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1 Detailed description of REMIND-MAgPIE

1.1 REMIND

In its default version the Regional Model of Investments and Development (REMIND) [1,
2] describes the global economy with 12 world regions. Large economies (the USA, India,
China and Japan) are represented individually, smaller countries are grouped together into
aggregate model regions. The regions assemble countries with broadly similar geographical
and economical properties, and are harmonized between REMIND and MAgPIE. A list of
model regions is given in the caption of Suppl. Fig. 2; for a map showing the region grouping
see [3]. For every region REMIND describes the macro-economy by a Ramsey growth model.
The main production factors capital, labour and energy are converted into economic output
using a production function with constant elasticity of substitution. The demand for energy
links the macro-economy to the energy system, which represents a large number of primary
energy sources and technological options for conversion into final energy.

In every region, inter-temporal welfare is maximized to determine the optimal investments
into the macro-economic capital stock as well as into the energy system. Regions can trade
primary energy carriers as well as the composite good; the global (non-cooperative) solution
clears all respective markets. REMIND tracks emissions of COs from both fossil fuels and land
use, and additionally also other greenhouse gases (GHG) such as CHy and NyO. Emissions
are translated into an increase in global mean temperature using the simple climate model
MAGICC [4]. The source code and a detailed documentation of REMIND are available online
at https://github.com/remindmodel/remind; here we use version 2.1.1 [5]. For processing
the REMIND (and MAgPIE) outputs, we use a variety of R libraries, which are available
open source at https://github.com/pik-piam.

1.2 MAgPIE

The Model of Agricultural Production and its Impact on the Environment (MAgPIE) 4 is a
modular open source framework for modelling land systems (see [3] and references therein),
and can be used for creating global and regional long-term scenarios of future food and agricul-
ture [6]. It combines economic approaches of a partial equilibrium model with (bio-)physical
constraints at a clustered 0.5° resolution. Spatially explicit yield patterns and irrigation water
availability are derived from the global gridded crop, vegetation and hydrology model LPJmL
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Supplementary Figure 1: Flowchart summarizing the methodology used in this work.

[7]. Agricultural production captures a large number of crop, livestock, processed and infor-
mal products; demand distinguishes food, feed, processing, material usage, and food supply
chain losses.

The demand for food is determined at the country level accounting for changes in popula-
tion, demographic structure, body-weight distribution and dietary composition [8]. The latter
two are also driven by per-capita income levels, including a reduction of demand through rising
prices and therefore decreased real income. Agricultural products can be traded between the
12 world regions that are harmonized with REMIND. Land-use related emissions are derived
based on an explicit representation of carbon stocks and the nitrogen cycle, and can be priced
with an exogenous carbon price trajectory. The source code and a detailed documentations
of MAgPIE are available online at https://github.com/magpiemodel/magpie; for this work
model version 4.2.0 [9] is used.

1.3 Coupled model framework

The full integrated assessment modelling (IAM) framework uses an iterative soft-coupling
approach to exchange information between the two individual models until a joint equilibrium
is reached (see also the short description in the Methods section of the main text). There
are several reasons why this coupled system of two large global models is required for our
analysis. To begin with, mitigation studies necessarily require a global and economy-wide
context. At the same time, a certain degree of regional and sectoral resolution is required to
obtain meaningful results. Secondly, also the temporal dimension is important. As mitigation
policies will have to tighten over time, the potential for unwanted side effects will evolve.
Finally, there is a number of cross-system effects, such as the interlinkage between energy and


https://github.com/magpiemodel/magpie

land-use systems through bioenergy. Therefore obtaining a holistic and consistent picture
necessarily requires that these interlinkages are taken into account.

2 Details of scenario setup

Our mitigation scenarios use a peak-budget approach [10] instead of the end-of-century bud-
gets traditionally used in IAM analyses. The peak-budget approach to some extent avoids
scenarios with high levels of mid-century warming and large reliance on carbon dioxide re-
moval in the second half of the century. Our peak budget of 900 Gt COy approximately
corresponds to an end-of-century budget of 600 Gt COy (again from 2011 onwards) and is
therefore consistent with the assessment in Chapter 2 of the IPCC Special Report on 1.5°C
(SR1.5) [11] for a 67% likelihood of stabilizing below 1.5°.

We assume that the carbon price increases linearly until the time of CO2 neutrality (ap-
proximately peak warming). After COy neutrality the price only increases mildly, with a slope
sufficient to compensate the small overshoot above 1.5°C. The year of CO2 neutrality, which
separates these two regimes, is determined endogenously with an iterative algorithm.

In addition, we implement a differentiation of carbon prices by development status. Based
on their GDP/capita (PPP) in 2015, model regions are assigned a factor between zero and
unity that scales their initial carbon price. This factor then converges to unity until 2050;
from this point onwards a globally uniform price is assumed.

While the functional form of the regional carbon price trajectories is fixed by these as-
sumption, the price level required to meet the global budget is determined endogenously
during the optimization. As an example, the resulting carbon prices for the SSP2 mitigation
scenario are shown in Suppl. Fig. 2.

3 Policy cost details

3.1 Increased energy and food expenditures

The additional final energy and food expenditures in model region r and at time step t are
computed as

6FE|food _ Zz ((ﬁ,tﬁfzt - qutpi,t) (1)
it GDP, 4

where ¢* and p’ are the quantities and prices (including taxes and subsidies) of the types of
final energy/food commodities represented in REMIND/MAgPIE. Outputs from the mitiga-
tion policy scenario are denoted with a tilde (e.g. p), whereas quantities without a tilde are
computed in the baseline scenario.

Note that in particular for food commodities prices can differ substantially between the
market for local consumers and the export-oriented market. Typically, food markets in devel-
oping countries are divided between a low-priced domestic market and a high-priced export
market. Products sold on domestic markets have lower transport and marketing costs, do not
need to meet the high products standards of export markets, and in general also have a lower
product quality (e.g. broken rice).

As for the purpose of our distributional analysis we need those prices that households
are confronted with, we apply a rescaling factor to the prices obtained from MAgPIE (which
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Supplementary Figure 2: Carbon price in our SSP2 1.5°C scenario: the carbon price increases steeply
until peak warming is reached (2050 in this case) and then flattens off. The staged accession period lasts
until 2050. Model regions that have the same price trajectory according to our differentiation algorithm are
shown by only one line. The individual regions are abbreviated as follows: European Union (EUR), Canada,
Australia & New Zealand (CAZ), Japan (JPN), United States of America (USA), India (IND), Latin America
& the Caribbean (LAM), Russia and former Soviet republics (Reforming Economies, REF), Middle East &
North Africa (MEA), China (CHA), non-EU European countries (NEU), Other Asian countries (OAS) and
Sub-Saharan Africa (SSA).

resemble the export price). In the absence of country-level data on the price gaps between
domestic and international food markets, we assume that this rescaling factor is equivalent to
the general MER/PPP ratio. This rescaling factor is particularly relevant for the results in
Sub-Saharan Africa, where increased food expenditures form a substantial part of the policy
costs in our mitigation scenarios (see Suppl. Fig. 3). We therefore test the sensitivity of our
results to this assumption by repeating our analysis without the rescaling. The results of this
sensitivity analysis are given in Section 11.

3.2 Carbon pricing revenue

The revenue from carbon pricing that is available for redistribution policies is computed as

SCHG _ 2 &, GWP 7, ‘)
ntoT GDP, ’

where ¢/ and GWP/ are emissions and global warming potentials (100-year time horizon,
values from [12]) of the respective greenhouse gas, and 7 is the COg price.

Our main analysis considers only the carbon pricing revenues from the energy system as
available for progressive redistribution policies. Mitigation potentials in the land-use sector



are more context-specific than in the energy system, and as such implementing and monitoring
policies can lead to substantial costs [13]. We thus assume that the revenues are returned to
the economy (implemented as a redistribution proportional to income), but unavailable for
progressive redistribution. However, we show the effects of including the revenues from pricing
CH4 and N5O from land use into our progressive redistribution scheme as additional results
(see main text). This is especially relevant for the Sub-Saharan African countries where a
substantial part of the COseq emissions originates from land use.

The prices for CH4 and N2O are capped at the upper end of their respective marginal
abatement cost curve [14], leading to maximum prices of around 8,000 $/t CH4 and 75,000
$/t N2O. As there are no further mitigation options beyond these prices, we assume that
a further increase in the COq price does not lead to further increases in the CH4 and NoO
prices. We do not include any revenues from CO9 emissions originating from land-use change,
as our results from MAgPIE suggest that the net land-use change emissions in our ambitious
mitigation scenario are close to zero.

As a proxy for an international climate finance agreement, we also explore a scheme where
5% of the carbon pricing revenues from the OECD countries (approximated by our model
regions United States, Japan, Canada/Australia/New Zealand, and the EU and non-EU Eu-
ropean countries) are transferred to Sub-Saharan Africa, where they are used for redistribution
policies together with the domestic revenue. We focus on this region as a recipient of climate
finance, because according to our analysis it is the region with the most substantial negative
side effects from ambitious climate policy.

Finally, we note that carbon pricing revenues are only available for redistribution as long
as there are positive net emissions. In our analysis, COs neutrality occurs around 2050 in
most regions. As we focus on the time horizon until then, the question how negative emission
technologies will be financed, and how this affects household incomes, does not play a role in
our analysis. The only model region reaching COg2 neutrality before 2050 in our analysis is
Latin America (in 2045). Here we simply set the carbon pricing revenue to zero for the years
2045 to 2050 to avoid a "negative revenue recycling”.

3.3 Policy costs and revenues

We show in Suppl. Fig. 3 the policy costs and carbon pricing revenues in the SSP2 mitigation
scenario for the four model regions where climate policy side effects on poverty eradication
are most relevant. The The GDP loss caused by mitigation action and the additional energy
and food expenditures determine the reduction in income equivalent for households through
climate policy, whereas the revenue from carbon pricing is used for redistribution policies (see
above for details).

4 Derivation of the distributional framework

We assume that income in each country is distributed according to a lognormal distribution in
the baseline scenario. This functional form has been found to give a good match to measured
income distributions for a large sample of countries and years [15, 16]. Furthermore, this
choice has the advantages of being completely specified by only two parameters (representing
average income and a measure of inequality) and allowing analytical tractability for some of
our calculations.
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Supplementary Figure 3: Policy costs for the SSP2 mitigation scenario: We show here the different
contributions to policy costs (solid: additional energy and food expenditures, GDP loss) and carbon pricing
revenue for redistribution (dashed: revenues from energy system, land use, and international climate finance).
In our main analysis we only use the revenue from the energy system for progressive redistribution policies. As
additional results, we also present the effects of including either the revenues from pricing agricultural emissions,
or of a stylized international climate finance scheme. Here we show only the four REMIND-MAgPIE model
regions that are most relevant for future poverty outcomes: India (IND), Latin America and the Caribbean
(LAM), Other Asia (OAS), and Sub-Saharan Africa (SSA).

The probability density function (PDF) of baseline income y is thus given by

1  (logy — p)?
= v () @

The parameters p and o can be related to the average per-capita income y and the Gini
coefficient G (ranging from 0 to 1) through [17]

2
o 4 |G+1
#:loggj—? and U:\/i(b 1|:2:| s (4)
where ® is the cumulative distribution function of the standard normal distribution.
Our calculation of the distribution of the income equivalent (or, welfare measured in
monetary units) in the climate policy scenario tracks four categories of deviations from the
baseline income, capturing both the income and the expenditure side. Here we illustrate the

general framework for mitigation costs ¢/ (representing one of the 67 values computed from



the TAM output). We write the income equivalent after the subtraction of mitigation costs as

g=[1-D(y)ly, (5)

where D(y) are the relative costs for an individual with income y. For D(y) we use the simple

power-law form
a;—1
y J
e =4(2)" ®

chosen such that the absolute costs are Ay = D(y)y o< y*/, and «; is the income elasticity of
mitigation costs for category j.

The dimensionless normalization factor A ensures that costs averaged over all individuals
match the national average costs ¢/ (again expressed as a share of GDP). The normalization
can be computed from the condition

_ ; L A .
y(l—(sj)EE[?/]:y—WE[ya]} (7)
using the moments of the lognormal distribution,
Ely®] = etintaio’/2, (8)

Combining the above, the costs for an individual with baseline income y are given by
Ay =67 x yo‘jefaj’ko‘icg/2 ) 9)

The application of Eq. 9 to the different policy cost categories forms the core of our distribu-
tional framework.

5 Distributional effects of climate policy costs

For completeness we repeat our equation for the change in income equivalent under climate
policy here:
j=y— AyGDP o AyFE o AnyOd + AyGHG; (10)

where y is the baseline income of an individual and the A7 terms (positive in our sign con-
vention) are the changes due to climate policy. Importantly, this equation captures changes
both on the income and the expenditure side. In the following we detail how we apply the
distributional framework developed above to the individual policy cost categories.

5.1 GDP loss

The loss in GDP caused by mitigation action such as carbon pricing reduces the average
income of households. We assume that this loss is distributed in a neutral way across income
groups, i.e. that it changes only the mean of the income distribution, but not the level of
inequality. Therefore we have Ay®PP = §GPPy  This is a special case (o = 1) of Eq. 9.
Additional distributional effects of mitigation policies, such as changes to employment levels
or income shares received by (skilled /unskilled) labour and capital, could be incorporated into
our framework by specifying the appropriate value of a.



5.2 Increased energy expenditures

For distributing the costs due to rising final energy (FE) prices, we calculate the costs for an
individual with baseline income y from Eq. 9.

5.2.1 Income elasticity

For fixing the parameter arg we first show that under certain assumptions it is identical to
the income elasticity of energy expenditures: The income elasticity of additional final energy
expenditures for an individual with income y is

o = 1108(aP —ap) _ dlog(gp) | dlog[dp/(qp) — 1] (11)
FE = dlogy dlogy dlogy ’

where ¢ and p are the final energy quantities and prices, and the tilde denotes the policy
run. The second equality separates the income dependence of energy expenditures in the
baseline from income-specific demand responses and income-specific price changes. Concern-
ing the income-specific demand response, it can be expected that poorer individuals have a
higher price elasticity, and therefore reduce their demand more strongly than higher-income
individuals when prices increase. This effect is known to reduce the regressivity (or enhance
progressivity) of price increases for example on transport fuels [18].

From a welfare or broader sustainable development perspective, however, it is highly
undesirable to have especially the poorest individuals reduce their energy consumption as
a response to policy-induced price increases. While this demand response would nominally
reduce their income loss, in terms of living standards it would still make them poorer. Here
we therefore do not include an income-dependent price response, and further assume that
price increases (p/p) are independent of income. Under these assumptions apg reduces to
the first term on the right hand side of Eq. 11, which is the income elasticity of final energy
expenditures.

5.2.2 Empirical estimation

Given the above we can estimate apg from household expenditure surveys. For developed
countries it is well known that apg < 1 — in other words, poorer households spend a larger
fraction of their budget on energy, and price increases on energy would thus act regressively.

For developing countries the situation is less clear. Using an aggregate data set derived
from the World Bank’s Global Consumption Database [19], Dorband et al. [20] find that in
many developing countries energy expenditures rise slightly faster than proportional with in-
come (apg 2 1). Therefore increasing prices even have a slightly progressive effect, although
this is largely because the poorest income strata own few energy-consuming devices. Addi-
tionally, they partially cover their energy needs with traditional biomass, which is often not
sourced from formal markets.

Here we use the same data as in Dorband et al. [20] (kindly provided by the authors of
that study). We also employ a similar methodology for estimating the income dependence
of the final energy expenditure share, but with a number of relevant modifications. Most
importantly, we modify the regression specification as follows:

log (FE exp. sharqu) =a+ blogycq + c(log yc’g)2 + pie +€cg, (12)
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Supplementary Figure 4: Energy expenditure share: We show our estimation of the final energy
expenditure share as a function of income, which we use to derive the income elasticity used in the distributional
analysis. The inverse U-shape relationship between expenditure share and income indicates that energy price
increases are progressive in low-income countries, and regressive in middle/higher-income countries. The
scatter in expenditure share at fixed income is partially caused by country-specific conditions (e.g. climate
zone, culture), which are absorbed by the country fixed effects in our regression specification. For the model
lines shown in this figure, the mean of all country fixed effects was used.

where ¢ denotes a country and g one of the four income groups from the Global Consumption
Database (GCD). Using the logarithm of both expenditure share and total expenditures (y.,q)
increases the sensitivity at low incomes, leads to a slightly increased overall goodness of fit,
and simplifies the calculation of the elasticity. The latter relates to the FE expenditure share

as
dlog FE exp. share

apg — 1 = =b+2clogy (13)

dlogy
An energy expenditure share that increases with income leads to a progressive incidence
(apg > 1) of price increases, whereas a decreasing energy expenditure share results in a
regressive incidence. When the expenditure share as a function of income reaches its maximum
at y; = exp(—b/2c), the elasticity crosses unity.

Secondly, as we would like to obtain the elasticity as a function of total income (and
not total expenditures), we rescale total expenditures from the GCD-based data set with a
country-specific consumption share obtained from World Development Indicators [21] (indica-
tor NE.CON.TOTL.ZS). This rescaling has only a very minor effect on the resulting elasticity,
as it can largely be absorbed into the country dummies u.. Finally, we also convert the ex-
penditure data back to $ PPP 2005 (as in the original GCD) for later consistency with the
SSP GDP scenarios.

10



Supplementary Table 1: Fitted coefficients of the energy and food expenditure share models, with values
in parentheses denoting the respective uncertainties. We also provide the resulting turnover incomes beyond
which the expenditure share starts to decrease with income. For income levels above this value energy or food
price increases are regressive.

Parameter Energy: loglog quadratic ‘ Food: loglog quadratic
b 1.64 (0.26) 0.76 (0.17)
c -0.097 (0.016) -0.074 (0.011)
turnover income ($ PPP 2005) 4801 $/yr ‘ 171 $/yr
adjusted R? 0.50 \ 0.85

We show our resulting fits for the energy expenditure share in Suppl. Fig. 4, and provide the
parameters in Suppl. Table 1. Similarly to Dorband et al. [20] we tested a linear, quadratic
(as written in Eq. 12) and cubic model. We also find that the quadratic models performs
best according to both Akaike and Bayesian information criteria, and thus use it for the
remainder of our analysis. The turnover of the quadratic model is at an average income level
of y; ~ 4800 $ per year, so lower than reported in Dorband et al., largely as a result of
the modified regression specification and the conversion to $ PPP 2005. For countries with
average income levels below the turnover, energy price increases are progressive, whereas for
countries beyond the turnover they are regressive.

As visible in Suppl. Fig. 4 there is substantial scatter in energy expenditure shares at
fixed income, partially due to country-specific energy consumption patterns (e.g. climate
zone, culture) that are uncorrelated with income. However, this scatter is absorbed into the
country fixed effects p., such that our model including the fixed effects captures a reasonable
part of the variance in expenditure shares (adjusted R? ~ 0.5). When calculating the income
elasticity according to Eq. 13, the country fixed effects drop out, so that a large effect of this
scatter on apg is avoided. Intuitively this means that the energy expenditure share at fixed
income varies significantly between countries, but its fractional change with rising income (as
measured by regression parameters b and c) is relatively stable.

Nonetheless we also carefully tested splitting the data into countries with high and low
energy taxes and subsidies, respectively. We perform this classification based on the tax and
subsidy data compiled by the ADVANCE project [22], and re-estimate our parameters on
the individual groups. For example, we find that countries with high FE taxes also have a
significantly higher FE expenditure share (i.e., a larger intercept parameter a in our regres-
sion), as one would expect intuitively. However, the parameters b and ¢, which determine the
elasticity, do not change at a statistically significant level. In other words, the absolute level
of the energy expenditure share depends on the FE tax or subsidy regime, but its fractional
change with income is relatively independent of it. As we are only interested in the change
with income, we proceed with the estimate from the full data set.

Finally, we also tested including urbanization levels as an additional predictor for energy
expenditure shares, but do not obtain a statistically significant dependence on this predictor.

11
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Supplementary Figure 5: Food expenditure share: Same as Suppl. Fig. 4, but for food expenditures.
Here we find that food expenditures are regressive at all income levels. The degree of regressivity increases
with growing income.

5.3 Increased food expenditures

The costs due to higher food prices are computed in the same way as the additional energy
expenditures and depend on the income elasticity of food expenditures, as,0q. In developing
countries, a large fraction of additional income tends to be allocated to food purchases, leading
to values around agooq ~ 0.8 [23]. In developed countries, on the other hand, the largest
fraction of additional income is spent for other goods, leading to lower values of the income
elasticity.

We employ the same estimation technique for the food expenditure share as for final
energy, and show the resulting fits in Suppl. Fig. 5. There is a clear trend of decreasing food
expenditure share with increasing income, thus food price increases are regressive at all income
levels. As found in earlier empirical work [23], this regressivity increases with rising income
levels (lower income elasticities). However, food expenditure shares also rapidly decrease with
rising income levels, such that the vulnerability against food price increases is particularly
high at the lowest income levels.

Again we find that the quadratic model is preferred, its parameters are reported in
Suppl. Table 1 alongside the parameters of the final energy expenditure share fit. We further
note that the scatter in food expenditure shares is significantly smaller than for final energy,
leading to a higher fraction of the variance captured by our regression (adjusted R? ~ 0.85).

12



6 Monte Carlo simulation for the income distribution in the
policy scenario

For every country and time step, we randomly draw n = 10% samples from the initial lognormal
distribution, which can be thought of as representative individuals.! For every sample we
compute § from Eq. 10, leading to n samples from the income distribution including the
effects of climate policy. This allows us to numerically estimate the new PDF, or to compute
any desired summary statistic directly from the samples.

For our application, we are mainly interested in the average income equivalent in the
policy scenario, §, and the new Gini coefficient G. Intermediate results for both quantities
are shown and discussed in Section 7 below.

The average per-capita income equivalent in the policy scenario is by construction given
by

’Ij: (1 _ 6GDP _ 5FE _ 6f00d + 5GHG)g. (14)

Note that in the simplified case of single commodities and fully inelastic demand, both in
the energy and land-use sector, we have §*F + §f°°d = §GHG gych that the above reduces to
=~ (1 _ 5GDP)—
Yy Y-

The Gini coefficient in the policy scenario is computed from the ordered samples {7;} as

~ 1 2 TL .Ni
G- L2 ] (15)
n Zi:lyi

7 Intermediate result: country-level average incomes and Gini
coefficients

As intermediate results of our distributional analysis we show here the effects on average
income (Suppl. Fig. 6) and Gini coefficient (Suppl. Fig. 7) in our SSP2 mitigation scenario for
four countries which are representative for the respective model regions. Both the change in
average income and Gini coefficient affect poverty rates, therefore these intermediate results
identify the relevant drivers behind our findings.

The average income equivalent changes under climate policy according to Eq. 14, which
captures the effects from both income and expenditure side. We find that losses in the average
income equivalent reach up to 5% or less in 2030, and up to 8% in 2050. These substantial
losses in average income for developing countries reflect that even our strong differentiation in
carbon prices (Suppl. Fig. 2) does not lead to an equal distribution of mitigation costs at the
international level [24], highlighting the role of international climate finance in an equitable
burden sharing. Indeed the mechanism that we explore as a source of additional revenue for
the Sub-Saharan African countries would largely offset their reduction in per-capita incomes.

At the same time, these reductions in per-capita incomes of developing countries also need
to be viewed against the effects of unabated warming on economic development. The latter
would likely be substantially larger, especially in the second half of the century (e.g. [25]).

In many countries the Gini coefficient is already projected to change in the baseline sce-
nario taken from Rao et al. [26]. The effects of climate policy that we calculate here are in
addition to these baseline trends (see Suppl. Fig. 7 for our results in SSP2). In general, we

'We have checked that n = 10° ensures sufficient convergence of our Monte Carlo results.
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Supplementary Figure 6: Average income equivalent: We show here results for the change in average
per-capita income equivalent for a selection of countries from different model regions: India (IND), Nicaragua
(NIC), Bangladesh (BGD), Uganda (UGA). The countries are representative for the REMIND-MAgPIE model
regions India, Latin America, Other Asia, and Sub-Saharan Africa. All results are expressed relative to our
baseline income trajectories taken from the GDP /capita values of SSP2. All redistribution schemes are identical
in terms of their effect on the average income, but different in their effect on the level of inequality (see next
figure).

find that climate policy without a progressive redistribution of the carbon pricing revenues
will increase inequality in all countries. If, however, revenues are used for a progressive re-
distribution policy, such as the equal-per-capita scheme considered here, this trend is more
than compensated in almost all countries, leading to lower inequality in the case with climate
policy. This reduction of inequality is even stronger when the carbon pricing revenues are
redistributed according to our strongly progressive scheme.

Depending on the relative magnitude of additional expenditures and the carbon pricing
revenues, the changes to the Gini coefficient caused by climate policy can be significant.
For the example of Uganda, we find that climate policies without progressive redistribution
would increase the Gini by about 0.02 (i.e., 2 points on a 0-100 scale) by 2050 compared to
the baseline, thus reverting the baseline trend of mildly decreasing inequality. A progressive
revenue recycling more than compensates this effect, leading to a Gini that is substantially
lower than in the baseline case (as long as substantial carbon pricing revenues are available).
This behaviour is representative also for many other countries.

The poverty outcomes we show in our main analysis are thus a combination of reduced per-
capita income, and increased or decreased levels of inequality (depending on the redistribution
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Supplementary Figure 7: We show here results for the Gini coefficient for a selection of countries from
different model regions: Bangladesh (BGD), India (IND), Nicaragua (NIC), Uganda (UGA). The baseline
projections are taken from the SSP2 Gini projections by Rao et al. [26]; the three policy scenarios with
different revenue recycling schemes (‘neutral’, ‘progressive’ and ‘strongly progressive’) are computed according
to Egs. 10 and 15.

scenario). Whether or not poverty side effects of climate policy can be compensated from the
revenues depends on the respective magnitude of these different drivers.

8 Regression model for poverty outcomes

8.1 Model setup

We repeat the main regression equation for completeness here. Denoting the share of the
population in country c at time ¢ that is above the poverty line by s.;, our regression model
is specified by

s _ _
et - Bo + Br1og Yei + B2Get + B3log et X Geyp + Ve + €cp (16)

1
08 1-— Sc,t

We first fit the regression model using historical data, and subsequently use the fitted
parameters to calculate future projections including the effects of climate policy.

Our dependent variable are the log-odds (or logit) for an individual to be above the poverty
line. This logit transformation maps the share s.; from a 0-1 range onto an unbounded range,
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allowing for a convenient fit with a simple linear model.? We include an interaction term
between G and log g, as well as a country fixed effect (v.) to capture idiosyncratic differences
between countries (such as national poverty alleviation programs). The residual, country-
and year-specific error is denoted by €. ;.

We have also tested other measures of inequality instead of the Gini coefficient in this
regression model. In particular we have repeated our fit with the income share of the first
decile, which should be particularly relevant for poverty outcomes. We find that the variance
in the data explained by this modified model is comparable to our default case with the Gini
coefficient. This suggests that our model is robust against the choice of inequality metric
used. As future projections are only available for the Gini coefficient [26], we use the latter
in our main analysis.

8.2 Data sources

We use historical data from the years 1990-2015 to fit the regression model. The poverty share
and the Gini coefficient are obtained from the World Development Indicators [21] (indicators
SI.POV.DDAY for the $1.90 poverty line, SLPOV.UMIC for the $5.50 poverty line, and
SI.POV.GINI, respectively), and are in turn sourced from PovcalNet (March 2020 version,
[28]). GDP/capita data in § PPP 2005 is taken from [29]. The reason for fitting the regression
model with data in 2005 PPP is that the SSP scenarios that we will subsequently use for future
projections are also provided in this unit.

The availability of inequality and poverty data varies substantially between countries (see
Suppl. Fig. 9 below). While for some countries data is available at least every few years
(e.g. China, Indonesia), for other countries only a small number of data points are available
over our fit period (e.g. India, Nigeria). In total, our data set comprises 1,160 country-year
observations from 131 different countries. Countries with only a single (e.g. Zimbabwe) or
no observation (e.g. Afghanistan) over the historical period are removed from our analysis,
as no (reliable) determination of the country fixed effect is possible for these countries. Of
the countries that are relevant for global poverty numbers (low GDP/capita and/or high
poverty rate, significant population) this affects Afghanistan, Haiti, Cambodia, Somalia and
Zimbabwe. However, the combined population of these five countries in 2015 was below 90
million, so even if their poverty rates are high, this would not substantially change our global
results.

8.3 Model parameters

Our fit indicates that both GDP/cap. and the Gini coefficient are significant drivers for
poverty rates in a country. Our simple model explains a large part of the variance in poverty
rates (adjusted R? = 0.93). Even when the country fixed effects are omitted, the model
still has substantial explanatory power (adjusted R? = 0.78). The fitted coefficients are
reported in Suppl. Table 2. We show a visualization of the original data and our model
in Suppl. Fig. 8. Here we compare the logit values for all countries from the original data
to illustrative model predictions as a function of GDP /capita and for different Gini values.

2This approach is equivalent to fitting a logistic function directly to s.:. It is somewhat inspired by the
findings of Rao and Pachauri [27], who report that progress in metrics of living standards and access indicators
approximately follows S-curves.
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Supplementary Table 2: Fitted coefficients of the regression model for poverty rates. The p-value stated in
the right column is the result of a two-sided t-test for the respective variable.

Variable Coefficient (standard error) p(> |t])
log(GDP /capita) 3.57 (0.22) <2x 10716
Gini 15.2 (4.5) 6.5 x 10~*
log(GDP /capita) x Gini —2.96 (0.55) 1.0 x 1077
Observations 1,160
R? 0.938
Adjusted R? 0.930
Residual Std. Error 0.583 (df = 1026)

Furthermore, Suppl. Fig. 9 shows the original data and the model fit, now converted into
poverty rates, for a selection of individual countries. In general, our simple model provides a
good fit to the levels and trends of poverty rates in socioeconomically very diverse countries.
Also at the global level our model captures the level and trend of recent global poverty data
very well (see Fig. 3 in main text).

To provide some illustration for the size of the respective effects, we first consider a dou-
bling of GDP/capita. This changes the log-odds by Alogits = (81 + 83G) X log2 = 1.45 if
we take G = 0.5 for illustration. Assuming that initially s = 50% (s = 90%) of the popu-
lation are above the poverty line, this share changes to 81% (97%) through the doubling of
GDP /capita. For comparison, changing the Gini coefficient by AG = —0.2 (a substantial
reduction in inequality) improves the log-odds by Alogits = (82 + f3logy) x AG = 1.99 if
we take § = 5000$ for illustration.> For the same examples as above, this corresponds to
increasing the share of the population above the poverty line to 88% (99%) if initially the
share was 50% (90%).

We therefore see that both an increase in national average income as well as a reduction of
inequality will substantially decrease poverty rates. If, however, ambitious poverty reduction
targets as in SDG 1 are to be fulfilled, both strong and sustained growth in developing
countries and a substantial reduction of inequality are required (see also [30]).

9 Uncertainty estimates

9.1 Absolute numbers

From the regression model we compute 68% prediction intervals for logit(s.+) for every country
and year. We then use standard uncertainty propagation to infer the corresponding 68%
prediction intervals for s.; and the national, regional and global headcounts. The resulting
uncertainties for individual countries are relatively large, typically in the range of o5, , ~ 0.1.
For the global results this translates into an uncertainty of op ~ 100 million people in 2015
(compared to a total model prediction of P ~ 770 million).

%Note that for all realistic values of GDP/capita, a decrease in G increases the share of the population
above the poverty line, as one would expect intuitively.
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Supplementary Figure 8: In this visualization of our model we show the log-odds (logit) of being above
the poverty line as a function of GDP/capita (all countries combined). Log-odds of zero translate to 50% of
the population in poverty, moving upwards in this plot corresponds to lower poverty rates. The individual
points are colour-coded by the measured Gini values. The data clearly show that at fixed GDP/capita more
unequal countries (higher Gini values) tend to have higher poverty rates — as one would expect intuitively. We
combine this with illustrative model predictions for three different Gini values; note that for calculating these
illustrative predictions we used the country fixed effect of Uganda. The vertical alignment of points in the top
right corner is a result of the WDI data being limited to 3 significant digits (e.g.: logit(0.999) = 6.9).

This level of uncertainty does not come as a surprise. All methods to project poverty
outcomes rely on estimating certain parameters that describe the distribution of income. An
advantage of our approach of directly estimating the relation between average income and
Gini and poverty outcomes at the national level is that it allows for a straightforward and
transparent propagation of uncertainty.

9.2 Difference between baseline and policy scenario

We also estimate the uncertainties for the difference between policy and baseline scenarios. It
is important to note that the uncertainty between the poverty projections in the policy and
baseline scenarios are highly correlated, as they are based on the same underlying regression
model. We denote the poverty headcounts in policy and baseline scenario by P and P and
the corresponding uncertainties by o5 and op, respectively. For calculating the uncertainty
of the difference AP = P - P, we make the simplifying assumption that the uncertainties
between policy and baseline result are fully correlated (i.e. the off-diagonal elements of the
correlation matrix are unity). Under this assumption we find

JAPI‘Up—UP‘. (17)

In other words, due to the correlation between the policy and baseline outcomes the uncer-
tainty of their difference is smaller than their individual uncertainties.
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Supplementary Figure 9: We show here the historical data on population shares above the poverty line
(points) and the predictions of the regression model (solid lines) for the following countries: Bangladesh (BGD),
China (CHN), Ethiopia (ETH), Indonesia (IDN), India (IND), Mexico (MEX), Nigeria (NGA), Nicaragua
(NIC) and Uganda (UGA). The shaded bands are 68% prediction intervals.

10 Dependence on stringency of the mitigation target

Our main analysis considers an ambitious mitigation scenario consistent with the 1.5°C target.
It can be expected that the poverty side effects reduce when relaxing the stringency of the
mitigation target. At the same time, however, also the carbon price revenue available for
redistribution policies would be reduced. We have therefore repeated our analysis with two
less ambitious mitigation scenarios, corresponding to a well-below 2°C and 2°C mitigation
pathway. Technically we have implemented the 1.5°C target as a COy budget of 900 Gt for
the time from 2011 until the time of CO4 neutrality. The alternative targets are implemented
as budgets of 1100 and 1300 Gt CO2. We show the results of these additional analyses in
Suppl. Fig. 10.

We find that indeed the poverty side effects of mitigation policies reduce significantly for
the less stringent target. For our distributionally neutral redistribution scheme we project an
increase in the 2030 poverty by just above 30 million people for the well-below 2°C scenario,
and by around 25 million people for the 2°C scenario. Again our results show that a progressive
redistribution of the carbon pricing revenues is sufficient to (nearly) compensate this increase
at the global level, but that there is a strong regional heterogeneity in poverty outcomes.
Notably, the most ambitious mitigation scenario performs best in terms of the net change
to the poverty headcount after progressive redistribution. On the other hand, in the less
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Supplementary Figure 10: Additional number of people in poverty: same as Fig. 4 in the main text,
but varying the stringency of climate policy instead of the SSP dimension (here fixed to SSP2). The stated
CO2 budgets correspond to climate targets of 1.5°C, well-below 2°C, and 2°C. The top panels show results
for 2030 (as the main figure), bottom panels are for 2050. See the caption of Fig. 4 in the main text for an
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ambitious mitigation scenarios it is still possible to largely compensate the policy side effects
in 2050, which was not the case for our default 1.5°C scenario. This is a consequence of
higher residual emissions and thus carbon pricing revenues in these less ambitious mitigation

pathways.
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Supplementary Figure 11: Additional people in poverty: Same as Figure 4 in the main text, but without
the rescaling of food expenditures. See the caption of Fig. 4 in the main text for an explanation of the error
bars.

11 Sensitivity analysis: No rescaling of food prices

As discussed in Section 3.1 above, we have rescaled the food prices obtained from MAgPIE
with the MER/PPP ratio to obtain prices that better represent the purchasing power of
households in developing countries. Here we now test the sensitivity of our results to this
rescaling by repeating our analysis without it. In this case the underlying assumption would
be that households in developing countries pay world market prices for staple food products,
which very likely overestimates the magnitude of distributional effects of changes in food price.
For example, this assumption would approximately double the additional food expenditures
in Sub-Saharan Africa compared to our main analysis, which would then reach an additional
9 percentage points of the average income by 2030 and additional 15 percentage points by
2050. As a result, food prices in SSA would be by far the dominating channel for poverty
effects of mitigation policies.

As SSA is also the region with the highest poverty rate, we find a substantially higher
poverty side-effect here than in our main analysis where we applied the price rescaling
(Suppl. Fig. 11). We project an additional 70 million people in poverty in SSA by 2030
for the neutral redistribution scheme, which is reduced to 45 million in the case of progressive
redistribution (both numbers for SSP2). In the other regions food prices are not the domi-
nant channel for distributional effects, and therefore it would still be possible to compensate
poverty side-effects from the carbon pricing revenues. As a result, the global figures are largely
dominated by the outcomes in SSA.

We have also repeated our analysis with a strongly progressive redistribution and the
additional revenues as in the main text, i.e. either from pricing of land-use related CH4 and
N2O emissions, or from an international transfer scheme (Suppl. Fig. 12). Again focusing
on SSA, we find that a strongly progressive redistribution, or alternatively redistributing
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Supplementary Figure 12: Additional people in poverty for more progressive redistribution and different
GHG pricing and burden sharing schemes: Same as Fig. 5 in the main text, but without the rescaling of food
expenditures. The value for Sub-Saharan-Africa, 2030, international transfers is close to zero, such that the
corresponding bar is not visible in the figure. See the caption of Fig. 4 in the main text for an explanation of
the error bars.

the land-use related revenues, reduces the residual increase in poverty to around 25 million
people in 2030. On the other hand, the international transfer scheme results in poverty
trends approximately comparable to the baseline. Note however that unlike in our main
analysis we do not find substantial net reductions in poverty through the policies explored
here. Nonetheless, either a combination of the discussed three measures, or an increase in the
transfer rate (beyond 5% of the carbon pricing revenues of industrialized countries) would
still be an option to achieve this.

At the global level, already either of the two discussed additional measures would result in
2030 poverty outcomes comparable to the baseline. In 2050, on the other hand, we again find
that additional funds for redistributive policies beyond the transfer of carbon pricing revenues
would have to be sourced.

We conclude that our main finding, the ability to largely compensate the side effects of
ambitious mitigation policies on poverty eradication at least in the near term, holds even under
very pessimistic assumptions about the magnitude of food price effects. However, given the
importance of food prices as a channel for distributional effects of climate policy in developing
countries, further research on this topic is certainly warranted.
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