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Abstract

This study examines the relationship between temperature variability and child mortality in sub-Saharan
Africa. Lately, climate scientists have highlighted that climate change can not only alter mean
temperatures but also lead to changes in temperature variability, emphasizing the need for temperature
variability research. To examine the relationship between temperature variability and child mortality, |
created a novel dataset by combining daily temperature and annual precipitation MERRA-2 reanalysis
satellite data with a panel data set extracted from the Global Data Lab. The dataset consists of an
unbalanced panel set for the years 1995-2018 for 291 subnational units and a fixed effects method is
used to conduct the analysis. | find that neither low or high levels of temperature variability affect child
mortality rates in sub-Saharan Africa. However, the results show a clear effect of low and high levels of
precipitation on child mortality, indicating that precipitation is a more important factor affecting child
mortality than temperature variability in sub-Saharan Africa.

Keywords: temperature variability, DTR, child mortality, sub-Saharan Africa, climate change,
precipitation, MERRA-2 reanalysis satellite data
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1. Introduction
The significant environmental and socioeconomic impacts of climate change are increasingly

evident in today’s world. Extreme temperatures have caused extensive damage worldwide, further
burdening health services that are still recovering from the recent COVID-19 pandemic (Romanello et
al., 2022). Prior research has shown that rising temperatures have negative impacts on many
socioeconomic factors, including productivity, (Hsiang et al., 2017), agricultural yields (Zhao et al.,
2021), and economic growth (Kalkuhl and Wenz, 2020). However, climate change will mostly exact a
significant toll on human lives (Carleton and Hsiang, 2016; Hsiang et al., 2017; Hovdahl, 2022).
Approximately one-third of the global population is currently experiencing a minimum of 20 days per
year characterized by life-threatening temperatures and this will rise to 75% of the population if no
measurements are implemented (Mora et al., 2017; Hovdahl, 2022). The increasingly damaging effects
of climate change have led the Intergovernmental Panel on Climate Change (IPCC) to emphasize the
urgency for more effective climate policies in their latest report, as current strategies are insufficient to
avert future disasters (IPCC, 2023). The perspective of climate research should be broadened to
construct more effective policies, as climate scientists have emphasized that global warming not only
affects extreme temperatures but also temperature variability, which in turn affects socioeconomic
outcomes (Klavans et al., 2017; Hovdahl, 2022; Kotz, Wenz & Levermann, 2022; Romanello et al.,
2022). Prior research has primarily focused on mean and extreme temperatures as the key variables of
interest and hence, more research on the effect of temperature variability is needed (Romanello et al.,
2022)

Despite the substantially lower number of studies on temperature variability, there have been
some studies that demonstrated the relationship between temperature variability and mortality, mostly
in Asia, Europe and North America (Cheng et al., 2014; Guo et al., 2021). However, in low-income
regions of the world, like Sub-Saharan Africa, research is scarce due to the lack of data. It is important
to establish the effect of temperature variability in low-income regions as well, because climate change
is expected to widen the gap between rich and poor, as it affects low-income regions substantially more
(IPCC, 2018; Romanello et al., 2022). Researchers expect an interaction between temperature variability
and hot temperatures, which increases the mortality risk in hot regions, such as sub-Saharan Africa, even
more (Lee et al., 2020). This increasing risk leads to higher socioeconomic costs in these regions.
Besides the high cost in terms of the suffering and the loss of human lives, mortality rates also affect
economic output, through for example potential labor capacity loss (Watts et al., 2021). It is calculated
that economic costs, due to the global increase in heat-related mortality, increased from 0.23% of the
global GDP in 2000 to 0.37% of the global GDP in 2018 (Watts et al., 2021). Temperature variability
might increase these existing costs of heat-related mortality, which indicates that mortality costs might

be under- or overestimated at this moment due to only considering the effects of rising mean and extreme



temperatures (Hovdahl, 2022). Therefore, the effect of climate change on mortality is not only important

in the social, but also in the economic field.

Here | extend the emerging literature by examining the effect of temperature variability on child
mortality in sub-Saharan Africa. | chose to examine the effect of temperature variability on child
mortality specifically for several reasons. Firstly, child mortality is a better indicator for overall health,
as it is closely linked to many other socioeconomic factors including poverty, malnutrition, inadequate
access to clean water and sanitation, and limited healthcare resources (Asif et al., 2022). Moreover, in
low-income regions, children are most vulnerable to changing temperatures, as pre-existing challenges
such as high rates of infections and malnutrition, inadequate healthcare systems, and insufficiently
sheltered living conditions exacerbate the vulnerability among children (Sheffield & Landrigan 2011,
Rylander et al 2013; Chapman et al., 2021). In general, children are vulnerable because they possess
limited thermoregulatory capacity due to their early developmental stage (Sheffield & Landrigan 2011,
Rylander et al 2013, Son et al 2017). Furthermore, the socioeconomic loss of children is even bigger in
sub-Saharan Africa, as children often secure conjugal ties and property rights, offer social security, assist
with labor and maintain family lineage (Dyer, 2007). Lastly, it is important to understand factors
affecting child mortality, as even though child mortality has been decreasing since 2000, a major
acceleration of this decrease is necessary in order to reach the SDG target regarding under-5 and neonatal
mortality rates of 25 and 12 per 1000 live births, respectively (Boerma et al., 2018). This is especially
important in sub-Saharan Africa, where they have some of the highest rates of child mortality in the

world, with more than 4 million children dying each year (UNICEF, 2023).

To examine the effect of temperature variability on child mortality, | have created a novel dataset
by combining daily temperature and annual precipitation MERRA-2 reanalysis satellite data with a panel
data set extracted from the Global Data Lab. | used diurnal temperature range (DTR) as a measurement
for temperature variability, as DTR has been identified as a significant meteorological factor linked to
global climate change (Braganza, Karoly & Arblaster, 2004; Kan et al., 2007; Yang et al., 2013). DTR
is also considered to be the most common and understandable measurement of temperature variability
(Guo et al., 2021). I will analyze the data in three different ways, following existing literature. Recent
climate-economic research of Hovdahl (2022) showed a significant effect of temperature variability on
mortality, while not including any other weather control variables. Therefore, I will firstly construct a
model without control variables, only including a linear time trend. In the second model, 1 will add
precipitation into the equation, as (1) precipitation is likely to be correlated with temperature (Yu et al.,
2019), and (2) low levels of rainfall and high levels of rainfall both have negative effects on the health
of children (Epstein, Benmarhnia, & Weiser, 2020). Lastly, |1 will construct a model with relevant
socioeconomic determinants of child mortality as control variables. By examining the models one by
one | will be able to see the impact of control variables on the analysis. In the end, | find that neither

low or high DTR has an effect on child mortality in sub-Saharan Africa. Instead | find that precipitation



is a more important factor affecting child mortality rates, as high annual levels of precipitation result in

an increase of 1.740 deaths per 1000 children.

This study makes several contributions to the literature. Firstly, by being the first study to
examine the relationship between temperature variability and child mortality in sub-Saharan Africa.
This is important because (1) research on temperature variability is lacking in Africa, and (2) only 12.2
percent of prior research on the effect of climate change on children is conducted in low-income
countries, while children in low-income countries are the most vulnerable and therefore expected to be
affected the most (Helldén et al., 2021).Secondly, it introduces a novel dataset on temperature which
enables the examination of daily temperature data on subnational level. By focusing on subnational units
instead of countries, this study allows for a more detailed understanding of the relationship between
temperature variability and mortality, as within a country, climate patterns can differ largely. The study
also expands upon the emerging field of climate-economy research that employs panel data fixed effects
models to isolate the specific temperature exposure variations due to the unpredictable weather patterns
(Dell et al., 2014; Hovdahl, 2022). Lastly, the main contribution of this study is that it provides an
interesting contrast, as | found that child mortality is significantly more affected by precipitation than
temperature variability. This indicates that, contradicting evidence from other parts of the world,
precipitation is a more important indicator of child mortality than temperature variability in sub-Saharan
Africa, emphasizing the need to include precipitation in the analysis. The rest of the study is organized
as follows. In section 2, a literature review on the topic is provided. Section 3 demonstrates the research
design and in section 4, the results are presented. Conclusions and limitations will be displayed in section

5. And lastly, the references and appendices can be found in section 6 and 7.



2. Literature review
The increasing temperature variance has two statistically proven effects: firstly, there will be more

days in the hot tail of the temperature variability probability distribution and, secondly, there will be a
wider range of temperatures within a time period (Hovdahl, 2022). Prior research has only been focusing
on the first effect of the increasing temperature variance and found clearly that extreme temperatures
are associated with increased mortality (Son, Liu & Bell, 2019; Lu, Olsen & Kinney, 2021). However,
climate scientists have emphasized the importance of the second effect as well and thus, the effect of
climate change on the variability of temperature has gained more attention among climate scientists
(Klavans et al., 2017). Figure 1 of Hovdahl (2022) shows that two counties that are exposed to similar
mean temperatures, can have different temperature variations. Therefore, the effect of temperature
variability should be studied separately from extreme temperatures or changing mean temperatures as
the impact might be completely different.

Richardson county, NE | —20.0 Lincoln county, OR

Jan Feb Mar Apr May Jun Jul Alg Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Alg Sep Oct Now Dec

Figure 1: Time series of daily mean temperatures for Richardson County (Nebraska) and Lincoln County (Oregon), 2018. The
dashed horizontal lines indicate the annual mean temperature, while the solid horizontal lines indicate the monthly mean
temperature (Hovdahl, 2022, p.2).

Hovdahl (2022) has shown that both an increase in mean temperature as well as an increase in
the daily temperature variation results in an increase in the number of hot days. However, the increase
in expected number of hot days is the largest when there is both an increase in mean temperature and in
daily temperature variability. Therefore, it is important that both mean temperature and temperature
variability are included in research. Hovdahl (2022) found that in the US, exposure to an extra +1 °C of
temperature variability during a month caused an additional 0.206 deaths per 100,000 in a county.
However, rising income levels and an increased use of air conditioning ensured a decline in the marginal
effect. In parts of the world where income is low and there is no universal access to air conditioning, the
effect is thus expected to be worse. Hence, the effect of temperature variability might increase
inequalities between rich and poor parts of the world. This is also strengthened by the different effects

of temperature variability in high and low latitude areas (Guo et al., 2016).

2.1 The relationship between temperature variability and mortality

Research on the effect of DTR on mortality has its origin in China, where Kan et al. (2007) were
one of the first to study the topic. They used data from 2001 to 2004 and found a strong association
between DTR and daily mortality, concluding that DTR might be an unknown risk factor for death at

that point and therefore, further research was needed. Following Kan et al. (2007), Yang et al. (2013)
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examined the effects of DTR on mortality in Guangzhou, China from 2003-2010 and found that a higher
DTR increased non-accidental mortality. Moreover, Zhou et al. (2014) conducted the first multicity
study that addressed the health impact of increasing DTR and also found statistically significant
associations between DTR and daily mortality.

In other parts of the world, there has also been some research on the effects of DTR. In various multi
country studies, a positive association between temperature variability and mortality was found (Cheng
etal., 2014; Guo et al., 2016; Lee et al., 2018). However, research is limited to Asia, Europe and North
America and it is only focused on the effects of high DTR, while low DTR could have significant
impacts on mortality as well (Cheng et al., 2014). In prior research, there have been few studies that
examined the effect of low DTR as well. Luo et al. (2013) broadened the focus in their analysis by not
only examining the effects of extremely high DTR on mortality, but also that of low DTR. They found
that both extreme sides of DTR increased mortality rates. Importantly, the study highlighted that
extremely low DTR had a more immediate effect compared to high DTR. Zhang et al. (2018) also found
that next to high DTR, low DTR also affected mortality rate in various ways. Thus, relatively low levels
of DTR could also have adverse effects on human health and mortality, as human bodies have trouble
adjusting to changes and therefore both low and high DTR are proven to affect the cardiovascular,
nervous and immunity system of people (Cheng et al., 2014). In conclusion, the relationship between
DTR and mortality might not be linear, but U- or J-shaped.

Where research on the effect of DTR on mortality found clear evidence of its existence, the
extent to which mortality is affected by temperature variability differs per subgroup and cause of death.
Yang et al. (2013) found that specifically stroke-mortality was most sensitive to the increasing DTR and
both Yang et al. (2013) and Zhou et al. (2014) found that females and elderly were at more risk than
youth and men. Moreover, Cheng et al. (2014) concluded that the effect was bigger in moderate seasons
than in the hot and cold seasons and that the effect was bigger in hot areas for short exposure days, but
bigger in moderate areas for longer exposure durations. Also, Guo et al. (2016) found that the impacts
in different seasons are not the same for all countries and hence, more studies are needed to examine the
health effects more specifically per region. Furthermore, Hovdahl (2022) found that the effect of
temperature variability experienced a decline in Northern America that could be attributed to the

increase in income and the increased availability and use of air conditioning.

Thus, the relationship between temperature variability and mortality is proven to be existent
around the world, but the effect seems to differ between various subgroups and regions. Therefore, it is
important to keep studying the effect of temperature variability on mortality in different regions of the
world, like Africa, in order to get a better view on the specific effects. In Africa, research on temperature
variability is scarce and the limited number of studies show methodological limitations and
inconsistencies, emphasizing the need for research with robust study findings (Amegah, Rezza &
Jaakkola, 2016).



2.2 The focus on child mortality

The urgent need for research on the effect of climate change on child mortality has been
emphasized in the past, but is still lacking (Helldén et al., 2021). In the field of DTR, prior studies also
merely focused on the effect on overall mortality, even though child mortality might be a better indicator
for overall health than mortality, as it often occurs as a result of preventable or treatable conditions such
as malaria, pneumonia, and diarrheal diseases (UNICEF, 2023). The effect of temperature variability on
mortality has been established among specific age groups, but none of them focus on children. Yang et
al. (2013) did focus on sub age groups, but they used 0-64 years, 65-74 years and 75+ years, thus
focusing more on the elderly. Moreover, Zhou et al. (2014) also divided their subgroups in people <65
years and >65 years, focusing merely on the elderly. However, children are also a high-risk group and
are almost as vulnerable, if not more vulnerable to certain diseases affected by temperature variability
as the elderly. Therefore, Cheng et al. (2014) emphasize the importance for further studies to focus on
the effects of temperature variability on the health and mortality of children. This is especially important
in areas where child mortality is high, like Africa, where some of the highest rates of child mortality in
the world are found, with more than 4 million children dying each year (UNICEF, 2023). Moreover,
children from low-income countries are expected to bear the greatest burden of climate change, as they
are already vulnerable (Helldén et al., 2021). Therefore, it is specifically important to examine the effect

of temperature variability on child mortality in low-income regions, such as Africa.

Temperature variability might have an impact on child mortality through various channels, like
pneumonia, as researchers have found a positive association between temperature variability and
respiratory diseases among children (Xu, Hu & Tong, 2014; Hu et al., 2022; Yan et al., 2022; Zheng et
al., 2023). For example, temperature variability might lead to an intensification of pneumonia, which is
a huge contributor to mortality among young children (Hossain et al., 2020). Moreover, temperature
variability and childhood diarrhea are found to have a statistically significant relationship (Xu et al.,
2013) and diarrhea is found to be one of the leading causes of death among young children as well
(UNICEF, 2023). Lastly, it is proven that malaria is also affected by temperature variability (Agusto et
al., 2015; Diouf et al., 2020; Nyawanda et al., 2023). This is another reason for concern, as malaria also
belongs to the top contributors of child mortality (UNICEF, 2023). Thus, the effect of temperature
variability on several diseases can have deadly effects on children under 5 years old and therefore, it is
of high importance to estimate this effect in order to act upon it. In Africa, there has been some research
on the effect of temperature variability on health. Agusto et al. (2015) studied the effect of temperature
variability on malaria in Africa and found that temperature variability has an impact on malaria.
Furthermore, Wang et al. (2023) studied the effect of temperature variability on birth weight in Africa
and found that increased temperature variability was linked to lower birth weights and stated that this
can have negative health outcomes. It is necessary to examine whether this possible effect of temperature

variability on child mortality exists in order to develop better health interventions and policies.
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2.3 The pattern of DTR
The importance of understanding the effect of both low and high DTR is also linked to the

ambiguous DTR trends that studies found. Most studies found a decrease in DTR, resulting from a
higher rise of minimum temperature compared to daytime maximums (Easterling et al., 1997; Klein et
al, 2003; Braganza et al., 2004; Vose, Easterling & Gleason, 2005; Klein et al., 2006; Makowski et al.,
2008; Lewis et al., 2013; Davy et al., 2017; McKEnzie et al., 2019; Wang et al., 2023). However, others
found an increasing trend of DTR (Rai et al., 2012; Caloiero, 2017; Guo et al., 2021; Zheng et al., 2023).
Vose et al. (2005) found an explanation for this contradicting evidence and state that this decreasing
pattern of DTR was only true for 1950-1980, as after this, minimum and maximum temperatures
increased in similar magnitudes. Rohde et al. (2013) and Guan et al. (2015) also found an initial decrease
of DTR followed by an increase. This increasing trend is also shown by Wu et al. (2022), who found
evidence for increasing DTR rates as well, showing an increasing trend in temperature variability at the
global level for the years 2000-2019. As it remains unclear, Guo et al. (2021) conclude in their review
paper that there is still more research needed using this type of temperature variability in order to
examine whether there is a continuous narrowing or gradual decrease in DTR in different places of the

world.

Not only do past trends of DTR show ambiguous results, but also studies trying to project the
future of DTR find contradicting evidence. Lindvall & Svensson (2015) projected that the global average
DTR will decrease by the end of this century, but Lee et al. (2020) found that DTR will increase in many
regions, including South Africa. They also project that this increase will lead to DTR-related excess
deaths in the regions, varying from 1.4 to 10.3% in 2090-99. In Africa, there are many climate regions,
resulting in unclear patterns, as coastal areas often experience decreasing DTR values, while arid and
semi-arid regions have been characterized by higher DTR values (Amegah, et al., 2016). Therefore, as
local geography and climate play a crucial role in shaping the magnitude and variability of DTR, the
specific pattern remains ambiguous. Moreover, there is a possible interaction between DTR and warm
temperatures, which increases the risk of mortality in warm regions, such as Africa (Lee et al., 2020).
As the DTR pattern is unclear, it is necessary to examine the effects of both low and high DTR to ensure
a complete analysis in order to estimate the true costs of climate change. Especially in Africa, as DTR
patterns remain unclear due to the various climate regions (Amegah et al., 2016). Therefore, | will

examine the relationship between both low and high DTR on child mortality.

Studies that included the effects of low DTR as well found that low DTR increases mortality
rates (Luo et al., 2013; Cheng et al., 2014). Therefore, the effect of DTR on mortality might be U- or J-
shaped (Zhang et al., 2018). Thus, | expect a relatively low value of DTR to also have a negative effect

on child mortality rates in sub-Saharan Africa. Based on this, the following hypothesis is formed:

Hypothesis 1: a relatively low rate of DTR leads to an increase in child mortality in sub-Saharan-Africa
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As shown in prior studies, high DTR negatively affects mortality rates over the world (Cheng
etal., 2014; Guo et al., 2021). Therefore, | expected high DTR to negatively affect child mortality rates

in sub-Saharan Africa as well. Thus, the second hypothesis is formulated as follows:

Hypothesis 2: a relatively high rate of DTR leads to an increase in child mortality in sub-Saharan-Africa
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3. Research Design

3.1 Empirical strategy

In this section, | will describe the empirical strategy that | use to establish the relationship
between temperature variability and child mortality. | investigate the effect of temperature variability
on child mortality in sub-Saharan Africa by conducting quantitative research, using the statistical tools
R and STATA. The database consists of panel data, thus I will conduct a panel data regression analysis,
as then one can compare different units over several years, which gives a complete overview of the
effect of temperature variability on mortality over the years. Whether to use a fixed or random effects
model is chosen based on the Hausman test shown in appendix 1. As the p-value is below the
significance level 0.05, HO will be rejected and therefore, a fixed effects model will be used. The fixed
effect model controls for time-invariant heterogeneity by including fixed effects which capture the

unobserved time-invariant characteristics of the units.

As the independent variable in this study is on a daily level, but the dependent and control
variables on an annual level, a binned temperature analysis will be performed. This is a common
approach used in economic studies on the health effects of weather change (Yu et al., 2019). However,
to my knowledge, this has not been used to study the effects of DTR, as studies often focus on daily
outcomes (Guo et al., 2021). Most economic studies on the topic, focusing on for example extreme
temperatures, apply a fixed effects analysis using annual mortality rates across large geographical areas
and a longer time period, which ensures the capturing of a richer variation in weather and a longer
window of exposure (Deschénes, 2014; Yu et al., 2019). The use of temperature bins to capture the
effect of DTR on annual mortality rates ensures that the relationship can be nonlinear. Moreover, this

approach allows the different DTR bins to have a unique effect on mortality.

As there is no prior study using DTR bins, | will construct the bins based on findings in the field.
For example, Kan et al. (2007) found a flat curve at levels of DTR below 5 °C and a positive nonlinear
relationship when DTR was above 10 °C. Moreover, Xu et al (2014) found that the effects of DTR on
asthma significantly increased after the DTR reached the 10 °C. Others have chosen to compare the
effects of different DTR ranges with the median value (Ding et al., 2016; Guo et al., 2012). In studies
that analyzed mean temperatures, researchers mentioned the use of 5 °C bins. By utilizing 5 °C bins,
researchers enable the mortality temperature relationship to be determined by the data itself, rather than
relying on preconceived parametric assumptions, while still obtaining estimates that are exact enough

to have empirical content (Deschenes & greenstone, 2011; Yu et al., 2019).

In my analysis, I will also choose to use bins of 5 °C to allow the data, rather than parametric
assumptions, to determine the DTR-child mortality relationship. Moreover, this is in line with proof

from earlier research, showing DTR affecting mortality after 10 degrees, which is also the median in
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this case (Kan et al., 2007; Guo et al., 2012; Xu et al., 2014; Ding et al., 2016). In this study, the DTR
will be divided into three bins, representing “low”, “medium”, “high” and “very high” DTR. Low DTR
will be defined by a DTR below 5 °C, the second bin will represent DTR values between 5 and 10 °C,
the third bin will include values from 10 till 15 °C and the last bin will show extreme values of DTR
above 15 °C. To avoid multicollinearity, the second bin (5-10°C) will be set as the reference category.
This bin is chosen by repeating the analysis using every bin as a reference category one by one in order
to estimate the coefficient values of the other bins. As DTR is expected to have a U- or J-shaped
relationship with child mortality, the coefficient values should be positive compared to the reference
bin. In the result section, a robustness check is done by examining the coefficients and confidence

intervals for the DTR bins compared to the reference bin of 5-10 °C.

In most mortality research, control variables are included in order to create a complete model of
all factors that have an impact on mortality. However, in climate research, the inclusion of control
variables in the analysis is often limited, as adding more controls to a regression model does not
necessarily improve its quality, even if their inclusion could potentially impact the regression coefficient
(Angrist & Pischike, 2008). When additional controls introduce new biases due to endogeneity issues,
they are referred to as "bad controls™ (Angrist & Pischike, 2008). Variables become bad controls when
they themselves are influenced by climate change, as this would lead to a biased estimation because of
over-controlling (Hsiang, 2016). To establish the effect of controls, | will estimate both a model without
and with controls to examine the effect of DTR on child mortality. To best capture the impact of adding
control variables in climate research and to examine what model fits our data the best, | will first conduct
the analysis with the most basic model. For this, | will follow recent climate-economic research of
Hovdahl (2022), as by using a fixed panel analysis, my study will add to this field of research. Hovdahl
(2022) follows the climate economy study of Dell et al. (2014) by conducting panel analysis in order to
find the causal effect of temperature variability on mortality. When no control variables are included,
researchers often include a strong linear time trend to capture the overall trend in the data over time and
to control for omitted variables (Burgess et al., 2013; Hovdahl, 2022). Therefore, | will add a linear time

trend as well in the first model. This first model will be estimated as follows:

Model 1: Y; = ?21 0j DTRij + At + A2t% + o+ v + it

Where Yi: represents the child mortality rate in subnational region i at time t. Then, the key
variables of interest are those that capture the distribution of DTR in subnational region i within year t.
The variable DTR;y; denotes the number of days in subnational region i and year t on which the DTR fell
in the jth of the four bins that correspond to days with a DTR of <5 °C, 5-10 °C, 10-15 °C and >15 °C.
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Separate coefficients g; are estimated for each of these DTR bins. To avoid multicollinearity, the second
bin (5-10 °C DTR) is used as a reference category. Moreover, At and A?t? represent the linear time trend
and the quadratic linear time, respectively. Lastly, the equation incorporates unit fixed effects () to
account for unobservable unit-specific factors that remain constant over time. By including these, any
permanent disparities between the units, such as access to healthcare, are taken into account, therefore,
mitigating their potential confounding effect on the relationship between DTR and child mortality.
Furthermore, time fixed effects (y;) are included in the equation in order to control for time-varying
variations in the dependent variable that are consistent across units, such as HIV or AIDS epidemics or
large-scale vaccination campaigns. Recognizing that shocks or time-varying influences impacting health
may not be uniform across all units, our focus lies in specifications that encompass distinct time trends
for each subnational region. In all models, | used robust-clustered standard errors to account for potential
correlation and heteroscedasticity within clusters and to correct for autocorrelation. I cluster at the level

of subnational units.

Even though linear time trends could capture the overall trend in the data over time and to control
for omitted variables, many researchers emphasize the importance of adding precipitation to the
equation, because temperature variation is possibly correlated with changes in precipitation (Burgress
etal., 2013; Yu et al., 2019). To model precipitation, the method of Burgress et al. (2013) is followed,
as they emphasize the importance of modeling precipitation in a different way than temperature, as
rainfall is more able to be stored than temperature. To model this, firstly, the total amount of rainfall in
year t in subnational region i is calculated. Then, it is estimated whether this amount was in the upper,
middle or lower tercile of annual rainfall in subnational region i over all the years included in the sample.
By adding terciles into the equation, the effect of low and high precipitation compared to middle levels
can be examined. This is useful as low and high levels of precipitation are expected to affect mortality
rates (Yu et al., 2019). In the following model, the effect of DTR on child mortality is estimated,

including precipitation in terciles:

Model 2: Yi; = }*:1 0j DTRi + Y o« 1{PRECiin tercile k} + At + A%t? + oi+ vt + pit

Here, all variables already included in model 1 remain the same. Precipitation is denoted as the
regressors 1{PRECi in tercile k}. Here, a separate coefficient ok is estimated for all three terciles, but
the middle tercile regressor is treated as the omitted reference category. As it is hard to examine whether
control variables will be bad controls, | will also examine a model including relevant control variables

to establish the impact of controls. Model 3 including control variables is constructed as follows:
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Model 3: Yi; = 2?21 0j DTRij + 3. 6k{PRECitin tercile k} + Xt + At + A%t% + o+ ye + pit

Where X is included as a vector of all control variables shown in figure 2. The variables will
be elucidated in section 3.2.
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| Urbanization |
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Household Level Sociceconomic Determinants

Access to goods and services ‘Wealth

‘ Access to electricity ‘ Wealth (International Wealth Index)

‘ Access to piped water ‘

‘ Access to a flush toilet ‘

|

Individual Level Socioeconomic Determinants

Maternal factors Infant factors
‘ Mean age at first birth ‘ %% children vaccinated (measles,
DTP1. DTP2, DTP3. BCG)
‘ Educational level ‘
| Malnutrition (percentage stunted/
wasted children)
i i
Mortality v Health

Figure 2: Socioeconomic determinants of child mortality per level
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3.2 Data

This study uses data on subnational regions in sub-Saharan Africa, as this gives a more detailed
insight in the effect of climate change. The database consists of data from 1995-2018 of 291 subnational
units in sub-Saharan Africa and data on the dependent variable and control variables is extracted from
Global Data Lab, where subnational data is created by aggregating data from the Demographic
Household Survey. For temperature and precipitation data, a novel dataset is created jointly with the
GDL based on MERRA-2 reanalysis satellite data. The use of reanalysis satellite data instead of data
from ground stations, has some advantages, as even though data obtained from ground stations offers
highly accurate climate measurements for specific locations, it may not always be the optimal choice
due to certain limitations. One such limitation is the frequent turnover of weather stations, particularly
in economically challenged countries like those in Africa, where financial constraints impede their
weather monitoring efforts (Dell, Jones & Olken, 2014). Additionally, Africa experienced a significant
reduction in ground stations following the dissolution of the Soviet Union, resulting in sparse station
coverage. As a consequence, these factors introduce considerable measurement errors due to unbalanced
data that is not continuous (Auffhammer et al., 2013). This makes it more advantageous to utilize
alternative data sources such as satellite measurements, gridded data, or reanalysis data when conducting
research on Africa. By utilizing gridded reanalysis satellite data for temperature and precipitation, the
measurements are standardized and provide continuous coverage, resulting in a well-balanced panel
across both time and space. To my knowledge, there is no dataset available yet on the daily temperatures
per subnational region in Africa.

Dependent Variable

Child mortality is defined as the number of deaths of children between one and five years of
age, per 1000 live births in a given year (Smits, 2016).

Independent Variables

The independent variable in the analysis is temperature variability. In past research, temperature
variability is defined in many different temporal dimensions, namely: diurnal, inter-daily, synoptic, sub-
monthly, monthly or sub-seasonal, seasonal, annual, decadal and even centennial length scales (Guo et
al., 2021). The most common measures are intra- and inter-day temperature variability , which are used
by many researchers (Guo et al., 2021). However, putting intra-day and inter-day temperature
variabilities in the same model might result in an unstable model with invalid effect estimates, as the
variables are likely to be strongly correlated (Guo et al., 2016). Therefore, most researchers use only
one of them. The intra-daily temperature variability, or the DTR is computed as the difference between
the maximum and minimum daily temperature and is used the most often (Guo et al., 2021). Kalnay et
al. (1993) were the first to use this method and now it is used by a lot of researchers as it has advantages

over other measurements, because it is commonly known and easy to conduct and compare. For these
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reasons, | will also use DTR as a measurement for temperature variability as well. However, it is not

without limitations, as one can only look at the temperature variability within a day, not between.

Control Variables
To bolster the internal validity of the study and minimize the impact of confounding and other

extraneous variables, several control variables will be incorporated into the analysis. Their inclusion
aims to enhance the accuracy and reliability of the study's findings. Firstly, I will control for
precipitation, which is a common control used in the literature, as weather outcomes are likely to be
correlated with temperature and droughts and floods can harm human health (Yu et al., 2019). Moreover,
as there are many other relevant factors affecting child mortality in Africa, | will use several individual
and subnational level control variables that | find the most useful in the last phase of the analysis. As
my analysis is on the level of subnational units, | will base my selection on relevant variables from GDL,
so that all variables are on subnational level. Here | extend on the relevant social determinants of child

mortality shown in figure 2 in section 3.1.

I will use urbanization as a control variable, as child mortality is known to be higher in urban
areas (Fink & Hill, 2013; Ahinkorah et al., 2022). | will include the international wealth index for
household wealth, as children from richer families are expected to have lower rates of mortality, with
the richer including either higher income or higher household wealth (Alvis-Guzmén et al., 2019;
Ahinkorah et al., 2022). Including IWI instead of gross national income has the advantage of showing
more information on the wealth of households instead of a nation, which is more useful in this
subnational unit analysis. The Global Data Lab includes the possession of twelve assets in this index:
seven consumer durables (possession of a fridge, phone, bike, car, a cheap utensil and an expensive
utensil), access to two public services (water and electricity) and three housing characteristics (number
of sleeping rooms, quality of floor material and of toilet facility) (Smits & Steendijk, 2015).
Environmental factors, such as access to electricity, clean water and sanitation facilities are also
associated with child mortality (Akombi et al., 2017). Thus, the percentage of households that have
piped water, and a flush toilet, are also included in the analysis as control variables. Maternal
characteristics are known to affect child mortality (Chen & Mosley, 1984; Ahinkorah et al., 2022).
Therefore, the mean age of the women at the first birth and the educational level are included as control
variables. There is no data on the individual educational level of women, so averaged values are
included. Furthermore, vaccines are contributing largely to higher child survival and are seen as the
most successful and cost-effective health intervention (Wang et al., 2016). Thus, | also for vaccination
rates among children for BCG, DTP1,2,3, and measles. Moreover, it has been known for a long time
that malnutrition is a strong determinant for child mortality as well and Pelletier et al. (1995) already
showed in 1995 that this is an important cause for child mortality in developing countries. In my analysis,

I include both the number of stunted children and the number of wasted children, as stunting is a sign of
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chronic malnutrition, while wasting is a sign of acute malnutrition and therefore, they both affect

mortality in a different way. The definition and type of all control variables are summarized in table 1.

Table 1: Control Variables

Variable

Type of variable

Definition

Urbanization

Demaographic factor

Percentage of the population living in urban areas

IWI

Economic factor

Index including: possession of a fridge, phone,
bike, car, cheap utensil, expensive utensil, access to
water and electricity, number of sleeping rooms,
quality of floor material of the house and a toilet
facility.

Access to electricity

Environmental factor

The percentage of households with access to

electricity

Access to piped water

Environmental factor

The percentage of households with access to piped

water

Access to a flush toilet

Environmental factor

The percentage of households with access to a flush

toilet

% Children vaccinated

Medical and health factor

Percentage of children vaccinated with BCG, DTP
1,2,3 and measles

Malnutrition

Medical and health factor

Percentage stunted and wasted children

Mean age of women at
first birth

Maternal factor

Mean age at first birth of women aged 20-50 per

region

Educational level mother

Maternal factor

Mean years education of women aged 20+ per

region

Note: all control variables are extracted from the Global Data Lab and are therefore on subnational level
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3.2.1 Analysis of the data
A least absolute shrinkage and selection operator (LASSO) regression is employed in this study

to select the most relevant control variables. Tibshirani (1996) introduced this powerful technique that
combines feature selection and regularization to address the issue of multicollinearity and overfitting.
The objective of the LASSO regression was to select a subset of the control variables, which have a
significant impact on child mortality, in order to minimize the risk of including irrelevant or redundant
variables. This way, robustness and generalizability of the analysis is improved. In appendix 2, the
subset of control variables selected by the LASSO regression is shown. Thus, the percentage of children
that are vaccinated with DTP1 and DTP2, flush toilet, piped water and electricity are less relevant in the

analysis and are therefore excluded.

3.2.2 Descriptive statistics of the variables
The unbalanced panel consists of 5187 observations of 291 subnational units from the years

1995-2018. In the following table, all variables are included except for the independent variable
temperature, as this variable is constructed in a different way on a daily level. These variables will be
transformed into bins and therefore, | will go through the descriptive statistics of the bins separately.
The data on daily temperature is extracted from a balanced panel and therefore, there will be data on all

units and years matching the panel with annual level dependent and control variables.

Table 2: Descriptive Statistics of the annual variables

Variable Observations  Mean Std. Dev. Min Max
Child mortality rate 5187 55.056  37.185 0 242
Total precipitation 5187 963.384 519.938 8.555 4118.47
IWI 5187 29.673 15.818 2.7 86.3
Urbanization 5187 32.168 26.271 0 100
% BCG vaccinated 5187 83.337 19.41 0 100
% DTP3 vaccinated 5187 65.769 24.836 0 100
% measles vaccinated 5187 70.106 20.763 0 100
% stunted children 5025 37.267 11.919 7.3 86.4
% wasted children 5025 9.564 6.078 0 43.1
Mean age at first birth 5187 19.31 1.117 16.9 23.9
Mean years of education 5187 3.878 2.557 .04 11

Table 2 shows the descriptive statistics of the variables and as one can see, the only variables
that have missing values are the percentage stunted and the percentage wasted children. The dependent
variable, child mortality shows the number of children that die before the age of 5 per 1000 children.
The mean value (55.056), the minimum value (0) and the maximum value (242) show no reason for
concern. Total precipitation per year is displayed in millimeters/m?. The mean value of precipitation is
963.384 mm, the minimum value is 8.555 mm and the maximum value is 4118.47 mm. As Sub-Saharan
Africa has a wide variety of climate regions, this variety in millimeters of precipitation per year is as

expected. For example, in Mauritania, precipitation rates can be very low, as the climate in Mauritania
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is dry, hot, and severely influenced by desertification. But in areas rich in rainforest, like Nigeria and
Cameroon, there have been extreme floods in the year 2000, resulting in extreme precipitation values of
4077 mm and 4118.47 mm, respectively. The International Wealth Index (IW1) runs from 0 (no assets)
to 100 (all assets) and shows a mean value of 29.673. The mean value of IWI can be interpreted in many
ways, as IWI is computed based on the possession of twelve different assets and different values and
hence, it does not tell a lot. However, the variable runs from a minimum of 2.7 to a maximum of 86.3,
which shows that there is a huge difference in wealth between different subnational units in Sub-Saharan
Africa. This is no surprise, as the data includes some of the poorest countries on earth, like Eritrea and
Ethiopia, whereas South Africa is relatively wealthy. Urbanization is displayed as the percentage of
people in urban areas, running from 0 to 100. Moreover, there are several control variables added that
represent the access to health care for children. These variables are the percentage of children vaccinated
with BCG, DTP1 and DTP3. Thus, these variables also run from 0 to 100 and show no concerning
outliers. To include the health of children, the percentage stunted and the percentage wasted children
are included and do not show concerning outliers. Lastly, two maternal factors influencing child
mortality are included, which are the mean age at birth of women and the mean years of education of
women. The mean (3.878), minimum (0.04) and maximum (11) values of the mean years of education
do not show anything remarkable, as the years of education for women are generally not high in Sub-
Saharan Africa. Then, the mean age at the first birth neither shows remarkable values, as the mean is
approximately 19 years, the minimum approximately 17 and the maximum age is approximately 24

years, which are expected values in Sub-Saharan Africa.

Table 3: Descriptive statistics of the DTR bins

DTR bin Frequency Percentage

<5°CDTR 557,704 10.52
5-10°CDTR 1,803,704 34.02
10-15°CDTR 1,768,703 33,36

>15°CDTR 1,171,879 22,10

Furthermore, table 3 shows the descriptive statistics of the bins of DTR. It shows the average
amount of days in each bin per year for all units. The data is divided in four bins of 5 °C, ranging from
<5 °C till >15 °C. Most days fall within the DTR range of 5-15 °C and approximately 30% of the days
fall within one of the extreme bins (<5 °C or >15 °C). The <5 °C bin includes only 10.52% of the data.
In figure 3, the shift of bins over the years is shown by comparing the distribution of the first years in
the data (1995-1999) to the last years (2017-2021). The figure does not indicate a shift over the years of

the distribution of the bins and thus does not show a change of DTR due to climate change as emphasized
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in prior research. However, Amegah et al. (2016) mentioned the unclear pattern of DTR in Africa due
to different climate regions, showing decreases of DTR in some regions, and increasing patterns of DTR
in others. This could result in a balancing overview of DTR over the years. However, this might be
different per climate region, as they show different spatial patterns. Therefore, changing DTR could still

be problematic, even though on average, the pattern seems unchanged.

Normalized Histogram of DTR for Years 1995-1999 and 2017-2021
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Figure 3: the normalized distribution of DTR over the years 1995-1999 compared to 2017-2021
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3.2.3 Data check
In this section, I perform several data checks, in order to ensure a higher validity of the research.

Omitted variables
To account for omitted variables, a linear time trend is included in the analysis that captures time varying

factors affecting mortality in subnational regions.

Heteroscedasticity

One of the basic assumptions of regression analysis is that there is no heteroscedasticity in the model
and when the variance of the error term increases, this assumption could be violated and the estimator
will no longer be the best linear unbiased estimator (Studenmundt, 2014). To check for
heteroscedasticity in the model, a Breusch-Pagan test is performed. The results of this test are shown in
appendix 3 and as the p value is below the significance level of 0.05, the null hypothesis that there is no
heteroscedasticity in the model will be rejected. Therefore, there is heteroscedasticity in the model and
to control for this, robust standard errors will be used.

Distribution of the dataset

To ensure a normal distribution of the dataset, a QQ plot formed in R. The plot is shown in appendix 4
and shows that the dataset follows a normal distribution along the diagonal reference line.
Autocorrelation

To detect the presence of autocorrelation in the residuals of the model, a Durbin Watson test is
performed. This test is an often used test in panel data analysis to assess the assumption of independence
among the residuals, as when this assumption is violated, it may lead to biased coefficient estimates and
incorrect standard errors, resulting in invalid hypothesis testing (Woolridge, 2015). As shown in
appendix 5, the DW-test showed a p-value <0.05, indicating that the null hypothesis should be rejected.
Therefore, autocorrelation is present and robust standard errors should be used.

Cluster-robust standard errors

Moreover, cluster-robust standard errors should be used as well, as there is potential correlation and
heteroscedasticity among clusters in my panel data analysis. For example, adjacent regions might have
similar climates and factors such as income are correlated within countries. Hence, to account for
potential correlation and heteroskedasticity, clustered-robust standard errors are used. This will improve

the reliability and validity of my statistical inference.
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4. Results
This section represents the results of the analysis. | performed a robustness check to see whether

the reference bin was indeed the optimal bin. As shown in figure 4, this choice is confirmed by the data,
as the other bins show a positive coefficient value when the coefficient of the second bin is normalized
to zero, indicating a J-shaped relationship. Therefore, the DTR in this bin (5-10 °C) is expected to be
optimal. The confidence interval for the first bin is relatively large, as this bin includes the smallest

amount of observations.

Coefficient

000 = = = =

Temperature Bins

Figure 4: the coefficients and confidence intervals for the DTR bins compared to the reference bin of 5-10 °C

The results of all three models are shown in table 3. | will discuss the results of all models one by
one. Firstly, the results show that model 1 shows a clear effect of high DTR on child mortality. In this
model, the coefficient values of the DTR bins are interpreted as follows. The coefficient value of the
low DTR (< 5 °C) bin indicates that one additional day within the bin of <5 °C, compared to the bin of
5-10 °C, will result in 0.023 extra deaths per 1,000 live births, which is in line with hypothesis 1.
However, the effect is not significant and therefore one cannot draw conclusion on the effect of low
DTR. Furthermore, the coefficient values of the high (10-15 °C) and very high (>15 °C ) DTR bins are
0.038 and 0.041, respectively. The coefficient value of the 10-15 °C bin is significant at the 5 percent
level and the coefficient value of the >15°C bin at the 10 percent level. This shows that, when one
additional day falls within the bin of 10-15°C, instead of 5-10 °C, this results in 0.038 additional deaths
per 1000 live births and one additional day within the bin of >15°C results in an even higher increase,
namely an increase of 0.041 deaths per 1,000 live births. Thus, high levels of DTR result in an increase

of child mortality rates, which is in line with the expectations of hypothesis 2.
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Table 3: Fixed effects regression of model 1, 2 and 3

Child mortality rate:

1) ) ®)
<5°CDTR 0.023 (0.033) 0.053 (0.037) 0.042 (0.034)
10-15 °C DTR 0.038™ (0.019) 0.012 (0.022) 0.011 (0.021)
>15°C DTR 0.041% (0.022) 0.003 (0.028) -0.010 (0.026)
Time trend 0.008™ (0.002) 0.008" (0.002) 0.005™ (0.002)
Time trend? -0.00000"" (0.00000) -0.00000""" (0.00000) -0.00000" (0.00000)
Precipitation k=1 0.967" (0.575) 0.608 (0.536)
Precipitation k=3 2.470™" (0.820) 1.740™ (0.709)
IWI -0.416" (0.239)
Urbanization 0.383" (0.093)
% BCG vaccinated -0.138 (0.177)
% DTP3 vaccinated -0.161" (0.061)
% measles vaccinated -0.025 (0.127)
% stunted children -0.317" (0.146)
% wasted children -0.187 (0.226)
Mean age at first birth -0.473 (2.127)
Mean years of education 2.033 (1.999)
Observations 5187 5187 5025
R? 0.024935 0.021919 0.07875
Time fixed effects Yes Yes Yes
Region fixed effects Yes Yes Yes
Cluster-robust SE Yes Yes Yes

Notes: *** p<0.01, ** p<0.05, * p<0.1

The DTR hins are compared to the omitted reference category of 5-10 °C
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Then, precipitation is added as a control variable in model 2. When precipitation is included in the
analysis, the initial effect of DTR on child mortality disappears. This suggests that the effect found in
model 1 is not the true effect of DTR on child mortality, but it is actually mediated by precipitation and
other controls. Including precipitation ensures a substantial change in the coefficients of the DTR bins.
The low DTR bin coefficient increases from 0.023 to 0.053, whereas the coefficient values of the high
and very high bin decreased from 0.038 and 0.041 to 0.012 and 0.003, respectively. Moreover, the effects
are not statistically significant anymore. The coefficient value of the first tercile of precipitation (0.967),
shows that when the annual sum of precipitation falls within the lowest tercile, compared to the middle
tercile, the child mortality rate increases with 0.967. As the definition of the rate was the number of
children dying between 1 year of age and five year of age, per 1,000 live births in a given year, this
indicates an extra 0.967 deaths per 1000 live births. This effect is statistically significant at the 10 percent
level and corresponds with an increase of 1.76 percent compared to the mean level of child mortality,
55.056. Thus, low levels of precipitation negatively affect mortality rates among children. Then, when
the annual sum of precipitation falls within the third tercile, compared to the middle tercile, the child
mortality rate increases with 2.470. This corresponds with an increase of 4.49 percent of the mean value
of child mortality. Thus, the effect of high amounts of rainfall are substantially large on the mortality
rates among children. This effect is statistically significant at the 1 percent level.

This suggests that the initial effect of DTR on child mortality is largely covered by changes in
precipitation rates, as adding the model by including precipitation changed the results significantly.
Precipitation is an important factor in climate research as well and it can affect child mortality through
various ways, like through the spread of diseases. Research has shown a J-shaped relationship between
annual precipitation and child illnesses, suggesting that low levels of rainfall and high levels of rainfall
both have negative effects on the health of children, with high levels having a relatively larger effect
(Epstein, Benmarhnia., & Weiser, 2020). This is exactly what is found in model 2 and 3. It is known
that suboptimal levels of precipitation could have negative effects on crop productions, reducing food
security, which can result in high mortality risks (Chen et al., 2020). Also, high precipitation rates are
expected to affect children in the long-term through the increased spread of contagious diseases, posing
a particularly higher burden on children that are socioeconomically vulnerable (Helldén et al., 2021).
Moreover, high precipitation rates could lead to insufficient access to adequate nutrition, which can have
enduring consequences on child health (Helldén et al., 2021). Lastly, low precipitation levels can lead
to droughts, resulting in a lack of drinking water, which is also a danger for vulnerable children in
particular (Helldén et al., 2021). The results from model 2 indicate that the effect of precipitation
captures all of the initial effect of DTR on child mortality, and hence, precipitation is a more important
factor in predicting child mortality in sub-Saharan Africa than DTR. Thus, model 2 and 3 do not show

results in line with the hypotheses.

26



Lastly, the fixed effects regression of model 3, including control variables is shown in table 5.
In this model, the effect of high levels of precipitation remains relatively high and significant. The
coefficient value of 1.740 indicates that when the total sum of annual precipitation is within the third
tercile, compared to the middle, the child mortality rate increases with 1.740, which is a relatively large
effect, namely 3.16 percent increase of the mean value of child mortality. The effect is significant at the
5 percent level. The effect of low levels of precipitation is still positive, but not significant anymore and
therefore, | cannot draw conclusions on this. The outcome of model 3 again emphasizes the importance
of precipitation rates in the analysis. Precipitation changes still show significant effects, whereas the
effects of DTR on child mortality remain insignificant. Thus, precipitation mediates the effect of DTR
on child mortality, which was shown in model 1. Therefore, precipitation might be a more important
factor in (Sub-Saharan) Africa than temperature changes. As precipitation is also affected largely by
climate change (Tabari, 2020), researchers focusing on (Sub-Saharan) Africa should examine the effects
of precipitation on child mortality. Moreover, the coefficient values of precipitation decreased compared
to model 2, which indicates that the control variables that were added capture part of the effect on child

mortality as well and are thus relevant.

The control variables that have a significant effect on child mortality rates are IWI, urbanization,
the percentage children vaccinated with DTP3, and the percentage stunted children. As shown in model
3, the coefficient value for the variable IWI is -0.416, which means that when the international wealth
index rises with 1, and thus a household gets wealthier, the child mortality rate decreases with -0.416.
This effect is significant at the 10 percent level and is in line with the expectation that higher wealth
reduces the child mortality risk. Vaccination rates for DTP3 are also shown to decrease the child
mortality rate with 0.161 when the vaccination rate increases by 1 percent. This is in line with the
theoretical expectations, as vaccinations protect children from diseases and therefore reduce the risk of
mortality. Then, the variable urbanization shows a coefficient value of 0.383, which indicates an increase
of the child mortality rate with 0.383 when the part of the population living in urban areas increases with
1 percent. The effect is significant at the 1 percent level and can be explained by the urban heat effect,
stating that urbanization might lead to health risks among people due to rising temperatures (Oke, 1982).
The last significant effect shown by model 3 is that effect of the percentage stunted children. The
coefficient value of -0.317 shows that an increase of 1% in the percentage of stunted children results in
a decrease of the child mortality rate by 0.317. At first hand this might seem as a remarkable result as
stunted children often have a higher chance of dying due to malnutrition, but the results might be subject
to reverse causality when the relationship between stunted children and child mortality is bidirectional.
In that case, a high mortality rate could lead to a lower percentage of stunted children due to the survivor

bias.

Furthermore, the percentage BCG and measles vaccinated, the percentage wasted children, the

mean age at first birth and the mean years of education do not show significant effects on child mortality.
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For the last two mentioned variables, this could be due to the fact that the variables are not based on
mothers specifically, but on women in general. It could also be because there are other contextual factors
influencing this relationship that are not included in the analysis, which might give a wrong indication
of the result. Moreover, the lacking significance of the vaccination rates of BCG and measles might be
due to the fact that they are highly correlated with the vaccination rate of DTP3 and therefore, this effect
captures most of the effect of vaccination rates on child mortality. However, the directions of the
insignificant effects make sense. Lastly, the effect of the percentage of wasted children on child

mortality is also not significant.
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5. Conclusion
In this section, | will first conclude the findings of the study. Then, I will reflect on the limitations

of the research by examining the validity of the analysis. Lastly, | present suggestions for future research.
In this study, the effect of DTR on child mortality in sub-Saharan Africa is investigated, combining
existing economic research on the impact of global warming on mortality due to temperature with recent
findings from climate science. Where prior economic research has mostly focused on how changing
mean temperatures affect mortality rates, climate scientists have highlighted that climate change can not
only alter mean temperatures but also lead to changes in temperature variability (Hovdahl, 2022). This
study builds on recent advancements in the field of climate-economy research, by using a fixed panel
analysis (Dell et al., 2014; Hovdahl, 2022). By doing so, this paper contributes to a growing body of
literature that examines the social and economic consequences of climate change beyond the scope of
only changing mean temperatures. As the study focused on subnational units, it gives a more detailed
insight in the effects of DTR. By creating a novel dataset on precipitation and temperature, | could
examine the effect of DTR on child mortality in sub-Saharan Africa. Moreover, to investigate the effect
of control variables on the analysis, | conducted three separate models. While research finds evidence
of negative effects of DTR on mortality rates in most regions of the world (Guo et al., 2021), this study

does not find a similar effect of DTR on child mortality rates in sub-Saharan Africa.

The main finding of this study is that neither low or high DTR affect child mortality rates in sub-
Saharan Africa and hence, the hypotheses are not confirmed. When precipitation is added to the model,
it captures all initial effects of DTR on child mortality rates. Only in model 1, where no control variables
are added except for a linear time trend, a significant effect is found for high DTR levels. Recent climate-
economic research conducted by Hovdahl (2022) also did not include any control variables and showed
the same, clear effect of temperature variability on mortality. As time trends capture the overall trend in
the data over time and control for omitted variables, this might seem as a valid model, showing expected
effects of low and high DTR on child mortality. However, studies have mentioned the importance of
adding multiple climate factors in the analysis when conducting research on temperature, as they are
likely to be correlated with temperature (Dell et al., 2014; Yu et al., 2019). To prove this, precipitation
is included in the second model, to look at the impact of precipitation on the effect of DTR on child
mortality. As shown, this changed the effects completely. In the second model, one can see that the
significant effect of DTR on child mortality disappears, as it is now almost completely captured by
precipitation. When adding controls, the effect of precipitation decreased slightly, but remains
significant, while the effect of DTR is still insignificant. This again proves that precipitation is a more
important indicator in predicting child mortality rates in sub-Saharan Africa than DTR. Therefore,
climate research should always include other weather variables, such as precipitation, as well to examine
whether it is the true effect of temperature or whether it is actually the effect of precipitation, correlated

with temperature. This could change results of recent climate- economy research of Hovdahl (2022), as
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she did not include relevant weather variables that are possibly correlated with temperature. Not

including precipitation might lead to an overestimation of the effects of temperature variability.

Then, in model 3, controls are added and the effect of precipitation remains significant. However,
the effect decreases slightly as part of the effect is captured by the control variables, indicating that the
model including controls is more useful, as these controls show significant effects on child mortality
and therefore explain parts of changes in child mortality rates. Even though control variables are often
excluded in climate research due to the fear of bad controls (Angrist & Pischike, 2008), | would strongly
recommend to include relevant control variables in the analysis to get a more detailed view on the factors
affecting child mortality, as excluding them might lead to over-estimating the effects of temperature
variability. To minimize the risk of including irrelevant or redundant variables, a LASSO regression
should be performed.

5.1 Limitations
While this study presents clear and useful outcomes on the examination of the effect of DTR on

child mortality in Africa, it is of course not without limitations. Firstly, while the choice of using
subnational units has several advantages over using national units, it also has some disadvantages. To
start with, as the GDL is the only known database that provides useful data on a subnational level, this
limits the use of potential control variables. While I still used sufficient controls, there would have been
more control variables on the country level, increasing the validity of the study. Secondly, as there is no
daily data available from demographic health surveys, | was limited to a binned temperature analysis.
And while this is a common and useful way to analyse daily and annual data, having daily data on all
variables would have given a more detailed analysis with more possibilities. Lastly, GDL data is
unbalanced and hence, the data used from GDL is linearly interpolated and could differ from raw, real
data. While interpolating data is a commonly used method in this field to ensure a realistic pattern of the
data (Greenstone & Hanna, 2014), future research could invest in real data on a more regular basis.
Moreover, as Guo et al. (2021) emphasized that it is important to conduct temperature variability in a
clear, understandable way, it is useful that this study focused on DTR. However, there are of course
other ways to conduct temperature variability, such as intra-day variability, or overall variability. These
types of temperature variability could give other insights in the broad effect of temperature variability
over the short and long term. And as temperature variability is proven to affect parts of the human body
in a different way, it is common and useful to examine the effect of temperature variability on specific
death causes, such as strokes and pneumonia. However, this study did not include separations between
causes of death, as this was not provided for the subnational level. Even though examining the effect of
temperature variability on mortality in general is useful, it might give more insight into the problem
when conducting the analysis on specific death causes. This could also be very useful in order to protect
people from the negative effects of temperature variability, as one would know what to be precautious

about.
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5.2 Suggestions for future research
While I did not find an effect of DTR on child mortality, | did find that deviant precipitation

rates affect child mortality rates negatively. Child mortality rates in Africa are very high and should be
decreased in order to achieve the sustainable development goals by 2023 as well. Therefore, this effect
of precipitation should be considered in policy making in order to protect children from the deadly
effects of deviant precipitation. Hence, | recommend future research focused on child mortality in sub-

Saharan Africa to study the specific effects of precipitation.

However, despite the findings of this study, future research in Africa should still focus on the effects
of temperature variability, as this study only captures a small part of the possible research. There is still
a huge literature gap in this field, as there are no prior studies on the effect of temperature variability on
mortality in Africa. As there are now possibilities to use a novel dataset, more research can be conducted.
Even though figure 4 showed that DTR has not changed over the years, the unchanging pattern could
be due to multiple climate regions (Amegah et al., 2016). In order to be sure, more studies should
determine this pattern and relationship. Moreover, future research could focus on other types of
temperature variability to ensure a broader view on the effect of temperature on mortality, as there are
many ways to conduct temperature variability which could give contradicting results (Guo et al., 2021).
Also, there is evidence that the relationship between temperature variability and mortality might be
modified by air pollution and therefore, it would be useful to control for air pollution in future research
as well (Chen et al., 2014; Luo et al 2017). Thus, this study only captures a part of the effect of

temperature variability on mortality in Africa and more research is needed.

This study also expands upon the emerging field of research on the effect of climate change on
children (Helldén et al., 2021). More research is still needed to protect children from the effects of
climate change, as they are the most vulnerable. Therefore, future research should focus on the effect of
other types of climate changes on children as well. This is needed to reduce the child mortality rates in

order to achieve the sustainable development goals.

To conclude, future research on the topic is needed as Africa is one of the most affected regions of
climate change and the effects of climate change could widen the gap between rich and poor. More
research is needed to examine the effects of temperature variability for longer time periods, different
climate regions, specific causes of death and different subgroups in order to establish a clear view on
the effect of temperature variability on mortality in Africa and to develop better health interventions and
policies. Also, this study showed a significant effect of precipitation on child mortality, which is relevant
in the battle against child mortality. Especially in sub-Saharan Africa, precipitation is an important factor
of child mortality, whereas DTR is shown to be unimportant in this case. Hence, precipitation should be
included in all climate research. Overall, there is still much to understand and the climate is continuously

changing. Thus, climate research should be updated continuously as well.
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7. Appendices

Appendix 1: Hausman (1978) specification test

Coef.
Chi-square test value 249.29
P-value < 2.2e-16

Note: the null hypothesis tested here is, HO: difference in coefficients not systematic. As the p-value is below the common significance level
of 0.05, HO will be rejected. Thus, a fixed effects model will be used

Appendix 2: The outcome of the LASSO regression

Variable Coefficient
IWI -8.1859
urbanization -17. 0600
percentageBCGvaccinated -8.1717
percentageDTP3vaccinated 9.2668
measleswvacinated -8.5851
percentage_stunted children @.6565
percentage_wasted_children @.7763
mean_yearsEDUC -2.7927
Mean_age_atfirstbirth -5.7697

Appendix 3: The outcome of the Breusch-Pagan test

Breusch-Pagan test

data: twfe
BP = 1710.2, df = 10, p-value < 2.2e-16

Appendix 4: The QQ plot

QQ Plot

Sample Quantiles

T T T
-4 2 o 2 4

Theoretical Quantiles

Appendix 5: The outcome of the Durbin-Watson test for panel data

purbin-watson test for serial correlation in panel models
data: childMortalityRate ~ DTR1 + DTR3 + DTR4 + time_trend + time_trend_squared +

Dw = 0.219, p-value < 2.2e-16
alternative hypothesis: serial correlation in idiosyncratic errors
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