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Abstract
Recent research documents the adverse causal impacts on health and productivity of extreme
heat, which will worsen with climate change. In this paper, we assess the current distribution
of heat exposure within countries, to explore possible distributional consequences of cli-
mate change through temperature. Combining survey data from 690,745 households across
52 countries with spatial data on climate, this paper suggests that the welfare impacts of
added heat stress may be regressive within countries. We find: (1) a strong negative cor-
relation between household wealth and warmer temperature in many hot countries; (2) a
strong positive correlation between household wealth and warmer temperatures in many
cold countries; and (3) that poorer individuals are more likely to work in occupations with
greater exposure. While our analysis is descriptive rather than causal, our results suggest a
larger vulnerability of poor people to heat extremes, and potentially significant distributional
and poverty implications of climate change.
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1. Introduction
The heat wave that struck India in May 2015 sent temperatures soaring over 110◦F
(44◦C), high enough to melt pavement in the capital city of New Delhi (NOAA, 2015).
After a week of sustained hot temperatures, over 2,300 people died (EM-DAT, 2017).
As in past heat waves across the globe, mortality impacts were not distributed equally
across the population – victims in this case were concentrated among the elderly and
low-income workers.

In addition to mortality impacts, recent research suggests that heat waves can also
have negative impacts on worker productivity due to the effect of thermal stress on
human cognition and physical performance (Dell et al., 2014; Heal and Park, 2016).
Again, these impacts are unlikely to be uniform – specific households living in exposed
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areas and working in exposed occupations may experience larger impacts. While the
higher vulnerability of poorer equatorial countries is well documented, there is still
little work on the distributional dimensions of added heat stress within countries
(Hallegatte et al., 2016).

Based on the premise that people already exposed to high temperatures will likely
experience a greater increase in the number of potentially damaging heat events for any
given shift in annual average temperature, this paper examines the current distribution
of exposure to heat stress across households within countries: both across regions with
varying historical climates as well as across various occupational classes. We combine
data on wealth, occupation and temperature for over 690,000 households in 52 develop-
ing countries, and provide descriptive cross-sectional evidence of potential distributional
impacts across the wealth distribution within countries. The results provide a provi-
sional breakdown of heat-related climate impacts given present conditions, and provide
an empirical assessment of an oft-cited assumption among policymakers: namely, that
the poor are more likely to be adversely affected by climate change.

Looking within countries, we define poor people as those in the bottom 20 per cent
in terms of wealth in their country, rather than using an absolute poverty line (e.g.,
the US$1.90 extreme poverty line used at the World Bank), due primarily to the ways
in which our survey data measure wealth. We find: (1) a strong negative correlation
between household wealth and warmer temperature in most hot countries, and (2) a
strong positive correlation between household wealth and warmer temperatures inmost
cold countries.

Exploiting detailed household occupation data, we also find that: (3) poorer individ-
uals aremore likely to be engaged in occupations such as agriculture or unskilledmanual
labor which are likely to exhibit greater heat exposure. On the whole, the aggregate rela-
tionship between heat and household wealth is negative and suggestive of potentially
regressive impacts of climate change on the distribution of wealth within countries.
However, wemust caution that these are cross-sectional relationshipswhich donot allow
for adaptive responses thatmaymitigate adverse heat-related impacts over time, and that
there is substantial heterogeneity in this relationship by local climate, suggesting that
moderate warmingmay have a progressive welfare impact in some cold countries due to
the fact that poorer households in these countries are often located in places subject to
more extreme cold stress.

The paper is organized as follows. Section 2 provides a summary of the related litera-
ture and presents the research questions. Section 3 describes the data. Section 4 provides
a spatial analysis of heat stress and poverty. Section 5 provides the empirical strategy.
Section 6 concludes.

2. Background and conceptual framework
A large lab-based physiological and ergonomic literature documents a systematic rela-
tionship between temperature stress of the human body and reduced performance on
cognitive and physical tasks. Average task productivity declines by around 2 per cent per
◦C above a threshold of around 20–25◦C across a range of tasks and studies (Seppanen
et al., 2006). Outside of lab settings, emerging evidence across a range of experimental
and quasi-experimental studies suggests that heat events have an adverse causal impact
on economic production, whether in the form of adverse impacts on labor supply, labor
productivity, or human health (Dell et al., 2014; Barreca et al., 2016; Heal and Park, 2016;
Hsiang, 2016).
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For instance, Zivin and Neidell (2014) find that, in industries with high exposure to
climate, workers report lower time spent at work as well as lower time spent on outdoor
leisure activities on hot and cold days. At temperatures over 100◦F, labor supply in out-
door industries drops by as much as one hour per day, or over 10 per cent, compared
to temperatures in the 76–80◦F range. Similarly, firm- and individual-level studies have
documented significant output and labor productivity declines due to heat stress. Sudar-
shan et al. (2015) find plant-level productivity declines among Indian manufacturers,
even when controlling for region, firm, and individual-specific factors. Hot days above
25◦C cause lower productivity in manufacturing plants, with a magnitude of roughly
minus 2.8 per cent per ◦C.

Extreme heat has been shown to reduce macroeconomic output indicators as well.
Building on the longstanding cross-sectional fact that hotter countries tend to be poorer
(Sachs, 2001;Horowitz, 2009), and that hottermunicipalities within some countries tend
to be poorer (Acemoglu and Dell, 2010), recent quasi-experimental research suggests
that temperature stress exerts a causal impact on economic outcomes. Deryugina and
Hsiang (2014) find that years with more hot days are associated with lower local income
and payroll per capita. They suggest that, in the average US county, average productivity
of individual days declines roughly linearly by 1.5 per cent for each 1◦C (1.8◦F) increase
in daily average temperature beyond 15◦C (59◦F). Behrer and Park (2017) find similar
results using payroll data at the US county level, and find that highly exposed industries
such as construction, mining or transportation experience impacts that are at least twice
as large as those that occur primarily indoors. On average, these studies suggest a per-
degree-C point impact magnitude of around minus 1 per cent to 3 per cent, although
there is emerging evidence that the impacts are smaller in developed economies such as
the United States and in firms or regions with higher levels of air conditioning.

Much of the literature has so far focused primarily on establishing the magnitude
and potential efficiency implications of such heat events, motivated by a desire to better
understand the magnitude of the negative externality associated with carbon pollu-
tion. Relatively less attention has been given to potential distributional impacts. Our
paper focuses on this issue, and provides an assessment of the factors that may influ-
ence differential exposure between poorer and richer households, as an indicator for
future vulnerability to higher temperatures. While our approach is not to identify causal
impacts, insights on how exposure to heat stress is distributed across the population
can provide input to policy measures designed to reduce current or future heat stress,
and may be particularly useful in informing transfer or adaptation policies intended to
minimize regressive distributional impacts of climate change policies.

Our work builds on a longstanding literature on regional sorting and climate ameni-
ties (Roback, 1982; Sinha et al., 2015; Albouy et al., 2016), although the emphasis in
this paper is restricted to informing the distributional dimensions of climate change as
opposed to understanding the economics of residential sorting or the implied valuation
of climate amenities as in most previous analyses. It extends to a larger set of countries
and to the household level the observation in Acemoglu and Dell (2010) that poorer
municipalities within the Americas tend to be located in more marginal climates.

Previous work suggests that: (1) heat stress is not uniform across or evenwithin coun-
tries, and (2) certain occupations are more exposed to such conditions. We will refer to
these two dimensions as geographic and occupational exposure to heat stress. Both may
play a role in determining the distributional consequences of heat stress. In our anal-
ysis, our focus is to examine the links between household wealth, location, occupation
and exposure to extreme heatwithin rather than across countries. The specific empirical
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questions we investigate using household survey and spatial data may be summarized as
follows:

(1) Geographic Exposure Bias: What is the cross-sectional relationship between
household wealth and extreme heat exposure within countries?

(2) Occupational Exposure Bias: What is the cross-sectional relationship between
household wealth and occupational exposure to heat stress within countries?

The primary objective of this analysis is to assess the current distribution of the expo-
sure to heat within countries, as a proxy for possible distributional consequences of
climate change through temperature impacts. Of course, by focusing on the impacts of
extreme heat stress, we are limiting the scope of analysis to one particular set of mecha-
nisms through which climate damages could manifest. As such, the implications should
be interpreted in the broader context of damage heterogeneity along other dimensions
such as sea-level rise, storm intensity or agricultural yield decline.

3. Data
3.1 Household-level data
The Demographic and Health Surveys (DHS) are a series of household surveys that pro-
vide nationally representative and standardized data on health, population and a limited
number of socioeconomic variables in developing countries.One of these socioeconomic
variables is a household-level ‘wealth index’, which is computed based on each house-
hold’s ownership of a standard set of assets, housing construction materials, and quality
of water access and sanitation facilities.1 DHS also includes a limited set of household
characteristics including size of household (number of occupants) and whether or not
the household is located in an urban or rural setting.

Also included in more recent waves of DHS surveys is a geographic identifier.
This identifier provides the coordinate location of the survey cluster. There are typ-
ically 500–1000 survey clusters in a country, with each cluster containing around 25
households. To guarantee anonymity of the interviewed households, the geographical
locations of the clusters have been randomly allocated by DHS within a radius from the
real location of maximum 2 km for urban areas, and 5 km for rural areas.

DHS data is available for over 90 countries from over 300 surveys (numerous rounds
are conducted within the same country). Of this, surveys in 52 countries contain both
a geographic identifier at the survey cluster level and a wealth index at the household
level, conditions necessary to estimate where poorer households and richer households
live within a country. This is an estimate since the survey clusters are offset (for full
details and limitations of the method, see appendix A). Thus, our sample contains DHS
household survey data from 52 countries, with the most recent survey in each country
selected. The year in which the survey data was collected varies somewhat by country
(between 1994 and 2013), but the vast majority (75 per cent) in our sample are surveys
conducted after 2008. Our final sample consists of household wealth scores from 690,745
households (which also contain coordinates of the survey cluster) in 52 countries cov-
ered by the DHS (appendix B presents detailed information on the survey, including the
number of clusters, number of households and survey year).

1DHS wealth scores are especially valuable in this context because many of the poorest countries lack
reliable government-collected income or consumption data.
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We extract household wealth scores for the universe of survey respondents and
express this score as percentiles of the country-specific wealth distribution (for ease of
interpretation), and use wealth quintiles – defining the poor as the bottom 20 per cent
in terms of wealth index. Due to the way in which the surveys were designed, the wealth
index cannot be compared across countries. As a result, the wealth scores are reported as
percentiles of the country-specific wealth distribution, and the results we present below
compare poor and non-poor households within the 52 countries. For an analysis of
cross-country correlations between income and heat exposure, see Horowitz (2009).

3.2 Occupational exposure data
A subset of 47 of the 52 countries in our sample, which represent roughly 74 per cent of
the households in the full sample, contain occupational information. We use this infor-
mation to examine the relationship between household wealth and likelihood of climatic
exposure at work.2 DHS occupational information includes occupation codes for the
survey respondent as well as for the partner for married households, sometimes down
to very specific categories: e.g. ‘Okada rider’, ‘Poultry farmer’, or ‘Dock Worker’.

While the degree of specificity in occupations varies by country, DHS provides
9 aggregated parent categories for all 47 countries in this subsample, which we
follow directly (USAID, 2013). The aggregated occupation categories are: ‘profes-
sional/technical/managerial’, ‘clerical’, ‘sales’, ‘agricultural’, ‘household and domestic’,
‘services’, ‘skilledmanual’, ‘unskilledmanual’, and ‘army’3. Themain variables of interest
are these aggregated occupation categories, for both the respondent and the respondent’s
partner in each household. This leaves us with 510,600 households for which we have
information on temperature, wealth and occupational characteristics.

3.3 Temperature data
We match households to local weather variables by using the cluster level geographic
coordinates provided in the DHS surveys (all households within each cluster have the
same coordinates; there are about 25 households per cluster). Average monthly tem-
perature and precipitation data is taken from the Climatic Research Unit (CRU) at the
University of East Anglia. CRU provides time-series reanalysis data onmonth-to-month
weather at a high spatial resolution (0.5 degree× 0.5 degree grid cells), which is averaged
over the period 1950–2013 at the grid cell level. For each coordinate location, we extract
the climate data from CRU on temperature and precipitation.

Our preferred measure of heat exposure is average temperature of the hottest
month. The primary results reported in this paper – namely a strong negative cor-
relation between household wealth and warmer temperature in hot countries, as well
as a strong positive correlation between household wealth and warmer temperatures
in cold countries – are robust to alternative classifications of temperature, including
monthly high temperatures, coldest month temperatures, as well as average annual
temperatures.

2We were unable to obtain complete occupational data for Cambodia, Angola, Uganda, Mali, or
Bangladesh.

3In using this aggregated classification scheme, we follow the expert judgements of the DHS survey team,
and we do not expect results to change substantially with another classification scheme.
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4. Geographical exposure bias
To investigate the exposure of poor and non-poor households to high temperatures
within the 52 countries we first define a ‘poverty exposure bias’ (PEB) that measures
the fraction of poor people exposed compared to the fraction of all people exposed
per country. When estimating the number of people exposed (and not exposed), we
incorporate DHS data on household size and also use household weights to ensure the
representativeness of our results. We compute the PEB as follows:

Poverty Exposure Biasi = Share of poorest quintile exposed
Share of all quintiles exposed

− 1

If the PEB is greater than 0, poor people aremore exposed to high temperature stress than
average; if the PEB is less than zero, poor people are less exposed. For instance, if within
a country, 25 per cent of the population in quintile 1 is exposed to high temperatures and
20 per cent of the entire population is exposed, the PEB would be 0.25. Since the wealth
index is comparable only within and not between countries, the PEB we calculate in this
paper is an estimate of whether poor people are more or less exposed compared to the
entire population within a specific country.

This PEB metric has recently been applied to floods and droughts (Winsemius et al.,
2015). While for floods, defining exposure is fairly straightforward (either a household
is in a flood zone or not), for droughts and temperatures, defining exposure is not as
direct. Here we define the exposure to heat waves in a way that is comparable with the
approach followed for floods and droughts in Winsemius et al. (2015).

To implement this, we obtain the maximum monthly temperature from CRU from
1960–2013 for each household in the sample (all of the 690,000 +households). This pro-
vides us a distribution of extreme monthly temperatures for each household, which is
used to assess the risk of high temperature. With this distribution, we then calculate the
number of months a household experienced a temperature above the 98th percentile of
country-month temperatures in its country. For instance, if the 98th percentile of tem-
perature in Nigeria over the considered period (1960–2013) is 30◦C, and a household in
Nigeria experiences a temperature of 31◦C, we mark that household as experiencing a
‘hot’ month. Across the sample of 1960 to 2013, we calculate the number of ‘hot’ months
each household experiences.

If the total number of ‘hot’ months a household experiences is more than 2 per cent
of all months from 1960–2013 (that is, if the household experiences more ‘hot’ months
than the average in the country), then that household is classified as being over-exposed
to high temperatures. If the household experiences less ‘hot’ months than is expected,
that household is classified as under-exposed.

This provides us with a classification of each household as being (over-)exposed or
not to high temperature, relative to the average in the country. Within each country, we
also know whether the household is poor (if the household is in Quintile 1 of the wealth
index). Based on this information, we calculate the PEB to high temperatures in each of
the 52 countries.4 We find that 37 out of 51 countries exhibit a positive PEB, that is, poor
people are more over-exposed to high temperature than the average. In these countries,
the results suggest that future increases in the frequency and intensity of heat waves are
likely to have regressive distributional impacts. In population terms, this represents 56
per cent of the analyzed population (the fraction is small because a few large countries

4The significance of the PEB is explored in the regression that follows.
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(a)

Figure 1. (a) Within the 52 countries we analyze, poor people inmost countries aremore exposed to higher tem-
peratures than the average population (main analysis using the relative definition). (b) Within the 52 countries
we analyze, poor people in most countries are more exposed to high temperatures above a threshold of 30◦C
(complementary analysis using the absolute definition).

such as Bangladesh, the Philippines and Indonesia have a negative PEB). These results
can be found in the maps in figure 1a, while the full estimates of the PEB are provided in
table 1.
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Figure 1. Continued.

The results suggest that in three-fourths of the countries analyzed, poor people reside
in areas that are more exposed to extreme temperature stress. In Africa in particular, 28
out of 34 countries exhibit a positive PEB to high temperatures, includingmost countries
in western and southern Africa. In Latin America the results are more mixed, with half
of the analyzed countries exhibiting a positive PEB. In Asia, five out of eight countries
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Table 1. Full results for the poverty exposure bias for the 52 countries

Country PEB (relative) PEB (absolute)

Albania −0.333 N/A

Angola 1.251793 1.107389

Bangladesh −0.07701 −0.13283
Benin 0.988184 0

Bolivia −0.45717 0.085551

Burkina Faso 0.668089 0

Burundi −0.42028 N/A

Cambodia 0.239931 −0.00433
Cameroon 1.396431 0.877101

Central African Republic 0.803523 0.01333

Colombia 0.696162 0.599262

Comoros 1.215704 1.632178

Congo (Kinshasa) 0.133276 0.497169

Cote d’Ivoire 0.091555 −0.03649
Dominican Republic −0.18336 −0.22344
Egypt 0.198946 0.561158

Ethiopia 1.391134 1.142203

Gabon 1.109011 1.016428

Ghana 1.546153 0

Guinea 1.625395 −0.01151
Guyana 0.158178 −0.16587
Haiti −0.09212 −0.09212
Honduras 0.046851 −0.15042
Indonesia −0.36818 −0.0279
Jordan 0.122819 N/A

Kenya 2.264893 1.206041

Kyrgyzstan −0.61815 N/A

Lesotho −0.79582 N/A

Liberia 0.081452 −0.096
Madagascar 0.440403 0.375944

Malawi 0.112495 0.292271

Mali 0.421567 0

Moldova 0.109866 N/A

Morocco −0.01598 N/A

(continued)
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Table 1. Continued

Country PEB (relative) PEB (absolute)

Mozambique 0.418412 0.219299

Namibia 0.77016 0.602481

Nepal −0.37713 −0.46465
Niger −0.08275 0

Nigeria 0.81481 0.010992

Peru 0.31108 0.893496

Philippines −0.62428 −0.13839
Rwanda −0.37742 N/A

Senegal 0.970137 0

Sierra Leone 0.057704 0

Swaziland 0.708064 N/A

Tajikistan 0.115736 N/A

Tanzania −0.59295 −0.43729
Timor-Leste 0.332469 0.505523

Togo 0.660964 0

Uganda 0.957571 0.885877

Zambia 0.763263 0.884866

Zimbabwe 0.871651 0.822209

exhibit a negative PEB, suggesting poor people are less exposed than non-poor people to
high temperatures.

While we use this relativemetric for themain PEB analysis, as a complementary anal-
ysis we also calculate a separate PEB using an absolute threshold that is more directly
related to thermal stress. We examine the spatial distribution of the population across
areas with average monthly maximum temperatures above 30◦C, a temperature thresh-
old identified in the literature on heat stress (Seppanen et al., 2006; Zivin and Neidell,
2014; Hsiang, 2016). We calculate the share of the poorest quintile and the share of the
population living in these exposed areas with temperatures above 30◦C. These results
can be found in figure 1b, while the full estimates of the PEB are provided in table 1.

Generally, the results are not qualitatively different when using this absolute thresh-
old. In Asia, the negative PEBs found using the relative definition remain, and in Africa,
the signal of positive PEB is still found in central and southern parts of the continent.
In Central and South America, 3 of the 7 countries switch directions (from negative to
positive, or the other way). Across the 52 countries, 26 show the same direction for the
relative or absolute PEB (e.g. the PEBs are both positive or both negative), while 8 have
different signals. For the remaining 18 countries, 10 are too cold to have large popula-
tions exposed to 30◦C temperatures while for 8, the vast majority of the country is hot,
so there is no difference between poor and rich (for instance in West Africa).

The literature reviewed earlier in this paper suggests that there is an ‘optimal zone’
for temperature and, as a result, in some cold countries it may be desirable to settle in
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Figure 2. Poor people in hotter countries live in hotter areas, but less so in cooler countries. Note: The poverty
exposure bias (y-axis) uses the preferred temperature measure, which examines the number of months each
household experiences a monthly temperature above the 98th percentile. The x-axis provides the annual average
of monthly temperature estimates over a 30 year period, to give an indication of each country’s climate.

areas which are hotter. For this reason, in countries with cooler climates, we may find an
over-exposure of non-poor people in hotter areas.

Indeed, we find that many of the 37 countries that exhibit a PEB for temperature
are already hot. If we plot the PEB against a country’s average annual temperature from
1961 to 1999 (to represent average climate), we find that hotter countries have a higher
exposure bias (figure 2). At the same time, cooler countries exhibit a smaller bias, and
in some cool countries, a negative bias. One explanation is that, in these cool countries,
non-poor people tend to settle in areas with higher temperatures because they are cli-
matically more desirable, which is supported in our analysis when using the relative or
absolute PEB. This is consistent with previous hedonic studies of the amenity value of a
mild climate Albouy et al. (2016).5

To investigate these results further, we run OLS regressions, examining whether the
main PEB (using the relative definition) can be explained by temperature, GDP per
capita, share of agriculture, share of population living in urban areas, and a regional
dummy, as shown in equation (1):

PEBi = α + B1Ti + B2GDPi + B3iAgi + B4Ui + B5Regi + εi, (1)

where PEB is the poverty exposure bias for temperature for country i, T represents the
annual average temperature from 1961–99, GDP represents GDP per capita in purchas-
ing power parity, Ag represents the share of employment in agriculture, U represents
urbanization rate, and Reg is a regional dummy. For GDP, agriculture share, and urban-
ization share, the latest data values are used. Data is obtained from the World Bank’s
World Development Indicators (World Bank, 2017).

5Our analysis does not allow us to extrapolate this relationship generally, since the countries where DHS
data are available are all developing countries and are not a representative sample at the global scale.
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Table 2. Regression between PEB, GDP, agriculture,
urbanization, and region dummy

(1)

VARIABLES PEB

Temperature 0.0348∗∗

(0.0158)

GDP 1.02× 10−05

(3.61× 10−05)

Agriculture −0.00596
(0.00923)

Urban −0.00142
(0.00696)

Regiondummy 0.153∗∗

(0.0562)

Constant −0.971∗∗

(0.468)

Observations 49

R2 0.305

Notes: Standard errors in parentheses. ***p < 0.01, **p < 0.05

Our results are presented in table 2. We find that the only variables that are signifi-
cantly associated with the PEB are temperature and the regional dummy for Africa.6 The
GDP, agriculture share, and urbanization share have coefficients close to zero and do not
approach statistical significance. These results suggest that the PEB phenomenon is not
entirely related to GDP or structural transformation – but appears to be related to geog-
raphy to a larger extent. Future research using time-series andmicro-level data (and also
examining maximum temperatures instead of averages) might be able to uncover more
insights regarding the factors associated with distributional exposure to heat stress.

In summary, these descriptive analyses suggest that the sorting of poor and non-poor
households within a country is non-random, but is based at least in part on sub-national
trends in temperature within a country.

4.1 Country-specific estimates
We investigate the suggestive relationship noted above using simple OLS regressions of
the following form:

Wijt = β1Tijt + εijt . (2)

In equation (2),Wijt represents thewealth percentile of household i in country j surveyed
in year t and Tijt represents average temperature for the hottest month of household i

6An alternative specificationwithout the regional dummyprovides similar results, with the coefficient for
temperature growing stronger and the coefficients for GDP, agriculture, and urban remaining insignificant.
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over the period 1960-t, where t is the year of the survey. β1 is the coefficient of inter-
est, and describes the unconditional relationship between a household’s within-country
wealth percentile and the average temperature in the vicinity of that household. We also
cluster standard errors at the household cluster level to account for potential interactions
among households in the same cluster.

Running equation (2) separately for each of the 52 country sub-samples yields a pat-
tern that is consistent with the idea of an optimal temperature zone (full results can
be found in appendix C, table A1). Out of the 52 countries surveyed, 23 exhibit a sig-
nificant negative relationship between temperature and household wealth, 10 exhibit a
statistically insignificant relationship, and 19 show a significant positive relationship.

The vast majority of those countries exhibiting negative relationships are tropical
countries with hot average climates such as Ghana, Zimbabwe or the Arab Republic of
Egypt. For the majority of countries in our data set with average annual temperatures
above 20◦C, β1hot < 0 (significant at p < 0.01), which suggests that poorer households
tend to be located in hotter, more marginal climates. A similar result is obtained if we
use average hottest month temperature to categorize countries by ‘climate’.

To focus on the impact of very extreme heat arising from global warming, it may
be desirable to isolate the subsample of unambiguously hot countries, for which rel-
atively high temperatures within the country will almost certainly be associated with
greater heat exposure, as opposed to possibly being correlated with reduced cold expo-
sure. Looking at the 21 hottest countries in our sample with average temperatures above
25◦C, we note that 14 have significant negative relationships. As a matter of compari-
son, the United States has an average annual temperature of about 11◦C, and an average
hottest monthly temperature of 21◦C. The fact that some notable hot and poor coun-
tries like Indonesia feature positive relationships between household wealth and heat
exposure, however, suggests that there might be important dimensions of heterogeneity
across omitted characteristics, calling for further investigation.

For the majority of cold countries in the data set – countries with average annual
temperatures below 20◦C, or coldest monthly average temperatures below 15◦C – the
opposite is true. That is, β1cold > 0 for 9 of the 12 countries in our data set with aver-
age annual temperatures below 20◦C. For cold countries with average annual average
temperatures below 15◦C, 5 out of 6 feature β1cold > 0.

This might suggest that, in cold countries, wealthier households self-select into
warmer regions due to a higher WTP for milder climates, or that households in more
marginal (colder) regions have lower wealth due to greater cold stress. It could also be a
function of other omitted correlates such as the quality of institutions or the quality of
land. Regardless of the mechanisms, they are consistent with further increases in tem-
perature due to climate change resulting in larger potential welfare impacts for poorer
households, due to the way in which the samemean-shift in average temperature leads to
a greater increase in hot days for already hot regions, and/or given diminishingmarginal
utility of consumption.

Themagnitudes ofβ1 vary considerably across countries and climates, but are in some
cases very large and in general are consistent with previous work documenting across-
andwithin-country gradients in incomeby temperature. For countrieswith average tem-
peratures below 15◦C, the average significant regression coefficient is 2.4 percentiles
per ◦C. For countries with average temperatures above 20◦C, the average significant
regression coefficient is −1.3 percentiles per ◦C. For extremely hot countries – those
with average temperatures above 25◦C – the average significant regression coefficient is
approximately −1.9 percentiles per ◦C.
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The results presented are an unconditional correlation between temperature and
wealth, and we find: (1) a strong negative correlation between household wealth and
warmer temperature in hot countries, and (2) a strong positive correlation between
household wealth and warmer temperatures in cold countries. Higher exposure to heat
of poor people can be directly due to temperature-related mechanisms (in either direc-
tion, from heat to poverty or from poverty to heat) or due to correlations with other
variables (e.g., linked to precipitation, elevation or socio-economic characteristics). As
a supplementary analysis, we also present the inclusion of controls, which add value by
exploring whether the relationship between poverty and temperature is direct or indirect
(e.g., captured through other variables).

To further investigate the conditional links between temperature and wealth, we also
run the following specification:

Wijt = β1Tijt + Xijtβ2 + εijt . (3)

In equation (3), Wijt again represents the wealth percentile of household i in country
j surveyed in year t; and Tijt represents average temperature for the hottest month of
household i over the period 1960-t, where t is the year of the survey, and Xijt is a vector
of controls: namely, rural/urban status, household size (number of individuals), average
annual precipitation, and elevation. We again cluster standard errors at the household
level.

The motivation behind including these controls is twofold. Correcting for household
size and rural/urban status allows for an interpretation of the wealth index that is closer
to a normalized, per capita metric. Correcting for precipitation and elevation allows us
to focus on temperature specifically, since there is evidence to suggest that precipitation
and elevation both affect residential sorting, and since there is less uncertainty in cli-
mate projections regarding temperature increases compared to changes in precipitation
patterns.

These conditional results are presented in appendix C, table A2, and the findings are
very similar to our unconditional specification for the vast majority of countries (see
appendix C, figure A1 for a comparison), supporting the result found above suggesting
the importance of temperature. Note that in this case, when including controls, we still
cannot conclude about causality: we do not know if people self-sort or if temperature
leads to poverty (it is likely that causality runs both ways). Nevertheless, when including
controls, we find the existence of a direct relationship between temperature and wealth,
with unclear causality.

4.2 Country case study: Nigeria (hot)
Taking Nigeria as a representative case study (and using our preferred specification of
no controls), we see a strong negative relationship between heat stress and household
wealth in the scatterplot in figure 3 (with data points binned by percentile of the temper-
ature distribution). In other words, what this scatterplot does is to divide households into
different bins across the temperature distribution, and plots one point for the average of
household wealth scores in each bin.7

7Similar scatterplots for various other countries includingGhana,Uganda,Kyrgyzstan, Peru, Bangladesh,
Indonesia, and the Philippines are presented in appendix D.
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Figure 3. Average hottest month temperature and household wealth by temperature bin for Nigeria.

Among the 38,144 households surveyed, households located in places that are
exposed to greater degrees of heat stress within the country have systematically lower lev-
els of aggregate wealth. Households located in a grid cell with 1◦Celsius warmer hottest
temperature tend to be 9.4 percentiles poorer on average. Nigeria is a hot country with
an average temperature of 27.3◦C (81.2◦F) and, as such, one would expect that future
climate change would increase heat stress for most if not all households, since most
households already reside in areas that are subject to more heat stress than cold stress.

4.3 Country case study: Lesotho (cold)
Lesotho illustrates the opposite effect: a positive relationship between temperature and
wealth. Among the 9,226 households surveyed, a 1◦Celsius warmer hottest month tem-
perature is associated with a 6.3 percentile higher household wealth score (figure 4).
Lesotho is a relatively cold country, with average annual temperatures in the low teens
(14.4◦Celsius, or roughly 60◦Fahrenheit), with winter month temperatures dropping
well below freezing. Thus one would expect the relatively warmer households to be
closer to the human thermoregulatory optimum, and as such, to suffer fewer cold-related
diminutions to labor supply and labor productivity.

5. Occupational exposure bias
Poorer households may be more likely to engage in work that is more exposed to the
elements, in which case we would expect even uniform warming to result in outsized
welfare losses for poorer households due to the higher likelihood of heat-related health
and productivity impacts. Conversely, it may be the case in some countries that relatively
affluent households are employed in sectorsmore susceptible to heat exposure. Thismay
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Figure 4. Average hottest month temperature and household wealth by temperature bin for Lesotho.

be true if, for instance, certain skilled trades such as masonry or electrical engineering
involve extensive outdoor work in hot climates.

Exposed sectors may include outdoor work-intensive sectors such as agriculture or
construction, as well as transportation (e.g. rickshaw drivers) and manual labor inten-
sive industries where air conditioning is missing or inadequate. Understanding the
covariance structure between household wealth and occupational exposure to temper-
ature stress is thus an important but as yet unstudied factor that may determine the
distributional impacts of heat stress arising from climate change.

We estimate the exposure bias of poorer households arising from occupational choice
by constructing an indicator variable denoting whether or not a household has at least
one member engaged in an ‘exposed occupation’. We define ‘exposed occupation’ to
include agriculture, unskilled manual labor, and military occupations. We also run a
specification in which the ‘exposed occupation’ variable does not include agricultural
occupations, in order to assess the sensitivity of the results to agriculture.

We fit a logistical regression for the subset of countries (described above) which
contains information on household occupations:

Prob(Iij = 1) = �(γ0j + γ1jYij + εij)

where Prob(Iij = 1) denotes the probability that the indicator variable for exposed
occupation is equal to one, and �(. . . is the cumulative standard logistic distribution
function. Yij denotes the wealth percentile of household i in country j and εij denotes a
household-, country-specific error term, and we cluster standard errors at the household
cluster level. In all the regressions presented, we conduct one analysis per country, since
our focus is on examining relationships within countries, leaving comparisons across
countries for future research (e.g., usingmetrics such as the InternationalWealth Index).
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Figure 5. Occupational extreme temperature exposure and household wealth in Nigeria, values fitted by logisti-
cal regression. Dummy is 1 if either parent is exposed, 0 if neither is exposed.

5.1 Household wealth and occupational exposure
We find a clear negative relationship between exposure likelihood and household wealth
within all 47 countries for which occupational data are available. In a simple logit uncon-
ditional regression of an exposure dummy on household wealth percentile, all resulting
coefficients are negative and significant at p < 0.01 (appendix E, table A3). This is
driven primarily by the prevalence of agricultural occupations in poorer households.
Agricultural occupations account for the vast majority of highly exposed occupations,
comprising approximately 38.2 per cent of total respondents’ occupations in the 47 coun-
tries for which occupational data are available.8 As shown in appendix E, table A4, there
is no clear relationship between the likelihood of occupational exposure and tempera-
ture stress; that is, no clear evidence suggesting that households in hotter climates are
more or less likely to work in occupations with greater exposure to the elements.

Nigeria illustrates the typical relationship between household wealth and occupa-
tional exposure for a developing country. With a per capita income of roughly US$3,203
(2014) in market exchange rate, Nigeria is a lower middle-income country, with the
majority of households engaged in agriculture or manual labor (>51 per cent). Even
within Nigeria, it is the poorest households that are more likely to be engaged in manual
work that occurs primarily outdoors. Households in Nigeria exhibit a negative relation-
ship between household wealth and occupational temperature exposure, with a logistical
regression coefficient of−0.04, significant at the 99 per cent confidence level. This yields
the following regression equation:

ENigeria = 1
e0.04138Yi,Nigeria−1.597 + 1

8Unskilled manual labor accounts for 7.77 per cent, and the army makes up 0.22 per cent of responses.

https://doi.org/10.1017/S1355770X1800013X Published online by Cambridge University Press

https://doi.org/10.1017/S1355770X1800013X


366 Jisung Park et al.

where E represents the probability of occupational exposure from 0 to 1, and Yi,Nigeria
represents household wealth in percentile units. Thus, a household in the 40th per-
centile of the wealth distribution has a 48.5 per cent chance of being occupation-
ally exposed, whereas a household in the 60th percentile has a 29.2 per cent chance
(figure 5).

6. Conclusion
This paper examines empirically the geographical and occupational exposure of poor
and non-poor households to heat stress, using data from household surveys and cli-
mate measurements at the sub-national level. We find that poorer households tend
to be located in hotter locations within hot countries, and that poorer individu-
als are more likely to work in occupations with greater exposure to the elements,
not only across but also within countries. This suggests that the impacts arising
from climate change – at least as they pertain to direct thermal stress of human
beings, and given stability in the rank-orderings over time – may be regressive within
countries.

However, we also find evidence suggesting that part of the negative (and regressive)
impacts of climate changemay be offset by the fact that, in cold parts of the world, poorer
populations tend to live in themoremarginal (colder) environments, and that these pop-
ulations may in principle benefit from moderate warming. Whether this is indeed true
will depend on the ways in which average warming for the planet as a whole manifests
as changes in local weather patterns: in particular, the extent to which warming will lead
to a reduction in winter cold or increases in summer heat. These results are also limited
only to the context of thermal stress of human agents, and says little about the distri-
butional dimensions of damages to crops and damages arising from flooding, storms or
disease vectors.

Further research regarding both the expected changes in exposure – for instance,
projected changes in extreme heat and extreme cold days at the local level – as well
as the extent and evolution of adaptive capacity is sorely needed, particularly the abil-
ity for poor households to access physical capital such as air conditioning or their
ability to migrate in response to changes in environmental conditions. There is evi-
dence that liquidity constraints may pose substantial hurdles to adaptive investments
(Davis et al., 2014), suggesting a role for government intervention in efficient adap-
tation, but that perverse policies may also hinder efficient adaptive responses (Annan
and Schlenker, 2015). In addition to economic damages from worker productivity and
crop losses, limited adaptation capacity in the face of worsening heat stress may also
negatively affect the health and nutrition of children, reducing human capital and poten-
tially perpetuating inter-generational poverty (Guha-Sapir and Santos, 2013; Daoud
et al., 2016). Further research using time-series and administrative micro-data may shed
light on the factors affecting the dynamics of occupational and geographic exposure
over time.

Supplementarymaterial. The supplementary material for this article can be found at https://doi.org/10.
1017/S1355770X1800013X
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