325
Under-five mortality rate 0.0280016 0.0005654 49.52 <0.001 0.0268598 0.0291435
GNI per capita 0.0004132 0.0000883 4.68 <0.001 0.0002348 0.0005916
Model-2
Total extreme climate events —0.0131565 0.0065586 —2.01 0.051 —0.026402 0.0000889
Neonatal mortality rate 0.0740423 0.0011764 62.94 <0.001 0.0716665 0.076418
GNI per capita 0.0006461 0.0000728 8.87 <0.001 0.000499 0.0007931
Model-3
Total extreme climate events —0.0240292 0.0095802 —2.51 0.016 —0.043377 —0.0046816
Infant mortality rate 0.0440981 0.0010442 42.23 <0.001 0.0419893 0.0462068
GNI per capita 0.0004165 0.0001036 4.02 <0.001 0.0002073 0.0006257
Model-4
Total extreme climate events —0.0259093 0.0099781 —2.6 0.013 —0.04606 —0.0057582
Male infant mortality rate 0.0411862 0.0010192 40.41 <0.001 0.0391278 0.0432446
GNI per capita 0.0004126 0.0001082 3.82 <0.001 0.0001942 0.000631
Model-5
Total extreme climate events 0.0358615 0.0183623 1.95 0.061 —0.001815 0.0735378
Contraceptive prevalence rate —0.0831272 0.0041195 —-20.2 0 —0.09158 —0.0746747
GNI per capita —0.0003307 0.000206 -1.61 0.12 —0.000753 0.0000919

associated with higher TFR. For instance, in Model-3, the coefficient for GNI per capita is 0.0007 (p = 0.001), suggesting that higher
GNI per capita is linked to higher fertility rates. Conversely, contraceptive prevalence rate exhibits a negative association with TFR. In
Model-5, the coefficient for contraceptive prevalence rate is —0.0311 (p < 0.001), indicating that higher contraceptive prevalence
rates are associated with lower fertility rates.

The inclusion of time as a predictor variable allows for an assessment of temporal trends in TFR over the study period. While the
coefficients for time vary across models, indicating non-significant associations in some instances, Model-5 reveals a significant
negative relationship between time and TFR (p = —0.1018, p < 0.001) when contraceptive prevalence rate and GNI per capita are
considered. This finding suggests a notable decline in TFR over time, particularly in areas with higher contraceptive prevalence rates.
By incorporating time into the analysis, policymakers and stakeholders gain valuable insights into the evolving fertility patterns in
Bangladesh, facilitating the development of targeted interventions to address changing demographic dynamics and reproductive
health needs.

Table 6 provides a range of regression models that examine the impact of several extreme climatic events, including storms, floods,
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Table 5
Regression of total fertility rate by the total number of extreme climate events and other characteristics with time added as a predictor.
B coefficient Std. Err. t p-value 95 % CI
Model-1
Total extreme climate events —0.0210 0.00900 —2.34 0.025 —0.0392 —0.0028
Under five (U5) mortality rate 0.0263 0.00546 4.82 <0.001 0.0153 0.0373
GNI per capita 0.0005 0.00019 2.48 0.018 0.0001 0.0008
Time —0.0093 0.02980 -0.31 0.756 —0.0696 0.0509
Model-2
Total extreme climate events —0.0116 0.00733 —1.58 0.122 —0.0264 0.0032
Neonatal mortality rate 0.0790 0.01005 7.86 <0.001 0.0587 0.0994
GNI per capita 0.0006 0.00011 5.32 <0.001 0.0004 0.0008
Time 0.0104 0.02081 0.5 0.619 —0.0316 0.0525
Model-3
Total extreme climate events —0.0290 0.00982 —2.96 0.005 —0.0489 —0.0092
Infant mortality rate 0.0285 0.00925 3.08 0.004 0.0098 0.0472
GNI per capita 0.0007 0.00020 3.53 0.001 0.0003 0.0011
Time —0.0543 0.03197 -1.7 0.097 —0.1190 0.0103
Model-4
Total extreme climate events —0.0314 0.01004 -3.13 0.003 —0.0517 —0.0111
Male infant mortality rate 0.0232 0.00918 2.53 0.015 0.0047 0.0418
GNI per capita 0.0008 0.00021 3.65 0.001 0.0003 0.0012
Time —0.0667 0.03392 -1.97 0.056 —0.1352 0.0019
Model-5
Total extreme climate events —0.0037 0.00868 —0.42 0.676 —0.0215 0.0142
Contraceptive prevalence rate —0.0311 0.00507 —6.12 <0.001 —0.0415 —0.0206
GNI per capita 0.0009 0.00014 6.25 <0.001 0.0006 0.0012
Time —0.1018 0.0093 —10.95 <0.001 —0.1209 —0.0827

and extreme temperature events, in addition to other factors linked to TFR and child mortality. With the exception of model 5, the
majority of models show negative correlations between TFR and floods and severe temperature occurrences. This shows that lower
fertility rates are typically found in locations where catastrophic calamities occur more frequently. Specifically, the coefficients for
extreme temperature events range from —0.055 to —0.068, while those for floods range from —0.042 to —0.052. These associations are
statistically significant (p < 0.05), indicating a robust relationship between climate-related disasters and fertility behaviors. In

Table 6

Regression of total fertility rate by individual disaster and other characteristics.
Variables P coefficient Std. Err. t p-value 95 % CI
Model-1
Extreme temperature events —0.0552378 0.0259036 —-2.13 0.039 —0.1076329 —0.0028428
Floods —0.0429487 0.0170406 —2.52 0.016 —0.0774167 —0.0084808
Storms —0.0053884 0.011295 —-0.48 0.636 —0.0282347 0.0174579
Under-five mortality rate 0.0277655 0.000566 49.05 <0.001 0.0266206 0.0289104
GNI per capita 0.0003888 0.0000876 4.44 <0.001 0.0002115 0.000566
Model-2
Extreme temperature events —0.0491295 0.0204375 —-2.4 0.021 —0.0904682 —0.0077908
Floods —0.0276483 0.0134734 —-2.05 0.047 —0.0549009 —0.0003957
Storms —0.0025713 0.0089111 -0.29 0.774 —0.0205958 0.0154531
Neonatal mortality rate 0.0734174 0.0011754 62.46 <0.001 0.0710399 0.0757949
GNI per capita 0.0006197 0.0000721 8.59 <0.001 0.0004737 0.0007656
Model-3
Extreme temperature events —0.0640644 0.0303189 -2.11 0.041 —0.1253901 —0.0027386
Floods —0.0494053 0.0199667 —2.47 0.018 —0.0897918 —0.0090189
Storms —0.0078053 0.013237 —-0.59 0.559 —0.0345797 0.0189691
Infant mortality rate 0.0436789 0.001048 41.68 <0.001 0.0415592 0.0457986
GNI per capita 0.0003886 0.0001031 3.77 0.001 0.0001801 0.000597
Model-4
Extreme temperature events —0.0685981 0.0315871 -2.17 0.036 —0.1324891 —0.0047072
Floods —0.0519952 0.020819 -2.5 0.017 —0.0941056 —0.0098848
Storms —0.008896 0.0138015 —0.64 0.523 —0.0368122 0.0190201
Male infant mortality rate 0.0407757 0.0010217 39.91 <0.001 0.0387092 0.0428422
GNI per capita 0.0003833 0.0001075 3.57 0.001 0.0001659 0.0006007
Model-5
Extreme temperature events 0.049556 0.0545905 0.91 0.373 —0.0628752 0.1619872
Floods 0.0084307 0.0339281 0.25 0.806 —0.0614455 0.0783069
Storms 0.0674067 0.025088 2.69 0.013 0.0157369 0.1190765
Contraceptive prevalence rate —0.0854929 0.0043022 —19.87 <0.001 —0.0943536 —0.0766323
GNI per capita —0.0001902 0.0002197 —-0.87 0.395 —0.0006427 0.0002623

11



S.M. Atiqul Haq et al. Heliyon 10 (2024) e35087

contrast, the connection between storms and TFR appears to be modest and statistically insignificant across models. This shows that
storms may have a less substantial influence on birth rates in Bangladesh than high temperature events and floods.

Regarding mortality rates, the under-five mortality rate shows a positive association with TFR, with coefficients around 0.027. This
association is highly statistically significant (p < 0.001), suggesting that regions with higher child mortality rates tend to have higher
fertility rates. This underscores the pivotal role of child survival in shaping fertility decisions. Similarly, neonatal and infant mortality
rates display positive associations with TFR in models 2 and 3, with coefficients ranging from 0.073 to 0.043. These associations are
statistically significant (p < 0.001), emphasizing the influence of early childhood mortality on fertility behaviors. Additionally, the
male infant mortality rate demonstrates a positive association with TFR in model 4, with coefficients around 0.041. This association is
statistically significant (p < 0.001), indicating that regions with higher male infant mortality rates may also have higher fertility rates.
Interestingly, Model 5 charted a course distinct from the preceding four models. In this context, each unique disaster type displayed a
positive relationship with the TFR when CPR was included. Nonetheless, the impacts of extreme temperatures and floods failed to
reach statistical significance. Notably, this model posits that fertility increases alongside a rising number of storms but decreases in
tandem with increasing CPR.

The ARIMA regression results shown in Table 7 reveal useful insights into the association between extreme climatic events and total
fertility rate (TFR) throughout time, with more subtle implications than previous regression models. Several major discoveries emerge
from an analysis of the ARIMA models’ coefficients. To begin, the coefficients represent the magnitude of the influence of extreme
climatic events on TFR, taking into account autocorrelation and seasonality in the dataset. For instance, in Model-1, the coefficient for
total extreme climate events (—0.0000789) suggests a significant negative association with TFR, implying that an increase in extreme
climate events is associated with a decrease in TFR over time (t = —2.15, p = 0.031).

Moreover, ARIMA regression models capture the temporal dynamics of the variables, providing insights into lagged effects and
time-dependent patterns. This temporal perspective is particularly evident in Model-3, where the coefficient for total extreme climate
events (—0.0000805) remains significant, indicating a negative relationship with TFR even after accounting for the lagged effects of
extreme climate events (t = —2.57, p = 0.01). This implies that variations in extreme weather events have a long-term effect on fertility
rates, emphasizing how crucial it is to take temporal dynamics into account when figuring out how climate change and reproductive
health outcomes are related.

5. Concluding discussions

This study looks at how Bangladesh TFR is affected by different calamities and child mortality. Our study clarifies the relationship
between changes in fertility and several forms of child mortality, such as neonatal, infant, male infant, and under-five mortality, as well
as widespread extreme climatic events like floods and storms. Notably, throughout the previous two to three decades, TFR trends in
Bangladesh have shown a notable drop at the same time that CPR has significantly increased. In addition, there has been a decline in
the frequency of several child mortality categories, including neonatal, newborn, male baby, and under-five death.

Statistical analysis revealed significant associations between the total count of extreme climate events, including floods and storms,
and TFR, all pointing in a negative direction. In simpler terms, an upsurge in floods and storms is likely to decrease the total fertility
rate, corroborating the findings from Lin’s study following tsunamis in Japan, where fertility declined after a disaster event [69].
Similarly, this aligns with the findings of Tong et al. in the United States after a flood event [42].

We observed a noteworthy decrease in fertility rates, particularly in response to increasing flood events, compared with storms in
Bangladesh. This can be attributed to the higher frequency and wider geographical coverage of floods in Bangladesh compared with
other extreme climate events [64]. In alignment with this effect of floods on fertility, Tong et al. noted a decline in fertility following a
flood event in the United States [42]. Other extreme climatic events, such as Eritrea [70] and Tajikistan [71]), also exhibited a decline
in fertility.

According to our research, Bangladesh’s overall fertility rate tends to increase when considering all categories of child mortality
indicators, including neonatal, infant, male, and under-five. Of particular relevance is the elevated coefficient linked to neonatal death,
suggesting that individuals could choose to have a larger family size, potentially due to worries about infant mortality [9]. The
likelihood of child mortality will likely increase with an increase in the frequency, intensity, and impact of extreme climatic events.
The prospect of losing a child and the approaching risk of such events may encourage parents to think of having additional kids as
insurance, a phenomena that has been extensively studied in the past [37,38,52].

In addition, we studied the impact of CPR on fertility rates and found a similar trend towards lower TFR with higher CPR.
Interestingly, the strength of this effect changes with the number and type of extreme weather events. Interestingly, distinct results
were obtained for each calamity with the inclusion of CPR in the model. A statistically significant correlation was found between TFR
and the overall frequency of extreme weather events, floods, storms and the different types of child mortality. However, the addition of
CPR to Model 5 generated an intriguing dynamic. The coefficients for the interaction between individual extreme climate events and
TFR were positive, indicating that TFR rose with more overall extreme climate events but reduced as CPR increased. These findings
show that the availability and accessibility of contraception during crises may lead to lower fertility rates, a pattern corroborated by
research in affluent nations [18,72,73].

Interestingly, during the course of the previous three Demographic and Health Surveys that were carried out in Bangladesh in
2011-2014 and 2017-18, both CPR and TFR showed a steady trend [74]. Furthermore, there are notable differences between districts
and administrative divisions in terms of child mortality, overall fertility, and contraceptive usage in Bangladesh [28]. These variations
are intrinsically linked to the diverse climatic disturbances experienced by each region, which are influenced by demographic, eco-
nomic, social, and cultural factors [12,75]. Sociocultural variables, including education, contraceptive utilization, preferences of son

12



S.M. Atiqul Haq et al. Heliyon 10 (2024) e35087

Table 7
ARIMA Regression on total fertility rate by the total extreme climate events and other characteristics.
Variables B coefficient Std. Err. t p-value 95 % CI
Model-1
Total extreme climate events —0.0000789 0.0000366 -2.15 0.031 —0.00015 —7050000
Under five (U5) mortality rate 0.004864 0.002641 1.84 0.066 —0.00031 0.010041
Model-2
Total extreme climate events —0.0000553 0.0000327 —1.69 0.091 —0.00012 0.00000892
Neonatal mortality rate 0.003483 0.001964 1.77 0.076 —0.00037 0.007332
Model-3
Total extreme climate events —0.0000805 0.0000313 —-2.57 0.01 —0.00014 —0.0000192
Infant mortality rate —0.00226 0.002329 -0.97 0.331 —0.00683 0.0023
Model-4
Total extreme climate events —0.0000891 0.0000353 —2.52 0.012 —0.00016 —0.0000199
Male infant mortality rate —0.00044 0.002087 —0.21 0.833 —0.00453 0.00365
Model-5
Total extreme climate events —0.0000565 0.000138 —-0.41 0.683 —0.00033 0.000215
Contraceptive prevalence rate —0.00018 0.000202 —0.87 0.382 —0.00057 0.000219

or daughter at birth, societal pressures, and religion, have impacted women’s preferences for having more children in flood-affected
areas [6,9]. According to Haq and Haq and Ahmed, women residing in flood- and cyclone-prone areas tend to have more children
overall and aspire to have more children in the future [6,9]. Furthermore, religious beliefs have a bearing on the preference for higher
fertility, with non-Muslims expressing a stronger inclination towards larger families than their Muslim counterparts [9]. Consequently,
prioritizing disaster risk reduction and the expansion of family planning services in disaster-prone and hard-to-reach areas should be of
paramount concern, as they can contribute to reducing fertility and child mortality rates while improving access to and the use of
contraceptives [58].

6. Limitations and future studies

Our study is not without limitations, and it is important to acknowledge that firm conclusions cannot be drawn definitively based
solely on the results of this investigation. Several limitations should be considered, primarily associated with the data and the
analytical methods.

First of all, it is essential to recognize that fertility is often the result of past choices and actions that may have taken place before the
awareness and effects of a calamity. Due to the occurrence of numerous disasters in a single year, we encountered the problem in our
study of the impossibility of isolating the impacts of each individual disaster on the total fertility rate at any given time. To provide a
more detailed assessment of the effects of individual disasters, future studies could examine fertility before and after a disaster. To do
this, scientists should focus on single disasters and use methods such as difference-in-difference analysis to better understand alter-
ations. Although the present study did not undertake such an analysis, elucidating the underlying relationship between extreme
weather events, mortality and fertility through cross-national comparisons may provide a more comprehensive understanding and
have wider implications in an era marked by rapid climate change and an increase in extreme weather events. In addition, conducting
detailed qualitative studies in various disaster-prone areas in developing countries, including Bangladesh, could enhance our un-
derstanding of the link between extreme weather events, mortality and fertility in regions characterized by climatic uncertainties. To
provide a full picture of fertility behavior, future research may expand their analytical reach by examining multi-temporal patterns,
combining new drivers and data sources, such as high-resolution fertility and catastrophe maps, and including additional nations.

The second constraint is the lack of completely comparable time-series data at the village, union, district, and sub-district levels. We
used national-level data for our research, and we did not take into consideration differences in the effects of disasters at the district or
household levels. District-level data should make it easier to identify places with high and low fertility in relation to catastrophe
hotspots, which is an essential direction for future study, especially in areas vulnerable to catastrophic climatic events. Notably, a
disproportionate amount of extreme weather occurrences are experienced by some parts of Bangladesh, especially those around the
shore. It is possible that the models used in this study failed to account for regional differences in infant mortality, fertility, and the
impact of extreme climatic events, underestimating their significance in these coastal regions. Certain locations are probably more
impacted by extreme climate events than others, while other places may be less influenced by a particular type of extreme climatic
event than others. With a population of over 170 million, Bangladesh is a diversified country with a range of livelihood practices that
might affect fertility dynamics. Therefore, the main focus of future study should be on examining regional differences and subtleties.

Third, while our analysis provides valuable insights into the relationships between extreme climate events, child mortality in-
dicators, and TFR, we conducted annual analyses because of data availability constraints, thereby potentially overlooking the vari-
ability at monthly or seasonal levels. Future research should explore these relationships at finer temporal resolution. Fourth, our study
did not explicitly consider confounders, such as air pollution and national climate mitigation and adaptation policies, which could
influence the observed relationships. Considering these confounders could provide a more comprehensive understanding of climate-
fertility dynamics.

One notable limitation inherent in our study is the intricate role of religious factors in shaping fertility decisions. While our research
comprehensively investigates the relationships among disaster events, child mortality, and fertility rates in Bangladesh, it does not
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directly incorporate the impact of religion on these dynamics. Religion undoubtedly plays a substantial role in shaping the attitudes of
individuals and communities towards family planning and fertility preferences. However, quantifying this influence is challenging
because of the multifaceted nature of religious beliefs and practices. We acknowledge the significance of religion in this context, and
future research could delve deeper into the intricate interplay between disasters, religious beliefs, and fertility choices. This explo-
ration could be undertaken through localized studies, providing a more nuanced understanding of how religion influences perceptions
of child mortality and individuals’ propensity to have more children in the face of disaster risks. Such investigations would contribute
to a more comprehensive assessment of climate-fertility dynamics in Bangladesh.
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