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ABSTRACT: Both the frequency and intensity of hot temperature extremes are expected to increase in the coming deca-
des, challenging various socioeconomic sectors including public health. Therefore, societal attention data available in real
time, such as Google search attention, could help monitor heat-wave impacts in domains with lagged data availability.
Here, we jointly analyze societal attention and health impacts of heat waves in Germany at weekly time scales. We find
that Google search attention responds similarly to hot temperatures as indicators of public health impacts, represented by
excess mortality and hospitalizations. This emerges from piecewise linear relationships of Google search attention to and
health impacts of temperature. We can then determine temperature thresholds above which both attention and public
health are affected by heat. More generally, given the clear and similar response of societal indicators to heat, we conclude
that heat waves can and should be defined from a joint societal and meteorological perspective, whereby temperatures are
compared with thresholds established using societal data. A better joint understanding of societal attention and health im-

pacts offers the potential to better manage future heat waves.

KEYWORDS: Social science; Heat wave; Health

1. Introduction

Heat waves have severe consequences for society and public
health and are even referred to as “silent killers” (Bhattacharya
2003). While they probably cause less property damage than do
hurricanes or floods, they tend to cause more fatalities than
other types of extreme weather events (Hughes et al. 2016). For
instance, the European heat wave in 2003 took more than
70000 lives (Robine et al. 2008). Deaths are typically caused by
hyperthermia, dehydration, respiratory disease, cerebrovascular
disease, or heat stroke (Hajat et al. 2010). Some people are
more vulnerable in this respect than others, for example, popu-
lations in urban areas or with preexisting health problems, but
also children and elderly people (Gabriel and Endlicher 2011;
Lindley et al. 2019). Climate change will very likely increase the
frequency, intensity, and duration of heat waves (Meehl and
Tebaldi 2004; IPCC 2021), highlighting the need to better un-
derstand the respective societal responses to hot temperatures.

Recently, digital data are facilitating the assessment of the
societal response to various types of events; for instance, on-
line search frequencies or social media data can serve as prox-
ies for socioeconomic impacts (Maurer and Holbach 2016;
Ripberger 2011; Scharkow and Vogelgesang 2011). This be-
comes more and more feasible since online news and informa-
tion are becoming increasingly important; in 2017, 74% of
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internet users in Germany (16-74 yr) read news on the internet
(Eurostat 2019). The news about disasters attracts high public
interest; therefore, there is a tendency among media to cover
the most severe events (Yan and Bissell 2018). Previous studies
have already analyzed multiple aspects of societal attention re-
lated to hydrometeorological extreme events. They found that
attention as assessed by Google search frequencies or communi-
cation on Twitter scales with the magnitude of an event and/or
distance from it (Li et al. 2018; Shelton et al. 2014; Kryvasheyeu
et al. 2016; De Albuquerque et al. 2015). In particular, attention
to heat waves increases with rising temperatures (Singh et al.
2018; Jung et al. 2019; Jung and Uejio 2017), especially in urban
areas (Grasso et al. 2017), where heat stress is typically higher
because of the urban heat island effect (Tuholske et al. 2021).
Online search frequencies were also shown to be an instrument
to detect heat stress (Jung et al. 2019; Li et al. 2016).

In this study, we aim to explore the potential of societal atten-
tion to heat-wave conditions for (i) detecting and defining heat
waves, which is traditionally done based on meteorological vari-
ables only (Seneviratne et al. 2012) while the joint consideration
of societal data offers the opportunity for refined, domain-based
definitions, and (ii) analyzing the potential of societal attention
to predict actual heat-wave impacts, for example, on people’s
health. For this purpose, we investigate the societal response to
temperature using multiple temperature and societal metrics.

2. Data and methods

Our analysis focuses on Germany, where comprehensive
societal and meteorological data are available and where heat
waves have repeatedly had impacts on society. Mortality dur-
ing heat waves in 2003 and 2015 in Germany was elevated by
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over 70% (Heudorf and Schade 2014; Muthers et al. 2017). Our
study period is 2010-19. While this is constrained by the concur-
rent availability of the analyzed data streams, this period in-
cludes several documented heat waves: 2010, 2013, 2015, 2018,
and 2019 (An der Heiden et al. 2020; Matzarakis et al. 2020).
We focus on the five warmest months in each year, from May
to September. All variables are aggregated to the weekly time
scale to match the limited temporal resolution of some of the
employed datasets; week start is on Monday. All data sources
and data periods can be found in Table Al in appendix A.

a. Hydrometeorological variables

To determine the most relevant temperature variable for so-
cietal attention, we consider daily maximum, minimum, and av-
erage temperature data from the ERAS reanalysis dataset
(Hersbach et al. 2020). The data are gridded with a 0.5° X 0.5°
spatial resolution. We chose to focus on these variables because
maximum temperature is considered in the heat-wave definition
of the WMO (World Meteorological Organization 1992); mini-
mum temperature represents nighttime temperatures, which
can affect people’s quality of sleep; and average temperatures
may jointly capture the heat impacts of daytime and nighttime
values.

As an additional variable, we consider apparent temperature
(AT) as a widely used heat index, which relates more closely to
how humans perceive temperature extremes (National Weather
Service 2021) and is commonly used in heat warning systems.
The calculation of AT is based on maximum temperature, rela-
tive humidity, and several coefficients, which describe the resis-
tance of the human body to heat [the equation and the full list
of coefficients can be found in Rothfusz (1990, 1-2)]. The rela-
tive humidity in this context is obtained from the ERAS dataset
as well.

To match the limited temporal resolution of some of the em-
ployed datasets, all daily temperature variables are aggregated
to the weekly time scale by computing the average, maximum,
and minimum values of each variable. The name of a tempera-
ture variable consists of two parts: daily temperature (Tmean,
Tmax, or Tmin) and weekly aggregation (mean, max, or min).
For example, Tmean_max is the weekly maximum of daily av-
erage temperature (the abbreviations can be found in Table A2
in appendix A).

Last, we obtain country-level averages of these variables by
averaging them across all respective grid cells, while using a
weighting reflecting their population in 2010, which is derived
from the United Nations—estimated grid-level population
density (Center for International Earth Science Information
Network 2018) (Fig. 1a).

b. Societal variables

We use Google search data from Google Trends to assess
societal attention. Google is the most popular search engine
in Germany and accounts for more than 90% of the German
search engine market (Fig. Alc in appendix A), and about
75% of the German population are internet users (Fig. Alain
appendix A). People who have no access to the internet or do
not use Google for their online searches are not included in
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this study. We obtain daily time series of search interest for the
topics “heat wave” and “heat stroke,” which also encompass
similar phrases in any language (Google News Initiative 2022).
Here, we use English language search topics to obtain the data
for our analyses. Google Trends data represent the search
interest for any topic as a fraction of the total number of
searches at the specific time and location. The data are
thereby adjusted for the increase in search volume over the
study period. Further, the data are scaled between 0 and 100,
where 100 is the maximum search interest in the particular topic
(Google News Initiative 2022; Rogers 2016). Hereinafter, we re-
fer to this Google search interest as societal attention. The daily
Google search attention data are aggregated to a weekly time
scale by calculating average weekly value (Figs. 1b,c). The sum-
mers of 2018 and 2019 were exceptionally warm in Germany
(Xu et al. 2020), which caused a peak in attention.

It has been shown that mass media have the potential to af-
fect societal attention to a particular topic; this impact is often
described as agenda setting (McCombs and Shaw 1972; Shaw
and Martin 1992). Therefore, mass media could potentially trig-
ger the attention of online searches, in addition to the meteoro-
logical conditions. To study this relationship, we consider media
attention via press data, which is defined as the number of ar-
ticles mentioning heat waves during the study period. In partic-
ular, we use the German search term “(Deutschland) AND
((Hitzewelle) OR (extreme Hitze))” in the databases Factiva
(http://www factiva.com/) and WiSo (https://www.wiso-net.de/),
to collect the number of heat wave mentions from three leading
German newspapers (Die Welt, Die Zeit, and Siiddeutsche Zei-
tung). The largest German newspaper, Bild, was not included
since data were not available for the entire study period. The
online versions of these newspapers are also considered as an
additional variable. In total, there are 170 heat-wave mentions
in print newspapers and 275 mentions in the respective online
newspapers for the 2010-19 study period (Figs. 1d,e).

To comprehensively study the societal response to heat
waves, we consider variables related to human health
(Figs. 1f,g): the weekly number of heat-affected hospitaliza-
tions, provided by the Federal Office of Statistics (Statistisches
Bundesamt), and weekly mortality data, derived from Eurostat.
To identify which age group is the largest contributor to total
mortality, we consider mortality by various age groups: less
than 20, 20-39, 40-59, 60-79, and over 80 yr old. The raw mor-
tality data are detrended by subtracting the long-term linear
trend. Excess mortality is calculated from the detrended data by
subtracting the mean seasonal cycle.

c. Statistical analysis

To understand which meteorological variables are most
strongly related to the Google search attention, we employ a ran-
dom forest analysis. Therein, we predict the Google Trends time
series using 11 temperature variables (a list of variables and
their abbreviations can be found in Table A2 in appendix A)
and determine their respective importance. This is done by
comparing the Shapley additive explanations (SHAP) feature
importances, which are calculated as the sum of the absolute
SHAP values over the entire sample (Molnar 2020). SHAP
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FIG. 1. Time series of the considered temperature and societal variables: (a) weekly averages
of daily mean temperature, Google search attention to (b) heat wave and (c) heat stroke, press
mentions of heat wave in (d) print and (e) online media, (f) heat-affected hospitalizations, and
(g) human excess mortality. In contrast to hospitalizations and excess mortality, Google search
attention is only an index that is proportional to the number of respective searches but does not

provide the actual number of searches.

values assess for an individual predicted value of how much of
it can be attributed to each predictor variable. The presence of
high correlation between predictors may challenge the identifi-
cation of the importance of variables (Dormann et al. 2013;
Gregorutti et al. 2017); however, SHAP values have been
shown to be robust and highly interpretable (Lundberg and
Lee 2017). Additionally, to understand the relationship be-
tween Google search attention and other societal impact met-
rics, we perform a random forest analysis with SHAP feature
importance calculation, where we predict the Google search at-
tention using the data from other societal metrics. Furthermore,
we test the role of legacy effects on the evolution of Google
search attention in another random forest analysis, in which
we use the three most important temperature variables as de-
termined in the first analysis as explanatory variables, together
with the attention of the previous week, average Google search
attention of the two to three weeks before, and average Google
search attention of the four to six weeks before. The random
forest model and SHAP values calculation are repeated 100
times to infer the uncertainties in feature importances.
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To assess potential temperature-related thresholds in the re-
sponse of Google search attention to temperature, we employ
piecewise linear regression. We only infer a threshold if the ad-
justed R? of the piecewise regression exceeds 0.4, which indi-
cates that the two-piece regression model can substantially
explain the attention—temperature relationship. The threshold
is then defined as a breaking point between two linear models
fitted to the data (Fig. 4a). The calculations are done with the
temperature variable with the highest explanatory power de-
rived from the first random forest analysis. To infer the thresh-
old uncertainties, we apply bootstrapping. We resample the
years and repeat the calculation of the threshold 500 times. This
threshold analysis is done for each societal variable separately.

Finally, we analyze seasonal variations in the sensitivity of
Google search attention to temperature for the three summer
months June, July, and August. In contrast to the previous
analyses, we disregard May and September here, because a suf-
ficient number of heat waves in each month is needed for a
meaningful assessment of the sensitivity. To determine the sensi-
tivity, we (i) apply linear regression to the attention—temperature
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relationships based on the data from all June months, all July
months, and all August months, respectively. Thereby, (i) we
consider a fixed temperature range between the maximum tem-
perature and 8° below that. This 8° interval provides a sufficient
number of data points for the linear regression and ensures that
only the warmest data points are considered. Then, (iii) we assess
the slopes of these models, which indicate the sensitivity of atten-
tion to temperature. Last, (iv) we consider longer-term legacy ef-
fects (in addition to the analysis in Fig. B5 in appendix B) by
distinguishing between warm and cold springs, that is, using only
months from 5 yr with cold and warm springs, respectively. For
this purpose, we calculate the average temperature of March,
April, and May, using Tmax_mean as this is the temperature var-
iable with the highest impact derived from the first random forest
analysis. We do not use a random forest model here, because the
number of data is not sufficient since we focus on individual
months of the year.

3. Results and discussion

a. Relation of Google search attention to temperature
variables and other societal metrics

Our results reveal that for heat-related Google search atten-
tion in Germany, the weekly average of daily maximum tem-
perature (Tmax_mean) has the highest importance among the
eleven considered temperature variables (Fig. 2a and Fig. Bla
in appendix B). The relevance of the daily maximum tempera-
tures might be related to the impact of heat stress during the
daytime (Koppe et al. 2004). The similarly high importance of
the weekly average of daily average temperature (Tmean_
mean) indicates that besides daytime temperatures, nighttime
temperatures also play a role because they can influence the re-
covery and sleep quality and, therefore, the vulnerability to day-
time heat stress (Minor et al. 2022). Nevertheless, in general,
daytime temperatures (Tmax) are slightly more important than
nighttime temperatures (Tmin) in the importance ranking.
The effect of minimum temperature is only indirect and de-
tectable in Tmean, which includes nighttime temperatures.
Google search attention to heat stroke is also related to Tmean
rather than to minimum temperature alone (Fig. B2a). The ef-
fect of minimum temperature itself (Tmin_max) is stronger in
the case of excess mortality (Fig. B3d). This is in line with pre-
vious research that points out the societal relevance of so-
called tropical nights, in which the temperature does not fall
below 20°C (Beckmann et al. 2021; Royé et al. 2021; Murage
et al. 2017). Among the societal variables, media attention via
(online) press mentions is most closely related to Google
search attention (Fig. 2b and Fig. B1b in appendix B). This
confirms previous findings regarding the presence of a strong
relationship between media and public attention (McCombs
and Shaw 1972). While slightly less prominent than media at-
tention, health-related variables are also relevant predictors of
Google search attention. Interestingly, considering different
search terms in this context, we find varying relationships of
Google search attention to other societal response indicators.
In comparison with Google search attention to heat wave, we
find that Google search attention to heat stroke is more related
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FIG. 2. Importance of different variables for predicting Google
search attention to heat wave in Germany in a random forest
model. The variable importance was derived using Shapley Addi-
tive explanations (SHAP) values. Predictor variables are (a) tem-
perature variables and (b) societal variables. The first part of the
temperature variable names denotes the type of considered daily
temperature; the last part describes the type of aggregation to a
weekly time scale (the abbreviations can be found in Table A2 of
appendix A).

to health-related variables (Fig. B2 in appendix B). This sug-
gests that the Google searches for these different terms are
motivated differently; heat-wave searches may more often be
driven by curiosity, whereas heat stroke searches may more of-
ten be associated with physical problems experienced or ob-
served by an individual. The relationship between internet
search queries and physical vulnerability was also demonstrated
by Li et al. (2016). They showed that the search for heat stroke
is an even better predictor of hospitalization in China than the
temperature.

Overall, the relatively strong link between Google search at-
tention and the other considered societal variables indicates
that Google search attention is an informative proxy for as-
pects of the overall societal response, particularly in places
where other data streams may be difficult to obtain. Next, we
focus in more detail on the relationship between Google
search attention and media attention in the case of heat waves.
The random forest analysis can pinpoint relevant variables,
but it cannot disentangle the effect of meteorological condi-
tions from respective media coverage in driving Google search
attention, such that the causal triggers of the search interest re-
main uncertain (Maurer and Holbach 2016; Ripberger 2011).
To address this problem, we compare the typical temporal
evolution of the considered variables during heat-wave



JUL-SEP 2023

BOGDANOVICH ET AL.

561

100 1

754

50 A

251

Normalized value (-)

Tmax_mean (°C)

Google search attention to
heat stroke (-)

Google search attention to
heat wave (-)

Press mentions (-)
Online press mentions (-)

Hospitalizations (persons per week)

Excess
mortality (persons per week)

-2 -1 0 1

Weeks before/after heat wave peak

FIG. 3. Evolution of temperature and considered societal metrics during heat waves. Values are normalized for comparability
and averaged across 10 events that are the hottest events in each year.

periods. Here, and for the remaining analyses, we use Tmax_
mean as the temperature variable to describe heat waves as it is
most closely related to Google search attention to heat wave.
Tmax_mean plays a role in predicting other societal metrics as
well (Fig. B3 in appendix B). Societal attention and impact varia-
bles peak synchronously with temperature during heat waves
(Fig. 3). Prior to this, Google search attention responds more
quickly to rising temperatures than press attention, indicating
that Google search attention is probably more directly triggered
by the heat-wave conditions than by respective media coverage.
In addition, the Google search attention response is more in line
with actual health impacts such as hospitalizations or elevated
mortality. After the peak of the heat wave, health-related im-
pacts decrease relatively quickly, while the heat waves still re-
ceive some attention in Google searches and even more in the
press. While it has been shown that internet search queries can
be triggered by news coverage (Granka 2010), our results indi-
cate that press attention is slightly lagging rather than leading the
Google searches in the case of heat waves. In fact, media atten-
tion is a result of the journalist’s individual interpretation and
assessment of the importance of events such as heat waves
(Shoemaker et al. 2001), and Google search attention can actu-
ally reflect such perceived relevance. Since official heat-wave
warnings and their reporting by the media can potentially drive
Google search attention, we employ an additional analysis to
test the role of heat-wave warnings in this context. For this pur-
pose, we extend the analysis of the temporal evolution of tem-
perature and societal variables to also include the number of
heat warnings issued by the German National Weather Service
(Matzarakis et al. 2020) (Fig. B4 in appendix B). The results
show that societal interest typically rises before the issuing of
heat warnings, and that this is largely independent of the spatial
area of Germany for which heat warnings are issued.

Furthermore, we also test the role of legacy effects in the
evolution of Google search attention (Fig. BS in appendix B).
To do so, we compare the relevance of the three most impor-
tant temperature variables determined in Fig. 2a with Google
search attention in previous weeks. We find that Google
search attention of previous weeks is less important than con-
current temperatures, indicating that legacy effects do not
play a major role.
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b. Identifying temperature thresholds

When relating Google search attention to Tmax_mean, we
find an exponential curve that can be approximated by a
piecewise linear relationship (Fig. 4a). We verify the piece-
wise linear character of this relationship by comparing it with
an ordinary single-slope linear regression and find a much
higher explained fraction of variance (adjusted R is 0.77 vs
0.23). A piecewise linear model also offers the opportunity to in-
fer a threshold temperature at which the attention-temperature
relationship changes significantly; we find 28.6°C to be the break-
ing point between the two linear models (Fig. 4a). Google
search attention also shows a threshold behavior in relation to
the other considered temperature variables. The threshold val-
ues are shown in Fig. B6 in appendix B.

This threshold analysis is done separately for each societal
variable (Fig. 4b). The thresholds vary from 24.6° and 2.0°C
for the median and interquartile range, respectively, for the
hospitalizations to 28.6° and 1.7°C for the press mentions of
heat wave. The thresholds for Google search attention are
more in agreement with the thresholds for press mentions,
corresponding to their relationship demonstrated by the ran-
dom forest analysis (Fig. 2b).

Interestingly, we find generally lower temperature thresh-
olds, indicating higher sensitivity to heat, for the health-related
indicators than for the interest-related indicators. This may
be due to the fact that different groups of people are sam-
pled with the different indicators; people sampled with
health-related societal metrics may be older or/and more
vulnerable to heat relative to the group of Google search
users. In particular, age groups 60-79 and over 80 yr old are
the main contributors to the total mortality during our study
period (Fig. A2 in appendix A), which supports that elderly
people are more sensitive to heat stress (Koppe et al. 2004;
Romanello et al. 2021). Previous studies have shown that
thresholds can also vary across different regions. For instance,
Grasso et al. (2017) found a higher temperature threshold in
social media activity for southern Italian cities in comparison
with northern ones. Karwat and Franzke (2021) demonstrated
higher temperature thresholds in mortality for Spanish cities
in comparison with German and French ones. In this study, we
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FIG. 4. Temperature thresholds above which an amplified heat-
wave response is found. (a) Example analysis of the relationship of
Google search attention to heat wave to weekly mean of daily maxi-
mum temperatures. The vertical dashed line indicates the deter-
mined threshold temperature. (b) Temperature thresholds deter-
mined with all considered societal metrics. Boxes show medians
and uncertainty after bootstrapping the data (25th and 75th percen-
tile). The dashed line separates media and health-related variables.

analyze data for Germany at the country level and do not dis-
tinguish between regions. Further analysis is needed to under-
stand the spatial variability of temperature thresholds.

Moving beyond long-term mean relationships as in the previ-
ous analyses, we assess seasonal variations in the attention—
temperature relationship. This is done with a different method-
ology based on linear regression slopes of attention—temperature
relationships using exclusively data from specific months of the
year, because there are too few data for inferring piecewise
regressions as used above. We focus here on June, July, and
August while including the spring months by differentiating
between cold and warm spring conditions. The analysis is
done separately for years with warm and cold springs. The re-
sults show variations in the attention-temperature relationship
across months, with a higher Google search attention sensitiv-
ity to temperature in June than in July and August (Fig. B7 in
appendix B), especially after cold springs. While the Google
search interest is not strongly related to previous weeks (Fig. BS
in appendix B), it seems that temperature during the previous
months preconditions the heat-wave response. People are proba-
bly not adapted to high temperatures after the cold months, espe-
cially if these were colder than usual. The further adaptation to
hot temperatures is expressed by a decreasing slope in
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relationships between temperature and Google search attention
in July and August. This is confirmed by an increase in mortality
during the first heat wave in summer (Anderson and Bell 2011).
Further, Singh et al. (2018) also showed greater sensitivity of
Google search frequencies to temperature in India if the temper-
ature difference between winter and summer was higher.

Our findings have to be seen in light of some potential limita-
tions. First, Google algorithms are not transparent and change
through time (Nuti et al. 2014; Lazer et al. 2014). However,
Google Trends have been employed previously and have been
shown to be a useful tool for understanding societal attention
to health-related hazards (Singh et al. 2018; Kam et al. 2019).
Moreover, we find similar thresholds from Google search atten-
tion as for other societal metrics, which also underlines its use-
fulness in studying societal responses to hot extremes.

Second, elderly people and children, who are most vulnera-
ble to heat waves (Romanello et al. 2021), may be underrep-
resented in the Google Trends data. However, the number of
elderly people who are using the internet is increasing. In
2019, 80% of people in the 6069 age group and 52% in the
70+ age group were internet users (Fig. A1). Moreover, their
(younger) relatives and friends could search on Google for
them to get information about heat waves and help them to re-
duce the health effects of heat (e.g., heat stroke). About 30% of
Europeans over 65 yr old do not use the internet, but this num-
ber is decreasing (Fig. Alb in appendix A). However, about
85% of people aged between 16 and 74 yr are active internet
users in Germany (Eurostat 2022), and Google is the most pop-
ular search engine in Germany, which accounts for over 90% of
the search engine market (Fig. Alc in appendix A), so our data
should still be sufficiently representative. Future research could
follow up on our study by considering the health status and so-
cioeconomic background of the analyzed population.

4. Conclusions

Overall, we find that (i) Google search attention is an infor-
mative proxy for aspects of the societal response to heat
waves as assessed from various societal indicators, (ii) search
attention is affected by both day- and nighttime temperatures,
(iii) the relationship with temperature can be modeled piece-
wise linear with emerging temperature thresholds above which
Google search attention increases strongly, (iv) lower thresh-
olds are found for health-related indicators when compared
with interest-related indicators, meaning that the vulnerability
increases earlier than the attention, and (v) the sensitivity of
Google search attention to temperature is higher in early sum-
mer than in late summer. Therefore, we acknowledge that
Google search attention might also be confounded to some ex-
tent by human behavior and not exclusively driven by meteo-
rological conditions.

The clear threshold behavior of the societal response to (hot)
temperatures calls for further investigations to better under-
stand the space—time variability of this relationship and the in-
volved thresholds. The approach developed and presented in
this study could be applied across space—time scales to identify
their impact on the resulting heat-wave characterization. Fur-
ther, our results can help to translate and interpret ordinary
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weather forecast information to take regional vulnerabilities
into account. In this context, taking into consideration tempera-
ture thresholds derived with past societal response data can im-
prove heat warnings. Moreover, Google search attention is
available in real time in contrast to health-related metrics, and
for these reasons, Google search attention can be a useful early
warning indicator.

Overall, we find that in Germany, societally relevant heat-
wave conditions are characterized by mean daily temperature
above 18°-22° depending on the considered variable. This sug-
gests that heat waves can and should be determined also from
a societal perspective. Further, we find that Google search at-
tention contains valuable information for predicting actual
heat-wave impacts on public health as evidenced by the similar
time evolution during heat waves (Fig. 3) and similar underly-
ing temperature thresholds (Fig. 4). This way, societal atten-
tion data in our study allow us to conclude that early warnings
of heat waves do not manage to timely raise people’s attention,
which otherwise would be reflected in lower temperature
thresholds as compared with health-related variables. In gen-
eral, such enhanced understanding of the bulk societal response
to heat waves will be increasingly valuable in the future as hot
extremes are amplifying in the context of climate change.
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APPENDIX A

Data Information

Table Al provides the data sources and periods, and
temperature variable names and abbreviations are listed
in Table A2. Figure Al shows internet usage in Germany,
and Fig. A2 shows the percentage of total mortality by age

group.

TABLE Al. Data sources.

Data Source Reference Time period
Google search attention to Google Trends https://trends.google.com/trends/?geo=DE 2010-19
heat wave
Google search attention to Google Trends https://trends.google.com/trends/?geo=DE 2010-19
heat stroke
Press mentions Factiva, WiSo http://www .factiva.com/; https://www.wiso-net.de/ 2010-19
dosearch
Online press mentions Factiva, WiSo http://www .factiva.com/; https://www.wiso-net.de/ 2010-19
dosearch
Hospitalizations Federal Office of Statistics  https://www.destatis.de/DE/Home/_inhalt.html 2010-19
Mortality Deaths by week and sex, https://ec.europa.eu/eurostat/databrowser/view/ 2010-19
Eurostat DEMO_R_MWK_TS/default/table?lang=en
Temperature ERAS Hersbach et al. (2020) 2010-19
Relative humidity ERAS Hersbach et al. (2020) 2010-19

TABLE A2. Temperature abbreviations.

Abbreviation Full name
Tmax_max Weekly max of daily max temperature, °C
Tmax_mean Weekly avg of daily max temperature, °C
Tmax_min Weekly min of daily max temperature, °C

Tmean_max
Tmean_mean
Tmean_min
Tmin_max
Tmin_mean
Tmin_min

AT _Tmax_max
AT_Tmax_mean

Weekly max of daily avg temperature, °C
Weekly avg of daily avg temperature, °C

Weekly min of daily avg temperature, °C
Weekly max of daily min temperature, °C
Weekly avg of daily min temperature, °C
Weekly min of daily min temperature, °C
Apparent temperature weekly values, calculated based on Tmax_max (°C)

Apparent temperature weekly values, calculated based on Tmax_mean (°C)
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FIG. Al. Internet usage in Germany: (a) percent of internet users in Germany during the pe-

riod 201019 (14 yr and older; Statista 2021b), (b) share of internet users by age group (Statista
2021a), and (c) share of search engine market in Germany in 2018 (Statista 2018).
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FIG. A2. Percentage of total mortality by age group. The cumula-
tive absolute mortality during the period 2010-19 (April-September)
is considered.

APPENDIX B

Additional Results

Figures B1 and B2 show the importance of various varia-
bles for predicting Google search attention to the terms
heat wave and heat stroke, respectively, in Germany with a
random forest model. Figure B3 presents importance of
variables for identifying the most relevant temperature vari-
able for various societal metrics. Figure B4 shows evolution
of temperature, considered societal metrics, and number of
warnings during heat waves for the five years for which the
percentage of heat warnings is highest and the five years for
which the percentage of heat warnings is lowest. Figure BS
shows variable importance for predicting Google search at-
tention to heat wave in Germany with a random forest model
using main temperature variables and time-lagged Google
search attention as predictors. Figure B6 shows tempera-
ture thresholds in Google search attention to heat wave
for six important temperature variables. Figure B7 presents
seasonally varying sensitivity of Google search attention to
temperature.
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FIG. B1. Importance of different variables for predicting Google
search attention to heat wave in Germany with a random forest
model. The variable importance was derived using SHAP values.
Predictor variables are (a) temperature variables and (b) societal
variables. The first part of the temperature variable names denotes
the type of considered daily temperature; the last part describes
the type of aggregation to a weekly time scale (the abbreviations
can be found in Table A2). Boxes show medians and uncertainty
after bootstrapping the data (25th and 75th percentile).
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FIG. B3. Similar to Fig. B1, but for identifying the most relevant temperature variable for the following societal metrics:
(a) press mentions, (b) online press mentions, (c) hospitalizations, and (d) excess mortality.
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tention to heat wave in Germany with a random forest model using
main temperature variables and time-lagged Google search atten-
tion as predictors.
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