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Abstract Increased environmental heat levels as a result of
climate change present a major challenge to the health,
wellbeing and sustainability of human communities in already
hot parts of this planet. This challenge has many facets from
direct clinical health effects of daily heat exposure to indirect
effects related to poor air quality, poor access to safe drinking
water, poor access to nutritious and safe food and inadequate
protection from disease vectors and environmental toxic
chemicals. The increasing environmental heat is a threat to
environmental sustainability. In addition, social conditions
can be undermined by the negative effects of increased heat
on daily work and life activities and on local cultural practices.
The methodology we describe can be used to produce quan-
titative estimates of the impacts of climate change on work
activities in countries and local communities. We show in
maps the increasing heat exposures in the shade expressed
as the occupational heat stress index Wet Bulb Globe
Temperature. Some tropical and sub-tropical areas already
experience serious heat stress, and the continuing heating will
substantially reduce work capacity and labour productivity in
widening parts of the world. Southern parts of Europe and the
USAwill also be affected. Even the lowest target for climate

change (average global temperature change = 1.5 °C at repre-
sentative concentration pathway (RCP2.6) will increase the
loss of daylight work hour output due to heat in many tropical
areas from less than 2% now up to more than 6% at the end of
the century. A global temperature change of 2.7 °C (at
RCP6.0) will double this annual heat impact on work in such
areas. Calculations of this type of heat impact at country level
show that in the USA, the loss of work capacity in moderate
level work in the shade will increase from 0.17% now to more
than 1.3% at the end of the century based on the 2.7 °C tem-
perature change. The impact is naturally mainly occurring in
the southern hotter areas. In China, the heat impact will in-
crease from 0.3 to 2%, and in India, from 2 to 8%. Especially
affected countries, such as Cambodia, may have losses going
beyond 10%, while countries with most of the population at
high cooler altitude, such as Ethiopia, may experience much
lower losses.
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Introduction

Above an ambient temperature of ca. 35 °C, people undertak-
ing heavy manual labour are likely to experience heat stress
(Parsons 2014). The physiological mechanisms have been
known for more than 100 years. A steady core body temper-
ature close to 37 °C is essential for health and human perfor-
mance. During physical work, the body generates heat which
needs to be lost by evaporation of sweat to maintain core body
temperature. Copious sweating also creates a risk of dehydra-
tion (Parsons 2014). Excessive body temperature and/or de-
hydration may lead to clinical health effects such as heat ex-
haustion, heat stroke and even death (Bouchama and Knochel
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2002; MMWR 2008; Schulte and Chun 2009). The heat ef-
fects also lead to slower work, more mistakes while working
and increased risk of accidental injuries. Work output and
productivity goes down (Kjellstrom et al. 2009a) leading for
many people to reduced income. Other aspects of daily life,
such as caring for children or the elderly, are also affected
(Parsons 2014).

To date, these risks of heat stress have been given relatively
little attention in analysis of the impacts of climate change,
although they were highlighted in the Fifth IPCC assessment
of human health impacts of climate change (Smith et al.
2014). Our own previous studies, however, have shown the
potential threats to productivity in selected regions (Hyatt
et al. 2010; Kjellstrom et al. 2013). For many middle and
lower income countries, more than half of the work force is
currently exposed to heat stress (Kjellstrom et al. 2009b).
Industry-focused analysis also exists, explaining, for example,
how hot climate conditions reduceworker productivity in gold
mines (Wyndham 1969), rice farming (Sahu et al. 2013) and
call centres (Niemelä et al. 2002). Furthermore, military oper-
ations in regions with extreme heat are affected (USDAAF
2003) and sports activities are affected, which has led to much
research and guidelines on prevention (Parsons 2014).

Recent scientific programmes at Lund University, Sweden,
(The Pufendorf Institute HEAT programme; http://www.eat.
lth.se/termisk-miljoe/english/research/pufendorf-initiative-
heat/) and the ongoing European HEATSHIELD programme
(coordinated byCopenhagenUniversity; www.heat-shield.eu)
have investigated the problems of heat exposure for working
people. The methodology described in this paper has
benefit ted from these two programmes and other
international collaboration.

Materials and methods

Our methodology, in essence, combines data from three
sources:

& Climate models (estimating surface air temperature and
moisture content)

& Demographic models (estimating population by age
group)

& Empirical studies (relating temperature, humidity and
hourly work intensity to daily worker productivity and to
clinical health effects)

Overview of analysis components

An outline of the methodology is set out in Table 1, and details
of data preparation and analysis are described in the following
sections. For climate and population data we use a grid-cell

basis with a 0.5° × 0.5° geographic grid (67,420 cells over
land, excluding Antarctica, with a size from approximately
50 × 50 km at the equator, reducing to 50 × 25 km at 45°
north or south).

We used 30-year averaging for heat level estimates, be-
cause the climate science community regards 30 years as the
minimum time interval over which a long-term climate trend
can be demonstrated (WMO 2016). The 30-year periods are
often labelled with their mid-point year (thus 1981–2010 can
be labelled 1995), but we will in this text show the year range
for each example. Calculations were made on each grid cell
using Excel before being imported into a GIS programme
(Quantum GIS).

Because of uncertainties in all the estimates for future cli-
mate trends, population trends, adaptation possibilities, and
distribution of individual heat sensitivity, precise statistical
estimations of confidence intervals of outcome variables are
not possible. We use the range of estimations of heat level
change from different climate models as an indicator of un-
certainty and highlight the extent of uncertainty in other input
variables.

Selection and downloading of climate data

The Bbaseline^ historical climate data for the 0.5° × 0.5° grid
cells (1981–2010) were obtained from the Climate Research
Unit at the University of East Anglia, Norwich, UK (Harris
et al. 2014; website = http://www.cru.uea.ac.uk/data). We
started our analysis work using CRU3.1 and CRU3.2
datasets and are now using the latest version CRU3.24. This
database is aimed at producing a base for global climate
calculations and is created from a spatial analysis model
using weather station recordings. Data for an individual grid
cell may be uncertain, if no local weather station data has been
available for validation. Local grid cell data should therefore
be considered tentative unless they can be validated with local
data from weather stations or another source.

The future climate estimates came from the Inter-Sectoral
Impact Model Intercomparison Project (ISI-MIP) (Potsdam
Institute, Germany) project. It has developed datasets for five
GCMs over land on a 0.5° × 0.5° grid (Warsawski et al. 2014;
see also website: http://esg.pik-potsdam.de/projects/esgf-
pik/). Initially, sufficient Bfast track^ daily datasets for five
GCMs (Table 2) and just two RCPs were downloaded and
used in our work. Subsequently, ISI-MIP2 daily datasets for
HadGEM2 and Geophysical Fluid Dynamics Laboratory
(GFDL) (RCP 2.6, RCP4.5, RCP6.0 and RCP8.5) were
downloaded, when they became available, and these have
become the basis for much of our work and the examples
given here. These two models represent the range of different
models used by IPCC for global temperature change (GTC)
estimates (Collins et al. 2013; IPCC working group 1 report),
with HadGEM2 producing GTC results close to the upper
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Table 1 Steps in the data preparation and analysis process

Step Input data Output Process

1. Selection of climate data a. Historical monthly baseline data
from CRUa (1981–2010);

b. Future modelled GCMb data from
ISI-MIP2c (2011–2099) and
ISI-MIP2b (HadGEM2, GFDL)d

for RCPse

Gridded data over land for
temperaturesf (Tmax, Tmin,
Tmean), relative humidity (RH),
and wind speed; standard
deviations (SDs) for daily
variability within months

Downloading monthly CRU data
and daily ISI-MIP data; data for
over-water cells excluded;
calculating SDs for temperatures

2. Derivation of heat stress
indices in grid cells

Gridded daily climate data from step
1 (temperatures and RH)

Humidity calculated as dew point
(Td); gridded multi-year monthly
means and daily SD heat stress
indices WBGTg and UTCIh

Conversion formulas based on
climate physics for Td and
WBGT, as well as standard
website formulas for UTCI

3. Estimation of hourly heat
exposure distributions

Gridded monthly WBGTmean,
WBGTmax (monthly mean of
daily max levels) and SDs from
step 2

Number of hours each month in
1 °C WBGT bins from 20 to
50 °C

Application of distribution function
in Excel; 4 + 4 + 4 method (three
4-h periods)

4. Selection and aggregation
of population data

4 km × 4 km grid cell data of
population (annual estimates)

Gridded population in four age
groups (15–64 years defined as
working age)

Aggregation of population data to
0.5° × 0.5° grid cells; applying
estimated age distribution

5. Derivation of
exposure-response
relationship

Quantitative data on impacts in
moderate intensity work; ISOi

7243 limits for other work

Smooth functions that relate WBGT
to expected work capacity loss

Fitting cumulative normal
distribution curve for moderate
work; adjusting for other work
with ISO standards

6. Calculation of person-hours
of work time lost

Gridded WBGT exposure data (step
3), 15- to 64-year age group
estimates (step 4), and risk
functions (step 5)

Potential daylight work hours in
each grid cell and corresponding
person-hours of work lost (6 a.m.
to 6 p.m.).

Multiplication for each grid cell of
hourly heat exposure and risk
function applied to 15- to 64-year
age group population

7. Aggregation of
person-hours lost to country
or other geographic scale

Daylight person hours lost for each
grid cell in a geographic area and
total potential work hours in this
population

Percent of potential work hours lost
related to work intensity; maps,
graphics (application to
workforce mix can be next step)

Summation of grid cell data at
different work intensity levels for
estimated work hours lost in
geographic area

a CRU = Climate Research Unit, University of East Anglia, Norwich, the United Kingdom
bGCM (general circulatory model) calculations using IPCC (Intergovernmental Panel on Climate Change) processes for climate parameters based on
green house gas emissions and atmospheric land and ocean coupling
c ISI-MIP = Inter-Sectoral Impact Model Intercomparison Project, Potsdam Institute, Germany (PIK 2016)
d HadGEM2 and GFDL models described in Table 2
e RCPs = representative concentration pathways = future greenhouse gas scenarios used by IPCC
f Temperatures (Tmax = daily hottest hour, Tmean = 24-h mean, Tmin = daily coolest hour)
gWBGT = Wet Bulb Globe Temperature, widely used occupational heat stress index
hUTCI = Universal Thermal Climate Index, a new heat and cold stress index
i ISO = International Standards Organization, Geneva

Table 2 Global climate model
data from ISI-MIP used in our
analysis

Our
acronym

Full acronym Research institute

HadGEM2 HadGEM2-es Met Office, Hadley Centre (Reading, UK)

GFDL GFDL-esm2m Geophysical Fluid Dynamics Laboratory (Princeton, NJ, USA)

IPCM IPSL-CM5A-LR Institute Pierre-Simon Laplace (Paris, France)

NORES NORESM1-M Norwegian Climate Centre (Bergen, Norway)

MIROC MIROC-ESM-CHEM Japan Agency for Marine-Earth Science and Technology, Atmosphere
and Ocean Research Institute (Tokyo, The University of Tokyo), and
National Institute for Environmental Studies (Tsukuba, Japan)
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limit of models and GFDL producing results close to the lower
limit. We also noted differences between these two models in
the spatial distribution of heat levels. In most of the output, we
use the mid-point of HadGEM2 and GFDL, in order to
achieve a spatial Bmean estimate^, while these mid-points
were also close to the averages of all IPCC models (Collins
et al. 2013). We retrieved datasets that contained climate var-
iables needed for our calculation of the heat stress index
WBGT (temperatures and humidity) (ISI-MIP is currently
updating the modelling activities for selected models).

Downloaded datasets included near-surface mean tempera-
ture (tas = abbreviation used in ISI-MIP datasets), maximum
temperature (tasmax), minimum temperature (tasmin) and
mean relative humidity (hurs or rhs) for each day for each grid
cell, with temperatures Bbias corrected^ (by Potsdam Institute)
using 1951–1990 as baseline (Warsawski et al. 2014).
Humidity was not bias corrected in these initial input data,
but this was done in the latest datasets from 2017. BBias
corrected^means that the output of each global climate model
for the baseline period is adjusted for the difference from his-
torical data. There will be some remaining differences between
model output and actual historical data because ISI-MIP keeps
bias corrections to a minimum, else the physics of the climate
change models would be compromised (Hempel et al. 2013).
For convenience, we refer to these daily climate variables as
Tmean (tas, bias corrected), Tmax (tasmax, bias corrected),
Tmin (tasmin, bias corrected) and RH (hurs or rhs).

Daily variability of input variables within calendar months
for 30-year intervals

Based on the downloaded daily data for each grid cell from
1981 to 2099, we could calculate not only just the monthly
means of the different climate variables but also the daily var-
iability within calendar months assuming that this variability is
similar to normal (Gaussian) distributions. We calculated
monthly means and standard deviations, SDs (for 30-year pe-
riods) of mean monthly temperature (Tmean), average monthly
maximum temperature (Tmax) and average monthly dew point
(Td) for calendar months for each decade from 1981 onwards.
We use the 30-year SD as an estimate of daily variation within a
month during the 30-year periods. The 30-year SDs include, of
course, the variability induced by a long-term temperature
trend, but the effects of this on the heat exposure estimates are
small (e.g. <0.1 °C of Tmax if the trend is at 4 °C/100 years).

Derivation of heat stress indices in grid cells

We used the downloaded climate variable data to calculate two
major heat stress indices: WBGT (Wet Bulb Globe
Temperature) and UTCI (Universal Thermal Climate Index).
These indices relate the climate data to average human physio-
logical responses (over a range of work intensities).WBGTwas

specifically designed for work activity assessments (Parsons
2014) and based on army recruits in training (Parsons 2014),
while UTCI was designed for general population heat assess-
ments. The latter was developed in recent years from analysis
using an elaborate physiological model (Fiala et al. 2012;
Havenith and Fiala 2016) and has been promoted for future
use in climate services (Blazejczyk et al. 2012).

AWBGT value is derived from a combination of temper-
ature, water vapour in the air, air movement (wind speed) and
radiated heat, the same climate variables that determine heat
stress on humans (Parsons 2014). Heat stress is also influ-
enced by physical work intensity (expressed as metabolic rate)
and clothing (Parsons 2014), but these factors are not part of
the calculated WBGT, which is a purely environmental vari-
able. Interpretation scales that make it possible to assess im-
pacts of work intensity and clothing are available at interna-
tional and national level (ISO 1989; ACGIH 2011). The stan-
dard method for estimating WBGT involves measuring Ta
(dry bulb temperature), Tnwb (natural wet bulb temperature)
and Tg (globe temperature) using standardized equipment
(ISO 1989; Parsons 2014). Tg is only necessary in situations
with strong heat radiation (most often from the sun) and we
decided to focus on in-shade or indoor environments where
Tg can be assumed to be the same as Ta (Lemke and
Kjellstrom 2012).

Humidity is a very important climate variable in the quan-
tification of occupational heat stress, and we used a valid
estimate of Tnwb based on routine climate data, when Tnwb
could not be directly measured. Therefore, we will describe
the methods used in detail here. ISI-MIP datasets report mois-
ture content of the air as relative humidity (RH) related to
mean temperature for the day. Unfortunately, hourly RH
changes during the course of the day because it is strongly
related to temperature. The dew point temperature (Td) is a
measure of the amount of water vapour in the air (absolute
humidity) and is used in many weather station output. Td
remains relatively constant for a 24 h period unless the air
mass changes to a more humid or drier air mass, or water
vapour is added to the air (from rain or entry of a more humid
air mass) or removed from the air (as dew).

To calculate Td from RH, we first calculated the saturated
v a p o u r p r e s s u r e V P ( s a t ) a t T m e a n u s i n g
VP(sat) = 0.611 × 10(7.5 × Tmean/(237.3 + Tmean)) where the vapour
pressure is in kilopascal and Tmean is in degree Celsius
(NOAA 2016). Then, we calculated the actual vapour pressure
at Tmean from RH using the definition: RH(in %) = 100
VP(Tmean)/VP(sat). Td is the temperature where actual vapour
pressure becomes the saturated vapour pressure (hence forming
dew), so the saturated vapour pressure formula can be used to
determine the dew point

VP Tmeanð Þ ¼ 0:611� 10
7:5�Td

.
237:3þTdð Þ

� �
:
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To get the psychrometric wet bulb temperature (Tpwb) from
the dew point temperature, iteration is used to solve the follow-
ing equation: Tpwb = [0.066Ta + 4098 VP Td/(Td + 237.3)2]/
[0.066 + 4098 VP/(Td + 237.3)2] (Jensen et al. 1990). The
Tnwb (natural wet bulb temperature) required in the WBGT
indoors formula was then calculated from the psychrometric
wet bulb temperature (Tpwb) using the formula by Bernard
and Pourmoghani (1999): Tnwb = Ta − (0.96 + 0.069log10v)
(Ta − Tpwb) where v is the wind speed in meters per second.

We assume a 1 m/s wind speed, because when people are
working physically, they are mostly moving their arms, legs
and/or torso. This creates an air movement over the skin (like
wind) that usually is at least 1 m/s even in calm weather con-
ditions. At higher wind speeds, the WBGT does not decrease
bymuch so this approximation is minor (Lemke and Kjellstrom
2012). For a wind speed of 1 m/s, theWBGT (indoors or in full
shade, without solar or other heat radiation) can then be calcu-
lated as: WBGT = 0.67 Tpwb + 0.33 Ta. This stepwise method
to calculate humidity and WBGTwas assessed by Lemke and
Kjellstrom (2012) as the best method for full shade or indoor
estimates (without radiation sources). Methods to calculate out-
door heat exposure values in the sunwere also assessed (Lemke
and Kjellstrom 2012), but will not be detailed here.

For UTCI, we used the formula on the website (www.utci.
org) with awind speed of 1m/s. For bothWBGTandUTCI, we
assumed in the examples below that there was no heat radiation
from the sun (globe temperature Tg = Ta). The WBGT and
UTCI results for each grid cell were expressed as 30-year av-
erages in each calendar month identified by the range of years
and mid-point years 1995 (1981–2010), 2025 (2011–2040),
2055 (2041–2070) and 2085 (2071–2099; the input climate
data ended in 2099 so this is a 29-year average). The intra-
monthly daily variability was estimated with the SDs calculated
from the original daily modelled data, as mentioned above. This
made it possible to estimate the number of days at different heat
levels within each month, and this was carried out for
WBGTmax, WBGTmean, UTCImax and UTCImean.

In order to adjust for underlying bias of humidity variables
between models and actual baseline data, we calculated the
differences between model results for a future period, e.g.
2071–2099 (labelled 2085), and for the recent period 1981–
2010 (labelled 1995) and added that difference to the CRU
data for 1995 (Bfield change^ method).

BField changeWBGT 2085ð Þ^ ¼ WBGT CRU1995ð Þ
þWBGT Model2085ð Þ−WBGT Model1995ð Þ

The latest model output from ISI-MIP (for HadGEM2,
GFDL and MIROC) include bias correction also for humidity
values, so analysis can now also be carried out without the
field change step. A comparison of model estimates for the
baseline period (1981–2010) showed that with the humidity

bias correction included, the baseline results for the three
models were almost identical.

Estimation of hourly heat exposure levels within months

We used monthly averages of daily Tmean, Tmax, Tmin,
WBGTmax,WBGTmean, UTCImax and UTCImean for each
grid cell to estimate hourly heat values based on two different
models.

Method 1: hourly curvilinear method For each month, we
had 30-year averages of daily Tmean, Tmax and Tmin. These
daily values along with sunrise times for each latitude were
used to generate three interlocking sinusoidal functions to
produce hourly temperature estimates for each month
(Bilbao et al. 2002). Where Tmin was not available, it was
estimated as Tmin = 2 × Tmean − Tmax. The hourly temper-
atures along with the average daily values of Td, WBGTmax
and WBGTmean (both mean and SD values) were then used
to generate distributions of hourly WBGT and UTCI values
within each calendar month for each 30-year period. Similar
approaches were used for UTCI.

Method 2: 4 + 4 + 4 method This method uses the WBGT
output directly from the calculated data. We assume that 4 h
per day is close to WBGTmax, and 4 h per day is close to
WBGTmean (early morning and early evening). The remain-
ing 4 h of a 12-h daylight day is assumed to be halfway
between WBGTmean and WBGTmax (labelled WBGThalf).
For each 4-h period, we calculate the WBGT and so produce
the number of hours in a month that the WBGT is in specific
degree bands: 20–20.99 °C, 21–21.99, etc. Then, we add to-
gether the total numbers for each band as WBGTmax +
WBGThalf + WBGTmean, and the sum is the 4 + 4 + 4
estimate. This method works well because WBGT is made
up of a large Td component and Td is constant during the
day so the indoor WBGT function is flatter than the 24 h
temperature function.

The two methods agreed well (e.g. trend line slope = 0.97–
0.98 for USA, India andChina, correlation coefficients = 0.99)
so we used the 4 + 4 + 4method in the subsequent calculations
for both WBGT and UTCI, because it did not require as ex-
tensive processing time as method 1.

Differences in heat exposures in the sun or in the shade

It should be stressed that our calculated heat levels in the
examples below were based on formulas that apply to in-
shade or indoor (without air conditioning) air temperatures
and humidity. There is additional heat stress due to heat radi-
ation from the sun in outdoor work when the sun is shining on
the person. Our analysis of hourly data from Asian cities
(Kjellstrom et al. 2013) shows that the increased heat level
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during the hottest hours in the full sun, no clouds, is 2–3 °C for
WBGT.

Selection and aggregation of population data

We used the GWP (Gridded Population of the World) dataset
from CIESIN, Columbia University, New York: (http://sedac.
ciesin.columbia.edu/) to quantify the population in recent years.
This dataset has 2.5 arcminutes (approx. 4 km × 4 km at equator)
grid cells. These data were combined into 0.5° × 0.5° grid cells to
match the climate data grid. Future population estimates on a grid
cell basis was sourced from the database of the International
Institute of Applied Systems Analysis (IIASA, Vienna, Austria).
Data for SSP5 (Shared Socioeconomic Pathways; Samir and
Lutz 2014) for each decade until the year 2100 was used.

We divided the population data into four age groups (0–4,
5–14, 15–64, 65+ years). The age group population distribu-
tion was produced using the distribution (in percent) for cur-
rent and future years in a previous WHO project (Hales et al.
2014; Kjellstrom et al. 2014) and then multiplying our new
grid cell total population data by that percent. The gender
distribution was not available. The population of boundary
grid cells is proportioned to two or more countries by the
respective land areas of each country within the grid cell.

Filling data gaps for coastal grid cells

When we compared the availability of climate data in coastal
grid cells with population data, we noted that some grid cells
with significant population had no climate data, as the process
at ISI-MIP ignored grid cells where the land area was less than
10% of the total cell area. We produced estimates of climate
variables in those cells by using the climate data from a nearby
grid cell with similar topography. For 164 cells with very
small land areas (andmostly ocean) and with populations over
10,000, we manually assigned climate and heat index data for
the current analysis. These coastal grid cells were primarily
located in tropical areas and included substantial urban areas.

Derivation of exposure-response relationship

We have, in earlier analyses, made use of ISO 7243: 1989
(ISO 1989), which indicates work intensity levels (metabolic
rate) that should be avoided at different WBGT levels to pre-
vent core body temperature (Tcore) increasing above 38 °C
and prevent clinical health effects at higher Tcore (Kjellstrom
et al. 2009b). There are also very similar US recommendations
from ACGIH (2011) and Bno work at all^ levels have been
published by NIOSH (2016).

When the heat limits are reached and the exposed person
keeps working there is a risk of clinical health effects, while a
person who reduces her/his metabolic rate by slowing work

avoids such effects but looses productivity (Kjellstrom et al.
2009a).

In order to more accurately calculate health risks and
productivity losses as heat levels increase, we reviewed
the few epidemiological datasets available for moderate
work activities (Metabolic Rate = 300 W) (Wyndham
1969; Sahu et al. 2013) and produced approximate
exposure-response relationships for work intensities at
200 W (clerical or light physical work), 300 W (moderate
physical work in manufacturing) and 400 W (heavy phys-
ical work in agriculture or construction). The most de-
tailed epidemiological data were provided by Sahu et al.
(2013) with extremely good correlation (r = 0.98) for the
comparison of hourly heat exposure and productivity in
groups of 10–18 workers.

We went on to develop more convenient Brisk functions^
for 200, 300 and 400 W work intensities by fitting continuous
functions to both the epidemiological data and the data im-
plied in ISO 7243 (ISO 1989). These risk functions allow us to
convert an environmental heat level (expressed as WBGT)
directly into a Bproductivity loss^ (percentage of reduced
work capacity) if the worker reduces work intensity to avoid
clinical health problems. As heat impact sensitivity can be
assumed to be linked to typical human biological variability,
the general form (shape) of each risk function was chosen to
be the cumulative distribution function of a general normal
distribution, that is

Productivity loss; y ¼ 0:5 1þ erf
x−μ
σ√2

� �� �

where μ and σ are the mean and standard deviation of the
associated normal distribution, and the output is expressed in
the range from 0 to 100% (Fig. 1a, b).

A single function was fitted to the epidemiological data
(300 W), and three functions to data from the ISO (1989)
document (200, 300, 400 W). We then used the differ-
ences between the means of the latter three functions to
synthesize 200 and 400 W functions from the former,
epidemiologically based 300 W risk function adjusting
only the mean (Fig. 1a).

Figure 1a shows the fitted curve for 300 W work intensity
overlain with the data points from the two epidemiological
studies (Wyndham 1969; Sahu et al. 2013) combined, together
with the 200 and 400 W curves synthesized from it, using the
ISO (1989) estimated difference at 50% productivity loss,
which is shown on Fig. 1b.

No matter what the conditions, some work is always pos-
sible because if the person does not release any heat at all, the
specific heat of the body (3470 J/(kg °C)) allows at least 6 min
in the hour before the core temperature reaches an intolerable
39 °C. Also, even when working continuously, one needs to
take Bmicro-breaks^ to stretch, go to the toilet or simply to
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relax. We assume 10% of work time is used for this. So, in the
impact assessments, we use a cut-off at 10% time lost (full
work up to this level) and 90% time lost (10% of work, 6 min,
always possible).

Calculating person-hours of work time lost

For each grid cell, the heat levels for each month (including
intra-monthly daily and hourly distributions as described
above) were accumulated into Bbins^. The continuous formu-
la for heat level distributions using SDs meant that some bins
contained very small fractions of hours. In some grid cells
with large populations, the lost work hours could still end up
large, and in order to produce results on the Bconservative^
side, we excluded impact data when the number of hours in a
bin was less than 3.6 (1 % of the monthly 360 daylight
hours).

Then, we applied the Bbin^ data to the curves in Fig. 1a to
quantify the lost work hours due to heat during daylight hours

(12 h, 4 + 4 + 4 method) at different work intensity levels
(metabolic rate = 200, 300 or 400 W). The theoretical maxi-
mum of lost hours for a working person was based on
12 months times 30 days per month times 12 h per
day = 4320 potential work hours per year. With the working
age (15–64 years) population in each grid cell we could cal-
culate the loss of potential hours due to heat, and add all these
up for the grid cells in a defined geographic area (e.g. a coun-
try). Then, we calculated the percent of work hours lost (at
specific work intensity levels) relating the calculated numbers
to the total potential person-hours of work in that area.
Changing the theoretical work hours per year will not change
the percentage loss.

Aggregation of person-hours lost to country (or regional)
scale

The analysis above gives the potential work hours lost in each
grid cell or geographic area at each level of work intensity

Fig. 1 a, b Estimated exposure-
response relationships for reduced
hourly work capacity (labour
productivity) in jobs at 200, 300
and 400 W intensity. a Based on
epidemiological data. b Based on
international standard (ISO 1989)
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(200, 300 and 400 W). We show below in some examples the
potential outcomes during the hottest climate conditions as a
way to highlight the worst situations. However, we also show
some annual impacts under less extreme conditions. Our
method can of course be used to calculate impacts under any
assumed conditions for the input variables.

For some countries, we have estimates of the percentage of
the workforce in agriculture, industry and services. In previ-
ous assessments (Kjellstrom et al. 2014), we assumed that
agriculture is the hardest work (400 W) and mostly occurs
outdoors in the sun, industry at 300 W is in the shade or
indoors and servicing the easiest at 200 W and in air condi-
tioned spaces. Tentative estimates of workforce distributions
for 21 world regions were used in the previous report
(Kjellstrom et al. 2014), but further data is needed in order
to make estimates at a country or grid cell level.

Results

Global distribution of heat exposure

TheWBGT heat levels during recent times are shown in Fig.
2. It presents the CRU estimates for 1981–2010 based on
interpolation of data from actual weather station reports
(Harris et al. 2014) during the hottest month for each grid cell.
It shows in one graphic the heat issues both in the northern and
southern hemispheres. As would be expected, the highest heat
exposure levels occur in the low altitude grid cells in tropical
and sub-tropical areas (between the latitudes 40° south and

40° north). The heat levels can be classified into Blow, mod-
erate and high risk^ for human impacts as shown in Fig. 2.

Global distribution of the human population

Another issue for climate change and heat impact interpreta-
tion is the global distribution of the people. A detailed analysis
by latitude of the population estimate for 2000 (6 billion peo-
ple) shows that the highest population numbers are in the
tropical and sub-tropical areas with 2 billion living in the
tropics and 3.6 billion in the sub-tropical regions. Our popu-
lation dataset shows these numbers increasing to 3.9 billion in
the tropics and 4.3 billion in the sub-tropics by 2085. Thus, in
population-based health impact assessments, the climate
change in the area close to the equator will contribute more
to global health and labour productivity problems than the
changes in cooler regions.

Local data presentations

One advantage of working with grid cell based datasets is that
results can be presented for local areas, provinces, countries
and regions. Figure 3 from www.ClimateCHIP.org shows the
trend since 1980 of the annual mean of daily maximum
temperatures in the grid cell with Phnom Penh, Cambodia.
The variation from 1 year to the next can be as much as 1.
2 °C, but the time trend of +0.25 °C per decade is statistically
significant (SE of trend = 0.068 °C).

Fig. 2 Average of daily WBGTmax during the locally hottest month in 67,420 grid cells, 30-year mean 1981–2010, CRU data (Similar map was
published in the IPCC report, Smith et al. 2014)
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Fig. 3 Screenshot of ClimateCHIP.org website grid cell result for annual values of maximum temperature since 1980 in Phnom Penh, CRU data. This
temperature variable increases by 0.25 °C per decade; to see the words more clearly, please look at the website

Fig. 4 Modelling time trend of WBGTmax in (annual average in-shade)
for the Phnom Penh grid cell, using data from ISI-MIP for five models
and RCP6.0. The colour scale on the left edge indicates the rest

requirement for heavy labour jobs (400 W) according to ISO (1989).
Pink is the range where work is accepted for 15 mintues/hour and full
red is where no hourly work is recommended
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Potential future time trends of heat

An example of the future modelled heat levels in the same grid
cell is shown in Fig. 4. In Phnom Penh, the annual average of
dailymaximumWBGTmay increase 1.5–2.5 °C by the end of
this century (under the RCP6.0 pathway), depending on the
model. The colour scale indicates the increasing need for rest

from physical work every hour at this heat level, currently at
50% rest increasing to no work at all at the end of the century.

We can also show the heat stress change using UTCI
values. BModerate heat stress^ in UTCI scale (Fig. 5) has
a similar distribution in 1981–2010 (1995) to the distribu-
tion of Bmoderate risk^ according to WBGT (Fig. 2), and
Bvery strong heat stress^ (UTCI scale) approximately

UTCI scale; degr C 

Thermal stress level

<9C cold stress

9-26C: no heat stress

26-32C: moderate heat stress

32-38C: strong heat stress

38-46C: very strong heat stress

46+C : extreme heat stress

1995

2025

2055

2085

Fig. 5 Average of UTCImax for hottest month, RCP8.5, HadGEM2 model, baseline 30-year period (1995) and future periods
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matches the Bhigh risk^ (WBGT scale) (Fig. 2). The hot-
test areas currently include much of India and Pakistan,
countries around the Arabian Gulf, West Africa and some
parts of Mexico, Texas and California. Using the
HadGEM2 model and the RCP8.5 (Bbusiness as usual^)
pathway, the maps in Fig. 5 demonstrate the potential
future heat stress problems on the planet (based on
RCP8.5 implying no mitigation). The areas with Bvery
strong heat stress^ expand over time, and by the end of
the century, most tropical and sub-tropical areas will be in
this category. These are monthly averages for the hottest

month, so some of the hottest days will be in the Bextreme
heat stress^ range.

Intra-monthly variability of daily heat exposure

With the standard deviation estimates from processing
daily modelling data, we can estimate the lower limits
for the seven hottest days (23% of 30 days per month)
and the three hottest days (10% of days) (Fig. 6). Large
areas with current WBGTmax levels above 30 °C (caus-
ing concern for moderate physical work) during the three

WBGTmax, 

degr C 

Monthly average

Lower limit for 7
ho�est days

Lower limit for 3
ho�est days

Fig. 6 WBGTmax for hottest month in each grid cell. CRU data, 1981–2010
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hottest days can be seen in the current Bstrong heat stress^
areas in Fig. 5.

Regional climate data

The methods will contribute to analysis of current and future
heat stress distributions in Europe in the HEAT-SHIELD pro-
gramme. The WBGT levels are generally lower than in the
particularly hot areas (Fig. 2), and the WBGT scale has been
adjusted to lower values (Fig. 7). Some parts in Southern
Europe currently already have WBGT levels above 26 °C in
the shade in the afternoon (a level that affects work capacity in
heavy labour jobs). By the end of the century, widespread
areas may get such levels, and the three hottest days then

bring WBGT levels up above 30 °C in Southern European
areas (Fig. 7).

Health challenges and work capacity loss in a global
perspective

With the use of the exposure-response function in Fig. 1 and
the grid cell population data for the working age group (15–
64 years), we calculated the percentage of annual work hours
that would be lost due to heat exposure in moderate intensity
jobs (300 W) in the shade. Figure 8 (map at top) shows that
now most tropical areas loose less than 2% of such hours,
while in certain areas, as much as 8% of annual work hours
are lost. If the global temperature change stops at 1.5 °C

CRU 1995 (1981-2010); monthly average

WBGTmax, degr C.

HadGem - GFDL mid-point, RCP6.0, 2085

(2071- 2099); monthly average

HadGem and GFDL mid-point, RCP6.0, 2085

(2071- 2099); ho�est 3 days

Fig. 7 Regional distribution of heat exposure levels in grid cells of Europe, WBGTmax of hottest month
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Percent work hours lost for 300W work, in-shade, 1981-2010, CRU

Percent work hours lost for 300W work, in-shade, 2071-2099, GFDL-HadGEM2 average,RCP2.6

Percent work hours lost for 300W work, in-shade, 2071-2099, GFDL-HadGEM2 average, RCP6.0

Fig. 8 The percentage of annual daylight in-shade work hours lost for workers in moderate intensity jobs (MR = 300W) in each grid cell in 1981–2010
and 2071–2099 as a result of climate change (GFDL-HadGEM2 midpoint/average, RCP2.6 and RCP6.0)
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(RCP2.6), the affected areas will expand with percentage
losses beyond 6% in large areas (middlemap). Under the more
extreme climate change trend (RCP6.0; GTC increase of
2.7 °C), as much as 12–16% of annual work hours will be lost
in some areas (lower map), and the local economies are likely
to be severely affected.

In order to show examples of the work capacity loss in
specific countries, we have summarized the impact data
for seven countries (Table 3). Countries with large cool
climate areas (such as USA) have limited work hour
losses due to heat now (0.17%), but it may increase be-
yond 1.3% at the end of the century based on the current
global climate policy pathway (RCP6.0). India is much
more affected already now (2% loss), and this may in-
crease to 8% at the end of the century (Table 3). China
has values between these two countries. Cambodia is one
of the most affected countries with losses up to 11%,
while high altitude countries such as Ethiopia will lose
much fewer work hours due to increasing heat. The
Philippines and Costa Rica have values in between. The
range for the HadGEM2 and GFDL values for future out-
comes (Table 3) was always above the estimates for
1981–2010, but the considerable range between the
models in the values for 2071–2099 should be noted.

In terms of the estimated lost potential hours in mod-
erate level in-shade work at the middle of the century
(2041–2070), the totals possible without heat impact and
the calculated losses are estimated at 1200 billion hours
(total) and 9 billion (lost) for USA. The equivalent results
for China are 2800 vs. 30 billion, and for India, they are
4100 and 216 billion. Converting this to the potential
losses of economic output will most likely show substan-
tial dollar losses.

Discussion

Environmental heat is a significant threat to working people,
and the threat will increase with climate change. This is shown
by the heat levels during the hottest months of a year presented
in Figs. 2, 5, 6 and 7 and in the annual estimated impacts on
work capacity shown in Fig. 8 and Table 3. The step-by-step
process for heat exposure and impact calculations (Table 1)
involves the downloading and use of major international da-
tabases. We rely on the quality of the detailed analysis behind
these data but include presentations of the range of climate
modelling results as a way to show uncertainties. Whichever
method one uses to estimate such uncertainties needs to be
considered approximate.

From the perspective of climate change, the most predict-
able outcome (with the highest confidence level) is an increase
of local temperature levels in most of the world (Collins et al.
2013). Consequently, predictions of the impacts of changing
thermal conditions in the workplace are likely to be more
reliable than, for example, estimates of changing storm pat-
terns, rainfall regimes, wind and related consequences of cli-
mate change.

The current baseline (1981–2010) data from CRU for the
0.5° × 0.5° grid cells is likely to be reasonably accurate as the
values are estimated from actual weather station data within
grid cells and in neighbouring grid cells. However, in areas of
the world with few continuously reporting weather stations,
the grid cell results should be considered as approximate. The
results of future modelling (ISI-MIP; Table 2) are also approx-
imate as the future spatial patterns as well as the estimated
global average heat rise varies between models.

Both current and future climate data and heat stress index
values are shown for the 67,420 grid cells in the website www.

Table 3 Work capacity loss in
percent of annual daylight work
hours in seven countries; in-shade
exposures and moderate work
intensity (300 W); RCP2.6 and
RCP6.0; two models, GFDL and
HadGEM2 mid-point, ISI-MIP
data (and range of models in
brackets, GFDL first) (the number
of decimals should not be
considered as very precise
estimates)

Country RCP 1981–2010 2011–2040 2041–2070 2071–2099

USA 2.6 0.17 0.51 (0.46–0.55) 0.54 (0.49–0.59) 0.50 (0.41–0.58)

6.0 0.17 0.44 (0.41–0.47) 0.74 (0.56–0.91) 1.37 (1.01–1.72)

China 2.6 0.31 0.71 (0.65–0.76) 0.92 (0.74–1.10) 0.91 (0.67–1.14)

6.0 0.31 0.65 (0.59–0.71) 1.07 (0.78–1.36) 2.04 (1.41–2.66)

India 2.6 2.05 3.75 (3.69–3.81) 4.39 (4.05–4.73) 4.34 (3.77–4.9)

6.0 2.05 3.63 (3.7–3.56) 5.27 (4.85–5.69) 8.08 (6.75–9.41)

Cambodia 2.6 1.65 4.02 (3.84–4.2) 4.8 (3.74–5.85) 4.79 (4.08–5.5)

6.0 1.65 3.95 (3.79–4.1) 6.21 (4.98–7.43) 10.6 (7.75–13.4)

Philippines 2.6 0.28 0.98 (0.91–1.05) 1.24 (0.86–1.62) 1.24 (0.97–1.51)

6.0 0.28 0.93 (0.93–0.92) 1.90 (1.48–2.33) 4.14 (3.05–5.22)

Ethiopia 2.6 0.14 0.28 (0.26–0.3) 0.32 (0.27–0.37) 0.32 (0.26–0.37)

6.0 0.14 0.27 (0.25–0.28) 0.42 (0.35–0.48) 0.69 (0.55–0.83)

Costa Rica 2.6 0.20 0.49 (0.44–0.53) 0.60 (0.47–0.72) 0.59 (0.45–0.72)

6.0 0.20 0.47 (0.43–0.51) 0.88 (0.66–1.09) 1.68 (1.06–2.29)
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ClimateCHIP.org. The website uses a combination of a map
and time trends for different climate and heat variables in the
BYour Area^ page in order to facilitate access to local
information.

The map system is designed to assist in interpretation
of the heat problems for local populations, and the maps
therefore show the estimated absolute heat levels and not
the relative changes in climate variables which are a com-
mon approach in climate change reports (e.g. the IPCC
report, Collins et al. 2013).

The hottest areas in Fig. 2 are in India, Pakistan, Persian
Gulf countries and West Africa. Parts of Southeast Asia,
Australia, Brazil, Central America and southern USA also
experience high heat levels. The difference between the
monthly average values and the three hottest days can be seen,
for instance, in large parts of the southern USAwhere there is
at least a 2 °C difference (Fig. 6).

The use of WBGT as the key heat stress index makes
it possible to assess the health risks and labour produc-
tivity loss (Fig. 4), assuming restrictions according to
ISO (1989). UTCI provides rather crude assessments of
the heat stress risks in the general population (Fig. 5).
The colour patterns for annual daylight work hour losses
(Fig. 8) provide a clear picture of the increasing problems
for working people at a relatively large scale. The grid
cell-based data (e.g. Figs. 3 and 4) and estimates for
countries (Table 3) and regions (Fig. 7) provide indica-
tions of current and future impacts. Local occupational
epidemiology studies comparing hot periods with cooler
periods are needed to validate the estimates. Converting
work hour losses to economic losses is another important
next step.

We estimated earlier fatal and non-fatal heat stroke im-
pacts among working people (Kjellstrom et al. 2014) and
such effects appear relatively rare compared with the
physiological effects of heat in workplaces (causing loss
of work capacity and labour productivity). With the rela-
tionships in Fig. 1, we calculate and display the work
capacity loss in different parts of the world. As new stud-
ies become available, we plan to update and adjust these
exposure-response relationships for different health and
productivity effects. An important related issue is the im-
pact labour productivity loss may have on economic out-
put and personal incomes at local level as well as on GDP
at national level (DARA 2012).

The studies of effects of climate change on working people
are still at an early stage, but new analysis is being developed.
The HEATSHIELD project in Europe (www.heat-shield.eu) is
one example of such work, and activities by the Climate
Vulnerable Forum (http://www.thecvf.org/), an organization
of 43 low and middle income countries, are also proceeding
after their recent reports and meetings on this topic (DARA
2012; UNDP 2016).

Conclusions

Environmental heat exposure will increase with climate
change in many areas of the world, and this change will affect
working people. We describe a methodology that can be used
to show estimated heat levels in different parts of the world
and to assess the risk of effects of heat on occupational health
and labour productivity.

The methodology is general enough that it may be applied
at a variety of scales and to a number of different climate
datasets.We show results at different geographic and temporal
scales suitable for global, regional and country climate change
policy discussions. The examples shown here indicate the
special risks in tropical and sub-tropical areas, even in mod-
erate intensity work. The method can provide important infor-
mation for government agencies, enterprises, regional com-
munities and individuals to assess the need for targeted local
preventive actions (adaptation), and assess the value for a
local area or a country of global climate change mitigation
(prevention) efforts.
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