14. HUMAN INFLUENCES ON HEAT-RELATED HEALTH
INDICATORS DURING THE 2015 EGYPTIAN HEAT WAVE
Daniel Mitchell

A combined modeling and observational assessment of the 2015 heat wave in Egypt found that human
discomfort increased due to anthropogenic climate change.

Introduction. In August 2015, northeast Africa and
the Middle East experienced a heat wave that caused
high levels of human discomfort, even for countries
particularly adapted to extreme heat. Reports suggest
that more than 90 people died throughout Egypt, with
the majority being elderly (Al Jazeera, 17 August
2015). In and around Cairo, many of the deaths
were blamed on overpopulation and cramped living
conditions, notably including prisons and psychiatric
centers, a problem that is not necessarily restricted
to the developing world (Huffington Post, 15 August
2015; Holt 2015). The local health ministry reported
that persistently high humidity was at least partially
to blame. In the previous year (2014), the region
experienced an unprecedented drought (Bergaoui et
al. 2015; Barlow and Hoell 2015), and combined with
political tensions, the recent heat wave could enhance
unrest in the region (Schleussner et al. 2016).
While direct attribution of climate change on
mortality is possible (Mitchell et al. 2016a), the
required observed mortality data are not easily
obtained in this specific region. As such, the
attribution study is performed on the wet bulb
globe temperature (WBGT), a proxy for human
discomfort. Note that Mitchell et al. (2016a) used a
different heat stress metric, apparent temperature,
because this could be used directly with the health
impact assessment (HIA) model they employed. As
this study does not use a HIA model, the WBGT is
chosen so the study can be contrasted with a recent
climate predictions study (Pal and Eltahir 2015). A
comparison of the two different heat stress metrics
is given in Willett and Sherwood (2012).
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Methods. The WBGT is estimated using the following
equation (Fischer and Knutti 2012):
WBGT = 0.567T + 0.393e + 3.94
The water vapor pressure, e = f(T, RH), can be approximated using a derivation of the Magnus formula
(Sonntag 1990; Sippel and Otto 2014), where the terms
T and RH are temperature and relative humidity,
respectively, and are available from model output
and from the Met Office Integrated Data Archive
System (MIDAS; Met Office 2012) station data. This
study focuses on Egypt as a whole, but a subanalysis
is also performed for Cairo (the most populated city
in Egypt). A map of the station locations is given in
Fig. 14.1a with Cairo marked in red.
Event attribution is performed using the weather@
home framework, which comprises a global atmosphere-only driving model (HadAM3P; Massey et al.
2015) and a 50-km regional model covering northern
Africa and the Middle East (the setup is identical to
Bergaoui et al. 2015). Approximately 2000 simulations
of 2015 are run using perturbed initial conditions
(actual scenario) and compared with ~2000 simulations estimating a naturalized version of 2015 (natural
scenario). The natural simulations employ solar and
volcanic forcings fixed at 2015 levels with all other
forcings set to preindustrial values. However, the
actual scenarios employ all forcings at 2015 levels,
which include the aforementioned natural forcings as
well as greenhouse gases, aerosols, and land use. The
model is spun up for 2 years before 2015 to equilibrate
long-memory processes in the Earth–atmosphere
system. The natural scenario simulations include 10
estimates of possible natural sea surface temperatures
(SSTs), which are estimated using coupled ocean–
atmosphere models (Schaller et al. 2016). The model
simulations are interpolated to each of the different
station locations.
Results. The observed WBGT over Egypt (i.e., the
average of all stations) is shown by the black line

Fig. 14.1. (a) Station locations over Egypt from MIDAS. The red station marks Cairo International
Airport. (b) The observed WBGT cycle over Egypt through 15 Jul to 31 Aug. The black line shows 2015;
the light blue region is the 5%–95% range covering 1984–2014; and the dark blue line is the climatology.
Orange arrows mark the beginning and start of the heat wave (see text). (c) A scatter plot of observed
Aug daily temperatures against relative humidity levels (light blue) for all days over the 1984–2015
period, and (dark blue) the days during the 2015 heat wave (first 19 days of Aug). (d) Aug averaged
WBGT for (red) observations and (black) individual ensemble members of HadAM3P.

of Fig. 14.1b for 2015. The WBGT in August was a
maximum for 2015 and was greater than the 5–95
percentile range of previous years (1984–2014; blue
region). Here, the heat wave is defined as starting
when the 5–95 percentile in WBGT is exceeded for at
least 5 days and ends when the WBGT drops below the
5–95 percentile without exceeding it in the subsequent
5 days. The heat wave event is marked with orange
arrows on Fig. 14.1b. While the primary reason for
the high WBGT is the high temperatures over this
period, the high relative humidity levels (for the given
temperature levels) were also important. Around
half of the heat wave days had this combination with
the other half having approximately average relative
humidity levels for the respective temperature levels
(Fig. 14.1c).
A reasonable hypothesis would be that this event
was made more likely due to human-induced climate
change because the observed August WBGT has
a significant positive trend over Egypt (Fig. 14.1d,
AMERICAN METEOROLOGICAL SOCIETY

red line). To test this, model simulations of the 2015
climate over the region are employed. The modeled
bias in WBGT is first examined using ~100 ensemble
members spanning 1987–2012 (Fig. 14.1c, black lines).
This period is chosen because it is the length of time
that the required observed SST forcing data are available for the model simulations. The multiensemble
mean of the simulations shows a similar trend in
WBGT to observations, as can be seen in Fig. 14.1d.
Compared with the observed data, the model
performs remarkably well for mean climate with
the bias in WBGT over this period being 0.007°C.
However, larger biases are observed in the mean
temperatures with the model being 1.88°C too warm;
and for relative humidity, the model is ~8% too dry.
Therefore, the well-simulated mean WBGT in the
model is partially due to compensating errors from
the temperature and relative humidity being biased
in opposing directions (as relevant for heat stress).
The variance of daily temperature and WBGT are
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Fig. 14.2. Two-dimensional histograms of 19-day average relative humidity and temperature during
Aug for (a),(d) the actual simulations and (b),(e) the natural simulations. (c),(f) One-dimension PDFs
of the WBGT for (red) actual and (blue) natural simulations. (a)–(c) For Egypt; (d)–(f) for Cairo. Black
lines show the observed value of the variable in question averaged over the first 19 days in Aug 2015.
All plots are expressed as a density (i.e., they integrate to 1).

also well reproduced (not shown) although there are
large low biases in the variance of modeled-relative
humidity (σobs / σmod = 1.89).
Before the event is assessed, the monthly mean
and daily variability about the mean for temperature,
relative humidity, and WBGT are corrected to match
observations at each station location. For temperature, this has been performed in Hempel et al. (2013).
Applying their procedure to relative humidity and
WBGT also proves to be an adequate bias correction,
perhaps, unsurprisingly, as both variables evolve in a
similar fashion to temperature. (Note that calculating WBGT from the bias-corrected variables yields
almost identical results as calculating WBGT from
the raw variables and then bias-correcting. In this
assessment, the latter method is used.)
To understand the 19-day event (e.g., Fig. 14.1b)
more completely, the coevolution of temperature and
relative humidity is contrasted with WBGT. Figure
14.2 shows the 2D histograms of modeled, 19-day
averaged, relative humidity, and temperature over
Egypt for the actual scenario (Fig. 14.2a) and the
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natural scenario (Fig. 14.2b). Figures 14.2d,e show
the same but for Cairo only. The black lines show the
observed thresholds during the event, and hence
model data that fall to the upper-right of these thresholds are more extreme than the observed event. It
is clear that more model data exceed the observed
threshold in the actual scenario than in the natural.
This is true for Egypt as a whole, and specifically for
Cairo, and confirms the hypothesis that human-induced climate change has made this event more likely.
Performing the same comparison on the WBGT
(Figs. 14.2c,f for Egypt and Cairo, respectively)
supports this conclusion. To quantify the level of
anthropogenic contribution to the event, the fraction
of attributable risk (FAR) is used. This is defined, as in
Allen (2003) as 1 − (PNat / PAct), where PNat is the probability of exceeding the event in the natural scenario,
and PAct is the probability of exceeding the event in
the actual scenario.
Over Egypt and Cairo, the FAR values (with 2
sigma errors) in WBGT are calculated as 0.69 (± 0.17)
and 0.67 (± 0.07), respectively. (Note that if a shorter

averaging period is used, such as 7-day averages, the
FAR values are similar for Egypt as a whole, although
decrease for Cairo.) While the heat wave center of
action was in the south of Egypt (e.g., Haaretz 2015),
Cairo (in the north) experienced slightly higher
temperatures due to the urban heat island effect (e.g.,
Heaviside et al. 2015). Luckily, like Cairo, most of
Egypt’s population resides in the north, with 9 out of
10 of the largest cities (by population) being located
there. Had the heat wave been more focused over the
north, the death toll could have been far higher.
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Conclusions and discussions. In this study, an analysis
of heat stress was undertaken for the 2015 Egyptian
heat wave. It was found that over Egypt the event was
made 69% (± 17%) more likely due to anthropogenic
climate change, and this was a similar value of 67% (±
7%) when only Cairo was considered. The principal
driver of human discomfort was high temperature,
but relatively high humidity levels for those given
temperatures also played a role for around half of the
heat wave. It is noted that the daily variance of relative
humidity is bias-low in this region. This is especially
relevant for the developing regions of the world, as an
increased exceedance of critical thresholds (such as
the temperature at which the human body can still
transfer heat to the surrounding) will be among the
most important impacts felt for society under climate
change (Pal and Eltahir 2015). This is especially true
for high-mitigation scenarios, such as those presented
in the 2015 Paris Agreement, because impacts on society will be largely felt through changes in extremes
(Mitchell et al. 2016b).
While assessing human health under climate
change is of particular importance in this region, it
also presents unique challenges. This analysis focuses
only on a physical heat stress measure of human
discomfort and does not take into account social
aspects (e.g., Klinenberg 2002). To do this, a full epidemiological analysis is needed in the first instance
(as in Mitchell et al. 2016a). However, while in the
context of Africa, meteorological data over Egypt are
surprisingly abundant, reliable, and freely available,
epidemiological data (such as all-cause mortality)
are not. Nevertheless, this study represents a step in
understanding health impacts of climate change in
the region, and it is hoped that this study and others like it will prompt local governments to make
national-level health data more widely available to
the outside community.
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