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Preface

"The principle of common but differentiated responsibilities underscores the unfairness of
climate change impacts on Africa. While African nations have historically emitted minimal
greenhouse gases, they are now facing the brunt of climate-related disasters, leading to
increased mortality rates and exacerbating poverty and inequality." - Prof. Saleemul Huq,
Director, International Centre for Climate Change and Development (ICCCAD)
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Introduction

1 Background

Climate change is recognised as an existential threat to humanity, in the words of UN
Secretary-General Antonio Gutierrez. Before 2070, between 1 and 3 billion people will find
themselves outside the climatic conditions that we have experienced for at least 6000 years
under the worst-case scenario (Xu et al., 2019). Yet, it is equally crucial to grasp the paradox-
ical reality: those who have contributed the least to climate change are the ones experiencing
its most severe impacts (Allafta and Opp, 2024). Presently, Sub-Saharan Africa (SSA) con-
tributes the least to anthropogenic emissions, yet it is estimated to face the highest burden of
climate change (Amegah et al., 2016). In light of these changes the region records an increas-
ing number of extreme climatic events such as heat waves (Engdaw et al., 2022), hurricanes
and floods (Serdeczny et al., 2017). SSA also faces other challenges such as alterations in
patterns of vector-borne diseases (Giesen et al., 2020) and poorer air quality (Abera et al.,
2021).

Despite growing awareness, research on the impacts of global warming in SSA remains
scarce, and this is aggravated by the region’s limited capacity to mitigate these changes
(Haines et al., 2006; Saeed et al., 2023). Moreover, the scarcity of existing studies limits
the conclusions that can be drawn, particularly given the inconsistencies in methods and
results (Pradyumna and Sankam, 2022; Amegah et al., 2016). Given the plethora of existing
outcomes, this thesis tackles one of the effects of climate change : the increase in ambient
temperature. For the analysis of projected temperatures, Distributed Lag Non-Linear Models
(DLNMs) are emerging as the preferred method for analysing exposure-response associations,
offering the ability to project mortality outcomes in the face of further climate warming. This
method accounts for lagged and potentially non-linear effects of exposures on health outcomes,

offering a comprehensive understanding of the exposure-response relationship (Gasparrini,
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2 Background

2011). But this method demanding robust, long term and timely data (Gasparrini et al.,
2015), has rarely been applied in Sub-Saharan Africa due to lacking data.

In the case of Antananarivo, Madagascar, where mortality and temperature data are avail-
able, there is a promising opportunity to apply DLNMs in a context where this association has
never been studied before, despite the region’s high vulnerability to climate change. With a
population of 1.28 million, Antananarivo faces significant risks from climate variations, partic-
ularly due to its population’s dependence on rice harvests and the condition of its healthcare
and sanitary systems (Rousseau et al., 2023; Waltisperger et al., 2005). However, the city
grapples with a dual burden of communicable and noncommunicable diseases (Schliiter et al.,
2020), coupled with a progressively aging population (see the diminishing pyramid base for
children under 5 and the increase in older age groups in figure 1), which complicates the task

of determining its sensitivity to climate in this evolving landscape.

Comparative population pyramids in percentages for Madagascar in 1993 and 2018
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Figure 1: Population pyramids for the Malagasy population in 1993 and 2018.
The data was extracted from the INSTAT (Institut National de la Statistique) reports from the General Popula-
tion and Housing Census of 1993 and 2018. The data was accessed on https: //www. instat. mg/ thematique/

population.

Therefore, the aim of this thesis is to use the available data and understanding of Antana-
narivo’s population to asses the current exposure-response association and develop context-

specific projections of the future impacts of global warming in the city. Our research questions
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are as follows: what are the prevailing relationships between mortality and tem-
peratures in Antananarivo today, and how might they change in the future?
Answering this question also brings up the following : how effectively do DLNMs apply
to LLMICS in subtropical climate contexts? And how does incorporating shifts in
epidemiological and demographic transitions into the model improve its relevance

and accuracy?

To address these questions, we will use DLNMs, more precisely the tutorial developed
by Vicedo-Cabrera et al. (2019) and disaggregate our analysis by age group to accommodate
variations in vulnerability across different age brackets. We will assess the outcomes of var-
ious projections, comparing those with and without adjustments for changes in population
structure, and examine the varying sensitivities of different causes of death. Then, we will
assess the impact of considering the mediating effect of seasonality. Finally, we will test the
outcomes of using modelled temperatures instead of measured temperatures. Our analysis
will use the death notification data collected from 2000 to 2015 by the Municipal Bureau of
Hygiene across five districts of the city, along with mean daily temperatures sourced from the
Natinoal Oceanic and Atmospheric Administration (NOAA) database.

This thesis is structured as follows: We begin with a review of existing methodological
and empirical findings on the subject, followed by a descriptive overview of Antananarivo
and an explanation of why we selected this case study. Next, we outline the thesis objectives
along with our hypotheses. In the second part, we introduce our data and the methodology
we have chosen to analyse them, outlining how we intend to address our research questions.
Subsequently, we present our findings. Finally, we discuss the results, address the limitations

of this study, and draw conclusions.

2 Literature review

2.1 Climate change and adverse health effects

2.1.1 The effects of climate change on health

Climate change, which we will be using interchangeably with the notion of global warming,
constitutes a major challenge for human populations, notably in regard to human health.
This change in ambient temperatures is partly due to greenhouse gas emissions, which are
attributable to the growing anthropogenic activities. This phenomenon is widely recognised
by the scientific community (McMichael et al., 2006).
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In this context rises an increasing interest in the understanding of the driving forces,
the levels of action and the different health outcomes of such changes in climate. Hence,
the World Health Organisation (WHO) has developed the Driving forces, Pressure, State,
Exposure, Effect and Action (DPSEEA) framework to allow for efficient monitoring, help
and support on environmental health (WHO, 1999). This framework presented in figure 2
highlights the various scales on which one can focus when it comes to environmental and
human health.

Moreover, when we look into how the environment impacts human health, researchers
have uncovered various ways in which climate can affect population well-being. To outline
these pathways, McMichael et al. (2006) developed a schematic summary, depicted in figure 3.
There, the authors include the notion of mitigation which refers to prevention (the reduction
of greenhouse gas emissions) and adaptation which entails intervention to diminish adverse
health effects. The addition of these terms allows to understand the levels at which one can

act to reduce climate change, or later, the effects of these changes on health.

In more details, other authors have led research on the specific outcomes of climate change
on human health. Generally, figure 4 built by Ebi et al. (2021) represents the paths through
which warm weather can affect health (such as through cardiovascular strain or critical organ
failure for example). Furthermore, increased temperatures also affect human well-being as
it increases the risks of dying from many causes such as cardiovascular diseases, respiratory
diseases, cerebrovascular diseases, genitourinary diseases, diabetes, dehydration, hypertension
etc... (Ebi et al., 2021).

Through many possible pathways, global warming affects many lives, and is projected
to affect many more in the future. In the case of exposure to heat in Africa, Marcotullio
et al. (2021) have studied future urban heat-waves and have shown that by the 2100 horizon
300 million Africans may be exposed to 15-day heat waves of at least 42°C without the UHI
(Urban Heat Island) effect!. This is projected to be much higher (950 million) if the effect of
UHIs is considered.

!The Urban Heat Island effect corresponds to the phenomenon by which temperatures are higher in urban
areas due to human constructions and activities (Yang et al., 2016).
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2.1.2 The climate change paradox

While we now have a broad understanding of the pathways through which climate affects
health, further research is required to delve deeper into the specifics, especially in local con-
texts. The need for specific case studies stems from the disparate effects of climate change
globally and the paradox according to which those who emit the less are those who suffer from
the highest burden of disease due to climate change (Allafta and Opp, 2024). This paradox
which highly concerns LLMICS (Low and Lower Middle Income Countries) can be observed
with the analysis of figures 5 and 6, where we observe that those who emit the least are often

those who are projected to carry the highest burden in the future.

Figure 5: Heat-related Mortality.

Percent change in annual deaths?: Blue corresponds to negative change whereas red represents positive changes
(which go up to 200%).

Source : (Romanello et al., 2023).

2Percent change in annual heat-related deaths of adults over 65 years old in 2018-2022 compared to 2000-
2004. Compares with counterfactual scenario in which temperatures are unchanged from baseline values.
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Per capita CO, emissions, 2022

Carbon dioxide (CO,) emissions from fossil fuels and industry. Land-use change is not included.

Nodata Ot 01t 02t 05t 1t 2t 5t 10t 20t

\ ]| \ \ \ I —

Data source: Global Carbon Budget (2023); Population based on various sources (2023)
OurWorldInData.org/co2-and-greenhouse-gas-emissions | CC BY

Figure 6: Per capita CO2 emissions in 2022.

Extracted from : https: //ourworldindata. org/ co2-emissions.

2.2 Defining and choosing exposure

2.2.1 Defining the exposure-response association

The references mentioned above have outlined general pathways through which global warm-
ing can impact human health. In this thesis, our goal is to quantify the effects of a specific
exposure on health outcomes. For context, exposure is defined as the "presence of people;
livelihoods (... ) in places that could be adversely affected by a climate hazard" (O’Neill et al.,
2014) (p. 392) and will be examined in relation to the measured sensitivity or responsive-
ness to the predetermined exposure. Given the uncertainty surrounding the precise effects
of climate change on health, focusing on a specific exposure allows us to explore specific re-
lationships between the exposure and observed events. Focusing on a single exposure also
enhances the interpretability of the measured relationship and facilitates refinements when

seeking explanations for the pathways between exposure and events.


https://ourworldindata.org/co2-emissions
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2.2.2 Diverse exposures

When analysing the impacts of environmental changes on health, researchers have explored
various exposure variables, including ambient temperatures (both indoors and outdoors)
(Anderson and Bell, 2009; Barreca et al., 2016; Vicedo-Cabrera et al., 2019; Levy et al.,
2016), humidity (Armstrong, 2006), rainfall (Motlogeloa and Fitchett, 2024), and air pol-
lution (Bhaskaran et al., 2013; Shirinde and Wichmann, 2023). Reviewing existing studies
underscores the importance of justifying the choice of exposure based on factors like data
availability, relevance to the study area, and comparability with other research. Among these
exposure variables, ambient temperature emerges as a prioritised exposure due to its ease
of monitoring, relevance for global warming studies, and detectable changes. Conversely,
changes in rainfall, while also indicative of changes in climate and potential impacts on popu-
lation health, are less favoured due to the difficulty of detecting their variations (Nematchoua
et al., 2018). When it comes to combining exposure events, the literature has shown that dif-
ferent climatic variables often highly interfere with one another which often makes the model
more complicated to analyse but not less relevant nonetheless (Motlogeloa and Fitchett, 2024;
Armstrong, 2006).

Additionally, the literature diverges on how to measure these exposures. While some stud-
ies consider long-term exposure encompassing all variations in the exposure variable (Vicedo-
Cabrera et al., 2019), others focus on specific events such as heatwaves (Xu et al., 2019;
Ncongwane et al., 2021a). Studies focusing on specific events tend to suggest higher mortality
increases during heatwaves compared to those examining broader time frames. For instance,
studies on temperature analysis during heatwaves report increases in mortality ranging from
8.9% to 12.1%, while studies covering longer time frames document lower attributable mor-

tality rates ranging from 1.6% to 2% (Gasparrini et al., 2015).

2.3 Empirical findings

2.3.1 The association between health and temperature in SSA

Now that we have discussed the general impacts of climate change on health and outlined
our chosen exposure (temperature), we focus on specific health-temperature associations that
make empirical sense in Sub-Saharan Africa. It is important to note that not all potential
associations have been empirically verified due to limited research in this area. This aspect
is discussed comprehensively by Amegah et al. (2016), who provide an in-depth analysis of
the potential health outcomes linked to climate change in SSA. Therefore, this section aims

to highlight the documented causes that have been measured or are likely associated with
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climate change in this region.

First, Amegah et al. (2016) express that changes in climate are expected to highly increase
the occurrence of infectious diseases in the region. Even though evidence remains quite sparse
for Sub-Saharan Africa, many studies point towards this. These studies explain that changes
in temperatures should expand the time frame for pathogen replication (Huq et al., 1983) or
favor the replication of food spoilage microorganisms (Amegah et al., 2016). Hence, increased
temperatures are expected to increase the prevalence of infectious diseases such as water borne
diseases like cholera (Lipp et al., 2002) or diarrhoeal diseases (Klein and Rasoanomenjanahary,
2023; Kolstad and Johansson, 2011; Naumova et al., 2007). Additionally, it must be said that
these infectious diseases do not affect all age groups equally. Indeed, there is a tendency
for infectious diseases to mostly affect younger population subsets. This has been shown
in the case of malaria (Carneiro et al., 2010) and diarrhoeal diseases for example (Walker
and Black, 2010). But the relevance of studying the effects of climate on infectious diseases
is highly relevant for older age groups in SSA where authors have shown that with a dual
burden of communicable and non-communicable diseases (Gavazzi et al., 2004; Dalal et al.,
2011), it is important to study the effects of these diseases for older population subsets too
(Carneiro et al., 2010; Walker and Black, 2010).

Another temperature related cause of death in Sub-Saharan Africa is under-nutrition
(Amegah et al., 2016). This is even more a concern given the impact of variations in climate
and temperature extremes on crop yields which are significantly associated with undernour-
ishment (Phalkey et al., 2015). But this threat, even though it is significantly associated to
changes in climate mostly affects child health. Indeed, Smith and Haddad (2015) have shown
that 40% of children (under 5 years old) are stunted in SSA, and Baker and Anttila-Hughes
(2020) have further demonstrated that warmer temperatures are associated with poorer child

nutrition.

Then, given the double burden of communicable and non-communicable diseases in SSA,
we outline the importance of studying climate sensitive NCDs. First, Dalal et al. (2011)
have shown that the growing prevalence of NCDs in SSA requires more studies towards the
effects of climate change on these causes of death. In this context, cardiovascular diseases
and respiratory diseases are presented as the most common associated causes of death with
temperature variations (Campbell and Woodruff, 2006). But the lack of empirical evidence
of this association in SSA makes it difficult to draw substantive conclusions (Amegah et al.,
2016). Indeed, Michelozzi et al. (2009) and Ye et al. (2012) have shown the effects of height-
ened temperatures on cardiovascular mortality, but there remains lacking evidence of this
association in SSA, underlining the need to conduct further studies. D’Amato et al. (2014)

and Michelozzi et al. (2009) have also shown that increased temperatures are positively as-
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sociated to increases in chronic respiratory diseases, but again there is insufficient empirical
evidence to underpin any findings. These NCDs, even though they mostly intervene in older

age groups, also affect children (Dalal et al., 2011).

Empirical evidence on causes of mortality specifically temperature-related in SSA high-
lights the importance of focusing on specific causes, which affect different age groups differ-
ently. Before describing available methods, we present the factors which have been measured

to affect the association between temperature and health outcomes.

2.3.2 Factors influencing the exposure-response association

To assess the impacts of climate on health, various outcome variables can be considered,
such as mortality (Gasparrini and Leone, 2014), hospitalisation rates (Xu et al., 2019), or the
measured incidence of a disease (Motlogeloa and Fitchett, 2024). The selection of outcome
variables hinges firstly on their availability and secondly on their susceptibility to correlate
with the exposure. In this section, we focus on the effects of ambient outdoor temperatures

on diverse health outcomes to establish a foundation for our research.

Firstly, researchers emphasise the need for localised studies on the effects of climate on
health. Nonlinear relationships between health and climate tend to vary significantly by region
due to factors such as health strategies, adaptation, and demographic structures (Motlogeloa
and Fitchett, 2024; Anderson and Bell, 2009).

Secondly, studies considering the possibility of a delay (lag) between exposure and outcome
show that the cold effect tends to manifest over a week or more after exposure, while the heat
effect is more immediate (Armstrong, 2006; Anderson and Bell, 2009). Consequently, authors
have found that including different lag periods when measuring the dose-response association
significantly affects results (Motlogeloa and Fitchett, 2024; Armstrong, 2006; De Troeyer et al.,
2020).

Thirdly, it is widely observed that the effects of temperature on health vary across different
age groups. Children, with lower thermoregulatory capacity, and the elderly are particularly
susceptible to temperature changes. These nonlinear relationships vary by geographical loca-

tion, underscoring the importance of context-specific studies (Green et al., 2019).

Finally, the impacts of temperature on human health vary greatly depending on type of
disease. Even though multiple causes of death are affected by temperatures, the nature of
this association varies greatly. For instance, the incidence of acute respiratory diseases is
negatively associated with maximum and minimum temperatures (Motlogeloa and Fitchett,

2024). Weather conditions influence pathogen cycles and transmission to humans, as well as
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human behaviours and immune system performance (D’Amato et al., 2014; Bi et al., 2007).
Conversely, cardiovascular disease-related mortality is positively correlated with ambient tem-
peratures (Huang et al., 2011), while hospitalisations related to diabetes increase with every
5°C rise in temperature in Brazil (Xu et al., 2019). Additionally, a scoping review of liter-
ature reveals a positive association between ambient temperatures and diarrheal diseases in

six regions of the world?(Kolstad and Johansson, 2011).

2.4 Methods for measuring the exposure-response association

The available methods for assessing the relationship between climate variables and human
health vary in complexity. However, when analysing the effects of environmental exposure on
human health, time series regression studies are often favoured. This preference stems from
the regular variations in exposure and health outcomes over time, such as hourly, daily, or
monthly fluctuations. Bhaskaran et al. (2013) outlined the main options for conducting time

series regressions in environmental epidemiology.

The first option, time stratified models, divides time into intervals and assigns different
baseline risks for each interval using indicator variables. While this approach is straightfor-
ward and effective at capturing main long-term patterns, it assumes sudden changes in risk
between intervals, limiting its ability to analyse specific biological links. The second option,
periodic functions, models long-term patterns smoothly using Fourier terms, representing
periodic cycles within the data. Although less complex than the third option, it assumes a
consistent seasonal pattern each year. Finally, flexible spline functions fit smooth curves com-
posed of polynomial segments to represent long-term patterns. While flexible, this method
is more mathematically complex and requires decisions on the number of knots, affecting its

flexibility and interpretation (Bhaskaran et al., 2013).

When timely data is available to analyse the exposure-response relationship, flexible spline
functions are recommended. However, the addition of timely data raises questions about
the delay between exposure and health outcomes, known as lag. This consideration led to
the development of Distributed Lag Non-linear Models (DLNMs), adapting Distributed Lag

Models (DLMs) from econometrics.

DLNMs are valuable not only for quantifying current and past exposure-response asso-
ciations but also for extending these associations to future time periods while considering
changes in population demographics. Projections are essential for assessing and managing
the effects of climate change, and DLNMs allow for scenario-based projections, enhancing

their relevance and applicability (Huang et al., 2011). Antonio Gasparrini and colleagues

3South America; North Africa; Middle East; equatorial Africa; southern Africa & Southeast Asia.
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have developed a comprehensive method utilising DLNMSs, incorporating various functions
such as flexible natural spline functions to assess attributable fractions (AF) of deaths due to
non-optimal temperatures (Gasparrini and Leone, 2014; Vicedo-Cabrera et al., 2019). This
method, which we will elaborate on in our dedicated section, has been selected for this thesis
due to the availability of documented code explained in a tutorial (Vicedo-Cabrera et al.,
2019) and its potential for analysing the weather-mortality relationship within a specified,

well-documented, and evolving context.

2.5 Gap in literature in LLMICs

2.5.1 Scarcity in existing studies

Globally, there has been a slow growth in scientific publications focusing on the effects of
global warming on human health, with most studies conducted outside Low and Lower Mid-
dle Income Countries and even fewer on the African continent (Ncongwane et al., 2021a;
Green et al., 2019) (see figure 7). Despite having lower capacity to adapt to higher tempera-
tures, LLMICs, particularly in Africa, have been relatively understudied (figure 8). Moreover,
existing studies use simplistic approaches to analyse the relationship between warmer tem-
peratures and health, while studies have clearly shown the non-linear delayed effect of the
climate-health relation (Armstrong, 2006; Gasparrini, 2011). These findings highlight the
need for more complex methods that consider long-term effects rather than just specific heat
events, for example (Green et al., 2019). In this context, we face a lack of studies on the
African continent, especially concerning the use of complex methods. Following our review of
available methods to measure and project the associations between climate and human health,
DLNMs emerged as an interesting option. However, while DLNMs have been used in various
climates, including continental Europe, Latin America, Central Asia, and Oceania (Australia),
there has been limited application of this method focusing solely on LLMICs or Africa, apart
from a multi-location study in South Africa (Motlogeloa and Fitchett, 2024). The scarcity
of applications of this method in other contexts is likely due to a lack of long-term outcome
and exposure data required to run the model (Dinku, 2019). DLNMs demand extensive data,
which explains the authors’ need to compromise between location-specific associations and
pooled associations from different sites to address uncertainty arising from small sample sizes
in some locations (Gasparrini et al., 2015). However, while this approach reduces confidence
intervals, it eliminates some location-specific variations in the model, which have been found
to contribute significantly to heterogeneity compared to factors such as initial temperature

range or mean temperature (Gasparrini et al., 2015).
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2.5.2 Interactions between health-related effects of climate change and epidemi-

ological transitions

While DLNMs have primarily been used in locations that are at advanced stages of their
epidemiological and demographic transitions, their implications in different epidemiological
contexts where such transition is less advanced remain unexplored in the literature. This gap
is highly significant, particularly when considering the importance of factors such as age and
the main causes of death in understanding the association between weather and population
health.

For reference, epidemiological and demographic transitions are concepts developed to de-
scribe the stages through which populations evolve over time. On one hand, the demographic
transition (DT) was initially thought by Notestein in 1945 to describe the passage from a
regime of high mortality and fertility to a regime of low mortality and fertility (Kirk, 1996).
This concept was based on the analysis of high-income societies and was then described as
a universal trajectory. In more details, the DT has been attributed to two driving forces :
at first a decline in mortality later initiating a decline in fertility. The gap between the oc-
currence of these decreases is attributed to be the main driver for population growth (Diggs,
2008). On the other hand, the epidemiological transition (ET) describes changes in mortal-
ity and cause-of-death patterns which was described by Omran as an inherent change faced
when going from a regime of high mortality to a lower mortality regime. In his theory, Om-
ran describes a gradual shift away from communicable diseases to non-communicable diseases
(Omran, 2001).

While these concepts are still highly relevant in some countries in transition (such as
Iran and parts of India for example) (Moradabadi et al., 2023; Ahsan Karar et al., 2009),
their application in Sub-Saharan Africa must be cautious due to different challenges faced by
the continent, such as conflicts, instability, economic factors, and prevailing health contexts
like HIV/AIDS. Indeed, evidence shows that Africa, which faces distinctly different chal-
lenges compared to now-developed countries, is facing a double burden of communicable and
non-communicable diseases. Furthermore, countries which experience a protracted mortal-
ity transition (Agyei-Mensah and de Graft Aikins, 2010) are highly dependent on imported
anti-microbial and anti-parasitic treatments to decrease the burden of infectious diseases
(Easterlin, 1999; Preston, 1975).

Despite this protracted transition, ET and DT serve as necessary tools for our analysis,
providing insights into expected changes in demographic trends and epidemiological struc-
tures. To vindicate this idea we present in figure 10 the representation of mortality by cause

of death in Madagascar for the years 2000 and 2015. When comparing the two figures it is
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clear that even though communicable diseases still represent a big part of mortality, there is
an increase in the burden of non-communicable diseases. In regard to the analysis of DT in
the country, our analysis of the population pyramids in figure 1 detail the ongoing changes in
population structure. Figure 9 also shows the burden of mortality for different age groups in
Antananarivo. On the one hand, it suggests that there has been a constant decrease in yearly
numbers of deaths for the under 15 years old age group. On the other hand, the number of
deaths between 15 and 59 and over 60 years old have increased during the 1990-2015 period.
These changes are indicative of an ongoing DT in the region, pointing to the need to consider
these changes in the analysis of mortality in Antananarivo. Hence, this thesis will use these
terms to enhance our understanding of the temperature-mortality relation in our case study
of Antananarivo, recognising the potential changes in mortality patterns and age structures

over time.

4000
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Age Group
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Death Counts
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Figure 9: Yearly death counts per age group in Antananarivo from 1990 to 2015.

Data source: Antananarivo death records provided by the Municipal Office of Hygiene.
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3 Research context : Antananarivo, Madagascar

3.1 Antananarivo, Madagascar: current climate profile

Madagascar, an island nation located off the southeastern coast of Africa, is part of the African
continent. It covers an area of approximately 581,500 square kilometers and features a diverse
range of altitudes, from coastal plains to highland plateaus. The country experiences diverse
climatic conditions across its regions, as depicted in figure 11, reflecting a range of environ-
mental realities. While the central plateau boasts a temperate climate, the coastal regions
experience a constant warm climate throughout the year. The country is separated into six
provinces : Antananarivo, Fianarantsoa, Toamasina, Mahajanga, Toliary and Antsiranana,
each further subdivided into administrative sectors (Waltisperger et al., 1998). Historically,
the country gained independence on the 26th of June 1960 but has since then known a rather
unstable political landscape. This instability has since greatly affected other determining
sectors such as the economy which relies mostly on agriculture and livestock (Waltisperger
et al., 1998).

We opted to study Madagascar due to its ranking as the third most vulnerable country to
climate change, as reported by the World Meteorological Organization (WMO) (Nematchoua
et al., 2018). Additionally, our decision to specifically study Antananarivo stemmed from
several factors. Firstly, urban areas face heightened risks from climate change, as highlighted
by the Intergovernmental Panel on Climate Change (IPCC) (Field and Barros, 2014). Sec-
ondly, Antananarivo exhibits greater climate variability compared to more stable regions
(Nematchoua et al., 2018). Thirdly, the availability of substantial data, which we will delve
into later, played a significant role in our choice. Moreover, even though Antananarivo does
not record the highest temperatures, the city stands out for its frequency of heat wave events
when compared to other cities in different climates*(see figure 12). This underscores the
importance of studying temperature fluctuations in this area and their potential health im-
plications. While other locations could have offered valuable insights, challenges in accessing
timely and complete data (particularly mortality data) led us to focus on a single location

for our study.

In terms of the temperature distribution in Antananarivo throughout the year, the city
experiences a subtropical temperate climate (Schliiter et al., 2020) with a dry winter and a
hot summer (see figure 11). Our analysis of mean temperatures for our period of observation

(2000-2015) indicates warmer temperatures between November and March and cooler temper-

4There have been respectively 40, 33, 40 and 46 heat wave events for this period for Toamasina, Mahajanga,
Toliara and Antananarivo.
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atures during the months of April to October (see figure 13). The daily mean temperatures
vary between 10°C and 25°C and the two main seasons are marked by visible differences with
an average temperature of 17°C in the cold season and an average of around 21°C in the

warmer season (see figure 13).
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Figure 11: Map of the different climates in Madagascar.
Source : This map was built and shared by Emilie Castin (researcher for the Centre for Research on the
Epidemiology of Disasters) using a simplified version of the Koppen-Geiger classification using ERA-5 data.
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Figure 12: Number of heat waves recorded in four Madagascan cities from 1990
to 2015. The recorded events are when the daily maximum temperature of more than five consecutive days
exceeds the average maximum temperature by 5 °C.
Source : Graphs produced and shared by Emilie Castin (researcher for the Centre for Research on the Epidemsi-
ology of Disasters) using ERA-5 data.
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Figure 13: Mean daily temperatures averaged for the 2000-2015 period in Antana-
narivo.

Data source: NOAA.
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3.2 Antananarivo, Madagascar: projected climate profile and associated
health risks

As earlier mentioned, climate change implies warmer climates in Madagascar. More precisely,
in Antananarivo, all Shared Socioeconomic Pathway (SSP)® scenarios project an increase in
temperature (see figure 14). This means that whatever the course of anthropogenic emissions,

temperatures are projected to rise.

Studies on the health effects of warming temperatures in the region show that the incidence
of acute respiratory infections (ARI), diarrhea, malnutrition, and malaria are all projected to
increase with the future temperature projections in Madagascar (Rakotoarison et al., 2018).
Furthermore, studies on adaptation show that there is adaptation to warmer climate for
malaria and malnutrition (in the whole country) and enteric diseases (for Antananarivo)
(Rakotoarison et al., 2018; Klein and Rasoanomenjanahary, 2023). But the literature shows
that the effects of adaptation will not suffice to restrict increases in mortality given the
projected changes in climate (Rakotoarison et al., 2018; Klein and Rasoanomenjanahary,
2023). The analysis of rainfall reduction and increased droughts shows that there is no
significant relation between climate change related droughts and food insecurity in the south
of the country (Harrington et al., 2022). Finally, enteric infections are becoming less sensitive

to low rainfall (Klein and Rasoanomenjanahary, 2023).

— Historical
ssp126
ssp585

Temperature increase (°C)

Figure 14: Increase in °C in projected mean temperature (for ssp126 and ssp585)
in Antananarivo. Data extracted from RNOAA and ISIMIP and processed in code 0.2.

5SSPs are further explained in box 1.1.2
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3.3 Antananarivo’s epidemiological transition

Antananarivo is the administrative, political, economic and cultural capital of Madagascar.
Located within the province of the same name, the city comprises six districts and sits at an
elevation of 1000 meters above sea level. These districts housed approximately 1.28 million
inhabitants in 2018 (Rousseau et al., 2023) and, as this city has been at the centre of the
politics of the country, it has also been affected by these events. Despite this, the city
benefits from a relatively better economic and sanitary situation compared to other regions
of the country (Waltisperger et al., 2005).

During the early twentieth century until the 1940s, Antananarivo experienced a stagnation
in the crude death rate, hovering around 30 deaths per 1000 live births. After that mortality
rapidly declined but resurged in the 1980s. This change in mortality trends can be attributed
to unstable economic conditions and the resurgence of malaria (Masquelier et al., 2014).
Over the period between 1971 and 1996, the GDP per capita has known a 45% decrease
which has been unmatched by any other non-war-torn country. This prolonged period of
economic instability affected the health situation in the capital (Waltisperger and Meslé,
2005). Following the 1985 crisis, life expectancy at birth reached its lowest point for the
1976-2000 period, with a life expectancy reaching 45 and 53 years old for men and women
respectively (see figure 15). During this period, literature documents an increase in mortality
for groups which usually have lower mortality rates such as children between five and nine
years old and individuals between fourteen and forty-nine years old. However, after this crisis
the life expectancy grew back to reach its previous level in the 1990s and reached higher levels
by the end of the century (Waltisperger et al., 2005). From this point in time, life expectancy
has increased steadily even though the capital has still not reached economic stability nor
has it resolved the problem of chronic malnutrition (Masquelier et al., 2014). This increase in
life expectancy has also known disruptions due to COVID-19 in later years (Rabarison et al.,
2023).

Presently, most of the increase in life expectancy can be attributed to a reduction of child
mortality, while adult mortality has not experienced a similar decline. This result regarding
adult mortality is due to a shift in the leading causes of mortality, transitioning from infectious
and respiratory diseases to cardiovascular diseases, neoplasms, and other non-communicable
ailments (Masquelier et al., 2014). This analysis of evolving mortality patterns underscores
the concept of ET and the literature shows that Antananarivo is still in the midst of this
transition. But research highlights a particular trend in the city, where instead of transitioning
from one disease regime to another, Antananarivo now faces a dual burden of communicable
and non-communicable diseases (Masquelier et al., 2014). To visualise this double burden of

disease we present figures 16, 17 and 18 in which we represent the evolution of numbers of
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Figure 15: Observed and predicted life expectancy at birth in Antananarivo
(1976—2021).

Source : (Rabarison et al., 2023). For males (green) and females (blue). The authors projected to 2020-24,
the observed life expectancy at birth and the predicted (bold) for both sexes based on the rates measured from
1990 to 2019. This was based on a database with deaths recorded at Antananarivo by the Municipal Bureau
of Hygiene and census-based population estimates.

deaths from main groups of causes of death including deaths defined by what we call "garbage
codes", which refer to ill defined causes of deaths (Masquelier et al., 2019). On one hand, we
observe a decline in mortality below 15 for all causes since 1987, with most progress being
made in reduction of communicable diseases (CDs) rather than non-communicable diseases
(NCDs). On the other hand, mortality for adults® and elderly” is marked by a gradual and
maintained increase in mortality of NCDs (which represent most of the burden of mortality)
and a stagnation in numbers of deaths from CDs. Thus, this context of the dual burden of
NCDs and CDs needs to be considered when analysing the relationship between temperature

variability and mortality in the region.

Finally, exploring the seasonal patterns of mortality in the city is crucial, especially con-
sidering that seasonality often diminishes during the ET. With the progress of the health
transition, the shift from communicable to non-communicable diseases typically leads to a
reduction in the seasonality of deaths. Communicable diseases are known to exhibit signifi-
cant seasonal variations due to factors such as climate, food insecurity, and holidays (Schliter

et al., 2020; Evans et al., 2021; Rousseau et al., 2023). In the case of Antananarivo, research

5Even though individuals below 18 are not considered adults, we shall refer to the 15-59 age group as adults
in our explanations.
"Elderly mortality refers to mortality from 60 years old and above.
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Distribution of Mortality according to Broad Causes of Death
for mortality below 15
from 1990 to 2015 in Antananarivo
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Figure 16: Evolution in numbers of broad causes of death for deaths under 15 in
Antananarivo, Madagascar

Distribution of Mortality according to Broad Causes of Death
for mortality between 15 and 59
from 1990 to 2015 in Antananarivo
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Figure 17: Evolution in numbers of broad causes of death for deaths between 15
and 59 in Antananarivo, Madagascar
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Distribution of Mortality according to Broad Causes of Death
for mortality over 60
from 1990 to 2015 in Antananarivo
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Figure 18: Evolution in numbers of broad causes of death for deaths over 60 in
Antananarivo, Madagascar

shows changes in seasonal mortality, but these changes are mostly driven by shifts in leading
causes of death rather than changes in the timing of these occurrences. When examining
specific age groups, the study has shown that child mortality is highest with warmer tem-
peratures, while mortality over 60 is more sensitive to cooler temperatures (Schliiter et al.,
2020). Moreover, as the city continues to grapple with transitioning between different stages,
factors such as food insecurity, tend to remain high. To illustrate how food insecurity levels
fluctuate significantly in correlation with seasons, authors show that food insecurity rates are

doubled before the rice harvest compared to after (Rousseau et al., 2023).

4 Research question and hypotheses

In their review of literature on the impacts of heat stress on human health across Africa,
Ncongwane et al. (2021b) highligh significant gaps in existing studies. Notably, they advo-
cate for vulnerability assessment studies focusing on specific demographic groups. Building
on this recommendation and our review of the literature, this master’s thesis aims to employ
the dose-response measurement method developed by Gasparrini et al. (2015), incorporating
demographic refinements to enhance our understanding of the context within which associa-

tions are measured. This thesis explores the efficiency of using such a method in environments
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where data is limited yet available, and where the epidemiological transition deviates from
the initial patterns. The primary objective is to determine the value of including demographic

and methodological refinements in these contexts.

Subsequently, this thesis seeks to address the following questions: what are the pre-
vailing relationships between mortality and temperatures in Antananarivo today,
and how might they change in the future? How effectively do DLNMs apply to
LLMICs in subtropical climate contexts? And how does incorporating shifts in
epidemiological and demographic transitions into the model improve its relevance
and accuracy? We will explore these questions using a more elaborated version of predic-
tions based on DLNMs, which also takes into account changes in population structure and
tests the effects of demographic transitions on the relationships observed. We will analyse spe-
cific relationships by cause of death to incorporate the effects of shifts in the epidemiological
transition. Then, we will examine the importance of seasonality which plays a mediating role
in the mortality-temperature association, and whose importance varies between age groups.
Additionally, we will assess the importance of using measured data compared to modelled
data.

Based on our review of the existing literature, we make several hypotheses:

o First, we hypothesise that, all things being equal, increasing temperatures will increase
the attributable fraction (AF) of deaths due to heat across all age groups (Klein and
Rasoanomenjanahary, 2023) (Rakotoarison et al., 2018). This exposure-response asso-
ciation is expected to vary between age groups (Green et al., 2019) and different causes
of death (D’Amato et al., 2014; Bi et al., 2007; Huang et al., 2011; Xu et al., 2019).

e Then, through our analysis of changes in population structure, we expect to see a
decrease in child mortality and an increase in mortality later in life, resulting in more
deaths attributable to extreme heat for older groups compared to the constant mortality
scenario. On the contrary, heat related mortality under 15 years old is hypothesised to

diminish in the scenario with varying mortality.

o Additionally, we hypothesise that attributable fractions of mortality due to cold will
diminish whereas heat related mortality will increase. This should be the case in all

projection scenarios and for both SSPs .

o Moreover, seasonality, which significantly impacts child mortality (Schliiter et al., 2020),
is hypothesised to play a greater mediating effect on mortality in under 15 years old

rather than on other groups.

e Furthermore, given the differences in temperature projections between the two SSPs,
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we hypothesise a greater attributable fraction of deaths due to heat in SSP5-8.5 than

in the mitigation scenario.

e Finally, we hypothesise different relative risks for our model using measured versus

modelled data for temperature.
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Data and Methods

1 Data

Before delving into our methodological framework, it is essential to provide an overview of our
data choices. As outlined in earlier sections, our focus is to assess the impact of non-optimal
temperatures on mortality in Antananarivo, Madagascar. To achieve this, we have collected

both exposure data (daily mean temperature) and outcome data (daily death reports).

1.1 Exposure : daily mean temperature

For the exposure data, we have selected daily mean temperatures as they best represent the
general climatic conditions. In this section, we describe the data we used while also explaining

the reasons for not using other potential datasets.

1.1.1 Dataset for the 2000-2015 period : NOAA data

Among the available data for Antananarivo, we referred to the datasets offered by the National
Oceanic and Atmospheric Administration (NOAA), which facilitates access to a variety of
climate datasets. This scientific agency, part of the United States Department of Commerce,
focuses on monitoring the conditions of oceans, major waterways, and the atmosphere. The
NOAA database collects weather and climate data through various methods®. In our case,
the database allowed us to use real temperatures recorded by the Ivato International Airport
in Antananarivo. Although we did not have a choice regarding the selected data for our

analysis, because of the lack of other stations in the area included in the database. We

Shttps://www.noaa.gov/tools-and-resources/weather-and-climate-resources
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maintain that using temperature data from Ivato airport is relevant. The airport is situated
within the city, and its altitude is close to the mean altitude of the city, at 1279 meters

compared to the city’s average altitude of 1309 meters®.

The code we used to access this data can be found in the code annex 0.1. To download
this data, the rnoaa package in R was used, which interfaces directly with NOAA’s data

application programming interface.

After downloading the data, our initial step was to assess its completeness. This anal-
ysis revealed a significant number of missing values, particularly prior to the year 2000, as
illustrated in graph 19. This was problematic, especially considering that the model necessi-
tates extensive time frames of complete data. Despite this issue, we opted to proceed with
using this dataset rather than resorting to modelled data from an alternative source. The

justification for this decision is elaborated in the box 1.1.1 below.

Missing daily values for mean temperature by Year

150

100

Number of Missing Values
]
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Figure 19: Representation of all the missing values in daily temperature for each
year of the NOAA dataset.

Box 1.1.1 : Choosing the exposure data

Given the number of missing values in our initial mean temperature database, we explored alternative
options. Through interactions with members of Centre for Research on the Epidemiology of Disasters, we

were granted access to ERA5-Land data. This dataset, sourced from the climate data store, represents

“https://en-us.topographic-map.com/map-jvmcz/Antananarivo/
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gridded data. ERAS5-Land is a reanalysis of the existing ERA5 dataset, combining model data with global
observations to create a globally complete and consistent dataset using physical laws. Utilising data
and coordinates provided by Emilie Castin (longitude: 47.422465, latitude: -18.798), which encompass
most of Antananarivo city and include the airport, we extracted mean temperature data. However, it
is essential to note that this temperature represents the temperature at 2 meters from the ground and
is not a direct measurement'?. ERAS5-Land, being simulated data, does not have missing values. The
recorded temperatures exhibit, however, marked differences when compared to our measured data. When
referring to the graph below we observe the difference between the two datasets, and we can see that the

NOAA data is always higher than ERA5-Land data on average (the measured average difference being 1.173°C).

Comparing exposure data: modelled vs measured.

Mean Temperatures across Days of the Year (Data Range 1990-2015)

Variable
tmean
0-
— t2m_mean

— t2m_max

Mean Temperature

200 300
Day of Year

tmean : mean temperature from NOAA, t2m mean : mean temperature from ERA5-Land, t2m max :

maximum temperature from ERA5-Land.

Exploring other options

We experimented using the ERA-5 data instead of the RNOAA data as a sensitivity analysis (results found in
our results section) and chose to keep the RNOAA data as the exposure. Furthermore, we experimented with
various techniques to fill in missing values in the NOAA data using simulated data prior to 2000 in R. Initially,
we employed a simple method by calculating the mean difference between the two datasets and adding this
difference to the ERA5-Land simulated temperature to estimate missing values. Subsequently, we attempted
a more intricate approach involving a loop to compute the difference between the values of the two datasets
for the 15 days before and after any missing value. This loop then attributed the calculated difference to the
missing value in the NOAA dataset. In cases where numerous missing values were encountered, we expanded
the loop to encompass a 30-day window before and after the missing value.

Despite employing both techniques and integrating the new datasets into the model, we encountered challenges
in achieving model convergence. Consequently, we decided to limit our analysis to data from 2000 onwards.

1.1.2 Dataset for the 2016-2100 period : ISIMIP data

In order to project the effects of future climate changes, it is essential to gather information

on future climate scenarios. Various climate projections are available, typically based on

Ohttps://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-erab-land?tab=overview
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the development of Shared Socioeconomic Pathways (explained further in box 1.1.2). For
our study, we sourced data from the Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP)!!, which provides a framework for accessing diverse datasets to understand the
impacts of climate change. ISIMIP operates on the principle of open access data, requiring
personal registration for access. Temperature values, initially in Kelvin, were converted to
degrees celsius by subtracting 273.15. The data was shared in two files corresponding to the
selected scenarios. We selected two scenarios for our analysis: SSP1-2.6 and SSP5-8.5. The
choice of SSP1-2.6 aligns with the objectives of the Paris Agreement, aiming to limit global
warming to 2°C (Sanderson et al., 2017). In contrast, SSP5-8.5 represents a scenario projected
to induce the most significant warming. While there are other scenarios available, we opted

not to include them as they would fall between these two extremes.

Finally, the two datasets included the following variables: date, year (from 1980 to 2100
which is our projection horizon), and five "tmean" variables, representing estimations from
five different climate modelling groups. These five modelling group outputs are all incorpo-
rated into our model and use GCMs (General Circulation Models) to simulate and project
earth’s climate system. GCMs are complex computer-based mathematical models used to
simulate the earth climate system. Under different scenarios, these GCMs present based on
past earth system data a simulation of future climates. These models represent the fun-
damental processes which drive climate variability and change and make projections about
future conditions'2?. The different models are as follows: GFDL (Geophysical Fluid Dynamics
Laboratory), IPSL (Institut Pierre-Simon Laplace), MRI (Meteorological Research Institute),
MPI (Max Planck Institute for Meteorology), and UKESM (UK Earth System Model).

Box 1.1.2 : Shared socioeconomic pathways

Shared Socioeconomic Pathways (SSPs), General Circulation Models (GCMs) and Representative Concen-
tration Pathways (RCPs) are key components to research on climate changes. The intertwined but different

concepts serve different aspects of climate change modelling.

SSPs are scenarios to represent different plausible trajectories of socioeconomic development over the 21st
century. They capture the uncertainties in future societal, economic and technological developments that could
influence green house emissions and climate change. To each SSP coincides a narrative describing assumptions

about future population growth, economic development, etc. (Riahi et al., 2017).

The different SSP scenarios are the following and the developed specifics for these SSPs can be found in figure
42 in the annex.

Summarised table of different SSPs:

"https://www.isimip.org
2https://celebrating200years.noaa.gov/breakthroughs/climate_model/welcome.html
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SSP1 Sustainability - Taking the green road. (Low challenges to
mitigation and adaptation).

SSP2 Middle of the Road. (Medium challenges to mitigation and
adaptation).
SSP3 Regional Rivalry - A rocky road. (High challenges to mitigation

and adaptation).

SSP4 Inequality - A road divided. (Low challenges to mitigation. High
challenges to adaptation).

SSP5 Fossil-fuelled development - Taking the Highway. (High
challenges to mitigation, low challenges to adaptation).

Based on source: Riahi et al. (2017)

RCPs represent the different possible climate profiles based on different possible evolutions of the concentra-
tion of green house gases in the atmosphere and are thus coupled to SSPs to get different climatic scenarios
(Intergovernmental Panel On Climate Change, 2023).

Projected climatic scenarios are represented as SSPs, with the acronym followed by the scenario number and
the approximate value of radiative forcing expected to be reached by the end of the 21st century. Ultimately,
an SSP encapsulates a greenhouse gas emission and global warming trajectory. The various climatic projections
endorsed by the Intergovernmental Panel on Climate Change (IPCC) include the following:

SSP Scenario RCP: associated radiative ~ Climate projection
forcing scenarios

SSP1 RCP 2.6 SSP1-2.6

SSP2 RCP 4.5 SSP2-4.5

SSP3 Between RCP6 and SSP3-7.0
RCP8.5

SSP5 RCP 8.5 SSP5-8.5

Based on source: Intergovernmental Panel On Climate Change (2023)

The combination of these terms is summarised in figure 43 found in the annex. This figure shows how emissions,
when thought of in the GCMs can result to projected changes in climate.

1.2 Owutcome : daily deaths

Due to incompleteness of the death registration system of the population in Madagascar,
conducting studies on all-cause and cause-specific mortality presents significant challenges
(Waltisperger et al., 1998). The data accessed for this thesis originates from a research
project initiated in 1993 by Unicef and Ined, providing access to data from 1976 to 2015 in
Antananarivo (Waltisperger et al., 2005). These death records are maintained by the Munic-
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ipal Office of Hygiene (MOH). Ratovoson et al. (2020) explain that this record system was
established in 1916 to improve the healthcare system’s crisis response, specifically focusing
on accurately recording deaths for effective intervention. The MOH has retained this record
system over time for various purposes, including assessing the accuracy of recorded home
deaths (Waltisperger et al., 1998). Presently, this data is not publicly available, and access is
granted upon special request. We were granted access to records from 1976 to 2015 through
Bruno Masquelier. While access to the data was previously facilitated directly by the Munici-
pal Bureau of Hygiene (BMH), it is now monitored by the Pasteur Institute of Antananarivo,
and access to the more recent data from 2016 onward was not possible for this dissertation.
Our access to the 1976-2015 data was contingent upon an agreement to use it exclusively for

this master’s thesis, with a commitment not to redistribute the data.

Before delving into the specifics of the data, it is essential to consider its quality. In
Antananarivo, death declarations must be made within 12 days from the date of death, a
requirement observed in 99% of cases, with over 80% of declarations occurring on the same
day or the day after the death. This adherence to the 12 day delay is attributed to the long-
standing tradition of death reporting in the city (Waltisperger et al., 1998). Masquelier et al.
(2019) further extended this observation for data up to 2015, demonstrating that indicators
measured using the database closely align with those measured based on Demographic and
Health Surveys from the capital city. Regarding the precision of declarations, particularly in
factors such as age, a study emphasises that age reporting has become increasingly accurate
over time. By 2000, age was known to the day for more than 80% of deaths (Waltisperger
et al., 2005). Furthermore, when assessing the quality of cause of death reporting, a study
highlighted numerous "garbage codes" in the Global Burden of Disease (GBD) 2016 dataset
(Masquelier et al., 2019). These codes lack precise indications of causes of death. However, for
causes not classified as garbage, there was consistency between estimates from GBD 2016 for
the country and data from the capital. Therefore, data from Antananarivo can be considered
comprehensive and, with the removal of garbage codes, reliable for analysis of causes of death

Or age groups.

The mortality data provided consists of a database documenting daily deaths recorded
from 1976 to 2015 in the region of Antananarivo-Renivohitra. This region comprises six dis-
tricts, with the Bureau Municipal d’Hygiene (BMH) having jurisdiction over five of them.
Therefore, the data covers the central parts of the city, excluding the district of Ambohima-
narina. Despite spanning from 1976 to 2015, we have chosen not to use data prior to 2000.
This decision is influenced by exposure data limitations and documented evidence of a severe
economic crisis in Madagascar during the late 1980s, resulting in a significant decrease in life
expectancy at birth (Masquelier et al., 2019; Waltisperger et al., 1998). Before our analysis,

the database underwent data cleaning, including the removal of non-residents and stillbirths,
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to ensure data quality and relevance. After restricting the dataset to the 2000-2015 time
frame, a total of 103 068 deaths were retained (table 4 in the annex). The available variables
for our analysis include the date of death, date of declaration, date of birth, sex, Cause of
Death (CoD) in International Classification of Diseases - 9 (ICD-9) codes, age at death, and
the year of death.

2 Methods

The objective of this thesis involves testing an established method in a distinct context. To
describe our method, we start by describing the existing method in section 2.1, followed by
a description of our methodological adaptations and the sequential procedures undertaken to

address our research questions in section 2.2'3.

2.1 Distributed Lag Non-linear Models

2.1.1 Steps for the model

In this section, we explain the method described by Vicedo-Cabrera et al. (2019). This method
is designed to assess outcomes occurring after an exposure event. The model incorporates the
nonlinear and delayed effects of weather events on mortality through specific functions, with
the primary objective being to define the relationship within the predictor space, to measure
how changes in the predictor variable correspond to changes in the response variable (Vicedo-
Cabrera et al., 2019). The different steps and graphs produced in the author’s original study
can be found in box 2.1.1 and figure 20.

Box 2.1.1 : Description of the DLNM according to the tutorial

Step 1 involves estimating the exposure-response associations. This entails fitting a Gener-
alised Linear Model that links the exposure and outcomes while controlling for confounding
factors such as seasonality or day of the week. This step provides the Relative Risks!4(RR)
and is often accomplished using a time series quasi-Poisson regression. Moreover, DLNMs
are based on the definition of a cross-basis (cb). This cb is a bi-dimensional functional space
which describes the relation along the temperature range and the lag dimension. Thus, to
incorporate the concepts of delay and non-linearity into the relationship, a cb term must be
defined. This cross-basis includes the exposure (temperature) and natural spline functions
for the maximum lag, based on three internal knots (on the 10th, 75th & 90th percentiles of
the temperature distribution) (Vicedo-Cabrera et al., 2019). This function can be found at

13 All analyses were done in R (version 2024.04.0+735).
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equation 2.1.

Step 2 involves projecting the exposure and health outcome series. This entails gathering data
on future climate based on GCMs and projecting future health outcomes. To project future
mortality, the method assumes constant mortality rates, with seasonal variations captured

based on past data.

Step 3 concerns downscaling and calibration, where different GCM data are calibrated to
match recorded data using a bias correction function. This function was built to calibrate
ISIMIP data.

Steps 4, 5, and 6 entail extrapolating the exposure-response curves beyond the observed
range of temperatures. The impact is projected and quantified using concepts such as
Attributable Numbers (ANs) and Fractions (AFs). These attributable fractions and numbers
are calculated based on equation 2.2. Finally, uncertainty arises from estimation of the
exposure-response function and climate projections. This uncertainty is assumed to follow
a multivariate normal distribution and results are generated for each of the GCMs. The
Confidence Intervals (CIs) are obtained through Monte Carlo simulation of the coefficients
and are quantified in terms of empirical confidence intervals, defined as the 2.5th and 97.5th

percentiles of the empirical distribution.

The following function is the mathematical representation of what was done in the DLNM code:

P
log[E (V)] = o+ f (21:0) + s(t;8) + D _ hp (2p 1) (2.1)
p=1
Here, the outcome (Y;) corresponds to daily death counts assumed to follow a Poisson distribu-
tion with overdispersion. The function f(z;;0) specifies the association with the temperature
() at time (t), while s(¢; 8) represents the baseline trend capturing the effect of confounders
changing slowly over time, such as seasonal trends. Additionally, h(2p¢; vp) models the contribu-
tion of other confounders varying on a daily basis, such as the day of the week (Vicedo-Cabrera
et al., 2019).
The following function represents the calculation of the attributable number of deaths due to
heat and cold. The attributable numbers (D, ) are calculated in reference to the minimum
mortality temperature (7T}, ), which is the temperature at which the least number of deaths

are recorded. This calculation is based on the calibrated temperature series (Tmod )-

Datte =D - (1 — o~ (Tho ;e;>—s*<Tmm;e;;>>> (2.2)

Here, f* and 6 represent the exposure-response curves calculated in step 1, and the lagged
results are cumulative. To obtain results for cold and heat, the minimum mortality temperature

is used as the threshold separating the two.
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Figure 20: Steps for applying the Vicedo-Cabrera et al. (2019) tutorial - Graphics.

1Relative risks present the risks of mortality at a given temperature compared to the minimum mortality
temperature (temperature at which the death counts are the smallest). These RRs could have also been
analysed as rate ratios given that we used a Generalised Linear Model (GLM) with a poisson distribution.
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2.1.2 Modelling choices

Before delving into the methodology used to address our research questions, it is imperative
to outline the various modeling decisions made for our analysis, as these choices may signifi-
cantly impact our findings. Armstrong (2006) has demonstrated the importance of modeling
decisions when using DLNMs and their effects. From his analysis, we retain that choices
such as the functional form assigned to the temperature-mortality curve for each lag and the
specification of the form given between the coefficients across different lags induce consider-
able influence on the analysis outcomes. The selection of these two components’ shapes can
vary from linear thresholds to polynomials to natural cubic splines, which highly influence

the interpretation of results (Armstrong, 2006).

Moreover, the study emphasises the significance of grounding model choices on either
model fit or a priori theories regarding methodological effects. Despite not all choices leading
to convergence, prioritising choices based solely on model convergence may not be ideal, as
the effects of different choices are interdependent. In other words, isolating one effect at a

time may not suffice.

In light of these findings, we opted to make our modelling choices based on a priori choices,
ensuring model convergence while focusing decisions informed by existing literature. First,
concerning the shape of temperature-mortality curves and coefficients between lags, we use
natural cubic splines. This decision aligns with the findings that more flexible models are
best suited in the case of exploratory, single-city studies, as natural cubic splines facilitate
the analysis of temperature’s systematic effects on mortality (Armstrong, 2006). Given the
nature of our study, and the small numbers we work with'®, simpler models are excluded as
favored for multi-city studies. Secondly, regarding the selection of knot placements and their
numbers, we opt for three knots positioned at the 10th, 75th, and 90th percentiles of the
temperature distribution. This choice reflects the observed linear effect of cold compared to
heat. Finally, determining the maximum lag for our model, we choose 21 days to accommodate

potential harvesting effects resulting from prolonged exposure to specific temperatures.

Subsequently, we conducted model runs with variations in knot placement, in maximum
lag, and the functional forms of the temperature-mortality curve. The results of these tests can
be found in figure and 21 where we observe that running the model with different lags, 3 knots
at the 10th, 75th and 90th percentiles and natural cubic splines displays minor differences
between the different models. This brought us to keep the prescribed 21 days of lag. Then in
figure 22 we can see that the natural splines better explain the temperature-mortality relation

for 21 days of lag compared to the Linear and Double threshold models. Finally, regarding

5 Egspecially in the case of our analysis by cause of death.
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(based on all age mortality).

knot placement, the prescribed placement is the only which yielded model convergence. This

placement, which aligns with the tendency of cold related mortality to be more linear and

than heat related mortality, was chosen for our analysis. The representation of these knots in

regards to temperature distribution may be found in figure 23 where we observe one knot for

cold and two for heat. Following these results, we keep our initial modeling choices, as they

yielded the best model fit in our basic by-age model (further detailed in code annex 0.2).
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Temperature Distribution between 2000 and 2015 in Antananarivo
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Figure 23: Mean temperature distribution in Antananarivo for the 2000-2015 pe-
riod.
With indications for the 10th, 75th and 90th percentiles of distribution.

Finally, regarding modelling choices for the confounders, we chose to control for the effects
of seasonal and long term variations using a natural cubic spline of day of the day of the year
with 8 degrees of freedom (df). The confounding effect of variations in mortality between

days of the week is captured by an indicator of the day of the week.

2.2 Sensitivity analyses

To address our research questions and test our hypotheses, we conducted several sensitivity
tests. In this section, we detail our application of the Vicedo-Cabrera et al. (2019) method
and the steps taken to explore our questions. Our code is available in annex 0.2, and we will

discuss any modifications made for specific analyses within this section.
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2.2.1 Sensitivity test 1: Allowing for age-specific relative risks

The initial step of our analysis focuses on implementing the Vicedo-Cabrera et al. (2019)
tutorial by age groups. To achieve this, we adapt the original code to analyse multiple
exposure-response curves sequentially. In this model, we maintain the assumption of constant
mortality rates, implying no demographic changes. This approach allows us to investigate
whether Relative Risks (RRs) vary across different age groups and facilitates comparison with

models incorporating demographic changes in subsequent tests.

Given the differences between age groups impacting the heat-mortality relationship, we
select groups based on several considerations: relevance for the analysis'®, adequate mortality
data availability for model execution, and exploration of the existing literature for potential
comparison. We choose three age groups: under 15 years old, between 15 and 59 years old,
and over 60 years old. Initially, we considered four age groups, subdividing the first group
into under 5 and 5-14 age brackets. However, limited data in the 5-14 age group makes this
impractical. Details of the final death counts used in the analysis can be found in table 4 in

the annex.

To analyse the results of this initial step, we compare the obtained RRs to assess variations
between age groups. Additionally, we compare the projected Attributable Fractions (AFs) of
the 2000-2010 period with those of 2050-59 and 2090-99 across different age groups under both
SSP scenarios. The analysis of the RRs allows us to underline possible differences between
risks for age groups. The AFs are the measure which allows us to understand which age group
carries the highest burden of mortality due to non-optimal temperatures. Then, the analysis
of the relative change between periods and SSPs allows us to provide preliminary information
on the projected changes in climate on mortality when assumed constant. This comparative
analysis allows us to discern the climate change effect on different age groups under a scenario

without changes assuming constant RRs across all age groups.

Furthermore, to complete our analysis on the importance of age disaggregated models,
we compare our results to an all-ages aggregated model. Strong differences in the exposure-
response curves, if detected, will further confirm the importance of considering differences
between age groups. This analysis is relevant given that we expect the curve to be influenced

by age disaggregation.

Finally, the analysis of the minimum mortality temperature for each age group allows us

to discern differences in non-optimal temperatures between age groups.

16\e have to make sure that the groups make sense in regard to physiological responses to temperature.
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2.2.2 Sensitivity test 2: Allowing for changes in the age composition of deaths

in the future

To address changes in demographic transition (DT), it is necessary to discard the constant
mortality assumption. DT prompts shifts in population structure, marked by an increase in
the older population and a decline in the number of children. Additionally, a reduction in
early-life mortality contributes to a shift of deaths to older age groups. Ideally, representing
these changes involves applying varying death rates to a population of changing size, for
example, through a cohort-component model. However, insufficient data on population by
age limits the possibility of doing so. Consequently, we opt to represent changes in population

structure and mortality patterns through exponential projections of deaths per age group.

To achieve this, we aggregate the number of deaths for each year between 2000 and
2015, minimising the noise effect of seasonal variations in projections. Then, we conduct
regressions for each age group and analyse the associated R-squared values to gauge the
regression’s fit with past results. We then project deaths with an exponential function based
on these regressions. To obtain vectors with daily death numbers for each year, we develop
a seasonality function redistributing total deaths according to past seasonal patterns. We
adjust this for leap and non-leap years to allocate deaths accurately across days. The code
for these manipulations can be found in code annex 0.3, and projections plots and regression
results can be found below in figures 24, 25, and 26. The analysis of the R-squared for all
our regressions shows that most of the variance in the data is captured by the regressions
(mainly for deaths under 15 and between 15 and 59). Additionally, we can see that the
exponential projections for under-15 mortality are projected to decrease nine-fold between
2015 and 2099 (see figure 24). On the contrary, adult and over-60 mortality is projected to
increase seven-fold and ten-fold respectively by 2099 (see figures 25 and 26).

The initial phase of this analysis involves comparing the total projected deaths for different
age groups for the 2100 horizon. Subsequently, we apply the Vicedo-Cabrera et al. (2019)
method by replacing the usual code, which replicates yearly mortality every year, with our
vector of projected deaths. We then execute the remainder of our code in a similar manner as
before, ensuring necessary adjustments when measuring ANs, as RRs remain unchanged. The
objective of this phase is to quantify the effects of non-optimal temperatures on ANs when
the population is projected to change. We then compare these results with the 2090-2099

ANs from the initial scenario.
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Exponential Projection of Under 15 Deaths (2016-2099)
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Figure 24: Projections and Regression results for deaths under 15 years old.
(a) Projections based on the 2000-2015 period for the 2090 horizon.
(b) Regression results for the 2000-2015 period.

Exponential Projection of Ages 15-59 Deaths (2016-2099)
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Figure 25: Projections and Regression results for deaths between 15 and 59 years
old.

(a) Projections based on the 2000-2015 period for the 2090 horizon.

(b) Regression results for the 2000-2015 period.
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Exponential Projection of Over 60 Deaths (2016-2099)
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Figure 26: Projections and Regression results for deaths over 60 years old.
(a) Projections based on the 2000-2015 period for the 2090 horizon.
(b) Regression results for the 2000-2015 period.

2.2.3 Sensitivity test 3: Allowing for cause-specific relative risks

In this third part of our analysis, our aims are to document changes in epidemiological tran-
sition in Antananarivo and provide an overview of temperature-sensitive causes of death for
specific age groups. To achieve this, we first re-code various ICD-9 codes into broader cate-
gories. Given that the granularity of the original codes for the causes of death in the initial
database is not suitable for analysis using the DLNM method. To establish the categories,
we follow the classification used by Waltisperger et al. (2005), enabling possible comparison
with their analysis of the main causes of death in Antananarivo prior to 2000. The final clas-
sification can be found in figure 44 in the annex, and the code used to reclassify the causes

of death in the code annex 0.4.

Then, we represent the temporal evolution of different causes of death that our review of
the literature has shown to be affected by temperatures, focusing solely on relevant causes
of death. We then compare these results to past trends. Finally, we divide our database by
cause-of-death groups and subject them to the model to extract cause-specific relative risks
(RRs) and attributable fractions (AFs) due to heat and cold when possible.

The primary focus of this section is to demonstrate if different causes of death are as-

sociated with temperatures and then see how they may respond variably to temperatures.
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Therefore, our results primarily focus on the analysis of RRs, which indicate sensitivity to
exposure. This choice to only analyse relative risks is explained by the fact that we may not
always be able to attain model convergence. By conducting this analysis, we aim to draw

conclusions on the effects of warmer temperatures on mortality by cause.

2.2.4 Sensitivity test 4: Sensitivity to control for seasonality

Based on Schliiter et al. (2020), we understand that seasonality significantly influences mor-
tality in the study area, particularly for younger age groups. To investigate the impact of a
changing epidemiological profile on the heat-mortality relationship, we run the DLNMs for
different age groups without controlling for seasonality. This approach allows us to compare
RRs without the confounding effect of seasonality. By comparing these results to the models
where we control for seasonality, we aim to identify differences in the models for each age
group with and without seasonal variations. This comparison will enable us to highlight the
significance of seasonality, potentially justifying the use of a model that accounts for tran-
sitions in the analysis and further underlining the importance of distinguishing age groups.
By doing so, we unveil seasonal variations in the heat-mortality relationship and, understand
how it varies across different demographic profiles, to ensure that our analysis includes these

seasonal patterns.

2.2.5 Sensitivity test 5 : Controlling for the effect of modelled exposure data

As detailed before, the lack of exposure (and outcome) data is a major concern in regions such
as SSA. In this context, rises the question of the potential use of modelled exposure data (such
as temperature) to conduct analyses. Modelled data is created based on approximations using
existing recorded data and estimates from other locations. This last sensitivity test therefore
aims to compare the differences in exposure-response models using ERA-5 data (modelled)

and NOAA data (measured).

To do so, we first analyse the differences in data convergence with the ERA-5 data and
the GCM data. This first test aims to measure whether there are differences in convergence
with GCM data between modelled and measured data. If differences are observed we analyse
which dataset converges best with GCM data. The next step consists in running the model
for all ages aggregated, and different mortality age groups sequentially. This choice of using
both aggregated and desegregated models stems from possible problems in model convergence.
After having run these trials we compare the DLNM curves to the DLNM curves obtained
with measured data. Running this test allows us to draw conclusions on the impact of using

modelled versus measured data in our analysis.
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Results

This section is structured as follows : first, we present the results of our DLNMs and the
associated projected health outcomes in our scenario of constant mortality. Secondly, using
these results, we analyse the differences in AN and AF when mortality rates are constant
versus when they are projected to change. Thirdly, we focus on cause- and age-specific
DLNM outputs. Then we will control for the effect of seasonality. Finally, we control for the

effect of using modelled temperature data in our analysis.

1 Allowing for age-specific relative risks

In this first sensitivity test, we present the current temperature-mortality association in An-
tananarivo for different age groups. After having presented the main results of our DLNM
model and having analysed and refined our choice of GCM for the exposure projection, we
compare the projected health outcomes. Finally, we compare these results to the aggregated

mortality model.

1.1 Main results: models disaggregated by age

As mentioned prior, the DLNM method is often used to analyse the temperature-mortality
relationship across all ages (Gasparrini et al., 2015) or for mortality at older ages (Gasparrini
et al., 2012). Here, we aim to find out the importance of disaggregating the analysis across age

groups while also presenting the current temperature-mortality relationship in Antananarivo.

47
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1.1.1 Age-specific relative risks and seasonality

The results of our age-specific models can be found in box 1.1.1. There, we present for
our three mortality age groups the results of the DLNM and the associated seasonal trends
in mortality. The graphs represent, on one hand, the relative risk of mortality for each
temperature after each period of lag and, on the other hand, cumulative RRs of mortality
for each temperature across all the lag period. The seasonal trend graphs represent the

seasonality of mortality along the year.

The preliminary analysis of these graphs shows marked differences between our three age
groups. The analysis of the cumulative mortality risk graphs (for the whole lag period) shows
that there are differences in the temperature-mortality relation for the different age groups.
The minimum mortality temperature (7},,) of 17.8°C is the threshold defining the limit be-
tween heat and cold related excess mortality below 15 years old. This threshold is different
for mortality between 15 and 59 and mortality over 60 for which the T},,, are respectively of
21.7°C and 19.4°C. These differences in T, are coupled with differences in the shapes of the
exposure response curves as well. There is a clear negative association between the risk of
dying due to cold temperatures for children and elderly (where the relative risk is the highest
at 11°C for children (1.36 (95% CI= 0.77; 2.4)) and the elderly (1.92 (95% CI= 1.31; 2.81)) in
comparison with the respective T,,,) whereas the relative risks of dying of cold temperatures
for adults is fairly low and relatively constant for the whole cold temperature range (RR at
15°C= 1.13 (95% CI= 0.93; 1.38) compared to T}, ). Regarding heat related mortality, our
middle age group exhibits a near linear positive relationship between temperature and mor-
tality (the risk is multiplied by 1.62 (95% CI= 0.59; 4.38) at 25°C relatively to the T},,,). The
oldest age group also presents a positive temperature-mortality curve for warm temperatures,
but the difference in risks of dying associated with these temperatures is lower. The youngest
age group however, does not present a linear relation as the warmest temperatures are not as-
sociated to the highest RRs for the heat related mortality (a risk multiplied by 1.23 (95% CI=
0.95; 1.59) at 23°C and multiplied by 1.19 (95% CI= 0.35; 4.04) at 25°C compared to Ty ).
Hence, we observe that all age groups have a nonlinear temperature-mortality relationship,

where there are increases in relative risk above and below the Tj,m,.

When paying attention to the shaded part of the graphs, we can see that the model yields
a lot of uncertainty in the estimation of the RRs in our case study. This uncertainty tends
to be higher in the estimation of RRs related to heat than in RRs related to cold.

Furthermore, risks which are different for heat and cold and different age groups are
also different across the lag dimension. Heat related mortality exhibits for all age groups a

stronger immediate effect (mainly in the case of mortality at older ages) whereas cold related
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mortality tends to occur a few days later. But paying more attention to the particularities of
the different age groups, we observe that heat related mortality under 15 years old also occurs
with a delayed effect. This is also true for heat related mortality between 15 and 59 which
also tends to occur with a delayed effect. This observation is not applicable for mortality over

60 years old, where heat-related mortality tends to be immediate.

Besides, the seasonal trends of mortality also vary by age group, and, analysing the
different graphs shows that all age groups present different seasonal trends in their mortality
patterns. First, mortality below 15 years old seems to show the strongest seasonal trends. For
this age group we can say that mortality tends to be highest in periods where temperatures
are highest (November through March) with lower mortality rates during the cooler period.
Then, mortality between 15 and 59 seems to be the least affected by seasonality, even though
there are small marked increases in deaths during the cooler and warmer periods. Finally,
mortality at later ages also shows a marked seasonal pattern with a clear increase in mortality
around the cooler period. These results strongly concord with the analysis of the RRs at
different temperatures and already point out a potential mediating effect of seasonality on

the temperature-mortality relationship, for the youngest age group especially.

Summing our results for this first step of our analysis we emphasise the following findings:
relative risks of mortality vary between different age groups, these variations are influenced by
differences in sensitivity which are captured by the different minimum mortality temperatures
for each age group and different relative risks. The RRs vary a lot along lag dimension
between different groups and for different temperatures and the groups do not present the

same seasonal patterns.

Box 1.1.1 : DLNM and seasonality by age group

Exposure-lag-response - U15 Overall - Under 15

25

20

RR
P
1

0.5 —

T T T T I T T
12 14 16 18 20 22 24

Temperature (°C)




50 Allowing for age-specific relative risks

Temperature-related under 15 years old mortality in Antananarivo (2000-2015).
Left: Three dimensional plot showing the estimated exposure-lag-response association between tem-
perature and mortality.

Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).

Daily deaths (Under 15)

T T T T
0 100 200 300

Day of the year

Seasonal under 15 years old mortality trends (2000-2015).
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.
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Temperature-related mortality between 15 and 59 years old in Antananarivo (2000-2015).

Left: Three dimensional plot showing the estimated exposure-lag-response association between tem-
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perature and mortality.

Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal between 15 and 59 years old mortality trends (2000-2015).
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.
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Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Temperature-related mortality over 60 years old in Antananarivo (2000-2015).

Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-




52 Allowing for age-specific relative risks

Daily deaths (Over 60)

T T T T
] 100 200 300

Day of the year

Seasonal over 60 years old mortality trends (2000-2015).
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.

1.1.2 Projected temperature and calibration

The next step of the analysis implies projecting future temperature series and choosing the
GCM which best fits the past exposure data. The different graphs for projecting mortality
series and calibrating the different GCM temperatures with the past data can be found in
box 1.1.2.

The first graph in box 1.1.2 shows the projected increase in temperatures according to
each of our SSP scenarios. We notice that both SSPs project an increase in temperatures, but
with big differences in the projections past 2060. Past 2060 we observe that the mitigation
scenario projects a stabilised increase in temperature (1°C at most) whereas the scenario
with higher radiative forcing projects an increase of around 4°C. The projected increases in
temperature are nuanced by the shaded area representing the confidence interval, estimated

using the range of the possible outcomes for each GCM.

The following step consists in comparing the measured past temperature distribution with

the past temperature distribution estimated in the different GCMs. This step is crucial as it
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allows us to make a choice regarding the GCM used to estimate the AFs and ANs in the rest
of our analysis. The comparison of the distribution which can be found in the second part of
box 1.1.2 shows for each GCM the difference in temperature distribution and the necessary
calibration to match distributions. The analysis of these different graphs explains our choice
for the GCM from the Meteorological Research Institute (MRI) for the calculation of our
attributable fractions. Though it must be said that all the GCM calibrated estimations are

used in the model to project future temperature in our graphs.

Box 1.1.2 : Calibration and projected temperature series

Increase in °C in projected mean temperature (for sspl126 and ssp585) in Antananarivo.

The increase in temperatures shown here are averaged across the 5 GCMs for each scenario (solid
line), expressed as increase in annual mean temperature from the historical average temperature. The
shaded area shows the variability in the projected temperature across GCMs.

Data extracted from RNOAA and ISIMIP and processed in code 0.2.

— Historical
ssp126
ssp585

(°C)

Temperature increase

Bias correction for different GCMs
Comparison between the distribution (left) and cumulative distribution (right) of the raw bias-corrected

modeled temperature (for SSP5-8.5) and the observed temperature series.
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1.1.3 Age-specific projected health outcomes

Now that we have estimated the risk of mortality for non-optimal temperatures (those above
or below T},,,) for different age groups, it is time to quantify and represent which fraction of
mortality can be attributed to these temperatures. In other words, this section aims to use the
current knowledge on the temperature-mortality relationship to project the future attributable
mortality. To summarise our results and showcase these numbers we present graphs 27 to 29
and table 1. First, in table 1, we describe the number of deaths for each decade, the absolute
attributable fraction of deaths due to cold and heat (and the associated CIs!”) for the 2000-
2009 and the 2090-2099 decades for our two SSP scenarios. In this table small differences can
be observed for the past AF estimates, this is due to differences in calibrated SSP scenario
temperatures. Then, graphs 27 to 29 show for each age group and each SSP the extended RR
curve (extended to suit the increased temperatures). To visualise AFs of deaths due to cold
and heat the middle panels show the change in temperature distribution whereas the bottom
panels represent the change in AF. To understand the shifts in AF we chose to represent
for each SSP the difference between the current period (2000-2009) and two future periods :

2050-59 (where the differences between the two SSPs are less marked) and 2090-2099 (where
the temperature projections vary more intensely).

7Given that a fraction of deaths due to non-optimal temperatures cannot take negative values, we have

chosen to truncate the values below zero to zero. The same choice was made in the representation of ANs
which cannot be negative.
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Table 1: Average deaths and attributable fractions (AF%) by age group and SSP

Average
Age| deaths sSSP Cold Heat Cold Heat
8 per 10 (2000-2009) (2000-2009) (2090-99) (2090-99)
years
cr o cI cl o cI o cl cr o cl
Est 0w high | PY tlow  high | P' low  high | P' low  high

<15 [12.350,6 |1-26 (1,72 0 530 6,28 0 1427(1,05 0 395 (884 0 1920

5-8.5 1,71 0 5,29 | 6,31 0 14,30 | 0,08 0 0,72 11,32 0 57,93

15-

59 29.234,4 1-2.6 5,28 0 14,34 | 0,58 0 1,55 | 4,29 0 11,85 | 2,77 0 10,34

5-8.5 5,28 0 14,33 | 0,60 0 1,57 | 1,66 0 6,30 23,69 0 55,49

>60 [22.781,3 [1-26 [5,99 024 1097|1,46 0 527 4,04 0 873 (2,75 0 9,04

5-8.5 5,95 0,20 10,95]| 1,47 0 5,30 | 0,60 0 2,57 | 8,53 0 46,64

First, we observe for mortality below 15 years old that most of the burden attributable
to non-optimal temperatures is concentrated in warmer temperatures. Indeed, even though
the RRs between warm temperatures and mortality under 15 do not show a positive linear
trend, the results of our analysis show that the total AF is mostly due to heat rather than
cold. This is mainly due to the temperature distribution which is mostly concentrated after
Trm and the low RRs in temperatures between 15 and 20°C. To give numbers, we estimate
the attributable fraction of deaths due to cold around 1.7% (95% CI= 0; 5.3) whereas the
AF for heat is estimated higher at 6.3% (95% CI= 0; 14.3). It should be noted that both CIs
include zero, due to large uncertainty. Now that the present burden of mortality attributable
to non-optimal temperatures has been presented we focus on the projected changes in these
estimates. First, our mitigation scenario SSP1-2.6 projects a slight shift in AF distribution
which is in alignment with the small projected increase in temperature for this scenario.
Hence, very small differences are observed between the AF for the 2050-2059 and the 2090-
2099 decades as temperature distribution and maximum mean temperatures are very similar
(see figures 27a & 27b). Then, analysing the shift in AF for SSP5-8.5 we can see that there are
more differences between the two decades where the big change in temperature distribution
explains a slight increase in AF (see figures 27c & 27d). Thereupon, SSP1-2.6 and SSP5-8.5
give us AFs of 1.05% (95% CI= 0; 3.95) and 0.08% (95% CI= 0; 0.72) for cold and 8.84%
(95% CI= 0; 19.20) and 11.32% (95% CI= 0; 57.93) for heat. We attribute the significant
but rather small differences in AF to the shape of the temperature-mortality association
(which decreases and is extended to decrease). Finally, the very large confidence intervals
(especially for the AFs estimated in SSP5-8.5) are explained by the existing uncertainty in

future temperatures. But, these are also attributed to the already existing large uncertainty
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in the association between temperature and mortality for this age group.

Secondly, we present the results obtained for the temperature-mortality association be-
tween 15 and 59 years old. In regard to the effect of temperatures on mortality for the mea-
sured period of our analysis, mortality due to non-optimal temperatures is predominantly
explained by the effect of cold. Thus, while cold is estimated to be responsible for 5.28%
(95% CI= 0; 14.3) of deaths for this age group, only 0.58% (95% CI= 0; 1.55) of deaths are
associated to the effect of heat for the 2000-2009 decade. An analysis of the shape of the
curve for the temperature-mortality association forecasts, however, much larger shifts in AF
between cold and heat. Indeed, as the association between heat and mortality is nearly linear
for adults in our case study, the extension of the curve for higher temperatures yields high
increases in AFs. This is observed in both scenarios but at very different scales. On one hand,
AF projections in the mitigation scenario yield an increase in AF due to heat and a decrease
in AF due to cold (see figures 28a & 28b). But, in this case, cold still has a higher burden of
mortality for both the 2050-59 and 2090-99 decades. On the other hand, our less optimistic
radiative forcing scenario presents a whole new distribution of AFs (see figure 28c & 28d)
where the burden of heat (23.69 % (95% CI= 0; 55.49)) is much higher on overall mortality
compared to that of cold (1,66% (95% CI= 0; 6.30)). As per our analysis of mortality under

15, large confidence intervals are also measured here though they are not as large.

Thirdly, our analysis of the RRs of mortality associated with heat and cold for deaths
over 60 clearly shows that cold has a greater impact than heat for this age group. Given the
present distribution of temperature the AFs for the current period indicate more mortality
due to cold temperatures than warmer ones. For instance, the AF associated to cold for the
current period is of 5.9% (95% CI= 0.2; 10.9) whereas the AF associated to heat is of 1.4%
(95% CI= 0; 5.27). This greater importance of cold-related mortality remains throughout
the whole projection period for SSP1-2.6 where the mitigated increases in temperatures do
not imply major shifts in AFs (see figures 29a & 29b). On the other hand, our projections
of the AFs for SSP5-8.5 show a shift in patterns by the last decade of the century where the
AF of deaths due to cold will decrease to 0.6% (95% CI= 0; 2.57) and where AF due to heat
will increase to 8.53% (95% Cl= 0; 46.64). This increase in AFs due to heat even though it
is different between the two scenarios is lower than that of the previous age group given the

previously very small effect of heat on mortality for these age groups.

Prior to this analysis of the AFs we had an idea of the different relative risks of mortality
for a given temperature (relative to T,,). There we were able to conclude that risks of
dying due to non-optimal temperatures is mostly due to heat for adults, and due to cold
for children and the elderly. By merging the distribution of present and future temperatures

we were able to transfer the measured relative risks into proportions of deaths attributable
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to non-optimal temperatures for the present and the future periods. This sheds light on
significant differences between the different age groups, for the different scenarios and for
different projection horizons, where, children currently bear a higher burden of mortality

associated to heat than the two other age groups, which bear a higher burden due to cold

temperatures.
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Figure 27: Temperature and excess under 15 years old mortality for past and
future periods.

(a) SSP1-2.6 for 2000-10 and 2050-59 (b) SSP1-2.6 for 2000-10 and 2090-99 (c¢) SSP5-8.5 for 2000-10 and
2050-59 (d) SSP5-8.5 for 2000-10 and 2090-99.

Top panel : exposure-response curves (RRs across T°C (with 95% CI)). The dotted vertical line is the minimum
mortality temperature which separates between cold (blue) and heat (red). The dashed part of the curve
represents the extrapolation beyond the observed maximum temperature (2000-2015). Mid panel: distribution
of temperature for the past (grey) and future (green) using the ensemble estimates (average impacts across
GCMs) for SSP1-2.6. Bottom panel: the related distribution of excess mortality, expressed as the fraction of
additional deaths (%) attributed to non-optimal temperature.
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Figure 28: Temperature and excess 15-59 years old mortality for past and future
periods.

(a) SSP1-2.6 for 2000-10 and 2050-59 (b) SSP1-2.6 for 2000-10 and 2090-99 (c¢) SSP5-8.5 for 2000-10 and
2050-59 (d) SSP5-8.5 for 2000-10 and 2090-99.

Top panel : exposure-response curves (RRs across T°C (with 95% CI)). The dotted vertical line is the minimum
mortality temperature which separates between cold (blue) and heat (red). The dashed part of the curve
represents the extrapolation beyond the observed maximum temperature (2000-2015). Mid panel: distribution
of temperature for the past (grey) and future (green) using the ensemble estimates (average impacts across
GCMs) for SSP1-2.6. Bottom panel: the related distribution of excess mortality, expressed as the fraction of
additional deaths (%) attributed to non-optimal temperature.
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Figure 29: Temperature and excess over 60 years old mortality for past and future
periods.

(a) SSP1-2.6 for 2000-10 and 2050-59 (b) SSP1-2.6 for 2000-10 and 2090-99 (c¢) SSP5-8.5 for 2000-10 and
2050-59 (d) SSP5-8.5 for 2000-10 and 2090-99.

Top panel : exposure-response curves (RRs across T°C (with 95% CI)). The dotted vertical line is the minimum
mortality temperature which separates between cold (blue) and heat (red). The dashed part of the curve
represents the extrapolation beyond the observed maximum temperature (2000-2015). Mid panel: distribution
of temperature for the past (grey) and future (green) using the ensemble estimates (average impacts across
GCMs) for SSP1-2.6. Bottom panel: the related distribution of excess mortality, expressed as the fraction of
additional deaths (%) attributed to non-optimal temperature.

1.2 Comparing age-specific and overall models

The final results we describe in this section are the results of our DLNM for all age groups

concurrently. We ran this model to compare it to our previous results to further underline
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Figure 30: Temperature and excess mortality for past and future periods - All
ages.

(a) SSP1-2.6 for 2000-10 and 2050-59 (b) SSP1-2.6 for 2000-10 and 2090-99 (c¢) SSP5-8.5 for 2000-10 and
2050-59 (d) SSP5-8.5 for 2000-10 and 2090-99.

Top panel : exposure-response curves (RRs across T°C (with 95% CI)). The dotted vertical line is the minimum
mortality temperature which separates between cold (blue) and heat (red). The dashed part of the curve
represents the extrapolation beyond the observed maximum temperature (2000-2015). Mid panel: distribution
of temperature for the past (grey) and future (green) using the ensemble estimates (average impacts across
GCMs) for SSP1-2.6. Bottom panel: the related distribution of excess mortality, expressed as the fraction of
additional deaths (%) attributed to non-optimal temperature.

the relevance of disassociating the different groups. For this model, we observe a present
situation where the AF is higher for cold than for heat (see figure 30). This AF then changes
with the projections of future temperatures with a greater shift in SSP5-8.5 than in the
mitigation scenario. These observations represent the temperature-mortality association for

all ages combined and are expected to be highly affected by the original numbers of deaths
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recorded for each age group. Indeed, there are more recorded deaths for the older age groups
with 29 234 deaths for our middle group and 22 781 deaths for our older age group, compared
to 12 350 deaths for the youngest age group. Hence, the observations are highly related to

those of these older age groups.

2 Allowing for changes in the age composition of deaths in the

future

Now that we have presented fraction of deaths attributable to non-optimal temperatures, we
compare the numbers associated with these fractions to compare the burden of mortality in
two scenarios : constant death counts and projected death counts. The aim of this section
is to underline the importance of accounting for changes in the population structure and in

death counts.

2.1 Comparing mortality due to heat and cold: constant and projected

The tutorial by Vicedo-Cabrera et al. (2019) enables the estimation of fractions of deaths
attributable to non-optimal temperatures. We refer to the estimated death counts as at-
tributable numbers (ANs). In this section, we present the projected ANs of deaths due to
cold and heat, assuming constant mortality and projected mortality counts. The results of
these projections can be found in figures 33 to 36, where we projected ANs for each age group
and both SSP scenarios. The results are expressed for each decade. Although our confidence
intervals often encompass negative values, we have chosen not to represent them in our graphs
since a negative AN indicates no association between temperature and mortality, implying a
null AN. ANs cannot fall below zero, as the minimum number of deaths due to non-optimal
temperatures cannot be negative. Then, in table 2, we present the absolute ANs for constant
and projected mortality. This table also includes the number of deaths registered for each
decade. The differences in the number of deaths for the 2000-2009 decade are explained by
the use of yearly mean number of deaths for the reference period replicated over time for
the constant mortality assumption. And, in the case of our model with projections, the base
number of deaths for the past period consists of the recorded numbers and are therefore
different.

Our analysis begins with the youngest age group. By the 2090-99 horizon, deaths are pro-
jected to decrease significantly, leading to an immediate reduction in estimated ANs in both
temperature scenarios. The differences between constant and projected mortality scenarios

show a substantial reduction in ANs for both cold and heat. Despite an expected increase



64 Allowing for changes in the age composition of deaths in the future

in attributable fractions due to heat, the projected decline in mortality for the under-15 age
group implies a reduction in ANs, as observed in figures 31 and 32. Mortality attributable
to cold is expected to decrease, particularly in the SSP5-8.5 scenario and in the projected

mortality scenarios.

Conversely, deaths for adults are projected to increase significantly, primarily due to pop-
ulation growth and a shift from earlier life mortality to mortality in older age groups. This
substantial increase, from 29 234 to 304 440 deaths for the 2000 and 2090 decades respec-
tively, along with the already increased projected attributable fractions, results in notable
differences in ANs due to heat and cold. For instance, in the SSP1-2.6 scenario (figure 33),
constant death counts implies reductions in cold-related mortality and a gradual increase in
heat-related mortality. In contrast, the projection scenario shows a substantial increase in
cold-related mortality, which remains higher than heat-related mortality. Conversely, the re-
sults for the higher radiative forcing scenario (see figure 34) indicate that the high increase
in temperatures leads to a substantial increase in ANs due to heat for both constant and
projected death counts. The differences between models are even more pronounced when
considering the disparities between constant and projected death counts. For instance, the
AN for the 2000-2009 decade is 156 (95% CI= 0; 408), whereas it increases to 73 932 (95% Cl=
0; 172 774) in the 2090-2099 decade. To contextualise these results, the AN in the mitigation
scenario is expected to increase to 8 602 (95% CI= 0; 32 026). Moreover, this divergence in
death count projections suggests that the projected decrease in AN due to cold for SSP1-2.6
is counteracted by a slight but marked increase in projected death counts. Similar trends are

observed in the higher radiative forcing scenario.

Finally, significant increases are also observed in death count projections for individuals
over 60 years old. This growth can be attributed to the increasing population at risk, with
more people living past 60 years old, coupled with a reduction in premature mortality, leading
to a shift of deaths towards older ages. For instance, while death estimates for the 2000-
2009 decade stood at 20 416, we project 206 940 deaths for the 2090-2099 decade. These
increases show similar trends to those observed in the previous age group, where the most
significant differences in attributable numbers stem from changes in death counts rather than
the projected climate change. This is evident in both scenarios (see figures 35 and 36). To
quantify these changes in the SSP5-8.5 scenario, the AN due to heat was 309 deaths (95%
CI= 0; 1098) for the 2000-2009 decade and increased to 17 836 deaths (95% CI= 0; 97 445) in
the 2090-2099 decade in our projections scenario. In comparison, in the mitigation scenario,
the AN is anticipated to increase to 5 760 deaths (95% CI= 0; 18 910).

In conclusion, substantial differences in ANs are observed across age groups, with SSP

scenarios playing a significant role in projected evolutions. However, the effect of the pro-



Results

65

jected number of deaths is higher in comparison highlighting the importance of accounting

for changes in the age distribution of deaths.

Table 2: Estimated Attributable Numbers of deaths attributed to cold and heat

for constant and projected mortality, by age group, and SSP

Age Mortality ]?;35(})1_5 sSSP Cold Heat ]:zggg}(l)s Cold Heat
assumption 5009) (2000-2009) | (2000-2009) | oo | (2090-99) (2090-99)
Cl I Cl CI Cl  CI cr o cl
Est 10w high| %' low high Est low high | ™' low high
<15| constant | 12.351 |1-2.5 [213 0 655 |775 0 1762| 12.351 | 120 0 488 |1092 0 2371
584 (211 0 653|780 0 1766 10 0 88 |1398 0 7154
<15 | xponential | g 600 1y o6 (220 0 707|882 0 2005 537 5 -9 19 | 52 0 112
projection
585|227 0 705|887 0 2009 0 0 4 | 63 0 330
1559' constant | 29.234 [1-2.5 [1544 0 4193|170 0 453 | 29.234 |1254 0 3464 | 810 0 3022
5-8.4 (1544 0 4189|174 0 458 486 0 1843 |6925 0 16221
15- | exponential | oo 1ocly 56 11390 0 3773|153 0 399 | 304.440 12963 0 35820|8602 0 32026
59 | projection
5-8.5 [1389 0 3767|156 0 408 5027 0 1898973932 0 172774
>60| constant | 22.781 |1-2.5 [18364 55 2500|332 0 1201| 22.781 | 920 0 1989 | 627 0 2060
5-8.4 |1355 46 2494|335 0 1208 137 0 585 |1942 0 10626
>60 | SXPonentiall o, 116 1106 (1227 55 2249|306 0 1093]206.940 (8511 0 18201|5760 0 18910
projection
5-8.5 (1219 50 2245|309 0 1098 1268 0 5396 |17836 0 97445
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Figure 31: Past (2000-09) and Projected (2010-99) attributable number of deaths
for under 15 years old under SSP1-2.6.

ANs for 10 year periods. Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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(b) projected mortality

Figure 32: Past (2000-09) and Projected (2010-99) attributable number of deaths
for under 15 years old under SSP5-8.5.

ANs for 10 year periods.Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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(b) projected mortality

Figure 33: Past (2000-09) and Projected (2010-99) attributable number of deaths
between 15-59 years old under SSP1-2.6.

ANs for 10 year periods.Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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(b) projected mortality

Figure 34: Past (2000-09) and Projected (2010-99) attributable number of deaths
between 15-59 years old under SSP5-8.5.

ANs for 10 year periods.Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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(b) projected mortality

Figure 35: Past (2000-09) and Projected (2010-99) attributable number of deaths
over 60 years old under SSP1-2.6.

ANs for 10 year periods.Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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(b) projected mortality

Figure 36: Past (2000-09) and Projected (2010-99) attributable number of deaths
over 60 years old under SSP5-8.5.

ANs for 10 year periods.Left panels: in blue the deaths attributed to cold. Right panels: in red the deaths
attributed to heat.

Note 1: The 2010-2019 period counts past (2010-15) recorded ANs and projected (2016-19) ANs.

Note 2: Cls were assumed to always be >0 as non-optimal temperature is always projected to have an effect
on mortality.
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3 Allowing for cause-specific relative risks

Our next sensitivity test involves analysing the variations in the temperature-mortality rela-
tionship across different causes of death and age groups. As previously mentioned, different
causes of death may exhibit different associations with temperature. This is particularly rel-
evant in the context of Antananarivo’s dual burden of disease and the variability of primary
causes of death across age groups. In this sensitivity test, we first examine the historical trends
of different causes of death within each age group. Subsequently, we delve into the specific
temperature-mortality associations for each cause of death, concluding with an analysis of

potential cause-specific health outcomes.

3.1 Trends in cause-of-death distribution

Starting with a presentation of the yearly evolution of death counts according to different
causes of death, we focus on causes with established etiological, measurable, and explained
relationships with temperatures. Following our literature review on temperature’s effects on
various causes of death, we have selected the following for analysis: cardiovascular diseases,
infectious diseases, deaths related to nutritional deficiencies, and diseases of the respiratory

system. The temporal variations of death counts for these causes can be found in figure 37.

In figure 37a, we observe a significant increase in deaths from cardiovascular diseases
during the 1990-2015 period. This rise is notable in the two older age groups, while mortality
under 15 remains relatively stable. The increase is evident for both older age groups, with
mortality between 15 and 59 nearly catching up with mortality over 60 during the observation
period. Specifically, deaths from cardiovascular diseases approached 700 cases for the 15-59
age group and 850 cases for those over 60 in 2000, rising to approximately 1250 and 1400
cases respectively by 2015.

Figure 37b shows a decline in infectious mortality under 15, while infectious disease mor-
tality remains rather stable for our two other age groups. In the 2000-2015 period, the number
of deaths from infectious diseases for the under 15 age group declined from around 300 deaths
to 100. Deaths in adults from infectious diseases remained around 350 a year for the reference

period, while deaths in the elderly from infectious diseases remained around 100 a year.

Moving on to figure 37c, we observe a significant decrease in deaths from nutritional
diseases for the under 15 age group. Deaths from this cause are very rare for our two older
age groups. Apart from a small peak in the mid-1990s. These findings align with our literature

review.
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Finally, in figure 37d, we take a look at the evolution of death counts from diseases of the
respiratory system. Deaths from this cause have gradually decreased for the under 15 age
group, while increasing slowly for the two older age groups, particularly since 2005, with a

more significant increase observed for mortality between 15 and 59.

Overall, the results indicate a decline in deaths among the youngest age group, while

the two other age groups show an increase. Variations in mortality by cause are notably

dependent on age group.
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Figure 37: Yearly death counts per age group per cause.
In red: deaths under 15. In green: deaths between 15 and 59. In blue: deaths over 60.

Moreover, we paid attention to the number of deaths per age group for each cause of
death. These numbers are provided in the table 5 in the annex, where we present deaths per
cause by age group for the 2000-2015 period. There, we note a total of 29 812 deaths from

cardiovascular diseases, 10 426 from infectious diseases, 9 614 from respiratory diseases, and
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2 234 from nutritional deficiencies. Considering these variations, along with differences in

mortality by age, is important as they are likely to impact model convergence.

3.2 Cause-specific relative risks

In this section, we provide the results of our analysis on the temperature-mortality association

for each cause, highlighting the categories where an association is observed.

3.2.1 Cardiovascular diseases

Before delving into the analysis of our results for cardiovascular disease-related mortality, it
is important to note that an association was not consistently observed in our model across
all age groups. This lack of model convergence resulted in graphs that did not exhibit evi-
dent minimum mortality temperatures, thereby hindering the model’s ability to determine a
threshold between cold and heat-related mortality. Therefore, in cases where the mortality

18 we considered that no conclusions could be

patterns did not allow for model convergence
drawn regarding the relationship between temperature and mortality for the given mortality
group. To represent a case where there was no measured association, or, where the specifica-
tions of the model were not sufficient to depict a clear relation between cold and heat related
mortality, we present figure 38 below. In this graph, which represents an attempt at mea-
suring the temperature-mortality association for deaths of cardiovascular diseases between 15
and 59, we see that no minimum mortality temperature is defined which renders the analysis

and further projection of AFs and ANs impossible.

Given that there is no measured relation between temperature and mortality of cardio-
vascular diseases between 15 and 59, we present in box 3.2.1 the measured association for
mortality under 15 and over 60 with the measured seasonal variations of cardiovascular dis-
eases. We observe for our youngest age group a low T},,,, of 15.1°C with a near linear relation
for cold temperatures and a curve with an "s" shape for warmer temperatures. We attribute
this unexpected shape to small numbers (only 499 deaths for this cause and age group were
recorded for the whole reference period) and we do not believe any conclusions on the effect
of temperature on cardiovascular diseases can be made for mortality below 15 years old based

on our results.

On the other hand, mortality of cardiovascular diseases for the elderly exhibits a near

8Not reaching model convergence here implies that given no clear delimitation between heat and cold the
model was not able to distinguish cold and heat related mortality. This implies impossible conclusions given
that the RRs are expressed in relation to Thm.
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Exposure-lag-response - 15->59 Overall 15->59
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Figure 38: Example of no measured temperature-mortality association: deaths of
cardiovascular diseases between 15-59 years old.

Left: Three dimensional plot showing the estimate exposure-lag-response association between temperature and
mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).

linear relation for both cold and heat. Analysing the cumulative RR graph we observe that the
threshold defining the limit between cold and heat is quite high (at 21.7°C) with temperatures
below 16°C and above 22°C representing higher risks of mortality for this cause and group.
Specifically, the risk of mortality is multiplied by 1.44 (95% CI = 0.75; 2.78) at 11°C compared
to 21.7°C and by 1.36 (95% CI= 0.24; 7.8) at 25°C compared to the T),,,. Next, the analysis
of the lagged exposure-response association reveals a slight deviation from the traditional
pattern, indicating a more immediate heat effect and a lagged cold-related effect, but with a
twist: heat-related mortality also exhibits a lagged tendency. Finally, we examine seasonal
variations in deaths and observe an increase in daily numbers during the coolest months of
the year. This seasonality, which is controlled for in the model, implies higher mortality rates

around June, July, and August.
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Box 3.2.1 : DLNM and seasonality for deaths of cardiovascular diseases
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Temperature-related mortality for deaths of cardiovascular diseases below 15 years old.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-

ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal trends of under 15 years old cardiovascular disease mortality.
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.
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Temperature-related mortality for deaths of cardiovascular diseases over 60 years old.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-

ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal trends of over 60 years old cardiovascular disease mortality.
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.

3.2.2 Infectious diseases

The results of our study of the effects of temperatures on deaths of infectious diseases are

presented in box 3.2.2. We present the results for our two oldest age groups, as our model
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did not achieve convergence for mortality below 15.

Mortality from infectious diseases in the 15-59 age group exhibits an association with
temperature. This association appears to be primarily driven by warmer temperatures, de-
spite the relatively high minimum mortality temperature at 21.9°C. While the relative risk of
mortality for cold is at most 1.32 (95% CI= 0.83, 2.1) times higher than mortality at T},
this risk is multiplied to up to 8.3 (95% CI= 0.55; 125.2) times with heat. Given this strong
association with heat, we observe relatively immediate mortality from infectious diseases in
this age group. Furthermore, analysis of the seasonality graph reveals minimal fluctuations
in deaths from infectious diseases throughout the year implying a relatively low confounding
effect.

Finally, the DLNM for mortality from infectious diseases in the over 60 age group also
reveals an association with temperatures. Analysing the cumulative lag graph, we observe
that the minimum mortality temperature T,,, corresponds to 17.8°C. Mortality shows a
nearly linear relationship with cold temperatures, while it is significantly associated with
heat for temperatures over 18°C and below 22°C. Moreover, when temperatures exceed 23°C,
the association becomes linear. Consequently, risk of mortality at 25°C is estimated to be
multiplied by 4.99 (95% CI= 0.06; 417.83) compared to the risk of mortality at 18°C. Similarly,
for this age group, mortality from infectious diseases occurs rather directly after exposure,
with slight delayed effects observed five days after the recorded temperature. Lastly, our

analysis of seasonality reveals no clear seasonal patterns for mortality in this age group.

Box 3.2.2 : DLNM and seasonality for deaths of infectious diseases

Exposure-lag-response - 15->59 Overall 15->59
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Temperature-related mortality for deaths of infectious diseases between 15-59 years old.

Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-
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ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal trends of between 15-59 years old infectious disease mortality.
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.
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Temperature-related mortality for deaths of infectious diseases over 60 years old.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-
ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Daily deaths (Over 60)
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Day of the year

Seasonal trends of OVER 60 years old infectious disease mortality.
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.

3.2.3 Nutritional deficiencies

Given the minimal occurrence of mortality due to nutritional deficiencies for adults and elderly,
our analysis for this cause of death focuses on mortality below 15 years old. The results of
our model are shown in box 3.2.3. We observe that nutritional deficiencies are very highly
associated to warmer temperatures compared to cooler temperatures. We observe that the
risk of mortality is multiplied by 12.7 (95% CI= 0.36; 445.95) at 25°C compared to the T},
of 20.1°C. However, the magnitude of this relative risk is not attributed to immediate heat-
related mortality in the case of nutritional deficiencies. On the contrary, it is explained by a
lagged and widely distributed effect for warmer temperatures. Additionally, the analysis of
seasonality reveals a pronounced seasonal pattern, with mortality from nutritional deficiencies

primarily occurring during the warmer periods of the year.
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Box 3.2.3 : DLNM and seasonality for deaths of nutritional deficiency
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Temperature-related mortality for deaths of nutritional deficiency below 15 years old.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-

ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal trends of under 15 years old nutritional deficiency mortality.
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.
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3.2.4 Respiratory system diseases

Finally, the analysis of the association between deaths from respiratory system diseases and

temperature yielded no clear results for the two younger age groups.

However, our model did produce results for mortality among individuals over 60 years
old, where a clear association between cold and mortality was observed. The results for this
association are presented in box 3.2.4, outlining a higher relative risk for the lowest tempera-
ture (11°C), where the mortality risk is 6.67 (95% CI= 1.68; 26.33) times higher than at the
minimum mortality temperature (Tmm) of 18.6°C. Analysis of the lag for this association
shows a more immediate effect of heat-related mortality, with lagged effects observed around
20 days after the measured temperature. Conversely, cold exhibits small immediate effects
but a more extended effect along the lag dimension. Seasonal trends for this cause of death
and age group are minimal, with mortality slightly higher during the middle (cooler) period
of the year.

Box 3.2.4 : DLNM and seasonality for deaths of respiratory system diseases
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Temperature-related mortality for deaths of diseases of the respiratory sys-
tem over 60 years old.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-

ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).
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Seasonal trends of mortality of respiratory system disease over 60 years old .
The grey dots correspond to the observed daily mortality counts registered for each day of the year for

the observation period. The blue line depicts the mean number of deaths daily.

3.3 Cause-specific health outcomes

The results of our analysis reveal an association between temperature and some causes of
death, observed within specific age groups. We now present the projection of attributable
fractions of deaths due to temperature for cases where such associations have been identified.
These AFs, both for the current period and projected for future periods, are summarised in
table 3.

Beginning with cardiovascular diseases, we find that the AFs of deaths over 60 are as-
sociated with temperature. Presently, the AF due to cold exceeds that of heat, albeit both
fractions remain relatively small. However, climate projections suggest a slight increase in
AFs due to heat, especially pronounced in SSP5-8.5, where 16.2% of deaths from this cause
are expected to be attributable to heat during the 2090-2099 decade.

Moving to infectious diseases, no association was observed for the youngest age group.
However, this is not the case for deaths between 15 and 59, where cold currently explains
a higher AF than heat. Projections indicate an increase in AFs due to heat in SSP1-2.6,
yet cold remains the dominant factor. But, in SSP5-8.5, there is a shift in tendencies, with
heat becoming the predominant factor. This trend is even more pronounced in the oldest age

group, where infectious diseases are already heavily influenced by heat.
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Table 3: Attributable fractions (AF%) by cause of death, age group, and SSP.
With the average number of deaths for the decade.

Cause Average AF (%) AF (%) AF (%) AF (%)
of Age or 10 |SSP| (2000-2009) | (2000-2009) (2090-99) (2090-99)
death p Cold Heat Cold Heat
years
ClI CI ClI CI CI CI ClI CI
Est 6w high| % low high| ' low high| ' low high
1-2.6
<15 |310.7
5-8.5
Cardio 1-2.6
vascular 15-59 |8444.4
diseases 5.8.5
1-2.6/ 3.92 0 19.72|/0.33 0 1.79|2.73 0 16 1.68 0 10.99
>60 [9863.8
5-8.5/3.89 0 19.67|0.34 0 18 | 0.7 0 839|16.2 0 56.63
1-2.6
<15 1950.6
5-8.5
Infectious 1-2.6|14.19 0 34.63(1.78 0 3.53 |11.62 0 28.35|8.07 0 21.44
. 15-59 |3479.4
diseases
5-8.5|14.15 0 34.49(1.82 0 3.61|5.93 0 16.36|/48.37 0 70.18
1-2.6| 2.59 0 13.06(6.78 0 28.10/1.51 0 9.75|14.10 0 38.00
>60 |1080.6
5-8.5( 2.56 0 13.01|/6.84 0 28.16/0.12 0 2.07|50.58 0 76.63
ips 1-26| 7.36 0 18.59|7.37 0 20.40|5.33 0 14.59(19.23 0 39.64
Nutritional
. <15 1181.3
deficiency
5-8.5| 7.35 0 18.60|7.50 0 20.65|1.27 0 6.01 |66.20 0 &83.93
1-2.6
<15 |2075.6
5-8.5
Diseases
of the 1-2.6
. 15-59 [2213.3
respiratory
system 5-8.5
1-2.6/13.18 0 22.93|9.56 0 20.87|8.36 0 17.84(14.98 0 29.19
>60 1712.5
5-8.5|13.10 0 22.92(9.63 0 21.05|/1.06 0 4.83|31.20 0 69.55

Empty AF lines = no model convergence.

Nutritional deficiencies, though rare among older age groups, exhibit an association with
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temperatures for younger age groups. Presently, the burden of mortality for those under
15 due to infectious diseases is similar for both heat and cold effects. However, projected
increasing temperatures imply a rise in mortality due to heat rather than cold, with variations

observed across SSPs.

For respiratory diseases, no association was measured except for the over 60 age group.
In this group, current AFs are slightly higher for cold. For the 2090-2099 horizon, these AFs
indicate a slight increase in heat-related mortality in SSP1-2.6 and a more significant increase
in SSP5-8.5.

In summary, our analysis of AFs for different causes of death across various age groups
indicates projected changes in the fraction of deaths due to temperature. These findings
concord with our previous conclusions, underscoring variations in the temperature-related

mortality patterns.

4 Sensitivity to control for seasonality

This sensitivity test aims to assess the importance of including seasonality as a confounder
in the model. As outlined in our methods section, we introduced a natural spline function
to capture the overall effect of seasonality on mortality in our base model. In this section,
we conducted a model run without controlling for this confounder to evaluate the mediating
effect of seasonality on mortality. While we attempted to run this test across all age groups,
we only achieved model convergence for the youngest age group. The outcomes of this test

are detailed in box 4.

Analysis of the cumulative relative risk graph in box 4 reveals a markedly different curve
compared to the model where seasonality is controlled for. In this model, the confidence in-
tervals are substantially reduced compared to the model accounting for seasonal variations in
the association (refer to box 1.1.1). Additionally, we observe a more pronounced association
for heat-related mortality when seasonality is not controlled for. The minimum mortality
temperature also differs, decreasing from 17.8°C to 15.7°C in the model without seasonal con-
trol. These significant disparities suggest that mortality in the under 15 age group is greatly
influenced by seasonal variations over time, rather than solely by temperatures. Hence, vari-
ations in mortality for different temperatures in this age group cannot be uniquely attributed
to temperature effects but must also consider the impact of seasonal mortality occurring at

specific temperatures.
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Box 4 : DLNM by age without seasonality

Exposure-lag-response - U15 Overall - Under 15
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Temperature-related mortality for deaths below 15 years old with no control for seasonality.
Left: Three dimensional plot showing the estimate exposure-lag-response association between temper-

ature and mortality. Right: Cumulative mortality risk for all lag (RR and 95% confidence interval).

No definitive conclusions can be drawn regarding the effects of seasonality on the temperature-
mortality association for the two other age groups, as the lack of model convergence inter-
feres with our ability to make conclusive remarks on the subject. For the under 15 years
old mortality age group, strong seasonal effects are measured meaning that this age group’s

temperature-mortality association is highly impacted by the time of the year.

5 Controlling for the effect of modelled exposure data

Our final sensitivity test aims to assess the impacts of using modelled temperature data
on the analysis of temperature-health effects. The importance of conducting such tests is
explained by the frequent absence of available meteorological data in SSA (Dinku, 2019),
prompting interest in alternative datasets. Additionally, we considered using modelled data
for our analysis before 2000, where numerous missing values existed in the NOAA database.
Running this test is also necessary given the substantial differences between the two datasets
regarding mean temperature, with ERA-5 data being consistently cooler than NOAA data
(see box 1.1.1).

In this sensitivity analysis, we examined three key factors. First, we investigated the
disparities between the two datasets, identifying a significant mean difference between them,

this was done in box 1.1.1. Secondly, we compared the calibration between GCM data from the
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MRI for SSP5-8.5 and past temperature data, highlighting that more calibration is required
when using ERA5-Land data (refer to figure 39). Thirdly, when analysing the RRs and
resulting current and projected AFs using the two datasets, we consistently observed lower
RRs for warmer temperatures when employing ERA5-Land data for the aggregated age model
(see figure 40). Furthermore, running the model for different age groups using modelled data
resulted in non-convergence for our two oldest age groups, and lower estimated RRs for heat
for mortality below 15 as well. Finally, when analysing the current and projected AFs for the
aggregated age model, the yielded AFs indicated significantly lower fractions using ERA-5
compared to NOAA data. These disparities in projections stem from the lower estimated

association between heat and mortality, compounded by the calibration step.



Discussion

This section covers our main findings, placing them in relation to existing literature. We then

discuss the limitations of our study and conclude with our recommendations.

1 Main results

The primary results of our analysis are as follows: significant differences are observed in the
temperature-mortality association across different age groups. These differences range from
varying minimal mortality temperatures to differing intensities in the cold and heat effects.
The risks associated with cold temperatures are higher for children and the elderly compared
to those associated with heat. In contrast, adults face higher risks from warm temperatures
than from cold temperatures. Confidence intervals are quite large, with greater uncertainty
observed for the association in warmer temperatures (>23°C), yet the shapes of the asso-
ciations were sufficient to draw conclusions. Different age groups exhibit distinct seasonal
patterns: mortality in those under 15 primarily occurs during the warmer months (October
to March), mortality in those over 60 predominantly occurs during the cooler months (June
to August), and mortality among those aged 15 to 59 shows the least pronounced seasonal
trends. The confounding effect of seasonality on the temperature-mortality association was
demonstrated in our analysis for child mortality, but this effect was not evident for the two
other age groups in our study. Despite the differences in the risks associated with heat and
cold across age groups, heat always has a more immediate effect on mortality, whereas cold

tends to have a delayed effect, occurring within days or a week of the recorded temperature.

The observed differences in the temperature-mortality association were further explored
in our analysis of mortality by cause. We identified associations between temperature and
mortality for those over 60 due to cardiovascular diseases, mortality of adults and the elderly

from infectious diseases, mortality of children due to nutritional deficiencies, and mortality of

89
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those over 60 due to diseases of the respiratory system. This analysis revealed greater risks
related to cold for cardiovascular and respiratory system-related mortality in the elderly, and
a more pronounced risk of heat on mortality from infectious diseases (for adults and the

elderly) and nutritional deficiencies (for children).

Risks of mortality due to non-optimal temperatures are expressed as fractions of deaths
with deaths attributable to non-optimal warm and cold temperatures. The analysis of AFs
shows that the effects of heat currently have a higher impact on child mortality, whereas deaths
for older age groups are mostly impacted by cold. Projections for the year 2100 indicate a
gradual shift, with increased temperatures leading to higher AFs due to heat. The intensity of
this shift, resulting from the extension of the measured RR curve and the projected increase in
temperatures, suggests a higher burden of mortality due to heat for all age groups under the
SSP scenario with the highest radiative forcing (SSP5 RCP8.5). In our mitigation scenario,
the AFs remain higher for cold in the older age groups. Attributable numbers determined
based on AFs highlight the importance of changes in the number of deaths considered in the
analysis. Our projections indicate an increase in the number of deaths for adults and the
elderly, alongside a decline in child deaths. From these projections, we identified that changes
in the numbers of deaths attributed to non-optimal temperatures were more significantly

influenced by changes in initial death numbers than by changes in temperatures themselves.

Finally, by testing the outcomes of using modelled data for our analysis, we demonstrated
that measuring the association between mortality and temperature in our context with limited
data and small numbers had a major effect on the measured association. This analysis raises
questions about the potential outcomes of altering other parameters and adding more variables
to our model, highlighting possible limitations of our study. However, before delving into the
limitations of our study, we review our results bearing in mind our initial questions and

hypotheses, whilst also referring to existing literature on the subject.

1.1 Age-disaggregated models

We hypothesised that there would be variations in the temperature-mortality association
among different age groups. Our results have confirmed this hypothesis. But, contrarily
to past results, we show a higher sensitivity of children to cooler temperatures (where risks
are higher), which goes against findings which assess higher sensitivity of children to warm
temperatures (Borg et al., 2021; Song et al., 2017; Dang et al., 2016). The elderly, who are
also associated with higher risks in the literature, exhibit an association in our analysis more
related to the effect of cold than that of heat. This association with cold had already been
assessed in studies conducted in Nairobi (Borg et al., 2021) and Vietnam (Dang et al., 2016).
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Previous studies have generally acknowledged the heightened risks for these two age groups,
but our analysis also reveals the existing temperature-mortality association for adults, a group
rarely studied due to their presumed lower sensitivity. We also find that the existing patterns
will not necessarily continue with future temperature projections. Given the shape of the
curves, the extension of relative risk curves for higher temperatures implies more deaths due
to non-optimal warm temperatures for adults and the elderly rather than for children. These
results somewhat contradict the literature that identifies children as the most vulnerable age
group to climate change (Chapman et al., 2022), but the small numbers for this age group

may also explain these results.

Therefore, this analysis underscores the importance of examining temperature-mortality
associations for different age groups separately, given the distinct differences between these
groups and the tendency for all-age aggregated models to reflect the associations of the highest
mortality groups. The tendency of past studies to discard younger age groups is understand-
able, given the differences in mortality structure between our case study and countries more
advanced in their epidemiological and demographic transitions. From this case study, we
show the necessity of examining different age groups when analysing temperature-mortality

associations in LLMICs, as they respond differently.

1.2 Associations between temperature and mortality by cause

Our review of the literature highlighted the current dual burden of disease in Antananarivo,
further detailed in our analysis of the evolution of mortality for different causes of death.
We observed an overall decrease in mortality for children and an increase in mortality from
non-communicable diseases and a near stagnation of mortality from communicable diseases

for the two older age groups.

Measuring possible associations for the different age groups has shown varied results that
do not always align with previous literature. We demonstrated an association between tem-
perature and cardiovascular disease deaths for those over 60, showing more sensitivity to cold
than to heat. This observation aligns with previous literature indicating a greater risk due
to cold temperatures (Nayhé, 2002; Lin et al., 2013), but also suggests an unpredicted, and
potentially very steep increase in risks due to heat in the future (Ndyh&, 2002).

Analysing the association between infectious diseases and mortality revealed a high asso-
ciation between heat and infectious disease deaths in adults and the elderly, with most of the
risk concentrated immediately under short lag periods. The existing literature on the associ-
ation between temperature and infectious diseases is scarce, as most studies focus on possible

changes in vector proliferation and survival (Van de Vuurst and Escobar, 2023). Many studies
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on highly prevalent communicable diseases such as COVID-19 were measured to be affected
by temperatures but did not seem pertinent for comparison with our results (Yuan et al.,
2021; Zhu et al., 2021). We explain this lack of studies on the subject by the small prevalence

of infectious diseases in the locations where the DLNMs have been applied in the past.

Furthermore, our analysis of the association between temperature and nutritional defi-
ciency mortality showed heightened risks due to heat, even after 21 days of lag. Our results
indicated an immediate effect of cold. In contrast, heat showed both immediate and delayed
effects, which are difficult to interpret due to the lack of studies on the subject. Increased tem-
peratures have been shown to be related to increased mortality, but this association has been
analysed in the context of longer exposure periods for Sub-Saharan Africa, where increased
temperatures have been shown to constrain child nutrition (Baker and Anttila-Hughes, 2020).
Another factor which may further explain our results is the potential for comorbidities lead-
ing to mortality due to nutritional deficiencies, which could be positively associated with
increased temperatures. However, studies on multimorbidity mainly concern adults, and a
scoping review on multimorbidity in SSA has shown that research has mostly focused on
adults, although children in SSA also suffer from emergent disease clusters (Obasohan et al.,
2023). Furthermore, a study conducted in Uganda highlighted the high prevalence of co-
morbidities in children already suffering from malnutrition, with other conditions such as

pneumonia, malaria, anaemia, bacteraemia, HIV, and others (Banga et al., 2020).

Finally, our analysis of the association between respiratory diseases and temperatures
yielded results for the elderly, whose mortality is mostly associated with a higher risk from
colder temperatures. These results align with past studies, which have highlighted that these
diseases are mostly associated with cold for all ages and have been measured in different cities
in China (situated in subtropical climates) and in various cities in South Africa (Zhao et al.,
2019; Motlogeloa and Fitchett, 2024). The effect of heat was higher than that of cold for
the elderly in Brazil, although differences are expected given the different climate (Jacobson
et al., 2021). However, this contradicts the review of epidemiological evidence, which shows
increased risks for the elderly at lower temperatures. Risks were also found to be higher for
younger people in Lanzhou, China (Chai et al., 2020) which differs from our results given no

model convergence was attained for the under 15 age group.

Our analysis, when compared to the literature, highlights the importance of analysing
the temperature-mortality association for different causes of death, especially in understud-
ied contexts such as LLMICs. The lack of comparable studies in similar settings shows no
systematic convergence or difference with past literature, underscoring the need for more

region-specific research.
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1.3 The lagged temperature-mortality association

The differences in lag between mortality induced by heat and cold have been demonstrated
numerous times in the literature, indicating an overall tendency for mortality due to heat to
occur within very short lag periods, whereas the effects of cold temperatures manifest over
a longer period (Ye et al., 2012; Yu et al., 2011; Bao et al., 2016; Guo et al., 2014). In
our analysis across various age groups, we observed the same pattern, thereby validating our
hypothesis. Furthermore, a detailed analysis of the lagged RR curves indicates a tendency for
an increase in mortality following the days after a recorded heat event, particularly noticeable
in the two youngest age groups. This lagged increase in relative risk is described by some
researchers as a possible result of the harvesting effect, where deaths that would have occurred
later are brought forward by the heat, implying reduced mortality in the days immediately

following the event and an increase thereafter (Yu et al., 2011; Ferreira Braga et al., 2001).

When analysing mortality by cause, our review of existing literature suggests the necessity
of considering different lag periods for analysing various causes of death. Given the unique
pathways through which temperatures increase mortality risks, the lag is also varied due to
differences in etiological paths. For instance, our analysis of cardiovascular diseases in the
elderly highlighted a delayed occurrence of cold-related mortality, primarily between 4 to 10
days after the recorded temperature, and an immediate (1-3 days) as well as a delayed effect
(up to 8 days) for heat-related mortality (which could be due to the potential harvesting
effect). These results differ to some extent from existing studies, Yu et al. (2011) have
investigated the lag effect from cardiovascular and respiratory diseases up to 30 days post-
recorded temperature. Their study found the effect of heat to be immediate (up to 3 days) but
did not record any harvesting effect for deaths due to warm temperatures. The lag was found
to be quite high for respiratory diseases for the elderly, aligning with our results (Bunker et al.,
2016). No studies were found using DLNMs for nutritional deficiency-related deaths, which
could be due to the low prevalence of this cause of death in areas where DLNMs have been
applied, and the potentially long survival period in a state of undernourishment. Moreover, we
did not find any other studies using DLNMs for analysing infectious disease-related mortality,
except for numerous studies on COVID-19, which were not deemed pertinent for comparison
with our model (Yuan et al., 2021; Zhu et al., 2021).

From this analysis of the lagged response of mortality due to temperatures, we underscore
once again the importance of using DLNMs to better understand the manifestation of mortal-
ity following a given temperature. The scarcity of studies in LLMICs requires more research

on the subject where the effects of a lagged occurrence of mortality may be different.
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1.4 Projecting the burden of non-optimal temperatures

We hypothesised that attributable fractions of mortality due to cold would diminish, leaving
a higher AF due to heat, which our analysis confirmed. Additionally, the differences in
temperature projections between the various SSPs illustrate the substantial discrepancies
between the different models. These findings align with the existing literature, which greatly
emphasises the necessity of mitigation efforts to reduce climate change, particularly as it is

predicted to represent a higher burden in countries such as Madagascar (Amegah et al., 2016).

Our analysis also confirmed our hypothesis that the number of deaths for our younger age
groups due to heat, despite the increases in AFs, is diminished due to the projected decrease
in mortality based on past trends. Conversely, for adults and the elderly, the attributable
numbers increase even more with the projections, implying a higher number of deaths due to
heat. This increase in the number of deaths due to heat is mainly driven by changes in death
counts rather than the changes in temperature. This suggests that changes in population
structure could explain a higher number of deaths attributed to heat rather than the changes

in climate themselves, given the possible increase in the number of deaths.

Therefore, our projections highlight the complex dynamics at play between demographic
changes and climate change impacts. The increase in heat-related mortality among adults
and the elderly deepens the need for targeted interventions and adaptation strategies to
address the vulnerabilities of these age groups. Additionally, even though a decrease in child
mortality is measured, continued efforts are necessary to ensure this trend persists with rising
temperatures. The findings emphasise the importance of mitigation strategies to address the

effects of climate change on mortality across different age groups.

1.5 High seasonality of deaths for children

We hypothesised that seasonality would mainly affect younger age groups. Our results con-
firmed this hypothesis, revealing a significant confounding effect of seasonal patterns on mor-
tality for those under 15 years old. Given that we did not achieve model convergence for
the two older age groups, we were unable to draw conclusions on the effect of seasonality for
these groups. However, past literature indicates a decrease in the seasonality of mortality
in Antananarivo, primarily attributed to a shift in mortality patterns (brought on by the
ongoing epidemiological transition) rather than changes in the seasonal patterns of mortality
by cause (Schliiter et al., 2020). These findings may explain why the model without control
for seasonality did not converge, suggesting that seasonality for adults and the elderly may

not be pronounced enough.
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In addition, seasonal patterns in children have been shown to be significant due to socio-
economic factors such as school periods, which increase contact rates and subsequently the
spread of infectious diseases (Czumbel et al., 2018). The importance of focusing on this
aspect in our research reinforces the necessity of including the analysis of seasonal variations

in mortality when examining the temperature-mortality association, particularly for children.

To conclude, understanding seasonal variations is crucial for analysing the temperature-
mortality association, especially in younger age groups. This ensures that the effects of both
temperature and seasonality are accurately accounted for in the analysis. This is particularly
important for children, who face higher risks at cooler temperatures. However, due to the
cumulative effect of seasonal mortality during warmer periods and the risks associated with
heat, the attributable fractions of mortality due to non-optimal temperatures are primarily

due to heat for children.

1.6 Measured risk using modelled and measured data

Finally, our study showed the anticipated differences in the measured risks when using differ-
ent exposure variables. These differences are even more salient given that we were unable to
reach model convergence using ERA-5 data for our two older mortality groups. These results
are potentially explained by the higher risks associated with cold in our model using NOAA
data, which records higher temperatures on average compared to ERA-5. Furthermore, run-
ning the model for all age groups, these temperature differences implied lower RRs for heat
than for cold. We also noted that a DLNM used in Brazil for respiratory system diseases for
the elderly yielded higher risks of mortality due to heat, more than cold, when using ERA-5
data, which contrasts with our results for this cause of death (Jacobson et al., 2021). But
these differences are likely attributable to variations in initial temperatures for this location
and can thus not be considered a sufficient base for comparison. Hence, our sensitivity analy-
sis highlights significant differences in results and model convergence between our model with
measured data versus modelled data. No further conclusions can be made on the general use
of ERA-5 data, however, it is important to note that measured data is preferred in general,
and it is recommended for calibration by the authors of the tutorial (Vicedo-Cabrera et al.,
2019). Finally, measured data is more easily applicable for policy making as it translates into

real-life measures.
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2  Study limits

The results of this thesis must be contextualised within its limitations. The complexity of
associating two very different factors, each influenced by numerous contributing factors, is a

limitation in itself. However, several other limitations must be highlighted.

First, our study focused on the implications of using DLNMs in LLMICs, exploring the
feasibility of conducting such a study in this context. Given this angle, we did not include any
potential environmental confounders in the analysis, which is recommended when examining
the effects of temperatures on mortality. The most commonly associated factor is air pollution,
which often interacts with temperatures (Ye et al., 2012). Although some studies have shown
that controlling for air pollution may not always be necessary to capture the whole effect of
temperature (Buckley et al., 2014), other factors such as socio-demographic indicators (sex,
body mass index, smoking status, and drinking for example) are important confounders in this
association (Bhaskaran et al., 2013). We explain the absence of control for these confounders
by the lack of data on specific confounders such as socio-economic factors or further indicators.
We did dispose of the sex of the deceased, but, when we attempted to run our model for men
and women separately, we could not achieve model convergence, which we attribute to small

death counts. Nevertheless, this remains a limitation of our study.

Another limitation is the lack of inclusion of potential adaptation in our analysis. The
model allows for the integration of an increment of adaptation to heat over time, representing
a decrease in risk for hot temperatures hypothesised to diminish with exposure to higher
temperatures (see figure 41). Adaptation, which has been measured in past studies (Gaspar-
rini et al., 2015), was not introduced in our model due to the absence of comparable studies
in the region that might indicate the level or tendency for adaptation to heat and the lack
of methods to measure adaptation (Pradyumna and Sankam, 2022). Furthermore, the only
study which focuses on adaptation in Antananarivo only pertains to enteric infection related
mortality, thus, no estimates on adaptation could be extracted for our analysis (Klein and
Rasoanomenjanahary, 2023). Adaptation can result from physiological responses or specific
strategies (Sanderson et al., 2017), which were challenging to quantify in the context of our
study. We believe that an increase in studies similar to this one could enhance the measure-
ment of adaptation in the future. Comparing this study to a similar one for the 2015-2025

period in the future could also help build more reliable estimates on adaptation.

We must also emphasise that our relative small number of deaths is not ideal for applying
this method with numerous sub-categories. Previous studies typically focus on mortality
groups with larger numbers of deaths or analyse all deaths together to better meet model

requirements. Our decision to use the Antananarivo database from 2000 to 2015 presents a
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Figure 41: Graph representing RR with and without adaptation to temperatures.

Here a 30% decrease in the risk associated to heat is assumed.

significant limitation, resulting in high confidence intervals. This level of uncertainty is further
exacerbated by the unpredictability of future temperatures. To address this, we attempted
to include data prior to 2000. However, the lack of reliable historical data for the exposure
variable, despite our efforts to fill gaps with modelled data, prevented an increase in number
of deaths included in the analysis. Additionally, using data from 1990 onwards did not achieve
model convergence for all age groups. On the one hand, we attribute this to the lower mean
temperatures before 2000, as mean temperatures have risen by 0.5°C between 2000 and 2015
(see figure 14), on the other hand, different age patterns and epidemiological profiles also
explain lack of model convergence. Given these challenges, we were constrained to use data
from 2000 to 2015. Nevertheless, we encourage future research to use data beyond 2015 to

enhance the robustness of the findings in Antananarivo.

The quantification of future mortality is another major limitation of this thesis. The
scarcity of data for the population at risk made the robust projection of mortality with pre-
cise estimates complicated. Factors such as evolution in mortality rates, population at risk,
and quantifying migration and birth rates were not available. Hence, the lack of inclusion of
potential adaptation and more precise, robust estimates on future mortality is a significant
drawback, making it challenging to consider our estimated projected ANs as reliable trajec-
tories for Antananarivo. However, this does not render the analysis futile, as it provides a

good idea of the trajectory and can serve as future estimates for comparison.

While this study offers a solid foundation for future assessments of mortality risks due to

non-optimal temperatures, comparing these results with other regions should be done cau-
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tiously. DLNM results in the same country but different cities have shown major differences
due to regional adaptation and differences in initial climate (Motlogeloa and Fitchett, 2024;
Zhao et al., 2019). Thus, although comparisons with other regions of the country are neces-
sary, the findings of this thesis must be contextualised and cannot be extended to conclusions

for the entire country. They are specific to Antananarivo’s unique climate and health context.

The final main limitation of this study is the lack of flexibility in modelling choices. In
our methods section, we highlighted the best model choices for analysing all-cause mortality.
However, comparing our results with existing literature revealed the importance of different
lag periods for different causes of death. This suggests that an analysis focusing on the
best methodological aspects one at a time for the specificities of different causes would have

increased the accuracy of our results by cause.

3 Conclusions

In conclusion, global warming is an increasingly preoccupying phenomenon that affects human
lives, compromising the physical security and overall health of populations. In this context,
the increase in temperatures is one of the main concerns linked to climate change. Thus,
understanding how these changes are currently affecting human populations, and how they will
be in the future, is of highest importance. Equally essential is the study of the methodological

implications of measuring these changes.

However, as previously mentioned there is a gap in the literature. Although climate
change shows an increasing presence in scientific publishing, this trend is mainly seen in
high-income countries. Conversely, research remains scarce in Low and Lower Middle Income
Countries and Sub-Saharan Africa in particular. Therefore, this study has explored the
methodological implications of applying exposure-response measures for temperature and
mortality in Antananarivo to highlight the importance of understanding the effects on different
age groups in these contexts. Specifically, we applied an existing method in a new geographical

context, considering different age groups and methodological implications.

Our results are significant in several ways. We identified differences in the temperature-
mortality association for different age groups in Antananarivo, where heat impacts children
most, while cold affects adults and the elderly the most. This contrasts with previous lit-
erature focused mainly on older age groups due to their higher mortality rates. Our study
fills this gap, particularly for SSA, where studies using DLNMs are scarce. Additionally, we
found temperature-related differences in specific causes of death. This nuanced understand-

ing highlights the need for targeted health interventions. We also quantified the significant
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mortality burden due to non-optimal temperatures under both climate scenarios, emphasis-
ing changes when including shifting number of deaths. Our study offers the first estimates
for Antananarivo, considering climate change and population dynamics. Our results are in
line with previous observations of high seasonal patterns in younger age mortality, address-
ing the lack of sensitivity tests for shifts in association without controlling for seasonality.
Lastly, we demonstrated that using measured temperatures is more effective than modelled

temperatures, providing insights for future research and healthcare action.

Following our findings, several recommendations are drawn for future research and the
scientific community. First, we find that methods such as DLNMs should be applied to
different age groups (when the numbers of deaths are large enough) to identify different
associations and sensitivities to temperature. Additionally, analysis of DLNMs should be
done by cause of death whenever possible, especially in contexts where an epidemiological
transition is ongoing. Furthermore, more studies like this one should be conducted, as we
had no studies to assess for adaptation and its measurement and a very little set of studies
for comparison. Moreover, studies should use measured data whenever possible, ensuring
that the model is based on real-life temperatures, which can then be better translated for

healthcare action.

Regarding healthcare action in the country and the international community, this study
highlights that different strategies for healthcare and mitigating impacts should be developed
for different population subsets. Indeed, the evolution of global warming will increase the
mortality burden of some causes of death while decreasing it for others. Consequently, this
means that epidemiological transition cannot be the sole basis for planning future health plans
and actions, as changes in climate may induce perturbations in the epidemiological transition.
Furthermore, the model without seasonality showed a high effect of seasonality for mortality
due to non-optimal warm temperatures for children, which implies necessary considerations
of preparing for the accumulated effect of temperatures in a given higher mortality season for
children. Finally, given the measured effects of temperatures and their increase on population
health, action must be taken to mitigate climate changes and support those without the

necessary means to face these changes.

Our study has limits, which we discussed earlier. From these, we extract additional
recommendations for others who wish to study the effects of temperatures on mortality in
LLMICs. We encourage the use of DLNMs in other regions of SSA where possible, to serve
as a base for comparison and to study potential adaptation. We recommend using death
record datasets of larger size, as small numbers lead to high uncertainty in model outcomes,
especially when working with different age groups. Model choices should suit the specificity

of the local context or subgroup, particularly regarding lag. Projections of mortality should
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be included in estimates to better reflect upcoming changes due to climate change, but these
projections should be based on reliable estimates. Lastly, we encourage precise description of

modelling choices to facilitate comparison and application for future studies.
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Figure appendix

Table 2

Summary of SSP narratives.

SSP1

SSP2

SSP3

SSP4

SSP5

Sustainability - Taking the Green Road (Low challenges to mitigation and adaptation)

The world shifts gradually, but pervasively, toward a more sustainable path, emphasizing more inclusive development that respects perceived environmental boundaries.
Management of the global commons slowly improves, educational and health investments accelerate the demographic transition, and the emphasis on economic growth
shifts toward a broader emphasis on human well-being. Driven by an increasing commitment to achieving development goals, inequality is reduced both across and within
countries. Consumption is oriented toward low material growth and lower resource and energy intensity.

Middle of the Road (Medium challenges to mitigation and adaptation)

The world follows a path in which social, economic, and technological trends do not shift markedly from historical patterns. Development and income growth proceeds
unevenly, with some countries making relatively good progress while others fall short of expectations. Global and national institutions work toward but make slow progress
in achieving ble d goals. Envir experience degradation, although there are some improvements and overall the intensity of resource
and energy use declines. Global population growth is moderate and levels off in the second half of the century. Income inequality persists or improves only slowly and
challenges to reducing vulnerability to societal and environmental changes remain.

Regional Rivalry — A Rocky Road (High challenges to mitigation and adaptation)

A resurgent nationalism, concerns about competitiveness and security, and regional conflicts push countries to increasingly focus on domestic or, at most, regional issues.
Policies shift over time to become increasingly oriented toward national and regional security issues. Countries focus on achieving energy and food security goals within
their own regions at the exp of broader-based develop Investments in education and technological development decline. Economic development is slow,

[ ption is material-i ive, and inequalities persist or worsen over time. Population growth is low in industrialized and high in developing countries. A low
international priority for addressing environmental concerns leads to strong environmental degradation in some regions.

Inequality — A Road Divided (Low challenges to mitigation, high challenges to adaptation)

Highly unequal investments in human capital, combined with increasing disparities in economic opportunity and political power, lead to increasing inequalities and
stratification both across and within countries. Over time, a gap widens between an internationally-connected society that contributes to k ledge- and capital-i ive
sectors of the global economy, and a fragmented collection of lower-income, poorly educated societies that work in a labor intensive, low-tech economy. Soczal cohesion
degrades and conflict and unrest become increasingly c Technology P is high in the high-tech economy and sectors. The globally connected energy sector
diversifies, with investments in both carbon-intensive fuels like coal and unconventional oil, but also low-carbon energy sources. Environmental policies focus on local
issues around middle and high income areas.

Fossil-fueled Development - Taking the Highway (High challenges to mitigation, low challenges to adaptation)

This world places increasing faith in competitive markets, innovation and participatory societies to produce rapid technological progress and development of human capital
as the path to sustainable development. Global markets are increasingly integrated. There are also strong investments in health, education, and institutions to enhance
human and social capital. At the same time, the push for economic and social development is coupled with the exploitation of abundant fossil fuel resources and the
adoption of resource and energy intensive lifestyles around the world. All these factors lead to rapid growth of the global economy, while global population peaks and
declines in the 21st century. Local environmental problems like air pollution are successfully managed. There is faith in the ability to effectively manage social and ecological
systems, including by geo-engineering if necessary.

Figure 42: Different SSP scenarios as per described in literature.
Source : Riahi et al. (2017)
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Figure 43: Representation of how Green house gas emissions are computed into
climate profiles.

Source : Lepousez (2022) using IPCC representations and IPSL numeric model
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Groups of causes of death used and correspondence with
detailed list of 9th Revision of International Classification of
Diseases (ICD9)

Causes of death Ttems of detailed 1CD9 list
Infectious diseases
Diarrhoea 009
Other intestinal infections 001 to 008
Tuberculosis 010to 018
Plague 020
Diphtheria 032
Whooping cough 033
Tetanus 037
Poliomyelitis 045
Measles 055
Viral hepatitis 070
Malaria 084
Other infectious and parasitic diseases 021 to 139
(except 032, 033, 037, 045, 055, 070, 084)
Neoplasms 140 to 239
Nutritional deficiency 260 to 269
Cardiovascular diseases
Hypertensive diseases 401 to 409
Ischemic heart discase 410to 414
Heart failure 428
Cerebrovascular diseases 430 to 438
Other diseases of circulatory system 390 to 459

(except 401 to 414, 428, 430 to 438)

Diseases of respiratory system
Pneumonia, bronchopneumonia, influenza

1

acute respiratory infections 480 to 487
Other diseases of respiratory system 460 to 519 (except 480 to 487)
Other diseases
Endocrine diseases and diabetes 240 to 259
Metabolic diseases 270 to 279
Blood diseases 280 to 289
Mental disorders (including alcoholism) 290 to 319
Diseases of nervous system 320 to 379
Diseases of the ear (including otitis) 380 to 389
Diseases of digestive system 520 to 579
Diseases of genito-urinary organs 580 to 629
Pregnancies with abortive outcome 630 to 639
Complications related to pregnancy 640 to 648
Complications related to labour and delivery 650 to 669
Complications of the puerperium 670 to 679
Diseases of the skin and muscles 680 to 739
Disorders relating to short gestation and unspecified
low birthweight 765
Hypoxia 768
Tetanus neonatorum 771.3
Congenital anomalies and other perinatal conditions 740 to 779 (except 765,768,771.3)
Injury and accidents 800 to 999
Unknown and ill-defined causes (including senility) 780 to 799

Figure 44: Groups created to reclassify mortality by Waltisperger and colleagues.
Source :Waltisperger et al. (2005)
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Table 4: Number of recorded deaths in Antananarivo by Age at death (2000-2015)

Age group Number of deaths

Under 15 19777

Between 15-59 | 46822

Over 60 36469

All ages 103068
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Table 5: Number of recorded deaths in Antananarivo by cause of death and age

at death (2000-2015)

Age group

Number of deaths

Deaths of Infectious diseases

<15 3126
15 - 59 5571
> 60 1729
All 10426

Deaths of Cardiovascular diseases

<15 499

15 - 59 13523
> 60 15790
All 29812

Deaths of Nutritional deficiencies

<15 1892
15-59 215
> 60 127
All 9614

Deaths of Respiratory system related diseases

<15 3544
15 - 59 3326
> 60 2744
All 9614
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0.1 Retrieving data

Code : Retrieving mean temperature from NOAA in R
All the available information on how to extract the data can also be found at :

https://www.rdocumentation.org/packages/rnoaa/versions,/0.9.0

tmean = ghend_search ("MAO000067083" , var = "DD", date_min
= "1976—01—-01", date _max = "2015—12—31") # DD for

degree days all the necessary

0.2 DLNM and Projections - The Vicedo-Cabrera et al. (2019) method

The following code is our adaptation of the Gasparrini method (Gasparrini and Leone,
2014). This is an example of the adapted code which was duplicated many times to
suit the needs of our analysis. In this code we show our adaptation of the code using
constant mortality, in the case of our model with projections we included the population

projections directly.

ASTART
# DESCRIPTION OF THE METHOD AND AUTHOR RIGHTS:

# Requirements:
# — R version 3.5.1
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— ’dinm’ package version 2.8.5
— ’splines ’ package wversion 3.5.1

#
#
# — 'MASS’ package version 7.8—50
#
#

HERE WE HAVE USED THE GASPARRINI METHOD AND HAVE ADAPTED IT FOR THE NEEDS OF
THE ANALYSIS (BASED ON SECTION 7 : ADAPTATION AND POPULATION CHANGES)

#THE FOLLOWING DATABASES HAVE BEEN CREATED BASED ON THE INITIAL EXTRACT
DATABASE.

# LOAD THE DATABASES AND PACKAGES

rm( list=1s (all=TRUE) )
library (dlnm) ; library(splines) ; library (MASS) ; library (tsModel)
setwd (" /Users/EmmakKuijt/Desktop/M moire")

load ("~/Desktop/M moire/by_age 4GASP.Rda")

load ("~/Desktop/M moire/infect_by age 4GASP.Rda")
load ("~/Desktop/M moire/cardio_dis_by_ age 4GASP.Rda")
load ("~/Desktop/M moire/resp_sys_by age 4GASP.Rda")
load ("~/Desktop/M moire/Nut_dis_by_age 4GASP.Rda")

#01ESTIMATION OF THE EXPOSURE-RESPONSE ASSOCIATIONS

#For each of our sensitivity tests we ran the model for all causes and

different sub—causes:

#DEFINING THE OBSERVATION
obs = by_age 4GASP
#obs = infect_by age 4GASP
#obs = cardio__dis_by_age_ 4GASP
#o0bs = resp_sys_by_age_ 4GASP
#obs = Nut_dis_by age JGASP

#DEFINING OBSERVATION DATE RANGE
obs = obs[obs$date <= ’'2015—12—31" ,]
obs = obs[obs$date >= ’'2000—01—01" ,]

#Finding out the number of observations for each age group
sum(obs$all_u 15)
sum(obs$all_15_ 59)
sum(obs$all_060)
sum(obs$all_all)

#

# #|Age_Group | ALL Deaths |
#  #l / o
#  #|Under 15 | 19777
#  #/15-59 | 46822/
#  #/60+ | 36469/
#  #/AU | 103068/
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#[|Age_Group | Deaths INFECT DIS

” / Y
#[Under 15 |/ 3126/
#/15—59 | 5571)
#/60+ | 1729)
#/All | 10426]

#|Age_Group | Deaths CARDIO DIS
” / y
#|Under 15 |/ 499/
#/15—59 | 13523)
#/60+ | 15790]
#|All | 29812]

#[|Age_Group | Deaths RESP DIS

R YR N N N N I R R N R T Y N N N N N N N NS

#/: / i
#|Under 15 | 3544/
#[15—59 / 3326/
#/60+ [ 2744
#]All | 9614)
#[|Age_Group | Deaths NUT DIS
#/- / o
#/Under 15 |  1892]
#[15—-59 / 215/
#[60+ / 127]
#/All | 2234/

# DEFINITION OF THE CROSS-BASIS FOR TEMPERATURE
# — SPECIFICATION PARAMETERS OF THE EXPOSURE-RESPONSE DIMENSION OF THE
CROSS-BASIS

# argvar: main model, cubic matural spline with three internal knots in the
10th , 75th, 90th percentiles of the temperature distribution

argvar <— list (fun="ns", knots = quantile(obs$t2m mean,c(10,75,90)/100,
na.rm=T) ,
Bound=range (obs$t2m_mean, na.rm=T) )
maxlag <— 21
arglag <— list (fun="ns", 6 knots=logknots (maxlag,nk=3))

cb <—crossbasis (obs$t2m_mean, maxlag ,argvar ,arglag)

# FIT THE MODEL
# Apply the same model defined in the script 01 to the age—specific counts:

m <— glm(all_all ~ cb + dow + ns(date,df=round(8+length(date)/365.25)),
data=obs, family=quasipoisson)
m U 15 <— glm(all_u 15 ~ cb + dow + ns(date,df=round(8+*length(date)/365.25)),
data=obs, family=quasipoisson)
m 15 59 <— glm(all_15 59 ~ cb + dow +
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ns (date ,df=round (8*length (date)/365.25)) ,
data=obs, family=quasipoisson)

m O 60 <— glm(all_060 ~ cb + dow + ns(date,df=round(8x*length(date)/365.25)),
data=obs, family=quasipoisson)

# GET PREDICTIONS & PLOT
# — DEFINE PROVVISIONAL CENTERING POINT TO HAVE THE INITIAL PREDICTION
varcen <— 19

# — ESTIMATE MMT FROM THE PREDICTED EXPOSURFE-RESPONSE ASSOCIATION
# FOR FACH AGE CATEGORY

cp <— crosspred (¢cb, m, cen=varcen, by=0.1)
cen <— cp8$predvar [which. min(cp$allRRfit)]

cpU_15 <— crosspred (cb,m U _15,cen=varcen ,by=0.1)
cenU_15 <— cpU_158predvar [which.min(cpU_158allRRfit) ]

cpl5_59 <— crosspred (cb,m 15 59,cen=varcen ,by=0.1)
cenl5 59 <— cpl5_598predvar [which.min(cpl5_598allRRfit) ]

cpO_60 <— crosspred (cb,m O 60,cen=varcen ,by=0.1)
cenO_60 <— cpO_608predvar [which.min(cpO_608allRRfit)]

# — RE-CENTER & GET PREDICTIONS FOR FACH MODEL CENTERING ON THE MMT
pred <— crosspred (cb, m, cen=cen, by=1)

predU_15 <— crosspred (cb, m U 15, cen=cenU_15, by=1)
predl5_59 <— crosspred (cb, m 15 59, cen=cenl5_59, by=1)
predO_60 <— crosspred (cb, m O 60, cen=cenO_60, by=1)
#GRAPHS (REPLICATED FOR ALL DEATHS AND EACH AGE GROUP)
#GRAPH — UNDER 15

xlab <— expression(paste(" Temperature,(",degree,"C)"))

#pdf (" Figure 1.pdf",height=4.5,width=10)
layout (matrix(c(1,2) ,ncol=2,byrow=T))

# PLOT — 3D

par (mar=c(2,3,3,1) ,mgp=c(3,1,0),las=1,cex.axis=0.9,cex.lab=1)

plot (predU_15,"3d" ,1theta=150,xlab="Temperature,(C)" ,ylab="Lag" ,zlab="RR",
col=gray (0.9), main="Exposure—lag—response — U15")

# OVERALL
# The plots show the cumulative exposure—response association , in terms of
# relative risks (RR) and centered in the MMI, across the 21 days of lag.

par (mar=c (5,4 ,3,1) ,mgp=c(3,1,0),las=1,cex.axis=0.9,cex.lab=1)
plot (predU_15,"overall" ,col="red" ,ylim=c(0.5,2.5) ,axes=T, lab=c(6,5,7) ,xlab=xlab ,
ylab="RR' ,main="Overall — Under 15,")

layout (1)
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#dev. off ()

#02 PROJECTED EXPOSURE AND HEALTH OUTCOME SERIESHAAAAANALY

# PROJECTED TEMPERATURE SERIES:

# LOAD MODELLED TEMPERATURE DATA (1981—2099)

# Climate data was obtained, processed and made available by

# the Inter—Sectoral Impact Model Intercomparison Project

# (ISI-MIP, htips://www.isimip.org/).

# It includes daily temperature series for 5 different GCMs and

# 2 (RCP2.6 and RCP8.5) climate change scenarios,

# for the historical (1981—2015) and future periods (2016—2100).

# — sspl126 SCENARIO
load ("~/Desktop/M moire /R MEMOIRE/BM 29 09/sspl126.rda")
sspl26 = sspl26 [sspl26$date <= ’2099—12—-31" ,]

# — sspb85 SCENARIO
load ("~/Desktop/M moire /R MEMOIRE/BM 29 09/ssp585.rda")
sspb85 = sspbhH85[ssph858date <= ’2099—-12—-31" ,]

# PLOT — FIGURE 2 TEMPERATURE TRENDS

# The plot shows the temporal trends annual temperature averaged across
# the 5 GCMs for each scenario (solid line), exzpressed as increase in
# annual mean temperature from the historical average temperature.

# It also shows the wvariability in the projected temperature across GCMs
# (shade area).

# — COMPUTE ANNUAL AVERAGES (CENTERED)

tsyear <— as.numeric(format(sspl268$date,format="%Y"))
year <— unique(tsyear)

sspl26avg <— apply(sspl26[,—c(1,2)],2,tapply, tsyear ,mean)
sspb85avg <— apply(ssp585[,—c(1,2)],2,tapply, tsyear ,mean)

# — COMPUTE THE DIFFERENCE IN TEMPERATURE FROM THE HISTORICAL AVERAGE
sspl26avg <— sspl26avg—mean(sspl26avg|[year%in %1981:2014,])
ssph8bavg <— ssph85avg—mean(ssp585avg [year%in %1981:2014,])

ylab <— expression(paste (" Temperature increase ("' ,degree,"C)"))

coll <— do.call(rgb,c(as.list (col2rgb("blue")) ,alpha=255/6,max=255))
col2 <— do.call(rgb,c(as.list (col2rgb("red")) ,alpha=255/6 ,max=255))

#pdf ("Figure 2.pdf",height=>5width=>5)

par (mar=c (5,4,3,1) ,mgp=c(2,0.8,0) ,las=1,cex.axis=0.8,cex.lab=1)

plot (year ,rowMeans(ssp585avg) ,type="n" ,bty="1",ylab=ylab ,xlab="Year",
ylim=c(—1,8) ,xlim=c(1970,2110) ,main="")

abline (h=0)

lines (year [year <2015] ,rowMeans (cbind (sspl126avg ,sspl26avg) [year <2015,]) ,lwd=1.5)
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polygon(c(year [year >=2015],rev(year [year >=2015])) ,
c(apply(sspl26avg,1l max) [year >=2015],rev (apply (sspl26avg,1l,min)
[year >=2015])) ,col=coll , border=NA)
polygon(c(year [year >=2015],rev(year [year >=2015])),
c(apply(ssp585avg ,1 ,max) [year >=2015],rev (apply (ssp585avg ,1 ,min)
[year >=2015])) ,col=col2 , border=NA)
lines (year [year >=2015],rowMeans(sspl26avg [year >=2015,]) ,lwd=1.5,col=4)
lines (year [year >=2015],rowMeans(ssp585avg [year >=2015,]) ,lwd=1.5,col=2)
abline (v=2015,1ty=3)
rect (2103 —1,mean(apply (sspl26avg,1 ,min) [as.character (2090:2099)]) ,2103+1,
mean (apply (sspl26avg ,1 ,max) [as.character (2090:2099)]) ,col=4,border=NA)
rect (2106 —1,mean(apply (ssp585avg,1l ,min) [as.character(2090:2099)]) ,2106+1,
mean (apply (ssp585avg ,1 ,max) [as.character (2090:2099)]) ,col=2,border=NA)
legend ("top" ,c(" Historical" , "sspl126","ssp585") ,lwd=1.5,col=c(1,4,2),
cex=0.8,bty="n",inset =0.05)
#dev. off ()

# PROJECTED MORTALITY SERIES

# DEFINE PROJECTED MORTALITY SERIES

# It is computed as the average mortality for each day of the year

# from daily observed deaths, then repeated along the same projection period
# of the modelled temperature series.

sspb585
sspl26

ssph85 [ssp5858date >= ’2000—01—01" ,]
sspl126 [sspl268date >= ’2000—01—01" ,]

#The following step has been replicated for each age group
#  UNDER 15

# MODEL WITH CONSTANT MORTALITY
deathdoy_U1l5 <— tapply (obs$all_u 15,as.numeric
(format (obs$date, "%j ")) ,mean,na.rm=T) [seq (365) |

while (any (isna <— is.na(deathdoy U15)))
deathdoy_Ul5[isna] <— rowMeans(Lag(deathdoy U15,c(—1,1)) ,na.rm=T) [isna |
deathproj_Ul5 <— rep(deathdoy_U15,length=nrow(ssp585))

#MODEL WITH PROJECTED MORTALITY
#load the projected deaths wvector
deathdoy_U15 <— readRDS("~/Desktop/M moire/deathdoy_U1l5.rds")

#make vector length <=> lenght of ssp data
deathproj_Ul5 <— rep(deathdoy_U15,length=nrow(ssp585))

# PLOT — FIGURE 8 SEASONAL MORTALITY TRENDS

# The plot depicts the seasonal trends in daily mortality in Antananarivo
# The grey dots are the actual number of deaths in each day of the year
# between 2000—2015 and the blue line is the average daily mortality
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# per day of the year, which is projected along the projection period.

#pdf ("Figure 3.pdf", height=5width=6)
par (mar=c(5,4,3,1) ,mgp=c(2.5,1,0) ,las=1,cex.axis=0.8,cex.lab=1)
plot(all_u 15 ~ doy,obs,pch=19,col=grey (0.8) ,cex=0.5,ylab="Daily deaths. (Under.
15)" ,xlab="Day of the year",
main="")
lines (1:366 ,tapply (obs$all_u 15,0obs$doy ,mean) ,lwd=1.5,col=4)
#dev. off ()

#03 BIAS—CORRECTION;

# LOAD BIAS CORRECTION FUNCTION

# This is a function created to apply the bias—correction method developed
# within ISI—-MIP (Hempel et al. 2018). More details on the calibration
# procedure are described in the "fhempel.R" code.

fhempel <— function(obs ,mod, add=TRUE, mult=TRUE, output="series") {

#

# CHECK THE OUTPUT

output <— match.arg(output,c("series","correction"))
#

# CHECK CONSISTENCY
if (ncol(obs)!=2) stop("obs must have two,variables,(date and series")
if (ncol(mod)<2) stop("mod must have at,least two,variables, (date and series")
if (lany(class (obs[[1]])%in%"Date") | !any(class(mod[[1]])%in%"Date"))
stop (" Class of  first variable of,’obs’ and  'mod’ must be ’Date’")
#
# APPLY TO EACH MODELLED SERIES
out <— lapply (seq(ncol(mod)—1),function(j) {
#
# IDENTIFY PERIOD WITH NO MISSING
ind <— obs[[1]][obs[[1]] %in% mod[[1]]]
notna <— complete. cases(obs[obs[[1]]% in%ind ,2] ,mod[mod[[1]]% in%ind , j+1])
indobs <— seq(nrow(obs)) [obs[[1]]% in%ind ][ notna]
indmod <— seq(nrow(mod) ) [mod[[1]]% in%ind | [notna]

if (length(indobs)==0) stop ("no common non—missing days in, obs’ and, mod’")

#
# EXTRACT MONTH AND YEAR
month <— as.numeric(format(obs [[1]][indobs],format="%m"))

if (length (unique(month) ) !=12)
stop ( "some months are not reprensented in the overlapping, period")

year <— as.numeric(format(obs[[1]][indobs],format="%Y"))
monthyear <— factor (paste(year ,month,sep="—"))

#

# COMPUTE ADDITIVE CORRECTION

mavgobs <— tapply (obs [[2]][indobs],month,mean, na.rm=T)
mavgmod <— tapply (mod[[j+1]][indmod] , month,mean, na.rm=T)
C <— mavgobs — mavgmod

if (tadd) C[] <— 0

#

# RESIDUALS FROM MONTHLY/YEAR AVERAGES, THEN MULTIPLICATIVE CORRECTION
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myavgobs <— tapply (obs [[2]][indobs], monthyear ,mean,na.rm=T)
myavgmod <— tapply (mod[[j+1]][indmod], monthyear ,mean,na.rm=T)
resobs <— obs[[2]][indobs] — myavgobs|[monthyear]

resmod <— mod [[j+1]][indmod] — myavgmod|monthyear]

B <— sapply(seq(12),
function (m)
coef(lm(sort(resobs [month==m])~0+sort (resmod [month=m]))))
if (!mult) B[] <— 1

#
# RETURN CORRECTION IF STATED
if (output="correction") return(matrix(c(C,B),ncol=2,

dimnames=1ist (unique (months (mod[,1],abbr=IRUE) ),
c("add","mult"))))

#

# OBTAIN DAY, MONTH AND YEAR FROM DATE (ORIGINAL SERIES)
day <— as.numeric(format(mod|[[1]] ,format="%d"))

month <— as.numeric(format(mod[[1]] , format="%m"))

year <— as.numeric(format(mod[[1]] , format="%Y"))
monthyear <— factor (paste(year ,month,sep="-"))

#

# DERIVE THE QUANTITIES TO REMOVE DISCONTINUITIES FROM CORRECTION
# (SEE Hempel et al, PAGE 228)

nday <— tapply (mod[[j+1]],monthyear,length)

d <— (day—1)/(nday [monthyear]—1)—0.5

dm <— 0.5x%(abs(d)—d)

d0 <— l1—abs(d)

dp <— 0.5x(abs(d)+d)

#

# DERIVE THE CORRECTIONS ACCOUNTING FOR DISCONTINUITIES
Cm<— C[c(12,1:11)] ; Bm<— B[e(12,1:11)]

Cp <— C[c(2:12,1)] ; Bp <— B[ec(2:12,1)]

C <— dm+#Cm[month] + dO0x*C[month] + dp*Cp[month]

B <— dm#Bm[month] + d0*B[month] 4 dp*Bp[month ]

#

# DERIVE THE CORRECTED SERIES

myavgout <— tapply (mod[[j+1]],monthyear ,mean, na.rm=T)
resout <— mod[[j+1]] — myavgout|[monthyear]

#

# RETURN CORRECTED SERIES IF STATED

return (myavgout [ monthyear]+Ctresout *B)

9

#

# RETURN CORRECTION IF STATED
if (output="correction") {

names(out) <— names(mod)[—1]
return (out)
}
#
# ADD DATE AND RENAME
out <— cbind (mod[,1],as.data.frame(do. call (cbind,out)))
dimnames(out) <— dimnames(mod)

#
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# RETURN

return (out)

# RE-CALIBRATE USING THE BIAS CORRECTION FUNCTION
sspl26cal <— fhempel(obs[c("date","t2m mean")],sspl26)
sspb85cal <— fhempel(obs[c("date","t2m mean")],ssp585)

# PLOT — FIGURE j CALIBRATION

# The two plots compared the distribution between the observed and the modeled
# temperature obtained wusing one specific GCM, before and after applying the
# calibration. HERE WE ARE USING MRI as it best fitted the past data.

#pdf ("Figure 4.pdf", height=5width=9)

layout (matrix(c(1,2) ,ncol=2,byrow=T))

par (mar=c (5,4,3,1) ,mgp=c(3,1,0),las=1,cex.axis=0.8,cex.lab=1)

rgbcol <— col2rgb(c(grey (0.8),"lightgreen"))

col <— apply(rgbcol ,2,

function(x) do.call(rgb,c(as.list (x),alpha=255/2 max=255)))

ind <— sspl268date %in% obs$date

dobs <— density (obs$t2m_mean, na.rm=T)

dmod <— density(ssp126[ind,5] ,na.rm=T)

plot (c(obs$t2m mean, ssp126 [ind ,5]) ,c(obs$t2m mean, ssp126 [ind ,5]) ,type="n" ,bty="1",
main="GCM: MRI" ,ylim=c (0,0.25) ,ylab="Distribution",
xlab=expression (paste (" Temperature (" ,degree,"C)")))

polygon(dobs, col=col [1], lty=4)

polygon (dmod, col=col [2] , 1ty =5)

legend ("topleft" ,c("Observed","GCM") ,pch=22,pt.bg=col, cex=0.9,bty="n",

inset =0.05)
abline (h=0)

par (mar=c(5,4,3,1) ,mgp=c(3,1,0),las=1,cex.axis=0.8,cex.lab=1)
ind <— sspl26$date %in% obs$date
x <— pretty (c(obs$t2m mean, ssp126 [,5]) ,n=100)

non

plot (x, ecdf (obs$t2m mean) (x) ,col=1,main="",type="1",lwd=2,
ylab="Cumulative distribution",
xlab=expression (paste (" Temperature (" ,6degree,"C)")))
lines (x,ecdf(sspl126[ind,5]) (x),col=3,lwd=2)
lines (x,ecdf(sspl26c¢cal[ind ,5]) (x),col=3,lwd=2,lty=4)
legend ("topleft" ,c("Observed","'GCM" ,"GCM.calibrated") ,lwd=2,1ty=c(1,1,4),
col=c(1,3,3), cex=0.9,bty="n",inset =0.05)

layout (1)
#dev. off ()

# NB: run pdf() and dev.off() for saving the plot in pdf format.
# REPLACE THE ORIGINAL SERIES WITH THE RECALIBRATED

sspl26 <— sspl26cal
sspH85 <— sspbH8Hcal
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#04 05 AND 06
# 04 EXTRAPOLATION OF THE EXPOSURE-RESPONSE CURVE

# 05 PROJECTION & QUANTIFICATION OF THE IMPACT

# 06 ENSEMBLE ESTIMATES & QUANTIFICATION OF THE UNCERTAINTY

# The three last steps of the analysis (extrapolation of the curve,
# impact projections and quantification of the wuncertainty) can be performed

# sequentially wusing the following code.

# In brief, once we extrapolate the curve, we estimate the daily number of
attributable

# deaths (AN) in each scenario, GCM and temperature range.

# Then, we compute the sum of ANs per each 10—years period for the emnsemble

# per each RCP and temperature range. We also estimate the difference in AN

# relative to the ANs estimated for the current days (2000—2010).

# By dividing between the total mortality, we estimate the corresponding

# attributable fractions (AFs).

# Uncertainty of the estimated impacts is expressed in terms of empirical

# confidence intervals, defined as the 2.5th and 97.5th percentiles of the

# empirical distribution of the impacts across coefficients samples and GCMs.

# The distribution is obtained through Monte Carlo simulation of the

coefficients .

# EXTRACT COEFFICIENTS AND VCOV FROM THE MODEL IN STAGE 1

# With the crossreduce function we can reduce the fit of the bidimensional DLNM
(of the stage 1 wusing the observed temperature—mortality series)

to summaries defined in the exposure—response dimension. We can then
extract the coefficients and the covariance matrixz defining the overall

exposure—response association.

S R i Y NI N i

THE FOLLOWING CODE WAS REPLICATED FOR ALL AGE GROUPS SEQUENTIALLY. FOR FUTURE
REFERENCE MAKE SURE TO MODIFY ALL THE NECESSARY COMPONENTS SUCH AS RIGHT
CEN, DEATHDOY VECTOR ETC. ..

# UNDER 15
# BASE
red <— crossreduce (cb,m U 15,cen=cenU_15)
coef <— coef(red)

vcov <— vcov (red)

# STORE THE MORTALITY BY PERIOD
deathperiod <— sum(deathdoy_U15)*10

# CREATE TEMPORARY OBJECT TO STORE THE ESTIMATED AN

# We create an array with 6 dimensions to store the AN estimated in each

# simulation for each period, range of temperature, gem and rcp. An additional
# dimension is also included to store the absolute AN (estimated directly from
# the formula below), and the difference in AN relative to current period.

# — DEFINE THE NAMES AND NUMBER OF LEVELS PER DIMENSION (ALSO USED TO DEFINE
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# THE INDEX TO RUN THE LOOPS BELOW)

# (1) DIMENSION — 10—YEAR PERIOD
# *=LABEL THE HISTORICAL PERIOD
histperiod <— "2000—2009"

# =LABELS THE PROJECTION PERIODS
projperiod <— paste(201:209,0,"—",substr(201:209,3,3) ,9,sep="")

# *DEFINE SEQUENCE OF PERIODS FOR THE PREDICTIONS (HISTORICAL & PROJECTED)
histseqperiod <— factor(rep(histperiod ,length.out=trunc
(365.25*length (seq(2000,2009)))))
projseqperiod <— factor (
paste (trunc(as.numeric(format
(sspl268date[sspl268date >= as.Date("2010—01—01") ]
L 'Y"))/10)%10,
trunc(as.numeric
(format (sspl26$date[sspl26$date >= as.Date("2010—01—01")]
, "%Y"))/10)*10+9, sep = =)
)
seqperiod <— factor (c(as.numeric(histseqperiod)—1,as.numeric(projseqgperiod)))
seqperiod <— factor (c(seqperiod, tail(seqperiod, 1)))
levels(seqperiod) <— c(histperiod ,projperiod)

# (2) DIMENSION — RANGE OF TEMPERATURES
temprange <— c("tot","cold","heat")

# (3) DIMENSION — ABSOLUTE AN/DIFFERENCE IN AN
absrel <— c("abs","rel")

# (4) DIMENSION — GENERAL CIRCULATION MODELS

# = LIST OF GCMs

gem <— c("GFDL-ESM4'="tmean gfdl" ,"IPSL-CM6A-LR"="tmean_ipsl",
"MRFESM2—0"="tmean_mri" , "MPI-ESM1—2—HR"="tmean_mpi" ,
"UKESM1-0—LL"="tmean_ukesm")

# (5) DIMENSION — SCENARIO DIMENSION
# xLIST OF REPRESENTATIVE CONCENTRATION PATHWAYS SCENARIOS
rcp <— c(SSP1_RCP2.6="ssp126" ,SSP5 RCP8.5="ssp585")

# (6) DIMENSION — NUMBER OF ITERATION IN THE MONTE-CARLO SIMULATION
nsim <— 1000

# DEFINE THE ARRAY

ansim <— array (NA,dim=c(length (levels(seqperiod)),length(temprange),
length (absrel) ,length(gecm) ,length(rcp) ,nsim+1),
dimnames=list (levels (seqperiod) ,temprange, absrel
names (gem) ,names(rcp), c("est",paste0("sim" ,seq(nsim)))))

# RUN LOOP PER RCP
for (i in seq(rcp)) {
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# PRINT

cat("\n\n" ,names(rcp)[i],"\n")

# SELECTION OF THE PROJECTED TEMPERATURE SERIES FOR A SPECIFIC RCP SCENARIO
tmeanproj <— get(rcp[[i]])

# RUN LOOP PER GCM
for(j in seq(gem)) {

# PRINT
cat(gem[j],"")

# (4) EXTRAPOLATION OF THE CURVE:

# — DERIVE THE CENTERED BASIS USING THE PROJECTED TEMPERATURE SERIES
#  AND EXTRACT PARAMETERS

bvar <— do.call(onebasis ,c(list (x=tmeanproj[,j+2]),argvar))

cenvec <— do.call (onebasis ,c(list (x=cenU_15) ,argvar))

bvarcen <— scale(bvar,center=cenvec ,scale=F)

# INDICATOR FOR COLD/HEAT DAYS
indheat <— tmeanproj[,j+2]>cenU_15

# (5) IMPACT PROJECTIONS:
# — COMPUTE THE DAILY CONTRIBUTIONS OF ATTRIBUTABLE DEATHS
an <— (l—exp(—bvarcen%+%coef))*xdeathproj_Ul5

# — SUM AN (ABS) BY TEMPERATURE RANGE AND PERIOD, STORE IN ARRAY BEFORE THE
ITERATIONS
# NB: ACCOUNT FOR NO TEMPERATURE BELOW/ABOVE CEN FOR GIVEN PERIODS
ansim [, "tot","abs",j,i,1] <— tapply(an,seqperiod ,sum)
ansim [, "cold" ,"abs",j,i,1] <— tapply(an[!indheat],
factor (seqperiod [!indheat]) ,sum)
ansim [, "heat","abs",j,i,1] <— tapply(an[indheat],
factor (seqperiod [indheat]) ,sum)

# (6) ESTIMATE UNCERTAINTY OF THE PROJECTED AN:
# — SAMPLE COEF ASSUMING A MULTIVARIATE NORMAL DISTRIBUTION
set.seed (13041975+j)

coefsim <— mvrnorm (nsim , coef,vcov)

# — LOOP ACROSS ITERATIONS
for(s in seq(mnsim)) {

# COMPUTE THE DAILY CONTRIBUTIONS OF ATTRIBUTABLE DEATHS
an <— (l—exp(—bvarcen%%%coefsim [s,]) )*xdeathproj_Ul5

# STORE THE ATTRIBUTABLE MORTALITY

"

ansim [, "tot","abs",j,i,s+1] <— tapply(an,seqperiod ,sum)
ansim [, "cold" ,"abs",j,i,s+1] <—

tapply (an[!indheat ], factor (seqperiod [!indheat]) ,sum)
ansim [, "heat","abs",j,i,s+1] <—

tapply (an[indheat ], factor (seqperiod [indheat]) ,sum)
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# ESTIMATE AN IN EACH PERIOD RELATIVE TO CURRENT DAYS (2010—19)

ansim[,,"rel"

#

, ] <— ansim|[,,"abs" ,,,] — ansim[rep("2000—2009" ,
length (levels (segperiod))),,"abs" ,,,]

SUMMARIZE THE RESULTS

# COMPUTE AN/AF (95%CI) IN THE ENSEMBLE, BY RANGE & PERIOD & RCP

# CREATE NEW OBJECTS TO STORE RESULTS

# We now create 4 new arrays

(2 arrays to store the abs and rel AN,

and another

2
# to store the estimated rel and abs AF) with 4 dimensions each to store the
# ensemble estimates (average impacts across GCMs) with the empirical
# 95% confidence intervals.
# In this case, the 4 dimensions correspond to the 10—year period, the point
estimate
# and the CI, the temperature range and the scenario.

estci <— c("est",

"ci.l","ci.u"

anabs <— afabs <— anrel <— afrel <— array(NA,dim=c(length(levels(segperiod)),

length(estci),length(temprange) ,length(rcp)),

dimnames=list (levels(seqperiod),estci ,temprange ,names(rcp)))

# ATTRIBUTABLE NUMBERS

# ABSOLUTE

anabs|[,"est",,"SSP1 RCP2.6"] <— apply(ansim|,, "abs",,"SSP1_RCP2.6"

anabs[,"ci.l",,"SSP1 RCP2.6"] <— apply(ansim|[,,"abs",,"SSP1_RCP2.6
,1:2, quantile ,0.025)

anabs[,"ci.u",,"SSPL RCP2.6"] <— apply(ansim[,,"abs",,"SSP1 RCP2.6
,1:2,quantile ,0.975)

anabs|[,"est",,"SSP5 RCP8.5"] <— apply(ansim|,, "abs",,"SSP5 RCP8.5"

anabs|[,"ci.l",,"SSP5 RCP8.5"] <— apply(ansim|[,,"abs",,"SSP5 RCP8.5
,1:2 ,quantile ,0.025)

anabs[,"ci.u",,"SSP5 RCP8.5"] <— apply(ansim[,,"abs",,"SSP5 RCP8.5
,1:2,quantile ,0.975)

# RELATIVE

anrel [,"est",,"SSP1_RCP2.6"] <— apply(ansim[,,"rel",,"SSP1 RCP2.6"

anrel[,"ci.l",,"SSP1 RCP2.6"] <— apply(ansim|[,,"rel",,"SSP1 RCP2.6
,1:2,quantile ,0.025)

anrel[,"ci.u",,"SSP1_RCP2.6"] <— apply(ansim[,,"rel",,"SSP1_RCP2.6
,1:2  quantile ,0.975)

anrel [,"est",,"SSP5_RCP8.5"] <— apply(ansim[,,"rel",,"SSP5 RCP8.5"

,11,1:2 ;mean)
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anrel [,"ci.1",,"SSP5_RCP8.5"] <— apply(ansim[,,"rel",,"SSP5 RCP8.5",—1]
,1:2,quantile ,0.025)
anrel[,"ci.u",,"SSP5_RCP8.5"] <— apply(ansim[,,"rel",,"SSP5 RCP8.5",—1]

,1:2,quantile ,0.975)

# ATTRIBUTABLE FRACTION
afabs[,,,] <— anabs|[,,,]/deathperiod=100
afrel[,,,] <— anrel[,,,]/deathperiod*100

# REMOVE ansim

rm(ansim)

# PLOTTING ANS
library (ggplot2)
library (reshape2)
library (gridExtra)

# SSP1_RCP2.6

# FEztract data for SSP1_RCP2.6

sspl_cold <— anabs[, ,"cold", "SSP1_RCP2.6"]
sspl_heat <— anabs[, ,"heat"', "SSP1 RCP2.6"]
sspl_tot <— anabs[, ,"tot", "SSP1 RCP2.6"]

# Convert the rownames to a mew column "Period"

sspl_cold_df <— data.frame(Period = rownames(sspl_cold), sspl_cold)
sspl_heat_df <— data.frame(Period = rownames(sspl_heat), sspl_heat)
sspl_tot_df <— data.frame(Period = rownames(sspl_tot), sspl_tot)

sspl_cold_df$ci.l <— 0
sspl_heat _df$ci.l <— 0
sspl_tot_df$ci.l <— 0

# Determine the common y—azis limits

y_limits <— range(c(sspl_cold_df$est, sspl_heat df$est,
sspl_cold_df$ci.l, sspl_cold_df$ci.u,
sspl_heat_df$ci.l, sspl_heat df$ci.u))

# Plot for cold
cold <— ggplot (sspl_cold_df, aes(x = Period, y = est, group = 1)) +
geom_line () +

geom_ribbon (aes(ymin = ci.l, ymax = ci.u), fill = "lightblue", alpha = 0.3) +
labs (title = "Cold: Estimated /AN, with  Confidence Interval",
x = "Period",

y = "Estimated AN") +

theme_minimal () +

theme (axis.text.x = element_text(angle = 90, hjust = 1),
plot.title = element_text(size = 7)) +

ylim (y_limits)

# Plot for heat
heat <— ggplot(sspl_heat _df, aes(x = Period, y = est, group = 1)) +
geom_line () +
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geom ribbon (aes(ymin = c¢i.l, ymax = ci.u), fill = "red", alpha = 0.3) +
labs (title = "Heat: Estimated AN, ,with Confidence Interval — ,SSP1 RCP2.6"
x = "Period",
y = NULL)+

theme_minimal ()+

theme (axis.text.x = element_text(angle = 90, hjust = 1),
plot.title = element_text(size = 7)) +

ylim (y_limits)

# Arrange plots side by side
plot <— grid.arrange(cold, heat, ncol = 2)

ggsave ("SSP1_AN+CI_U15.png", plot, width = 10, height = 5)

# SSP5 RCPS. 5

# FExtract data for SSP5 _RCP8.5

sspb_cold <— anabs[, ,"cold", "SSP5 RCP8.5"]
ssp5_heat <— anabs[, ,"heat"', "SSP5 RCP8.5"]
ssp5_tot <— anabs[, ,"tot", "SSP5 RCP8.5"]

# Convert the rownames to a mnew column "Period"

sspb_cold_df <— data.frame(Period = rownames(ssp5_cold), ssp5_cold)
ssp5_heat_df <— data.frame(Period = rownames(ssp5_heat), ssp5_heat)
ssp5_tot_df <— data.frame(Period = rownames(ssp5_tot), ssp5_tot)

sspb_cold_df$ci.l <— 0
ssp5_heat_df$ci.l <— 0
sspb_tot_dffci.l <— 0

# Determine the common y—axis limits

y_limits <— range(c(ssp5_cold_df$est, ssp5_heat dffest,
ssp5_cold_df$ci.l, ssp5_cold_df$ci.u,
ssp5_heat_df$ci.l, ssp5_heat df$ci.u))

# Plot for cold
cold <— ggplot (ssp5_cold_df, aes(x = Period, y = est, group = 1)) +
geom line () +

geom_ribbon (aes(ymin = ci.l, ymax = ci.u), fill = "lightblue", alpha = 0.3) +
labs(title = "Cold: Estimated AN with ,Confidence Interval",
x = "Period",

y = "Estimated AN") +

theme_ minimal () +

theme (axis.text.x = element_text(angle = 90, hjust = 1),
plot.title = element_ text(size = 7)) +

ylim (y_limits)

# Plot for heat
heat <— ggplot (ssp5_heat _df, aes(x = Period, y = est, group = 1)) +
geom line () +

geom ribbon (aes(ymin = c¢i.l, ymax = ci.u), fill = "red", alpha = 0.3) +
labs (title = "Heat:_ Estimated AN ,with Confidence Interval —_ ,SSP5 RCP8.5"
x = "Period",

y = NULL)+
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theme minimal ()+

theme (axis.text.x = element_text(angle = 90,
plot.title = element_text(size = 7)) +

ylim (y_limits)

hjust = 1),

# Arrange plots side by side
plot <— grid.arrange(cold, heat, ncol = 2)

ggsave ("SSP5_AN+CI_U15.png", plot, width = 10, height = 5)

#THE FOLLOWING FIGURE WAS REPLICATED FOR SSP126 AND SSP585 FOR THE 2050—59 AND
2090—99 HORIZON

#EXAMPLE  :

# FIGURE 5 — 2010 — 2090 SSP585#4HAHAHAAAAAH

# To obtain Figure 5 of the manuscript, we restrict the projections to one
# RCP, one GCM (MRI-ESM2—0) and two periods ("2010—19","2050—59/2090—99").

# RESTRICT MODELLED TEMP TO 2010 AND 2050/2090, MRI-ESM2—0
tmean2010 <— sspb585cal [substr(ssp585cal$date,1,3)%in%"201" ,5]
tmean2090 <— ssp585cal [substr(ssp585cal$date,1,3)%in%"209" ,5]

# PREDICTIONS

bvar <— do.call(onebasis ,c(list (x=c(tmean2010,tmean2090)) ,argvar))
#red <— crossreduce (cb,m,cen=19)

pred_exp <— crosspred (bvar, coef=coef,vcov=vcov ,model. link="log"

cen=cen ,by=0.1)

# RESTRICT MORTALITY DATA
death2010 <— deathproj_Ul5[substr(ssp5858date,1,3)%in%"201"]
death2090 <— deathproj_Ul5[substr(ssp5858date,1,3)%in%"209" ]

# COMPUTE ATTRIBUTABLE DEATHS

breaks <— seq(min(c(tmean2010,tmean2090) ,na.rm=T),
max(c(tmean2010,tmean2090) ,na.rm=T) ,length=30)

cenvec <— do.call(onebasis ,c(list (x=cen) ,argvar))

bvar <— do.call(onebasis ,c(list (x=tmean2010) ,argvar))

bvarcen <— scale(bvar,center=cenvec ,scale=F)

anhist <— (1—exp(—bvarcen%%coef(red)))*death2010

bvar <— do.call(onebasis ,c(list (x=tmean2090) ,argvar))

bvarcen <— scale(bvar,center=cenvec,scale=F)

anproj <— (l—exp(—bvarcen%+%coef(red)))*death2090

# PLOT THE FIGURE
#pdf ("Figure 5.pdf", height=6,width=4)
layout (matrix (1:4 ,ncol=1),heights=c (0.6 ,rep(0.3,2) ,0.20))

par (mar=c (0.2 ,5,2,1) ;mgp=c(3,1,0) ,las=1,cex.axis=0.8,cex.lab=1)
plot (pred_exp,type="n",ylim=c(0.8,3) ,axes=F,lab=c(6,5,7) ,xlab="" ylab="RR",

main="," )

ind1 <— pred_exp$predvar<=min(tmean2010)
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ind2 <— pred_exp$predvar>=min(tmean2010) & pred_exp$predvar<=cen

ind3 <— pred_exp$predvar>=cen & pred_exp$predvar<=max(tmean2010)

ind4 <— pred_exp$predvar>=max(tmean2010)

if (any(indl)) lines(pred_exp$predvar[indl], pred_exp$allRRfit[indl],
col=4,lwd=1.5,1ty=2)

lines (pred_exp$predvar [ind2], pred_exp$allRRfit [ind2],col=4,lwd=1.5)

lines (pred_exp$predvar [ind3], pred_exp$allRRfit [ind3],col=2,lwd=1.5)

lines (pred_exp$predvar [ind4 ], pred_exp$allRRfit [ind4],col=2,lwd=1.5,1ty=2)

axis (2,at=0:5%4%0.1+1)

abline (v=cen , 1ty =3)

abline (v=max(tmean2010) ,1ty =2)

par (mar=c(0.1,5,0.3,1))

rgbcol <— col2rgb(c(grey (0.8) ,"lightgreen"))
col <— apply(rgbcol ,2,
function(x) do.call(rgb,c(as.list (x),alpha=255/2 max=255)))

d00 <— density (tmean2010)
d90 <— density (tmean2090)
plot (d00,type="n" ,bty="1" ,main="",axes=F, xlim=range (pred_exp$predvar) ,
ylim=c (0 ,max(d008y,d908y)*1.05) ,ylab="Temp distribution\nSSP585" ,xlab="")
polygon (d00, col=col [1], 1ty =4)

"o

polygon (d90, col=col [2], Ity =5)

axis (2,at=pretty (c(0,max(d008y,d908y)*1.05) ,n=4))

legend ("topleft" ,c("2000—09","2090—99") ,pch=22,inset=0.005,cex=0.9,bty="n",
pt.bg=col)

abline (v=cen , 1ty =3)

abline (v=max(tmean2010) ,1ty =2)

abline (h=0)

w00 <— abs(anhist)/sum(death2010)

d00 <— density (tmean2010 , weights=w00/sum(w00) )

w90 <— abs(anproj)/sum(death2090)

d90 <— density (tmean2090 , weights=w90/sum(w90) )

plot (d00, type="n",bty="1" ,main="",axes=F, xlim=range (pred_exp$predvar),
ylim=c (0 ,max(d008y,d908y)*1.05) ,ylab="Excess mortality (%)",xlab="")

axis (2,at=pretty (c(0,max(d008y,d908y)*1.05) ,n=4))

polygon (d00, col=col [1], 1ty =4)

polygon (d90, col=col [2], 1ty =5)

abline (v=cen , 1ty =3)

abline (v=max(tmean2010) ,lty =2)

abline (h=0)

par (mar=c (4,5,0,1) ,mgp=c(2.5,1,0))

plot (pred_exp$predvar ,rep(0,length(pred_exp$predvar)) ,type="n" ,yaxt="n",ylab="",
xlab=xlab ,frame. plot=F)

axis (1,at=—50:50,tck=0,labels=F)

layout (1)
#dev. off ()
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# NB: uncomment pdf() and dev.off() for saving the plot in pdf format.

# REPRESENT CHANGE IN AF

# AFREL= RELATIVE AF (relative to 2000—2009 period)
# AFABS= ABSOLUTE AF

# HEAT
afrel ["2090—99" ,, "heat" ,"SSP5 RCP8.5" ]
afabs["2090—99" ,, "heat","SSP5_RCPS8.5" |

# COLD
afrel ["2090—99" ,, "cold","SSP5 RCPS8.5"]
afabs ["2090—99" |, "cold" ,"SSP5 RCPS.5"]

0.3 Exponential Projections

The following code is our method for projecting mortality. This is an example of our

code which was replicated for each age group.

# Load required libraries
library (ggplot2)
library (dplyr)

# Set working directory and load the data
setwd (" /Users/EmmaKuijt/Desktop/M moire")
load ("~/Desktop/M moire /UNDER 15_4PROJ.Rda")

#YFARLY PROJECTIONS

# Convert ’date’ column to Date type and exztract the year
under1l5_deaths$date <— as.Date(underl5_deaths$date)
under15_deaths$year <— format(underl5_deaths$date, "%Y")

# Sum deaths by year

yearly_deaths <— underl5_deaths %%
group_by(year) %%
summarise (total deaths = sum(all))

# Use data from 2000 to 2015 for the model
past_data <— filter (yearly_deaths, as.numeric(year) >= 2000 &
as.numeric(year) < 2016)
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# Perform log transformation
past_data$log total_deaths <— log(past_data$total_deaths)

# Fit linear regression model
past_linear_model <— Im(log total deaths ~ as.numeric(year), data =
past_data)

# Calculate R—squared for the past model
past_r_squared <— summary(past_linear_model)$r.squared
cat ("R—squared  for the model, from,2000.,t0.,2015:", past_r_squared, "\n'")

# Get the coefficients for projection
intercept <— coef(past_linear_model) [1]

slope <— coef(past_linear_model) [2]

# Population base in 2015
pop_base_2015 <— exp(predict(past_linear_model, newdata = data.frame(year
= 2015)))

# Project future deaths

projection_years <— 2016:2099

r <— slope # Growth rate

projected_deaths <— data.frame(
year = projection_years,

projected_deaths = pop_base_ 2015 * exp(r * (projection_years — 2015))

# Combine past recorded deaths and projected deaths

combined_deaths <— merge(yearly_deaths, projected_deaths, by = "year",
all = TRUE)

combined_deaths <— combined_deaths [combined_deaths$year >= ’2000—01—01" ,]

# Plot past recorded deaths and projected deaths
PROJ_underl5_deaths <— ggplot (combined_deaths, aes(x = as.numeric(year)))

_|_
geom_point (aes(y = total_deaths), color = "blue", na.rm = TRUE) +
geom_line (aes(y = projected_deaths), color = "red") +

labs(title = "Exponential Projection of Under 15 Deaths (2016—2099)",

x = "Year", y = "Total Deaths") +

theme__minimal ()

ggsave ("PROJ_underl5_deaths.jpeg", plot = PROJ underl5_deaths, width =
10, height = 6, units = "in", dpi = 300)
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# Print out a summary to wvalidate everything

summary ( past__linear_model)

# FExtract residuals from the linear regression model

residuals <— residuals(past_linear_imodel)

# Create a data frame containing year and residuals
residual_data <— data.frame(year = as.numeric(past_data$year), residuals

= residuals)

# Plot residuals
residual_plot <— ggplot (residual_data, aes(x = year, y = residuals)) +

geom_point (color = "blue") +
geom_hline (yintercept = 0, linetype = "dashed", color = "red") +
labs(title = "Residuals of Linear Regression Model for under 15 years,,
old deaths",
x = "Year", y = "Residuals") +

theme_minimal ()

# Save the plot as an image
ggsave ("residual_plot_Ul5. jpeg", plot = residual_plot, width = 10, height

("
= 6, units = "in", dpi = 300)

#DAILY REPARTITION + SEASONALITY

# ACCOUNTS FOR LEAP AND NON LEAP YEARS

#convert past data in appropriate format
under15_deaths$date <— as.Date(underl5_deaths$date)

# regroup data for the day of the year
grouped__deaths <— aggregate(all ~ doy + year, data = underl5_deaths, FUN

= mean)

#compute mean deaths
mean_daily__deaths_past <— aggregate(all ~ doy, data = grouped_deaths, FUN

= mean)

# Filter data for leap years and non—leap years

leap__years <— unique (subset (underl5_deaths,
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as.integer (format (as.Date(underl5_deaths$date), "%')) %0 4 — 0 &
(as.integer (format (as.Date(underl5_deaths$date), "%Y"))
%% 100 1= 0 |
as.integer (format (as.Date(underl5_deaths$date), "%Y")) %%
400 == 0) )$year)

nonleap_years <— unique(subset(underl5_deaths,
as.integer (format (as.Date(underl5_deaths$date), "%Y"')) %% 4 !'= 0 |
(as.integer (format (as.Date(underl5_deaths$date), "%Y"))
%% 100 =— 0 &
as.integer (format (as.Date(underl5_deaths$date), "%")) %%
400 !'= 0))8year)

# Calculate mean daily deaths for leap years
mean_daily_deaths_leap <— aggregate(all ~ doy, data =
subset (under15_deaths, year %in% leap_years), FUN = mean)

# Calculate mean daily deaths for mon—leap years
mean _daily__deaths nonleap <— aggregate(all ~ doy, data =
subset (under15_deaths, year %in% nonleap_years), FUN = mean)

deces_annuels <— projected_deaths$projected_deaths
annees <— projected_deaths$year

annees_projetees <— projected_deaths$year

# Function to attribute daily deaths while accounting for seasonality

# Set leap year
leap_year <— 366

# Function to determine if a year is a leap year
is_leap_year <— function(year) {
year % 4 =— 0 & (year %% 100 != 0 | year %% 400 = 0)

# Calculate mean daily deaths for leap years
repartir_deces_journaliers_saisonnalite <— function(deces_annuels,
mean daily_deaths_leap, mean daily_deaths_nonleap, annees) {

# Function to determine if a year is a leap year
is_leap_year <— function(year) {
year %% 4 =— 0 & (year %% 100 != 0 | year %% 400 = 0)
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# Initialise an empty vector to store the daily deaths

deces_journaliers <— numeric(0)

for (i in seq_along(annees)) {
# Determine if the current year is a leap year

is_leap <— is_leap_year(annees|[i])

# Determine the number of days in the current year

jours_par_an <— ifelse (is_leap, 366, 365)

# Convert daily death seasonality to proportion of deaths per day of
the year
if (is_leap) {
daily_proportions <— mean daily_deaths_ leap /
sum(mean daily_deaths_leap)
} else {
daily_proportions <— mean daily__deaths nonleap /

sum(mean_daily_deaths_nonleap)

# Distribute annual deaths into daily deaths for each day of the
projected year

deces_journaliers_year <— deces_annuels[i] * daily_proportions
# Append the wector for the current year to the owverall vector

deces_journaliers <— c(deces_journaliers, deces_journaliers_year)

# Return the wvector of daily deaths

return (deces_journaliers)

#There is a missing value in dates : resolving the issue

# Create a dataframe with the complete sequence of dates
complete _dates <— data.frame(date = seq.Date(min(underl5 deaths$date),
max(underl5_deaths$date), by = "day"))

# Merge the complete dates dataframe with the original dataframe
underl5_deaths complete <— merge(complete dates, underl5_deaths, by =
"date", all = TRUE)

# Replace all other wvariables with NA for the missing dates
under15_deaths complete[is.na(underl5_deaths_complete)] <— 0
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# Print the resulting dataframe
print (underl5_deaths_complete)

#call the function and merge with past data
# Call the function to distribute annual deaths into daily deaths
deces__journaliers_projetes <—

repartir_deces journaliers_saisonnalite (deces_annuels,

mean daily__deaths leap$all , mean daily_deaths nonleap$all,

annees_projetees)

underl5_from1990 <— underl5_deaths_complete[underl5_deaths_complete$date
>= ’2000—01-01",]

# Combine the projected daily deaths with the historical data

combined_daily_deaths <— c(underl5_from19908all,

deces_journaliers_projetes)

# Update deathdoy wvector
deathdoy <— combined_daily_deaths

saveRDS (deathdoy, file = "deathdoy_Ul5.rds")

0.4 Recoding ICD 9 codes to larger groups

The following code details the different ICD9 codes which we aggregated into different

groups.

rm(list=1s (all=TRUE))

# ICD 9 codes to chapters

#Creating new larger sub groups based on the
ARTICLE

load ("~/Desktop/M moire /R MEMOIRE/main.rda")
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library (dplyr)
# Function to map ICD codes to chapters

map _icd_to_chapter <— function (ICD9) {
# Check if ICD9 is missing
if (is.na(ICD9)) ({

return (0)

# Convert ICD9 to character to handle cases like "E" and "V'
icd_char <— as.character (ICD9)

if (grepl(""E", icd_char)) {
return (19)

} else if (grepl('"V', icd_char)) {
return (18)

# Convert ICD9 to numeric

icd_num <— as.numeric(ICD9)

# Check if the conversion was successful
if (!is.na(icd_num)) {
if (icd_num < 1) {

return (0)

} else if (icd_num >= 1 && icd_num < 140) {
return (1)

} else if (icd_num >= 140 && icd_num < 240) {
return (2)

} else if (icd_num >= 240 && icd_num < 260) {
return (3)

} else if (icd_num >= 260 && icd_num < 270) {
return (3.5)

} else if (icd_num >= 270 && icd_num < 280) {
return(3.75)

} else if (icd_num >= 280 && icd_num < 290) {
return (4)

} else if (icd_num >= 290 && icd_num < 320) {
return (5)

} else if (icd_num >= 320 && icd_num < 390) {
return (6)

} else if (icd_num >= 390 && icd_num < 460) {
return (7)

} else if (icd_num >= 460 && icd_num < 520) {
return (8)
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} else
} else
} else
} else
} else
} else
} else
} else
} else

} else

}
} else {

extract <—

f
return (9
f

i icd_num

(
)

(icd_num

1

return (10)

if (icd_num

return(11)

if (icd_num

return (12)

if (icd_num

return (13)

if (icd_num

return (14)

if (icd_num

return (15)

if (icd_num

return (16)

if (icd_num

return (17)

{

return (NA)

return (NA)

extract %%

ICD9_Chap
ICD9_Chap
ICD9_Chap
ICD9_Chap
ICD9_Chap
ICD9_Chap

= 3.5

>= 520 && icd_num < 580) {
>= 580 && icd_num < 630) {
>= 630 && icd_num < 680) {
>= 680 && icd_num < 710) {
>= 710 && icd_num < 740) {
>= 740 && icd_num < 760) {
>= 760 && icd_num < 780) {
>= 780 && icd_num < 800) {
>= 800 && icd_num < 1000) {

[\

w

Disorders",

ICD9_Chap = 4

Organs" ,

ICD9 _Chap = 5
ICD9_Chap = 6

"
Organs" ,

ICD9 Chap = 7
ICD9_Chap =— 8
ICD9_Chap =— 9

w
BN
ot

# Applying the function + labelling

mutate (ICD9_Chap = sapply (ICD9, map icd_to_chapter),

Chapter_Label
== 0
== 1

case_when (

"Missing ,ICD,,Code" ,

"Infectious and Parasitic  Diseases",
"Neoplasms" ,

"Endocrine Diseases ",

~ "Nutritional Disorders",

~ "Metabolic Diseases , And, Immunity,,

"Diseases ,Of /The Blood And, ,Blood—Forming,

"Mental Disorders",

"Diseases Of /The Nervous, System, And Sense,,

"Diseases Of The Circulatory System"',
"Diseases Of ;The Respiratory System",
"Diseases Of /The Digestive System",

ICD9_Chap = 10 ~ "Diseases Of The Genitourinary System",
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ICD9_Chap = 11 ~ "Complications  Of Pregnancy, Childbirth , And
The Puerperium" ,

ICD9_Chap = 12 ~ "Diseases ,Of / The ,Skin,,And,;Subcutaneous,,
Tissue",

ICD9 _Chap = 13 ~ "Diseases Of /The ,Musculoskeletal System And,,
Connective Tissue",

ICD9_Chap = 14 ~ "Congenital ,Anomalies" ,

ICD9_Chap = 15 ~ "Certain Conditions  ;Originating, In, The,
Perinatal Period",

ICD9_Chap = 16 ~ "Symptoms, Signs, And  I11—Defined,,

Conditions ",

ICD9_Chap = 17 ~ "Injury, And Poisoning",

ICD9_Chap = 18 ~ "Supplementary  Classification Of Factors,
Influencing  Health, Status And,  Contact With Health,
Services",

ICD9 _Chap = 19 ~ "Supplementary Classification Of External,

Causes Of /Injury And Poisoning",
TRUE ~ "Unknown  Chapter"

))

# Function to recode ICD—9 chapters ACCORDING TO ARTICLE
recode_icd_chapters <— function(chapter) {

case_when (

chapter %in% c(1) ~ "Infectious Diseases",

chapter %in% c(2) ~ "Neoplasms",

chapter %in% c(3) ~ "Endocrine Diseases",

chapter %in% c¢(3.5) ~ "Nutritional Disorders",

chapter %in% c(7) ~ "Cardiovascular Diseases",

chapter %in% c(8) ~ "Diseases of the respiratory system",

chapter %in% c¢(3.75, 4, 5, 6, 9, 10, 11, 12, 13, 14, 15, 17, 19) ~
"Others" ,

chapter %in% c(16, 18) ~ "Garbage",

chapter %in% c(0, NA) ~ "Missing",

TRUE ~ "Unknown Category"

# Applying the function to create a new column ’ICD Category’
extract <— extract %%
mutate (CoD_article = recode_icd_chapters (ICD9_Chap))

# Filter data for children below 5 years old
bet_15_59 <— extract %%
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filter (agedece < 60)
bet_15_59 <— bet_15_59 %%
filter (agedece >=15)

# adolescents

bet_5 14 <— extract %%
filter (agedece < 15)

bet_5 14 <— bet_5 14 %%
filter (agedece >=5)

# Filter data for children below 5 years old
underb <— extract %%
filter (agedece < 5)

# infs
infants <— extract %%
filter (agedece < 1)

# Filter over 60
over60 <— extract %%
filter (agedece >= 60)

save (extract , file="Alldeaths_1lit .Rda")
infants , file="Infantdeaths_1lit .Rda")
over60 , file="Over60deaths_1lit .Rda")
under5 , file="Under5deaths_1lit .Rda")
bet_5 14, file ="Betweenb&l4 lit .Rda")

bet_15_59, file ="Betweenl5&59 lit .Rda")

save

save

save

save

PP~

save

# GRAPHICAL REPRESENTATION OF THE VARIATIONS OF THESE CODs

coD_order <— c("Neoplasms", "Cardiovascular Diseases", "Endocrine
Diseases", "Diseases of the respiratory. system" ,"Infectious
Diseases", "Nutritional Disorders", "Others", "Missing", "Garbage")

# Convert CoD large to factor with defined order

extract$CoD_article <— factor (extract$CoD_article , levels = coD_order)
extract <— extract %%
mutate(Year = lubridate :: year(datedece),

Month = lubridate :: month(datedece, label = TRUE, abbr = FALSE))

extract <— extract %%
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mutate (Year = as.factor (year (datedece)))
# Bar chart
pdf("evol all_deaths BASED ON ARTICLE. pdf")

ggplot (extract, aes(x = Year, fill = CoD_article)) +

geom_bar (position = "fill", stat = "count") +
scale_y_continuous(labels = scales:: percent_format(scale = 100,
accuracy = 1), breaks = seq(0, 1, 0.25),
name = "Percentage") +
scale_fill_manual(values = c("Infectious Diseases" =
"#009b1d" ,"Nutritional Disorders" = "#ca0020", "Diseases_of_ the_
respiratory system" = "#d88087", "Cardiovascular Diseases" =
"#0571b0" , "Neoplasms" = "#008897", "Endocrine Diseases" =
"#009b90" , "Others" = "#808080", "Garbage" = "#fdae61", "Missing" =
"#d0d0d0" ) ,name = "CoD,Category") +
labs(title = "Distribution_ of Mortality_ according to,Broad Causes of
Death\nfrom,1990,,t0,2015 ,in Antananarivo"
x = "Year",
y = "Percentage")+
theme minimal () +
theme (legend . position = "top",

legend . text = element_text(size = 6), # Adjust legend text size
legend. title = element_text(size = 6), # Adjust legend title size
plot.title = element_text(size = 12, hjust = 0.5), # Adjust

title size

axis.text.x = element_text(angle = 90, vjust = 0.5, hjust = 1),
axis.title = element_text(size = 10)) + # Adjust axis title size
geom_vline (xintercept = which(levels (extract$Year) =— "2000"), linetype

= "dashed", color = "black")

dev. off ()
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Abstract

Background: The well-established effect of global warming on human health
underscores the urgency of addressing this relation on the most vulnerable
populations. However, the scarcity of studies in highly vulnerable regions, such as
Low and Lower Middle-Income Countries (LLMICs), raises methodological questions
about measuring this association using methods that have mostly been applied in
different epidemiological and demographic contexts.

Methods: Using death notification data from Antananarivo from 2000 to 2015 and
daily mean temperatures, we conducted multiple sensitivity tests for our chosen
Distributed Lag Non-Linear Model (DLNMs). These tests aimed to assess variations
in the temperature-mortality association by age, cause of death and temperature data
choice. Additionally, we controlled for changing mortality rates and confusion from
the seasonal patterns in the model.

Results: We observed marked disparities in the temperature-mortality association
for different age groups, although with a high degree of uncertainty. Projected
changes in mortality rates, resulting from epidemiological and demographic
transitions, appeared to contribute more to variations in the numbers attributed to
non-optimal temperatures than climate change itself. The measured association
varied markedly for different causes of deaths, depending on the inclusion of
seasonality as a confounder and the choice of the exposure variable.

Conclusions: Contextualised studies measuring the effects of temperature on health
are necessary to understand the burden of climate change. Our findings underscore
the importance of considering population structure and health profile when using
DLNMs in LLMICs. While our study has limitations, we express its relevance,
especially for providing a basis for future research to assess potential adaptation.
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