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of income within and across countries. Using methods from the existing literature on climate
and economic growth, we analyze the economic impact of rising temperatures by within-
country income decile. Our findings suggest that climate change disproportionately affects
Keywords: the poorer segments of the population within countries, even after accounting for a country’s
Climate change ability to adapt to climate impacts, while richer households suffer lower damages. In the
Climate damages reference scenario without additional climate action (3.6°C warming), we estimate that climate
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1. Introduction

It is widely acknowledged by the scientific community that climate change has had, and will increasingly have, significant impacts
on societies and economies worldwide. Some notable examples include the impact of climate change on economic growth (Burke
et al., 2015; Newell et al., 2018; Dell et al., 2012), annual income (Deryugina and Hsiang, 2014), labor productivity and supply (Graff
Zivin and Neidell, 2014), human capital (Graff Zivin et al., 2018), demography (Casey et al., 2019), migration (Cattaneo et al.,
2019; Desmet and Rossi-Hansberg, 2015), food security (Deschénes and Greenstone, 2007), and energy consumption (De Cian and
Wing, 2019; Isaac and Van Vuuren, 2009). Impacts are expected to be heterogeneous across space and households with different
income levels, occupations, and consumption patterns, among other characteristics. Such heterogeneity will thus affect the degree
of inequality both within and between countries.
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Between countries, climate change may exacerbate inequality (Diffenbaugh and Burke, 2019) by causing heat-related impacts
that disproportionately affect low-income countries (Taconet et al., 2020). This vulnerability is generally linked to the geographic
location of low-income countries in low latitudes with hotter temperatures (Mendelsohn et al., 2006).

Within countries, climate change is expected to have different effects across households. In developing countries, small-scale
farmers may have limited means to adapt to climate change, for example to droughts, floods, and other disasters exacerbated by
global warming (see, e.g., Cohen and Dechezleprétre (2022) for the higher vulnerability of poorer households to mortality impacts).
This vulnerability can lead to food insecurity, poverty, displacement, and to a widening economic gap between the rich and the poor.
For instance, under credit constraints, temperature shocks can hinder efficient labor reallocation (Liu et al., 2023). Additionally,
climate change can cause natural disasters and health risks that disproportionately affect populations already living in poverty and
inequality, further exacerbating existing disparities.

However, at the global or national level, only limited evidence has been found on within-country inequality and its link to
weather and climate. A few exceptions include studies focusing on Vietnam (de Laubier Longuet Marx et al., 2019) and India (Sedova
et al., 2019). Therefore, the effects of temperature change on inequality within different countries remain unclear. Some studies
link higher climate change vulnerability to greater inequality in developing countries, with less pronounced effects in developed
ones (Cevik and Jalles, 2023), as well as increased inequality between and within communities (Hsiang et al., 2019). Preliminary
evidence focusing on aggregate indexes suggests that global warming could lead to an increase in within-country inequality — as
measured by the Gini index (Malpede and Percoco, 2021; Dasgupta et al., 2023; Paglialunga et al., 2022), or by the income share
of the poorer half of the population, through the effects of precipitation (Palagi et al., 2022).

This study contributes to the existing literature by analyzing in a novel way the impact of climate change on income inequality
within countries. Unlike previous studies such as Diffenbaugh and Burke (2019), which focus on between-country inequality, we
provide an explicit and direct measure of income inequality within countries across income deciles. We estimate three different
climate impact functions, using decile-level economic data and country-level climate data, to study the economic consequences of
climate change on the within-country income distribution.’

Results show that the distributional consequences of climate impacts are regressive within countries, consistently for all three
damage function specifications (although the choice of damage function strongly influences global projected impacts). Specifically,
the poorest individuals within countries (those in the first decile of the income distribution) are projected to suffer the most severe
economic impacts of climate change. Additionally, the vulnerability to rising temperatures decreases almost monotonically across
income deciles within countries. Moreover, in line with the existing literature, the majority of climate damages is concentrated in the
hotter and poorer regions of the world: those most affected by climate change are the poorest between and within countries. Allowing
for income-based adaptation, population-weighted within-country variation of climate damages accounts for almost two-thirds of
the variance of total damages by 2100, with the remaining variation explained by variation in damages across countries.

The global within-country income elasticity of damages and benefits is a summary statistic providing a simple quantification
of the distributional implications of climate impacts. It can be used as input for other assessments, e.g., for the Social Cost of
Carbon (Dennig et al., 2015). This value is estimated with an extensive Monte Carlo analysis, resulting in a central value of 0.64
and a 25/75% confidence range of [0.5;0.8] for the elasticity of damages, and a central value of 1.01 [0.8;1.2] for the elasticity
of benefits. Climate change damages are more regressively distributed in poorer and warmer countries, while benefits are captured
slightly more by the richer deciles in advanced economies.

The article is organized as follows. Section 2 presents the empirical strategy estimating the impact functions by income decile.
After describing the data in Section 3, Section 4 presents the results. The following sections discuss the projected damages until
2100 (Section 5) and the income elasticity of climate impacts (Section 6), followed by the conclusions in Section 7.

2. Empirical strategy

The empirical strategy employs three different impact functions from the climate econometrics literature to study the effect of
weather variables (annual temperature and precipitation) on the growth of income across income deciles within countries. Given the
existing uncertainty regarding the most appropriate specification and the importance for climate damage projections, as highlighted
in Newell et al. (2021), we consider multiple impact functions specification. These three impact functions build on Burke et al.
(2015), Kalkuhl and Wenz (2020) and Jiao et al. (2023), respectively. We estimate them separately for each decile ¢ =1, ..., 10 of
the (within-country) net income distribution. We model the income growth of each decile as a function of annual mean temperature,
cumulative yearly precipitation, and other covariates, which include the usual fixed effects by country and year, as well as country-
specific trends. We further include among the covariates one lag of the dependent variable, as in Pretis et al. (2018), to better
account for the dynamics of income by decile and better isolate the effects of temperature. Note that with the large time dimension
in our data (T = 55), the bias on the lagged dependent variable coefficient in fixed effect models becomes negligible.

The impact function from Burke et al. (2015) (henceforth BHM) allows for a non-linear relation between temperature and output
growth through the use of quadratic terms so that a marginal increase in temperature may have a differential effect in countries
with different climates. At the same time, this specification implicitly assumes that countries’ response to temperature changes only
depends on their initial temperature levels and not on other factors. Formally:

Ay?t = 4y!

q q 2 4 q 2 2
w1 T P Temp; + ByTemp; +y, Prec; + v, Prec; + a; + 0, + (it + §1° + ¢ )

1 We estimate the impact functions of Burke et al. (2015), Kalkuhl and Wenz (2020), and Jiao et al. (2023), as detailed below.
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with i and 7 indexing country and year, respectively. y;, is the real per capita income of decile ¢ in logarithm. 4 is the first-difference
operator, Temp;, is the annual average temperature, and Prec;, is annual cumulative precipitation,” «; and 6, are country- and
year-fixed effects, ¢;t and ¢;¢* are linear and quadratic country-specific time trends.
The impact function from Kalkuhl and Wenz (2020)° (henceforth KW) for the decile q is:
ayj, = 4y, |
+ﬁgAPrec[, + ﬂ;’APrec,-,_] + AZAPrec[, * Prec;,_; + ﬂ;’APrec[,_, * Prec;,_;

+ ﬂgATemp,-, + ﬂ;’ATemPit—l + ﬁgATemp,-, * Temp;,_| + ﬂ;’ATemp,-,,l * Temp;,_

+d)‘|’ Prec;,_ + ¢g Precizt_1 + C]qTempi,_l + CgTemp%,_l +a;+6,+61t+¢;, (2)

As in BHM, this modeling choice allows for heterogeneous impacts of temperature shocks across different climates without
additional forms of heterogeneity. Moreover, it allows weather variables to have both a level effect on aggregate output from the
terms in first difference (i.e. a temporary effect on the growth rate of output) and a growth effect from the terms in levels (i.e. a
permanent effect on the growth rate of output).

Next, we consider the possibility that income alters the responsiveness of growth to the local climate, as in Jiao et al. (2023).*
By observing damages from temperature shocks, we can infer that adaptation to climate shocks is costly. Higher income relaxes
the budget constraint under which economic agents undertake the optimal adaptation decision. Hence, the wealthier an agent is,
the more they can invest in adaptation to insulate themselves from climate impacts. This simple theoretical hypothesis guides the
empirical specification of the impact function, which allows for income-driven adaptation. In an extension of Burke et al. (2015), we
interact each term of the quadratic functions of temperature and precipitations with y;_,, the lagged country-level log of GDP per
capita of country i. This can capture private adaptive capacity, allowing investment into proactive or reactive adaptation measures,
but also public adaptation measures. We refer to this model specification as BHM-Adaptation. This is our preferred specification
and the one we focus on when presenting our main results in Sections 4 and 5, while showing that the main takeaways regarding
the distributional consequences of projected climate impacts are robust to the choice of the damage function.

Ayl = AY! + Temp, (B7 + ply,_y) + Templ (B2 + BLyi—1) + Prec, (v} +viyi_1) 3)
+ Prec[zt(yg + yZy,-,_l) +a;+ 4, +6t+¢;

The hypothesis is that income mitigates damages caused by deviations from the optimal temperature, and we expect that f;
and g, have opposite signs to f, and f,, respectively. Given that GDP per capita is always positive, the higher a country’s average
income is, the flatter its temperature response function will be, and vice versa.

Hence, this reduced-form specification can capture, for example, the kind of adaptation that takes place by re-allocating
production to sectors less exposed to the higher temperature’s negative impacts on productivity (see e.g. Somanathan et al. (2021)),
or by investing in protective technologies such as air conditioning (Barreca et al., 2015). This extension of the polynomial damage
function specification allowing for income-driven adaptation follows (Carleton et al., 2022), who apply a similar strategy to the
mortality impacts of daily temperatures.® Jiao et al. (2023) show how outlier observations in the dependent variable of interest can
distort OLS coefficients because some identifying variation in the dependent variable may be erroneously attributed to variation
in the climate variables of interest, thus biasing the coefficients on those variables, despite the presence of fixed effects and other
controls. Because of this, we present in Section A.1 results for the decile-level BHM-adaptation damage function estimated with OLS
dropping the top and bottom 1% of outliers, as well as using the Impulse Indicator Saturation (IIS) estimator proposed in Santos
et al. (2008). The sign and size of the coefficients are robust, but come at a cost in precision, especially for the lower deciles, leading
us to rely on the full-sample results when presenting the projected distributional consequences of climate impacts.

In addition to the decile-level damage functions, we estimate the country-level corresponding functions, with the same
explanatory variables and where the dependent variable is Ay;,, the growth of real per capita GDP in country i and year .

To summarize, we estimate a separate set of coefficients for each income decile. We evaluate how the ten deciles of net income
distribution respond to the same country-level variations in annual temperature. The distributional consequences of climate change
within each country will then depend on the relative slopes of the impact function among each decile. Income inequality will worsen
due to climate change if the impact functions for lower deciles, evaluated at the country’s current climate, have a steeper negative
slope than the upper deciles of the income distribution, and vice versa. When presenting our decile-level results on the impact
of temperatures on decile income growth in Sections 4 and 5, we focus especially on the findings from the estimation of Eq. (3).
In Section 6 we show that our main findings on the distribution of climate impacts within countries hold across all three impact
function specifications from the literature.

2 Whereas Kotz et al. (2022) also include extreme indices of climate in the framework of Kalkuhl and Wenz (2020), their results suggest that the largest part
of impacts can indeed be captured by annual mean temperature. Hence we focus on these aggregate values here.

3 We consider column (5) from Table 4 in Kalkuhl and Wenz (2020), as this is indicated as the preferred panel specification in the paper and the one used
for climate impact projections

4 A similar specification is also examined in Burke et al. (2015), Extended Data figure 1, but with an interaction for the linear temperature term only.

5 We show in Section A.1 that our results are robust to considering the average per capita GDP over the sample period, a rolling average of 10 or 15 years
for y,, as well as to excluding precipitation controls or allowing for quadratic trends.
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Table 1
Summary statistics.
Name Mean Min Max SD

1 Log(GDP pc) 8.20 5.11 11.63 1.43
2 GDP pc growth 0.02 -1.03 0.68 0.06
3 1st decile, share in % 2.21 0.00 5.36 0.98
4 2nd decile 3.66 0.18 7.21 1.30
5 3rd decile 4.67 0.21 8.07 1.40
6 4th decile 5.66 0.56 8.96 1.42
7 5th decile 6.71 1.58 9.82 1.38
8 6th decile 7.92 2.44 10.78 1.29
9 7th decile 9.47 4.05 12.50 1.11
10 8th decile 11.66 6.17 14.64 0.83
11 9th decile 15.41 10.85 19.49 0.86
12 10th decile 32.70 13.74 70.95 8.89
13 Annual temperature (°C) 18.02 -3.47 29.98 7.68
14 Annual precipitation (mm) 91.22 0.83 356.52 55.93

3. Data

Temperature and precipitation data come from the Climate Research Unit at the University of East Anglia. We aggregate gridded
monthly average temperature and precipitation with 0.5° resolution using population weights at the same resolution from the
SocioEconomic Data and Applications Center (SEDAC) at Columbia University, accounting for cells that are only partially covered
by a country’s borders and for the area extent of each pixel. This is done computing the weights w for each grid cell belonging to
a country according to the formula w;; = c;; * a;; * p;;, where ¢, is the fraction of the cell ;j that falls within country i’s borders,
a;; is the area in km covered by the grid-cell (this changes across latitudes) and p;; is the population count/km in the cell. The
monthly series are then aggregated to the annual level in order to match the macroeconomic indicators.

GDP growth data comes from World Bank’s Development Indicators, calculated from GDP per capita in constant 2015 USD.
Decile-level income is reconstructed from decile-level income shares data described and assembled in Narayan et al. (2023b) and
slightly updated in Narayan et al. (2023a). The authors combine publicly available data on the deciles of the within-country
distribution of net income (post-tax, disposable) from the UNU Wider World Income Inequality Database (WIID), with data on
deciles for consumption, and country-level Gini data from the World Bank’s World Development Indicators. Briefly, they impute the
missing values for income deciles with the predicted values coming from (i) consumption data when available (predicted through
OLS), and (ii) Gini data through Principal Component Analysis. This yields an almost balanced panel dataset, in contrast to a strongly
unbalanced WIID. We compute decile-level income levels multiplying decile-level income share by GDP per capita. The analysis is
performed on unbalanced data (because of missing Gini or GDP data) from 1960 to 2015. Table 1 presents the summary statistics
of the variables we use for our empirical specifications.

Projections follow the combined Shared Socioeconomic Pathways (SSPs) for country-level socioeconomic variables (Population
and GDP) (Riahi et al., 2017). We use as a reference the SSP3 scenario, which follows current trends in regional rivalries and
conflicts, assuming reversal in globalization trends (O’Neill et al., 2017). SSP2 is explored as a robustness check (see Section A.5). We
compare this scenario without climate impacts to the same projected per-capita GDP after applying climate impacts from temperature
increases. The impacts are based on the damage coefficients estimated in Section 4. Since the regression coefficients for precipitation
are imprecisely estimated and its future projections are not reliable, we focus our analysis on the effects of temperature, in line with
the existing literature.

To create our baseline scenario under SSP3 with no climate impacts, we use the RICE50+ model, described in detail in Gazzotti
(2022). The model is an extension of Nordhaus’s seminal DICE model (Nordhaus, 2017) and features 154 countries. Temperature is
downscaled to the country level based on the CMIP6 model ensemble (Eyring et al., 2016). The model includes projections for total
GDP and population at the country level as well as projections on decile-level income, depending on the SSP scenario. The main
scenario we consider when presenting our results sees GDP growing under the SSP3 scenario, thus yielding temperatures similar to
the high-emission RCP 7.0 scenario. Indeed, the global average increase in surface temperature is around 3.6 °C by 2100 under this
scenario relative to preindustrial (Appendix Figure A.5).

4. Empirical results

Estimates from Eq. (3) (BHM-Adaptation) confirm that country-level income plays a crucial role in reducing vulnerability to
climate damages. In addition, the poorer deciles are more affected by climate, furthering within-country inequalities. The estimated
coefficients are presented in Table 2.

Notably, two key factors contribute to larger damages in lower-income countries. First, the damage function of lower-income
countries exhibits a steeper curve. This implies that marginal damages grow faster in poorer countries as temperatures deviate
from the optimal level in a warming world. An inverted-U damage function, consistently with previous studies (e.g., Burke et al.
(2015)), becomes less pronounced as GDP increases. This reduced sensitivity of economic growth between countries results from
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Table 2
Damage functions, with BHM-adaptation.

Dependent variables: Decile income growth GDP pc growth

Model: m ) ®) @) ®) ©) @ ® © 10y an

Variables

Temperature 0.1657*** 0.1390*** 0.1375** 0.1356"** 0.1304* 0.1281*** 0.1275** 0.1288** 0.1278* 0.1180"** 0.1329"*
(0.0621) (0.0399) (0.0352) (0.0317) (0.0287) (0.0268) (0.0252) (0.0238) (0.0227) (0.0237) (0.0237)

Temperature, Squared —0.0045** —0.0032** —0.0033*** —0.0033"** —0.0032*** —0.0031*** —0.0031*** —0.0031*** —0.0031*** —0.0028*** —0.0032***
(0.0021) (0.0014) (0.0012) (0.0011) (0.0009) (0.0009) (0.0008) (0.0008) (0.0007) (0.0008) (0.0008)

Temperature X GDP(r — 1) -0.0152** —0.0124*** -0.0126** —0.0124** -0.0122%** —0.0120*** -0.0120** —0.0122** -0.0121*** -0.0107*** -0.0126"*
(0.0063) (0.0040) (0.0036) (0.0032) (0.0030) (0.0028) (0.0026) (0.0025) (0.0024) (0.0026) (0.0025)

Temperature Sq. x GDP(r — 1) 0.0004* 0.0003* 0.0003** 0.0003** 0.0003* 0.0003** 0.0003** 0.0003** 0.0003** 0.0003** 0.0003***
(0.0002) (0.0002) (0.0001) (0.0001) (0.0001) (0.0001) (9.43%x107) (8.9%107%) (8.59x 107%) (9.57x 107%) (8.81x107)

Fixed-effects

Country Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Year Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Varying Slopes

Year (Country) Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes

Fit statistics

Observations 5,551 5,551 5,551 5,551 5,551 5,551 5,551 5,551 5,551 5,551 5,551

R? 0.09430 0.09704 0.10928 0.13340 0.16973 0.20311 0.24298 0.27602 0.27332 0.14926 0.30600

Within R? 0.06357 0.02177 0.02327 0.03068 0.03692 0.04902 0.06888 0.08896 0.08365 0.04845 0.11574

Clustered (Country) standard-errors in parentheses.
Signif. Codes: ***: 0.01, **: 0.05, * 0.1.

Note: Regressions of decile income growth (columns 1 through 10) and GDP per capita growth (column 11) on a function of temperature and income. All regressions also include precipitation, squared precipitation, and their
interaction with lagged income levels.

the interaction terms of lagged income with linear and quadratic temperature, with these terms exhibiting opposite signs of the non-
interacted temperature terms for all deciles. To illustrate this, Fig. 1 displays the decile-level and country-level damage functions at
various income levels for a hypothetical low-income country (25th percentile of per capita GDP observations in the sample, 1300
USD), a middle-income country (50th percentile, 3463 USD), and a high-income country (75th percentile, 12968 USD). Confidence
intervals are excluded in the figure for visual clarity, and they are reported in Figure A.2 in the Appendix. Results do not appear to
be artifacts of the reconstruction of income shares in Narayan et al. (2023a) (Section A.1 in Appendix).

Second, current temperatures are already further above the optimal temperature in poorer countries than they are in richer ones.
The optimal temperature estimated from the decile-level regressions across income levels of countries is around 18 °C (although it
varies slightly across deciles), higher than the optimal levels of Burke et al. (2015) (13 °C) and Kalkuhl and Wenz (2020) (5 °C). Low-
income countries are on average warmer meaning that, assuming a quadratic damage functions, a marginal increase in temperatures
leads to proportionally larger losses in output growth.

The impacts are also unequal within countries. As plotted in Fig. 1 and implied by the coefficients of Table 2, the damage
functions show that the income of poorer households is more responsive to temperature changes regardless of GDP levels. In addition
to this, we also see that the responsiveness to temperature appears to decrease almost monotonically across income deciles.

To summarize, the sensitivity of income to climate decreases along the income distribution both between and within countries.
The within variation is the key result underpinning Sections 5 and 6 on the distributional consequences of climate change impacts.

5. Projected distributional impacts

The previous section highlighted the distributional effects of climate change estimated over the past half-century, within and
between countries. However, it remains unclear what the future distributional implications will be. On the one hand, increasing
temperatures will damage GDP growth; on the other hand, higher income levels will increase adaptive capacity. We, therefore,
project damages to the end of the century and explore the distributional implications within and between countries.

We project GDP and temperature using the RICE50+ model (Gazzotti, 2022). Decile-level income is reconstructed from projected
decile shares (Narayan et al., 2023b) and GDP. Impacts for each decile g4 in time ¢ are then defined as the difference between the
projected income per capita y! with climate impacts and counterfactual income per capita 3, without impacts® :

i =Y = Vi @
The counterfactual , is constructed letting income of decile ¢ in year 7 and country i evolve according to:
yi=( + g )jﬂ’ft_l )
where g is the counterfactual growth rate under no climate impacts from the SSPs. Income with climate impacts is

vio= A+ gl + 5, (6)

1

with &7 is the estimated climate impact factor, which differs across impact function specifications. It represents the reduction or
increase in economic growth rate caused by deviations from the optimal temperature. Under the BHM specification, 5[.", is:

BHM _ 24 ~q
5?, = p, (Temp;, — Temp;y) + P, (Templ.zt - Tempi20) (7)

6 Analogously, country-level damages are defined as X, di=X,00 = ¥
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Decile-level damage functions, with BHM-adaptation
Function varies by income level of the country

Low-income country Middle-income country High-income country

0.0 Deciles
’\ — D1
D2
D3
D4
D5
D6
D7
D8
D9

0.1

0.2

Decile growth
S

-0.3

— D10
04 GDP

Low-income country Middle-income country High-income country
400 400

300 300

200

N° of observations
8

10 20 30 0 10 20 30 0 10 20 30
Temperature Temperature Temperature

Fig. 1. Damage functions at the decile level. DI to D10 indicate deciles from the poorest to the richest. GDP indicates the country-level damage functions.
Decile-level damage functions with income-driven adaptation for three selected countries at different income levels. The shape of the function varies with the
income level both within and between countries. Confidence intervals have been omitted for visual clarity; they are reported in Figure A.2 in the Appendix. Low
income: 25th percentile of the GDP per capita distribution in the sample, 1,300 USD per capita. Middle income: 50th percentile, 3,463 USD. High income: 75th
percentile, 12,968 USD.

Under the KW specification, it is:

KW _ 4 ~q ~q ~q
6" =Po ATempy + By ATemp;,_y + p, ATemp;, * Temp;,_y + 5 ATemp;,_; * Temp;,_, ®)

Under the BHM-Adaptation specification, it is:

5l.qt’BHM_Adapm”o" = (Temp;; — Temp,-o)([i\f + ﬁgy,,_l) + (Tempizt - Tempizo)([/i\g + /}Zy,-,_l) ©)
where Temp;, is temperature in country i in 2015 and y;,_, is the lagged GDP per capita under climate impacts in logarithms. Note
the compounding of effects: climate change may reduce income levels and thus the ability to adapt, causing larger relative damages.

The projected impacts across damage functions are of the same order of magnitude. In 2100, under a RCP 7.0 warming scenario,
global impacts on per capita GDP are projected at around 9% of GDP under the BHM specification, 7.5% under the BHM-Adaptation
specification and about 2.4% of GDP under the KW specification (when estimated with country-level data instead of the original
sub-national level data).” We report the estimated global impacts over time for all damage function specifications, as implied by our
empirical results, in Figure A.6 in Section A.6, where we also explain some discrepancies with previous results on global projected
impacts.

Distributional effects are shown by Fig. 2 , which displays projected climate impacts as a share of income across income deciles
under the BHM-Adaptation specification. Median impacts are negative and similar for all deciles but the richest one. However, the
impacts range and variance across countries is larger for the lower deciles. The negative and regressive effect of climate change is
consistent across the three damage functions (Figures A.8 and A.9 in Appendix).

Globally, climate impacts are more regressive in hotter and poorer countries. Fig. 3 displays how the projected regressive damages
vary across countries. Panel (a) plots the difference between the relative impacts (impacts as a share of income) of the lowest and
the highest decile. Hence, a higher value implies that poorer strata are more exposed to climate impacts.® In other words, the more
strongly regressive consequences will come in the currently hotter and poorer parts of the world, as implied by Fig. 1. The impact
gap between the top and bottom decile is especially marked in Sub-Saharan Africa, the Middle East, South Asia, as well as parts of
Latin America.

Fig. 3b displays the consequences for the Gini index by country of our projected decile-level climate impacts under the SSP3
scenario, implying warming of +3.6 °C by 2100. Consistently with the findings in panel (a), higher starting temperatures are
projected to increase within-country inequality, as measured by the Gini index, for basically every country in the world. The stronger
negative consequences for an equal distribution of income within countries are again projected to be seen in Sub-Saharan Africa
and the Middle East, with a projected increase of up to 6 points in the index. This is broadly consistent with the previous findings
in Malpede and Percoco (2021), Paglialunga et al. (2022) and Cevik and Jalles (2023), despite the different econometric models
used.

7 In Figure A.11 in Section A.8, we display projected damages across four SSP-RCP scenarios for all three damage functions.

8 in Figure A.7 in Section A.7 we display projected damages in 2100 to per capita income for all deciles in all countries, for completeness
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Fig. 2. Projected decile-level impacts in 2100 under SSP3 scenario, with a climate sensitivity equal to 1. Each dot represents the projected impact on decile-level
income for a given income decile in one of the 154 countries of RICE50+. Dot placement is slightly perturbed for visualization purposes. Horizontal orange lines

mark the medians of the distribution, for each decile, of projected impacts across regions. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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Fig. 3. Distributional effects of climate damages by 2100 under SSP3 and BHM-Adapt damages. Panel (a): differences in damages as a share of income between
D1 and D10. Panel (b): impact of climate change on the Gini index.

Therefore, climate change is estimated to have adverse distributional consequences in the future, globally worsening within-

country inequality across the century. The next section estimates the income elasticity of climate impacts to provide a summary
measure for this effect.

6. The income elasticity of climate impacts

The income elasticity of climate impacts — how responsive relative damages are to a change in income along the within-country
income distribution — has important implications for poverty, for political economy considerations, and, ultimately, for the socially
optimal climate policy and the Social Cost of Carbon (Dennig et al., 2015). The income elasticity ¢ is defined by the relationship

df o (7)°. (10)

Impacts are proportional to income (i.e., distribution-neutral) if & = 1, and fall disproportionately on the poor when ¢ < 1 and
on the rich when & > 1.

We estimate the within-country income elasticity of climate impacts until 2100 using a standard log-log regression of decile-based
impacts on per capita income level (Egs. (11) and (12)). We use a fixed effects model, whereby we include a full set of country-year
fixed effects. This allows us to identify the elasticity relying on variation within a country-year combination.

Some countries and deciles could experience benefits from higher temperatures if their climates start from a temperature to the
left of the estimated optimal temperature. Therefore, climate impacts can be both positive (i.e. benefits) or negative (i.e. damages).
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Table 3
Income elasticity of climate impacts.
Damages Benefits
BHM-Adapt BHM Kw BHM-Adapt BHM KW
Mean estimate 0.64 0.76 0.60 1.01 1.15 1.13
Full uncertainty IQR [0.51, 0.75] [0.63, 0.83] [0.53, 0.61] [0.78, 1.21] [0.86, 1.34] [0.91, 1.29]
Full uncertainty 95% range [0.37, 1.11] [0.51, 1.43] [0.45, 1.18] [0.46, 1.73] [0.64, 2.22] [0.72, 1.9]
Econometric uncertainty ¢ 0.22 0.26 0.17 0.32 0.44 0.29
Climate uncertainty o 0.07 0.07 0.03 0.26 0.19 0.18
Full uncertainty o 0.20 0.22 0.16 0.34 0.40 0.30

Within-country income elasticity of climate impacts under SSP3 from the Monte Carlo analysis. Temperature is projected, drawing 500 climate sensitivities
from a Lognormal(1.1,0.3), while 500 damage function parameters are drawn from empirical multivariate normal distributions characterized by the covariance
estimated in Section 4. Mean estimate are averages across all simulations, encompassing both climate model and statistical uncertainty. The Full uncertainty IQR
and Full uncertainty 95% range indicate the interquartile range (IQR) and the 95% coverage range across all simulations, encompassing both climate model and
statistical uncertainty. The Econometric uncertainty o indicates the standard deviation of the within-country income elasticity of climate impacts across Monte
Carlo simulations in which the climate sensitivity is fixed at 3. The Climate uncertainty o indicates the standard deviation of the within-country income elasticity
of climate impacts across Monte Carlo simulations in which damage function parameters are fixed at point estimates. The Full uncertainty ¢ is the uncertainty
from the full set of Monte Carlo results.

To estimate a meaningful income elasticity, we split the data and separately estimate the income elasticity of damages (¢7) and the
income elasticity of benefits (é*) according to:

ai_+§_ln(y?t)+¢i_t+€?t_ 1n

af +&¥in(yh) +¢;f"+eiq,+ 12)

In(-dii”)
In(di")

Here, d7- are climate damages and d7* are climate benefits, ¢, denotes a set of country-year fixed effects and ¢ a random error
term.

Both elasticities imply progressivity of impacts for values greater than 1 and regressivity for values smaller than 1. It should
be noted, however, that &+ > 1 is progressive from a mathematical perspective, but otherwise socially regressive: benefits are
disproportionately enjoyed by the wealthier deciles.’

To better characterize the evolution of climate impacts, we explore the climate model and econometric uncertainty with a Monte
Carlo simulation. To explore climate uncertainty, we simulate climate trajectories under different equilibrium climate sensitivities
(ECS). We draw 500 climate sensitivities from a Lognormal(1.1,0.3), which has a 66% (17%-83%) range for sensitivity of 2.2-3.9
K per doubling of atmospheric carbon dioxide, in line with the current understanding of the ECS (Sherwood et al., 2020). Given
the climate sensitivity, we reconstruct a global temperature projection using the climate module within RICE50+ (Figure A.5). The
RICE50+ climate module is a three-layer carbon and two-layer temperature model, adjusted in its exchange coefficients to match
the MAGICC6 model emulation (Meinshausen et al., 2011). The econometric uncertainty is derived drawing at random 500 values
from a multivariate normal distribution with the covariance estimated in Section 4. Finally, for each specification (drawn from the
parameter space) and temperature projection, we reconstruct the evolution of income with impacts y? and d;!. That is, we compute
250,000 elasticities for each damage function and for each SSP scenario. Results for SSP2 are similar and shown in the Appendix.

Fig. 4 shows the distribution of within-country income elasticities, and Table 3 provides summary statistics. While global
projected damages are sensitive to the choice of the damage function as shown in Newell et al. (2021) and in Figure A.6, the
income elasticity of climate impacts is consistent across the three specifications. The damages from climate change are projected to
be disproportionately borne by poorer deciles. The mean income elasticity of damages is estimated at 0.64 under BHM-Adaptation,
0.76 under the BHM specification, and 0.60 under the KW specification, with the 75th percentile of the distribution substantially
below 1 for all specifications. The income elasticity of climate benefits has a comparatively wider distribution, the central estimate
of which is close to distribution neutrality. The mean estimate of é* is 1.01 for BHM-Adaptation, 1.15 for BHM, and 1.13 for KW.

The existing literature offers some, yet limited, comparisons. Mendelsohn et al. (2012) find an income elasticity of 0.42 for
damages from tropical cyclones. For some impacts, the elasticity could even be negative (Tol, 2021), while an average elasticity
of damages of 1 (proportional damages) has also been used (Anthoff and Tol, 2012; Dietz et al., 2018). Therefore, our results fall
within a range that is compatible with previous work on the topic.

We then explore heterogeneity in elasticities above and below median GDP in Table 4, and above and below median temperatures.
Projections use the point estimates of Eq. (3) and temperature projections with an ECS of 3. Damages are more regressive in poorer
countries (those with a below-median per capita GDP, £~ = 0.51) as well as in hotter countries (those with above median annual
temperature, £~ = 0.47). Benefits are more disproportionally enjoyed by the higher deciles in richer (¢* = 1.43) and warmer

di .
9 Dennig et al. (2015) use a slightly different definition of relative terms writing d—” = a,v(,w—”)g. While we could estimate this equation based on decile shares
it Vit
without fixed effects and identify within-country effects, the results are slightly different due to the non-linear transformation. In addition, the relative terms
formulation raises questions on how to deal with climate benefits, not originally considered in Dennig et al. (2015). We thank an anonymous referee for pointing
us to the differences between the two definitions.
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Fig. 4. Distribution of the within-country income elasticity of climate impacts under SSP3 from the Monte Carlo analysis. Temperature is projected, drawing 500
climate sensitivities from a Lognormal(1.1,0.3), while 500 damage function parameters are drawn from empirical multivariate normal distributions characterized
by the covariance estimated in Section 4. Full uncertainty is the uncertainty from the full set of Monte Carlo results. Climate uncertainty is the uncertainty
stemming from the variation in climate sensitivity. Econometric uncertainty is the uncertainty from the damage function parameters. Vertical black bars indicate
the average values; gray bars indicate the average values of other specifications for reference. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

Table 4
Heterogeneity in income elasticity of climate impacts, under the BHM-Adaptation specification.
Log(Impacts)
Damages Benefits
@ 2 3) “@ 5) 6) @) ®)
< median GDP > median GDP < median temp. > median temp. < median GDP > median GDP < median temp. > median temp.
Log(Income) 0.51*** 0.68*** 0.87** 0.47*** 1.29* 1.43 1.37* 2.85"*
(0.01) (0.02) (0.02) (0.01) (0.02) (0.03) (0.02) (0.10)
Country-Year FE Y Y Y Y Y Y Y Y
Observations 10413 9424 7636 12201 2167 3156 4944 379
RrR? 0.62 0.30 0.38 0.55 0.71 0.55 0.60 0.96
Adjusted R? 0.62 0.30 0.38 0.55 0.71 0.55 0.60 0.96

Income elasticity of climate impacts using point estimates of BHM-Adaptation and standard temperature projections. HC3 standard errors in parentheses. *p < 0.1; **p < 0.05; ***p < 0.01.

(&t = 2.85) countries, although we suggest caution in the interpretation of the latter figure as only few deciles in warm countries
experience climate benefits.

The heterogeneity of climate impacts can be further unpacked, by decomposing the variance of the projected impacts at the
decile-country level in 2100. About 60% of the population-weighted variance of climate damages (in per capita terms) happens
within countries, while the remainder happens between them. Conversely, only about a fourth of the population-weighted variance
of climate benefits happens within countries. Fig. 5 visually explore the decomposition. The lower Panel (C) compares projected

relative damages Ed—qdq for all decile-country observations in 2100 (that is, ten observations per country) against relative income

q
ﬁ, after removing year fixed effects. Panel (A) highlights the within-country comparison, after removing country-year fixed
effects. Panel (B) aggregates damages and income to depict the variation in impacts across countries.

7. Conclusion

The results consistently show that climate change will increase within-country inequality. We first empirically investigate how
temperature affects decile-level income, finding that the sensitivity of income to climate decreases along the income distribution,
both between and within countries. We employ three different damage functions, with our preferred specification allowing for
income-led adaptation. Second, we project future climate impacts and find that damages fall, within countries, more heavily on
the poorest deciles. Third, the distributional implications of climate impacts are summarized by the income elasticities of climate
damages and benefits. The central estimates imply regressive climate damages, while climate benefits are distribution-neutral or
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Fig. 5. Between and within-country damage incidence by 2100 under SSP3-RCP7.0. All three plots show demeaned income and impact values, panel A by
country-year, panel B by year showing aggregated GDP and impact values, and panel C by year showing decile-based values. Damages (in red) and Benefits
(in blue) are shown separately. Solid lines show the mean estimated relationship based on the estimated income elasticities throughout the time horizon. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

slightly progressive. All the results underline the importance of considering not only differentiated climate effects between countries,
as well-established in the literature, but also within. The present paper represents a first attempt at doing this.

Several caveats and additional research directions remain, based on these results. First, in this paper, we analyzed the
distributional consequences of impacts from temperature only. It does not follow that future impacts from other dimensions of the
climate - such as rainfall, humidity, and extreme weather events — will necessarily have the same consequences on the distribution
of income within countries. Similarly, damages that have been limited or have not occurred in the past (e.g., sea level rise, ecosystem
tipping points) are not factored in our analysis and may have uneven consequences along the income distribution within and between
countries. Secondly, concerning inequality, dimensions other than income or consumption would be essential to identify impacts
for different socioeconomic subgroups. Third, country-level data assumes a homogeneous spatial distribution of the income deciles
within a country. A more spatially fine-grained analysis, for instance, at the sub-national level, would be relevant to address this
simplification and to identify spatial hot spots. Finally, capturing adaptation through average income levels representing private
and public adaptive capacity, is a simple proxy, and including more specific adaptive capacity indices or variables could provide a
better measure of actual adaptive capacity and their effect on residual climate impacts.
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