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Mortality risk from heat stress expected to hit poorest
nations the hardest
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Abstract
Anthropogenic climate warming has increased the likelihood of extreme hot summers. To
facilitate mitigation and adaptation planning, it is essential to quantify and synthesize climate
change impacts and characterize the associated uncertainties. By synergistically using projections of climate scenarios from an ensemble of regional climate models and a spatially explicit
version of an empirical health risk model, here we quantify the mortality risk associated with
excessive heat stress for people aged over 65 years old across the Middle East and North
Africa (MENA). Our results show that mortality risk is expected to intensify by a factor of 8–
20 in the last 30 years of the twenty-first century with respect to the historical period (1951–
2005) if no climate change mitigation planning is undertaken. If global warming is limited to
2 °C, the mortality risk is expected to rise by a factor of 3–7 for the same period. Further
analyses reveal that much of the increase in mortality risk is due to the increase in frequency of
warm days rather than their intensity. Unfortunately, the poorest countries with least contribution to climate change are expected to be most impacted by it, as they will experience higher
mortality risks compared to wealthier nations.

Key points
• A spatially explicit health risk model that accounts for regional temperature thresholds is utilized to quantify
mortality risk in MENA.
• Substantial increase in mortality risk is expected, which is due to the increase in frequency of warm days rather
than their intensity.
• Mortality risk ratio is found highest in poor nations with least contribution to anthropogenic climate change.
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1 Introduction
Climate change will substantially affect human and biological systems, and it is likely to alter
the boundaries of climate variability beyond historical observations (Li et al. 2018; McDowell
et al. 2016; Nangombe et al. 2018). Frequent heat waves and escalating temperature and
humidity have exacerbated heat stress (Guo et al. 2016; Li et al. 2017), with conditions in some
cases exceeding the postulated thresholds of human tolerance (Zhao et al. 2016; Im et al.
2018), thus impairing health of millions of people (Honda et al. 2014; Pal and Eltahir 2016;
Sylla et al. 2018a).
Deadly heat waves have struck many parts of the globe causing widespread economic
losses (Burke et al. 2015, 2018), reduction in crop yield (Deryng et al. 2014), tree mortality
(Liu et al. 2017), water and energy shortages (Lubega and Stillwell 2018; Tarroja et al. 2018),
and—perhaps most concerning of all—impaired human health and mortality (Harrington et al.
2016; Mitchell 2016). High mortality caused by 2003 European heat waves garnered extensive
societal attention (Christidis et al. 2015; Li et al. 2016b). Since then, several other heat wave
events, including those in Russia in 2010 (Dole et al. 2011), Texas in 2011 (Luo and Zhang
2012), Australia in 2013 (Lewis and Karoly 2013), and eastern China (Sun et al. 2014; Miao
et al. 2016b), Egypt (Mitchell 2016) and Europe (Kam et al. 2016) in 2015, have caused
considerable mortality and morbidity. Notably, the likelihood of these extreme events has
increased due to anthropogenic climate change (Ahmadalipour et al. 2017; Papalexiou et al.
2018; Sylla et al. 2018b). Given that the concentration of greenhouse gases (GHGs) is rising,
heat stress morbidity and mortality are projected to increase in future (Lee and Kim 2016;
Coffel et al. 2017).
Heat dissipation from the human body is aided through sweating and increased heart rate
which helps raise the blood flow to the body surface thus facilitating thermoregulation.
However, this may reduce the oxygen supply to muscles and brain (Checchi and Robinson
2013; Ghumman and Horney 2016; Huber et al. 2017), leading to mental and physical fatigue
and subsequently increasing the likelihood of cardiovascular and respiratory diseases and
mortality (Loughnan et al. 2010; Kjellstrom et al. 2016; Ross et al. 2018). Notably, the
temperature that human body feels is different from the dry-bulb temperature (simply referred
to as air temperature) (Willett and Sherwood 2012; Knutson and Ploshay 2016; Ross et al.
2018). The real-feel temperature is affected by humidity, radiation, wind speed, and cloud
cover (depending on the season and study area) (Willett and Sherwood 2012; Dunne et al.
2013; Knutson and Ploshay 2016).
Although several prior works have examined the relation between air temperature extremes
and mortality rate, i.e., number of fatality, at regional and local levels (Huber et al. 2017; Im
et al. 2017; Mazdiyasni et al. 2017), such a study over the Middle East and North Africa—a
region predominantly characterized by hot and arid climate and already intolerable for human
beings in many parts—where climate warming is strongest in summer (Lelieveld et al. 2016;
Russo et al. 2016) is sorely lacking.
Here we utilize a large ensemble of regional climate models to calculate spatially explicit
wet-bulb temperature, which is then used within a recently developed health risk model to
quantify mortality risk of people aged over 65 years old across the Middle East and North
Africa (MENA). The regional climate models provide fine spatial resolution projections of
climatological conditions under different future emission scenarios, while considering the
regional characteristics of the climate system. Consideration of the ensemble results allows
reliable characterization of uncertainty in mortality risk projections (Ahmadalipour et al. 2018).
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The mortality risk in the health risk model is quantified based on the deviation from optimum
temperature (the temperature at which the mortality risk is minimum) and the frequency of
unsafe days. Instead of considering a constant unsafe temperature threshold, which cannot
account for the regional tolerance to heat, a spatially explicit regional optimum temperature
threshold is evaluated. It is to be noted that we limit our analyses to evaluation of mortality risk.
This does not capture projections of human deaths per se since the extent of human mortality is
substantially influenced by factors other than heat stress such as socioeconomic vulnerabilities,
which can include air conditioning facilities, primary occupation (field vs. indoor), population,
age, regional weather forecast accuracy and outreach, and medical infrastructure (Gasparrini
et al. 2015; Mora et al. 2017). A preliminary health risk assessment of MENA region has been
recently provided by Ahmadalipour and Moradkhani (2018a), which mainly focused on the
ensemble mean of climate models. The current study is built upon the previous assessments and
conducts a more detailed analysis to characterize the model and scenario uncertainties, investigate the role of frequency and intensity of heat stress on mortality risk, and reveal the
correspondence between mortality risk and economic status of the affected regions. Probabilistic measures are employed to also assess the onset of mortality risk.

2 Materials and methods
2.1 Study area
The study area ranging from − 6.6° S to 42.24° N latitude and − 24.64° W to 60.28° E
longitude is selected for analyses. Meteorological forcing at a daily temporal resolution and a
spatial resolution of 0.44° is available for this area from the aforementioned 17 RCMs. The
area covers parts of over 60 countries, accommodating more than 600 million inhabitants
(Dosio 2016; Lelieveld et al. 2016). Climate of the region is mostly characterized by hot arid
areas with very low precipitation (Lelieveld et al. 2012, 2016; Waha et al. 2017). The Sahara
Desert in northern Africa and parts of the Middle East are among the driest regions in the globe
(Ahmadalipour and Moradkhani 2018b). Notably, the study region consists of very humid
regions too. This is important, especially as humidity variations may have substantial effects
on the real-feel temperature as well.

2.2 Climate data
Maximum near surface air temperature (Tx) and relative humidity (hurs) are acquired at a daily
temporal resolution for summer months (June, July, and August) from meteorological data
repository developed by the Coordinated Regional Climate Downscaling Experiment
(CORDEX) (Jones et al. 2011). Here, we considered data from 17 regional climate models
(RCMs) for a historical period ranging from 1951 to 2005 and three future periods viz., near
future (2010–2039), intermediate future (2040–2069), and distant future (2070–2099). Two
GHG representative concentration pathways viz., RCP4.5 corresponding to 2 °C global
warming by the end of twenty-first century and RCP8.5 corresponding to Bbusiness as usual^
pathway, are considered for each RCM. Previous studies have evaluated CORDEX RCMs in
terms of their ability to capture Tx and hurs and found reasonable performance for most
regions (Önol et al. 2013; Kim et al. 2014; Diasso and Abiodun 2017; Nikiema et al. 2017;
Ring et al. 2017). In general, intrinsic biases are inevitable in climate models due to epistemic
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uncertainties and model parameterizations (Miao et al. 2016a; Rocheta et al. 2017). Although
not performed here, the application of bias correction methods is expected to improve the
reliability of climate projections (Nahar et al. 2018; Nguyen et al. 2018). Among the methods
developed for bias correction, the multivariate bias correction tools are capable of enhancing
the joint dependence of variables, which is beneficial in multitude of applications (Mehrotra
et al. 2018). More information about the RCMs and their characteristics can be found in
Supplementary Table S1.

2.3 GDP and emission data
Gross domestic product (GDP) per capita and total greenhouse gas emissions data are acquired
from the World Bank for 2010 (World Bank 2010). The year 2010 was chosen to ensure data
availability for all studied countries.
The methodology employed in this study is thoroughly explained in Ahmadalipour and
Moradkhani (2018a). To ensure accessibility for all the readers, an overview of the methodology is provided in the Supplementary Information (SI) section 1.

3 Results and discussion
Mortality risk ratio (MRR, see SI section 1.3), which indicates the relative risk of a 30 year
future period with respect to the historical period (1951–2005), is obtained (Fig. 1). The
evaluation is performed using data from each of the 17 RCMs for two future GHG emission
scenarios (i.e., RCP4.5 and RCP8.5). Figure 1 shows both regional and latitudinal exacerbations of mortality risk compared to the historical period. Results also indicate minimal
difference between the two emission scenarios in the near future period (i.e., 2010–2039),
with both scenarios indicating risk ratios ranging between 1 and 5 and low model uncertainty
(relatively low coefficient of variation, as shown in Supplementary Figure S8). However, the
disparity between the two future scenarios rises in the distant future period (i.e., 2070–2099),
yielding mortality risk ratios higher than 30 in some regions for RCP8.5. For the latitudinal
mean mortality risk ratio, a similar pattern is found in all the three selected future periods and
scenarios, with central African countries located around 12° N exhibiting the highest risk ratio
(and the highest uncertainty) and northern African countries around 21° N showing the lowest
ratio.
In the following context, model uncertainty is the range of projections from various models
for a particular scenario, and scenario uncertainty is the difference of the projections from
various RCPs. Numerous methods have been developed in recent years to properly quantify
the uncertainties of climate projections (Najafi and Moradkhani 2015; Li et al. 2016a;
Woldemeskel et al. 2016). Here, the standard deviation of projections (the 2nd and 4th
columns in Fig. 1) provides a measure of model uncertainty, and the difference between the
ensemble mean of the two RCPs indicates the scenario uncertainty. The last column of Fig. 1
reveals the uncertainties at different latitudes, where model uncertainty can be identified by the
spread of the shaded area, and scenario uncertainty is the difference between the red and blue
lines. As it can be seen, the shaded areas have larger overlap in the near future, and the
ensemble mean lines are in close proximity, whereas in the distant future, the projections of the
two RCPs have almost no overlap, indicating a considerably higher scenario uncertainty in the
distant future. In summary, model uncertainty is found to be the major source of uncertainty in
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Fig. 1 Ensemble mean and standard deviation (calculated from 17 RCMs) of mortality risk ratio. The shaded
plots in the rightmost column represent mean ± 1 standard deviation of mortality risk ratio. Mortality risk ratio
indicates the ratio of mortality risk in a future period compared to that for the historical period. A similar
latitudinal pattern is found for all periods and scenarios with higher uncertainty for RCP8.5

the near future (2010–2039), whereas scenario uncertainty is the major contributor in the
distant future (2070–2099). It is to be noted that if bias corrected models were applied, the
regional model uncertainty would have been different, but the overall pattern would have been
somewhat similar, and the scenario uncertainty is inevitably large in the distant future.
In order to better understand the role of intensity of unsafe temperatures (ΔTW) and
percentage of unsafe days, the mortality risk ratio in each future period is plotted against the
two influencing components for the entire ensemble of models. Figure 2 shows the distribution
of each component and the corresponding mortality risk ratio acquired from the entire grids
and models. The figure shows that at any particular frequency of unsafe days, the mortality risk
ratio is almost the same for different ΔTW, i.e., the scatterplot color does not change vertically.
Therefore, the influence of the frequency of unsafe days on mortality risk is found to be higher
than ΔTW, especially in the distant future period. The presented results are also true for the ten
largest cities in MENA (see SI section 4). Furthermore, climate change will substantially
increase the number of unsafe days while also altering the bell-shaped (with a bit of positive
skewness) distribution of frequency of unsafe days from positively skewed to a negatively
skewed distribution.
In order to better clarify the role of each factor on mortality risk, two hypothetical cases are
considered, both of which fall within the feasible range of variations:

&
&

Case A: 20 unsafe days with dT = 1.5 °C (on average)
Case B: 60 unsafe days with dT = 1 °C (on average)

The Summer Excess Mortality Risk (SI section 1.3) for cases A and B are calculated as 0.23
and 0.41, respectively. Therefore, although the intensity of heat stress in case A is 0.5 °C
(50%) higher than case B, the excess mortality risk of case B is about twice that of case A.
The cumulative distribution function (CDF) of ΔTW through time shows rightward shift
for both low and high percentiles (Fig. 3). In contrast, CDF of frequency of unsafe days
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Fig. 2 Density-type scatterplots comparing ΔTW (on y-axis), frequency (percentage) of unsafe days (on x-axis),
and mortality risk ratio (colorbar) for each period and each scenario. For each case, the probability distribution of
ΔTW and frequency of unsafe days are shown besides their corresponding axes. Each plot is generated using
about 230,000 values (17 models × 13,527 grids)

indicate changes in its distribution, with rightward shift for high percentiles and minor changes
at the low percentiles. This change of distribution results in substantial increase in the median
value of percentage of unsafe days from 30% in the near future period to 45% and 70% in the
distant future for RCP4.5 and RCP8.5, respectively. The consequence is a significant shift in
distribution of mortality risk ratio, particularly at high percentiles. Moreover, the difference
between the two future scenarios is more pronounced in the distant future period, with the
median of mortality risk ratio for RCP8.5 (MRR ≈ 12) being almost equal to the 95th
percentile of RCP4.5. In other words, in the distant future (2070–2099), the most likely
(median) mortality risk ratio in the business as usual emission scenario (i.e., RCP8.5) is
expected to exceed the least likely (95th percentile) risk levels of RCP4.5 scenario.
Spatial variation of mortality risk ratio over the study area showed highest risk ratios in
central Africa and the regions below the Sahara desert. As economic factors, which govern
access to forecasts of extremes and air conditioning and healthcare facilities, can play a critical
role in translation of heat stress-induced mortality risk into actual mortality occurrence, we
investigate the correspondence between mortality risk ratio and economic status of the affected
regions. To facilitate the analysis, 56 countries in the study region are classified into four
quartiles according to their GDP (gross domestic product) per capita values. Figure 4 shows
the distribution of mortality risk ratio in the distant future period for RCP8.5. The figure (plot
A) illustrates that the wealthy countries (high GDP per capita in 4th quartile) are expected to
experience considerably lower mortality risk ratios compared to the poorest nations. This is
notwithstanding the fact that the wealthy countries have much higher contribution in causing
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Fig. 3 Cumulative density function (CDF) of intensity (ΔTW, shown in the left column), frequency (shown in
the middle column), and mortality risk ratio (shown in the right column). Each plot is generated using data for the
entire MENA region. Each CDF line indicates result of an RCM, and the bold lines in the middle represent the
multi-model mean. A shift to the right in CDF plot implies an increase in the variable of interest. From the figure,
in the distant future period, the median (most likely) mortality risk ratio of RCP8.5 is almost the same as the 95th
percentile (least likely) risk of RCP4.5 projections

anthropogenic climate change by generating significantly higher greenhouse gas emissions
(plots B and C). The inequality of climate change impacts has drawn more attention in recent
years, and it has been shown that global warming hits poorest countries hardest (Burke et al.
2015; Harrington et al. 2016; King and Harrington 2018). Our result adds to this narrative and
shows that climate change impacts on heat stress are expected to also weigh down the poorer
countries much more. The analyses explicate the urgency for mitigating climate change in
order to ameliorate social and health-related risks of a warmer world in future. Unlike
developed and wealthy countries with ubiquitous and public access to air conditioning
facilities, advanced medical centers, and established national/local weather forecast centers
with extensive outreach and early warning systems, poorer nations are significantly more
vulnerable to heat stress (Mora et al. 2017; Ahmadalipour and Moradkhani 2018b). For
instance Benin, a country in western Africa with low GDP per capita and poor infrastructure,
is projected to experience the highest mortality risk ratio among the 56 countries in the Middle
East and North Africa. Unfortunately, the country has only 41% of its population with access
to electricity, and this rate is reduced to 18% for the rural population (World Bank 2010).
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Fig. 4 a Distribution of mortality risk ratio among the 56 studied countries in the MENA region, divided into
four quartiles based on their GDP per capita. The line in the middle of each box represents the median mortality
risk ratio in each case. b The amount of net emissions of greenhouse gases (megaton equivalent of CO2) as of
2010 corresponding to each GDP per capita quartile. c Flowchart of the total greenhouse gas emissions (million
tons of CO2 emitted in 2010) classified for GDP quartiles and the major contributing countries in each quartile.
The figure shows that the poorest nations (in the 1st quartile) generate the least emissions but will experience the
highest mortality risk ratio, whereas wealthy countries generate the highest emissions and will be least impacted
by climate change (based on mortality risk ratio). The results of RCP4.5 scenario (see Supplementary Figure S4)
show similar patterns.

Hence, access to air conditioning facilities is not an option for the majority of people in Benin.
Notably, although the contribution of the 1st quartile (poorest) countries to the total greenhouse
gas emissions is on order of magnitude less than that of the 4th quartile (richest) countries, the
impacts of climate change will hit the poorer nations the hardest. It is to be noted that such a
conclusion is based on the overall pattern of the quartiles. Some countries do fall outside of this
broad-brush conclusion. For instance, the MRR for Rwanda (with low GDP/cap.) is less than
the majority of 1st quartile countries. Overall, the poorest (1st quartile) and wealthiest (4th
quartile) countries exhibit highest and lowest MRR, respectively.

4 Concluding remarks
This study provided an interdisciplinary and probabilistic assessment of heat stress mortality
risk of people aged over 65 years old across the Middle East and North Africa (MENA) and
investigated the impacts of climate change on it. The results revealed the inequality of climate
change impacts on poor versus wealthy nations and pointed out the necessity of climate change
mitigation and reducing net emissions for attenuating deleterious future risks of excessive heat
on human morbidity and mortality (Harrington et al. 2016; Pal and Eltahir 2016; Mora et al.
2017). Furthermore, we found that mortality risk will be significantly lower if global air
temperature rise is limited to 2 °C (i.e., RCP4.5). Recent analyses emphasize that it is still
possible to reach the Paris agreement goals and limit global warming below 2 °C by 2100
(Millar et al. 2017). The sooner countries commit to reducing net emissions and work upon
stabilizing climate, the higher is the likelihood of mitigating the impacts of climate change on
mortality risk (Li et al. 2017; Nangombe et al. 2018).
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