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Annex A: Sensitivity of WBGT to daily aggregated input parameters

Heat stress and its consequences occur at high temporal (e.g. hourly) and spatial (individual
person) level. However, very often climate data from observations and models (including the
EURO-CORDEX RCMs considered) do not provide public sub-daily data. To circumvent the
lack of data at hourly resolution, we focus on the daily maximum heat exposure, i.e. the
maximum value of a given heat index throughout the course of a day, in order to target the most
extreme situations. For this purpose, we need to find the best approximation for the maximum
daily heat index value based on daily aggregated input parameters. WBGTshade depends only on
temperature and dew point. Assuming that dew point temperature does not vary much during the
day, the maximum WBGTshade could be approximated with daily maximum temperature and daily
mean dew point temperature, which are variables available from the model data and observations.
WBGTsun depends also on wind speed and solar radiation. Additionally, the hour of the day is
relevant for the zenith angle calculation that modifies the contribution of the solar radiation and,
thus, the calculated WBGTsun. We tested different combinations of daily aggregated parameters
that could potentially approximate the maximum daily WBGT obtained from hourly data. For
this purpose, we consider hourly data from SMN observations and analyze some representative
stations in Switzerland (Figure S1). The considered approximations (Y-axes in the Q-Q plots)
are: daily mean values for all parameters and time of day set to 15h (blue), daily mean values for
all parameters and time of day set to 12h (green), daily maximum temperature and mean values
for the rest of the parameters and time of day set to 12h (magenta), daily maximum temperature
and mean values for the rest of the parameters and time of day set to 15h (red) and daily
maximum temperature and radiation and mean values for the rest of the parameters and time of
day set to 12h (black). We find a clear underestimation of WBGTsun when daily mean
temperature is used, whereas the time of the day has a very small impact on the result (blue and
green). The use of daily maximum temperature (magenta and red) clearly improves the situation,
being the quantiles closer to the diagonal. However, there is still some underestimation of
approximately 2°C with respect to the real daily maximum WBGTsun. The best approximation is
obtained using daily maximum values of temperature and solar radiation (black). From these
results, we conclude that we can reliably estimate the daily maximum WBGTsun using daily
maximum temperature and radiation and daily mean values of dew point temperature and wind

speed.



Annex B: Comparison of derived heat exposure indices

Several derived indices (e.g. mean, maximum and frequencies of threshold exceedances) have
been calculated from the daily maximum values of WBGT (Table 1). Note that monthly mean
values based on daily maximum WBGT are about 3°C higher than the mean of 24-hour WBGT
values (not shown). Additionally, different temporal aggregations (seasons, months) to
summarize information should be carefully interpreted. For instance, monthly means in June are
around 1-2°C lower than July and August in much of Europe (Table S1), which means that the
seasonal (JJA) mean values will underestimate the peak heat exposure periods. The peak values
for 1-day (WBGTx1d) and 3-day moving average (WBGTx3d) periods compared to monthly
mean of WBGT are considerably higher in the two exemplary cooler cities, which indicates the
role of heat waves in bringing up exceptional heat among coolest days due to the effect of wind.
In Lugano, Rome and Seville, WBGTx3d (WBGTx1d) is approximately 3.5-4°C (4.5-5°C)
higher than the summer mean (Table S1). For the sake of conciseness all analyses are carried out
at a seasonal level (i.e. JJA maximum for each year regardless of the month when it occurs). To
increase robustness in the transient results in Fig.1, the summer maximum for each year was
taken from a smoothed series using a 3-day moving average (WBGTx3d). The comparison of
both quantities (single-day maximum and maximum of moving 3-day average WBGT) is given
in Table S1. The frequency of situations with moderate and high risk of heat stress is determined
by calculating the number of days above certain thresholds (26°C and 28° as exposure limits for
unacclimatized and acclimatized individuals, respectively, for moderate work intensity (300-
350W), WBGTg26 and WBGTQ28). In all cases the indices are calculated for each summer and

the mean over 30 years is taken as the final value.



Annex C: Sources of uncertainty and limitations

Relating climate change and productivity losses is not a simple matter and there is a number of
assumptions and limitations that need to be considered. Some of the main limitations and sources
of uncertainty are included hereunder:

. Observational uncertainty. Different sources of observational data were merged to

provide a dense enough network of stations in Europe. Detailed analyses were performed to
check 1) the quality of the GSOD data set for locations where ECA and GSOD are available, and
2) the accuracy of using radiation data from satellite instead of ground observations (not shown).
For (1) both datasets were compared for the set common stations (located in Spain, Germany,
Norway, Netherlands and Slovakia) in the two datasets. Although there are some differences at
the daily scale, the main characteristics of the distribution and ranks (which are later on used in
the quantile mapping approach) are very consistent. For (2) the satellite data (5x5km grid) were
compared with ground observations available at the SwissMetNet stations. Although there are
some statistically significant differences in the solar radiation distribution, the null hypothesis of
similarity of distributions cannot be rejected for WBGT at a significance level of 0.01, probably
due to the lower sensitivity of WBGT to small changes in radiation (Fig. S4).

. Climate model and scenario uncertainty. It is essential to use a large enough ensemble

of models to produce robust climate change projections. In most of the results, the multi-model
median is used for the sake of brevity, but the robustness of these signals is analyzed in the
section “Model uncertainty in the climate change signal”. Emission scenario uncertainty is
included throughout the manuscript covering low, medium and strong emission scenarios.

o WBGT as heat exposure index. WBGT consists of the combination of several

meteorological variables, thus it represents heat exposure. One index for general environmental
warning at population level may be too simple to cover all scenarios and more sophisticated and
complex indices should be used for evaluating specific work conditions when individual factors
such as clothing, metabolic heat production, age, gender and acclimatization state are known.
Those complex thermophysiological models are undergoing significant development and
advancements, however their acceptance still seems limited and confined to research (Havenith
and Fiala, 2015). In the present study we establish the environmental basis at a European scale

for subsequent and more specific, individual-dependent analyses.



. Effect of model biases and observational errors on the WBGT. We acknowledge that

some of the input variables of the WBGT in the sun have not been broadly evaluated in the
models and their quality in the observations is subject to discussion (e.g. wind speed). Response
surfaces were analyzed to give an insight into the sensitivity of WBGT to changes in the input
variables. Small changes in wind and radiation coming from potential observational uncertainties
or remaining biases are only of minor relevance for the WBGT, whereas air temperature and dew
point temperature play a major role (Fig.S4).

. Bias correction method. Quantile mapping is one of the best performing bias correction

and downscaling methods in intercomparison studies (Gudmundsson, et al., 2012; Gutiérrez, et
al., 2018; Hertig, et al., 2018) and is a good candidate in a multi-variate context since the inter-
variable consistency is largely preserved after the independent correction of the parameters
(Wilcke, et al., 2013). It is, however, subject to a number of limitations and shortcomings
(Maraun, et al., 2017; Lanzante, et al., 2018): it is assumed that biases remain stationary in time
(stationarity assumption) which is debatable under climate change conditions (Ehret, et al., 2012);
biases are not related to the (mis)representation of physical processes in the models such as
synoptic circulation (Addor, et al., 2016); changes in trends or spatio-temporal structures that
may appear due to the scale mismatch between model and observations when it is used as
downscaling method (Maraun, 2013); debatable deviations from the raw model signal may
appear as a consequence of the treatment of “new extremes” (Gobiet, et al., 2015; Casanueva, et
al., 2018; Ivanov, et al., 2018); inter-variable dependencies might be modified to some extent
(Ehret, et al., 2012; Vrac and Friederichs, 2015). To account for the remaining uncertainty at the
upper edge of the WBGT distribution coming from the constant extrapolation applied to “new
extremes” (lvanov, et al., 2018) we performed an additional split sample cross-validation (cold
vs. warm years, not shown). This indicated that the effect on WBGT extremes is small and of the
same order of magnitude as in the non-cross-validated analysis (Fig. S5).

. Losses in_productivity. Due to the lack of freely accessible subdaily observational and

model data an approximation is used to disaggregate daily into subdaily values (Kjellstrom, et al.,
2018). Exposure-response curves relating heat stress and productivity might substantially vary
from the ISO standards (1SO, 1989) to epidemiological studies (Wyndham, 1969; Sahu, et al.,
2013), and would further depend on the industrial sector of interest and the individual features.
As a compromise, we use the international standards, which would be more restrictive than

epidemiological studies because they are based on heat levels that protect most of the workforce.
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. Urban heat island effect. Climate simulations using urban models show that heat stress

is higher in urban areas compared to neighboring rural areas (Fischer, et al., 2012). This effect is
not considered in the present work since the EURO-CORDEX simulations do not include
dedicated urban modules and most of the meteorological stations are located in the city outskirts.

Therefore, our results might underestimate heat exposure in the centers of European cities.



Annex D: Supplementary Tables

Table S1 Comparison of derived heat indices. Observed indices in 5 European cities for WBGT in the
shade and in the sun (°C) for the period 1981-2010: 30-year mean of the daily maximum values
(WBGTmean), 30-year mean of the highest WBGT per month and season (WBGTx1day) and 30-year
mean of the highest WBGT per month and season from the smoothed series with a 3-day moving average
(WBGTx3d). All calculations are obtained for each month and the entire summer season (JJA) and based

on daily maximum values of WBGT (see Annex B “Comparison of derived heat stress indices”).

Shade Sun
Location | Month | WBGTmean | WBGTx1d | WBGTx3d | WBGTmean | WBGTx1d | WBGTx3d
June 15.35 20.49 19.41 17.94 23.52 22.35
Oslo July 17.66 21.97 21.24 20.18 25.05 24.18
(NO) August 16.72 20.89 20.11 19.15 23.94 22.96
JIA 16.59 22.57 21.81 19.1 25.62 24.8
June 17.29 23.73 22.36 19.64 26.35 25.09
Berlin July 19.5 24.96 23.74 21.86 27.79 26.53
(DE) August 19.2 24.63 23.34 21.64 27.42 26.12
JIA 18.68 26.07 24.58 21.06 28.79 27.38
June 19.65 23.7 23.22 22.76 27.13 26.64
Lugano July 21.86 25.02 24.49 25.08 28.46 27.94
(CH) August 21.46 24.52 24.14 24.6 28 27.54
JIA 21 25.43 24.92 24.16 28.87 28.34
June 22.57 26.15 25.6 25.62 29.34 28.72
Rome July 25.22 27.96 27.44 28.21 31.07 30.49
(I August 25.56 28.54 27.92 28.55 31.46 30.89
JIA 24.49 28.9 28.19 27.51 31.86 31.19
June 24.38 28.23 27.6 27.07 30.99 30.38
Seville July 26.89 30.29 29.55 29.68 32.95 32.35
(SP) August 26.95 30.32 29.48 29.76 33.03 32.31
JIA 26.09 30.81 29.87 28.86 33.41 32.66




Table S2 GCM-RCM simulations. Summary of the EURO-CORDEX simulations considered in the
present work. Subscripts “h” and “w” indicate that daily mean relative humidity and wind speed were not
available for these specific simulations, thus they were derived from the daily values of the available

parameters.

RCP2.6 RCP4.5 RCP8.5
RCM GCM Member | EUR-11 | EUR-44 | EUR-11 | EUR-44 | EUR-11 | EUR-44
CLMcom-CCLM4-8-17 | CNRM-CERFACS-CNRM-CM5 rlilpl Xh Xh
CLMcom-CCLM4-8-17 | ICHEC-EC-EARTH r12ilpl X X
CLMcom-CCLM4-8-17 | MOHC-HadGEM2-ES rlilpl Xh Xh X
CLMcom-CCLM4-8-17 | MPI-M-MPI-ESM-LR rlilpl Xh Xh Xh Xh
CLMcom-CCLM5-0-6 | CNRM-CERFACS-CNRM-CM5 | rlilpl X
CLMcom-CCLM5-0-6 ICHEC-EC-EARTH ri2ilpl X
CLMcom-CCLM5-0-6 MIROC-MIROC5 rlilpl X
CLMcom-CCLM5-0-6 MOHC-HadGEM2-ES rlilpl X
CLMcom-CCLM5-0-6 MPI-M-MPI-ESM-LR rlilpl X
CNRM-ALADIN53 CNRM-CERFACS-CNRM-CM5 | rlilpl X% X% X% X%
DMI-HIRHAMS5 ICHEC-EC-EARTH r3ilpl X X X X X
HMS-ALADIN52 CNRM-CERFACS-CNRM-CM5 | rlilpl X
KNMI-RACMO22E ICHEC-EC-EARTH rlilpl X X X X
KNMI-RACMO22E MOHC-HadGEM2-ES rlilpl X X X X X X
MPI-CSC-REM0O2009 MPI-M-MPI-ESM-LR rlilpl Xh Xh Xh Xh Xh Xh
MPI-CSC-REM0O2009 MPI-M-MPI-ESM-LR r2ilpl Xh Xh Xh Xh Xh Xh
SMHI-RCA4 CCCma-CanESM2 rlilpl X X
SMHI-RCA4 CNRM-CERFACS-CNRM-CM5 | rlilpl X X X X
SMHI-RCA4 CSIRO-QCCCE-CSIRO-MK3-6-0 | rlilpl X X
SMHI-RCA4 ICHEC-EC-EARTH ri2ilpl X X X X X X
SMHI-RCA4 IPSL-IPSL-CM5A-MR rlilpl X X X X
SMHI-RCA4 MIROC-MIROC5 rlilpl X X X
SMHI-RCA4 MOHC-HadGEM2-ES rlilpl X X X X X
SMHI-RCA4 MPI-M-MPI-ESM-LR rlilpl X X X X X
SMHI-RCA4 NCC-NorESM1-M rlilpl X X X
SMHI-RCA4 NOAA-GFDL-GFDL-ESM2M rlilpl X X
TOTAL 5 8 15 17 15 24
TOTAL PER SCENARIO 13 32 39




Annex E: Supplementary Figures
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Figure S1 Sensitivity of WBGT to daily aggregated input parameters. Q-Q plots showing the 99
percentiles of summer daily maximum WBGTs,, obtained from hourly data (X-axis) vs. WBGTsun
calculated from different daily aggregated values (Y-axis), for 10 representative stations in Switzerland
(altitude in brackets), where sub-daily data are available for the comparison. Subscript “x” refers to daily
maximum parameter, otherwise daily mean in used. Spearman correlation values between the pairs of
series are provided in each case (colored humbers).
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Figure S2 Observational datasets. European stations considered in this work, from ECA&D (green),
GSOD (blue) and SMN (red).
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Figure S3 Test of the application of quantile mapping (QM-91d) to bias-correct daily mean solar
radiation from the model against daily maximum observed solar radiation. The scatter plots show
pairs of summer values of daily mean radiation (X-axis) against daily maximum radiation (Y-axis) as
represented by the observations (black) and after QM (blue; model: KNMI-RACMO-HADGEM-EUR11),
for the historical period 1981-2010 and four representative stations in Switzerland (left column). The
percentages in the legend depict the amount of data outside the observed range. Note that QM of daily
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mean radiation against daily maximum values leads to a large reduction of variability compared to the
observed range, since with QM one value is always corrected with the correction function from the
corresponding percentile, regardless of subdaily characteristics, cloudiness, etc. The right panel represents
WBGTsun when either daily mean (X-axis) or daily maximum (Y-axis) radiation are used in the
calculation, for the observations (black) and bias-corrected model (blue). Most of the variability of WBGT
is relatively well captured, even in locations with complex orography.
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Response surface for the 90th percentile
of daily WBGTsun (JJA) [°C] in Lugano
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Figure S4 Response surfaces for the 90th percentile of WBGTsu, for Lugano (Switzerland) in
summer. Example for Lugano of the sensitivity of WBGT to changes in the input variables. The
intersection of the dashed lines in each panel represents the mean value in present-day climate, and the
colors represent values of the 90™ percentile of WBGTs» when pairs of input variables are increased or
decreased (X- and Y-axis), keeping the other two variables constant. T: air temperature, T4: dew point
temperature, W: wind speed, R: solar radiation.
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Figure S5 Evaluation of the quantile mapping in the multivariate context. Q-Q plots for the observed
vs. simulated quantiles of summer WBGTshade (2-€) and WBGTqun (f-j) for five representative stations in
Europe for the period 1981-2010. The black (blue) dots represent the quantiles for the raw (bias-corrected)
data. This is an example for a single model chain (CLMCOM-CCLM4-MPIESM-EUR11). The real
altitude of the stations and the corresponding one in the closest RCM grid box are given in brackets.
Biases of the 95" percentile of the bias-corrected WBGT are given in each plot.

13



c

Shade

Sun

0.5

0

Figure S6 Climate change signal of summer maximum heat exposure. Climate change signal for

summer maximum WBGT (WBGTx1day) in the shade (a-c) and in the sun (d-f) for the three RCPs
(columns) for the period 2070-2099 with respect to 1981-2010. Each map represents the multi-model

ensemble median, the number of model chains for each RCP is shown in brackets.
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Figure S7 Amplification of the climate change signal in temperature extremes. Station-based mean
vs. maximum multi-model median climate change signal (CCS, in °C) in summer for RCP8.5 for daily
maximum temperature (Ty), dew point temperature (Tq) and heat exposure in the shade (WBGT).
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Figure S8 Climate change signal of frequency of high heat risk. As Supplementary Figure S6 but for
the number of days with high heat risk (WBGTg28).
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