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HIGHLIGHTS

o This study presents a novel spatial microsimulation modelling framework to assess the vulnerability of the poor to extreme climate events.

e The framework was applied to determine the number, demographic characteristics and occupation of the poor population in Ethiopia that are exposed to heat stress
under various socio-economic and climate scenarios.

e We found that between 1.4 and 9.4 million poor people in Ethiopia will be at risk of extreme heat in 2050.

e The approach can be extended to include a variety of climate hazard and can be applied to other countries and regions.

ABSTRACT

The global poor are expected to suffer most from the impact of climate change, in particular the increasing frequency of extreme weather events. To develop targeted
climate adaptation strategies, national decision makers need to have detailed information on the quantity, location and profile of the people that are most vulnerable
to climate hazards. This study presents an innovative spatial microsimulation modelling framework for projecting subnational income distribution and poverty trends
under different scenarios that can be combined with spatial data on climate hazards to support climate risk assessments. The model combines household survey data
with subnational projections on key drivers of income to simulate how the distribution of income changes as a consequence of economic development and structural
transformation. To illustrate our modelling framework, we provide an application to Ethiopia. We projected changes in poverty headcount and income distribution
for 60 different zones and three different socio-economic scenarios for the period 2020-2050. We combined the subnational income projections with heat stress maps
to identify the number and profile of the population that are most vulnerable to climate change and found that, depending on the scenario, between 1.4 and 9.4
million poor people (1-5% of the population) will be at risk of heat stress in Ethiopia in 2050. The modelling framework can be combined with spatial data of
additional climate hazards, such as floods and droughts, and be applied to other countries and regions, to support national climate information systems and inform
climate adaptation strategies and policies.

et al., 2016).
Practical implications The majority of existing climate risk assessments combine popu-

lation projections (Ward et al., 2020) or historical poverty maps

(Adshead et al., 2024; Rentschler et al., 2022) with spatially
Detailed information on the location and exposure of population explicit information on future hazards to determine the share of
groups to climate hazards are essential for climate risk assess- the population at risk. None of these studies provide guidance on
ments and the formulation of national policies and long-term the exposure of the future poor to the impact of expected climate
climate adaptation plans. In particular, it is important to know extremes. Recent geopolitical tensions and conflicts illustrate that
the location and profile of the poor, which are among the most economic development is highly uncertain and global shocks
vulnerable to climate hazards because they have limited financial might have dramatic impact on future income distribution and
means to cope with shocks and are often hit the hardest because of poverty. It is important to account for these uncertainties in
their dependence on agriculture for food and income (Hallegatte climate risk assessments.
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This paper presents a spatial microsimulation modelling frame-
work that creates small area income distribution and poverty
projections using a bottom-up approach based on different socio-
economic scenarios. The results can be combined with spatial
datasets that provide information on the location and intensity of
climate hazards to identify high-risk hotspots where high-poverty
levels overlap with the location of extreme weather events.

We present a case-study in which we use the modelling approach
to assess the vulnerability and profile of the poor in Ethiopia to
heat stress. The analysis points at the existence of several poverty-
climate hotspots. Given the limited capacity of the poor to protect
themselves from heat stress, heat-related illness, mortality and
reductions in labor productivity will be high in these areas unless
preventive measures are taken. Such measures may include
developing heat action plans that improve public awareness and
promote adaptive measures, setting up early warning systems that
give the population timely information about heat waves and
investigating possibilities to change working hours in agriculture
and construction, where workers are most vulnerable to heat
stress.

The climate risk analysis can be extended by combining the results
with projections for floods and droughts, which, in addition to the
heat related climate hazards, are regarded as the main climate
hazards in Ethiopia (Conway and Schipper, 2011) and other
climate extremes. Such information will be useful input for the
development and refinement of national adaptation plans and the
Ethiopia Nationally Determined Contributions (NDC) that
describe and prioritize strategies to adapt to climate change.
Interestingly, the latest Ethiopian NDC (Federal Democratic Re-
public of Ethiopia, 2021), which includes a detailed list of adap-
tation actions, does not identify heat stress as a priority, nor does it
provide any details on regional measures and risks related to
climate adaptation. The results of the spatially explicit climate risk
assessment presented in this paper, could be used to improve and
deepen the next iteration of the Ethiopian NDC.

The modelling approach is flexible enough to be run at different
scales and incorporate alternative scenario assumptions that are
often prepared as part of participatory modelling exercises to
inform climate risk assessments (Merkle et al., 2023). To support
decision making at the local level, one option would be to apply
the modelling framework to a subset of selected districts for which
detailed input data can be collected in combination with stake-
holder proposed scenarios. The main input for the model are
global datasets (e.g. national population and labor statistics) and
spatial layers (e.g. urbanization and demographic maps and pro-
jections), which are publicly available, as well as a national
household income and expenditure survey, which often can be
sourced from national statistics. For this reason, our approach can
relatively easily be extended to other countries and regions. Policy
makers can use the model as part of a national climate information
system to inform climate adaptation strategies and policies.

Introduction

There is abundant evidence that poor countries and poor people will
suffer most from climate change (Diffenbaugh and Burke, 2019; Halle-
gatte et al., 2016; Hsiang et al., 2017; Sedova et al., 2019). Poor people
are the most vulnerable to climate-related extremes and hazards, such as
floods, droughts and extreme heat because they have limited financial
means to cope with shocks. In addition, the poor often rely heavily on
agriculture as their primary source of income, making them dispropor-
tionately affected by climate-related disruptions to agricultural activ-
ities and have limited access to necessities such as food, water and
healthcare, which might worsen under climate change (Hallegatte and
Rozenberg, 2017). A recent study estimated that without further action,
climate change impacts could push more than 130 million into poverty
by 2030 (Jafino et al., 2020).
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To formulate climate adaptation strategies and interventions, deci-
sion makers conduct climate risk assessments to identify which part of
the population has the highest risk to be negatively affected by climate-
related shocks and what measures are needed to protect the most
vulnerable segment of the population and increase their resilience. To
determine the human risk from climate impacts, information on three
dynamically interacting components is required (IPCC, 2022): (a) the
probability of climate-related hazard; (b) the exposure of the population
to a hazard and (c) the vulnerability of the population to a hazard.

In recent years there has been an increasing availability of high-
resolution spatial datasets that present information on the probability
and location of climate-related hazards under different socio-economic
and climate scenarios, including sea level rise (Kirezci et al., 2020),
floods (WRI, 2020), droughts (Satoh et al., 2022) and heat stress
(Schwingshackl et al., 2021). A number of studies used this information
to assess current and future exposure to extreme climate events at
various scales (Lange et al., 2020; Osberghaus and Abeling, 2022; Rising
et al., 2022; Strauss et al., 2021). However, most studies (Ward et al.,
2020) only combine population maps with spatially explicit information
on hazards to determine the share of the population at risk. Therefore,
they do not provide a complete climate risk assessment as vulnerability
is not taken into account.

Another strand of research provides projections of human vulnera-
bility under different socio-economic and climate scenarios to better
analyze the impact of climate change on social well-being. In these
studies, vulnerability is measured by income distribution and poverty
indicators (Rao et al., 2019; Soergel et al., 2021) or by more advanced
composite indices that also include education and food security in-
dicators (Liu et al., 2024; Marzi et al., 2025). These studies mostly have a
national-level focus and do not provide results on the spatial distribution
of vulnerability within a country.

Recent studies by Rentschler et al. (2022) and Adshead et al. (2024)
addressed this issue and combined projections of climate hazards with
spatial poverty estimates to assess the climate vulnerability at higher
spatial resolution. However, they used historical poverty maps to
determine the location of the poor and therefore do not take into account
the impact of different socio-economic development trajectories on in-
come and poverty change. Both COVID and current geopolitical tensions
and conflicts have shown that the future is highly uncertain and global
shocks can have a dramatic impact on future socio-economic develop-
ment and global poverty (Mahler et al., 2022), thereby affecting the
future vulnerability and risk of climate shocks. This implies that the
preparation of comprehensive climate risk assessments requires a sce-
nario approach that combines high-resolution climate hazard pro-
jections with spatially explicit estimations of future poverty, which is
considered as a reasonable proxy for vulnerability (Rana et al., 2023).

The aim of this paper is to fill this gap and to demonstrate a
modelling framework that creates small area income distribution and
poverty projections using a bottom-up approach based on different
socio-economic scenarios. Such maps can be combined with spatial
datasets that provide information on the location and intensity of
climate-hazards to identify high-risk hotspots where extreme weather
events overlap with the location of the most vulnerable segment of the
population. This paper presents the Microsimulation of Income Dy-
namicS (MIDS) model, which combines spatial microsimulation with
inputs from a global economic simulation model and assumptions that
are consistent with the shared-socioeconomic pathways (SSPs), the
dominant scenario framework for climate assessments (Riahi et al.,
2017; van Vuuren et al., 2017). As such, it aims to bridge the scales
between (a) climate impact and vulnerability research, which requires
data with detailed spatial resolution, and (b) integrated assessment
modelling, which mainly uses macro-level approaches to simulate
change in socio-economic indicators (van Ruijven et al., 2014; Soergel
et al., 2021). Our approach can be regarded as a first step to improve
spatial heterogeneity and distributional effects in climate change sce-
nario modelling to support the development of local adaptation and
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mitigation strategies. This has been identified as a key priority for future
climate risk and scenario research (Piontek et al., 2021; Pirani et al.,
2024; Rao et al., 2017).

To illustrate the modelling framework we provide an application for
Ethiopia, one of Africa’s most populous countries, which also experi-
ences high levels of poverty. Climate projections for Ethiopia predict
rising temperatures and a greater frequency of heat waves (Conway and
Schipper, 2011), which are expected to have severe negative effects on
agriculture, poverty and child stunting (Berhanu et al., 2024; Mideksa,
2010; Randell et al., 2020). We used the narratives and (gridded)
quantified drivers of the SSPs to generate projections of demographic
change, urbanization and occupation across 60 zones in Ethiopia. In
addition, we extended the standard SSP assumptions, which are limited
to the national scale, with spatial and micro-level assumptions that are
consistent with the SSP storylines. These are subsequently used in the
MIDS model to create poverty maps for different scenarios. Finally, we
conducted a climate risk assessment by combining the poverty maps
with heat stress projections for different climate scenarios to identify
vulnerability hotspots and provide information on the age, occupation
and urban-rural profile of the people most vulnerable to future extreme
hot weather.

Methods and materials
Conceptual framework

Long-run income changes at the household level are the outcome of a
complex interaction of local (e.g. demography and degree of urbaniza-
tion), national (e.g.structural transformation of the economy and
redistributive policies) and global (e.g.climate change, trade, pan-
demics and wars) driving forces (Acemoglu et al., 2002; Burke et al.,
2015; Dollar et al., 2016; Mahler et al., 2022). To capture these factors,
the MIDS model, combines spatial microsimulation (Tanton and
Edwards, 2013) with micro-macro simulation approaches (see Bour-
guignon and Bussolo (2013) and van Ruijven et al. (2015) for reviews) to
project income distribution and income change at the subnational level.

Spatial microsimulation is a method to model and analyze popula-
tion dynamics at a small geographic scale, such as districts, municipal-
ities and provinces. It involves combining household level information
from surveys with aggregate population and demographic statistics
(referred to as ‘constraint’ variables) from a population census to derive
household weights that reproduce the characteristics of the actual
population in a small area (Lovelace and Dumont, 2016). The weights
are then combined with the survey data to simulate the distribution of
the target variable (in this case household income) for that area. Spatial
microsimulation has been used to analyze the geographical distribution
of poverty, health, transport and housing (Tanton and Edwards, 2013).
Spatial microsimulation models are a useful tool to inform regional
policies and rural-urban planning as they provide information at spatial
levels for which only scarce and fragmented data is available.

To project the spatial distribution of household income distribution
over time, MIDS updates both the weight and the income level of each
household into the future. The household weights are adjusted in such a
way that the (sub)national population totals are consistent with the
(sub)national age, sex, occupation and urban-rural projections that are
prepared as part of socio-economic scenarios and which can be consid-
ered as the main drivers of change in income distribution (see below). To
capture the impact of these drivers on the distribution of income, the
reweighting procedure gives higher weights to households with char-
acteristics that are projected to become more dominant in the future and
lower weights to households with characteristics that are projected to
become less dominant. This means that in scenarios which are charac-
terized by structural economic transformation, the reweighting pro-
cedure will allocate higher weights to households with members that are
active in manufacturing and services in comparison to households that
work in agriculture. Similarly, urbanization and aging of the population
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are simulated by giving higher weights to urban households (relative to
rural households) and households with a large share of elderly family
members, respectively.

Apart from changes in the composition of the population, which are
captured by the reweighting procedure, growth in (subnational) income
distribution will also be affected by changes in the level of household
income over time. MIDS distinguishes between two channels that affect
household income. The first are changes in factor income, in particular
from labor, which makes up the largest component of household income
in low-income countries, such as Ethiopia. Labor income is shaped by
macro-drivers such as technological progress (e.g. farmers using tractors
instead of animal traction), changes in the demand for labor (e.g. an
increase in the demand for high-skilled labor) and changes in the supply
of labor (e.g. a growing or aging population). Similar to micro-macro
poverty studies (Ahmed et al., 2020; Bussolo et al., 2010a; Laborde
Debucquet and Martin, 2018), MIDS uses the output from a global
Computable General Equilibrium (CGE) model (MAGNET) to simulate
the impact of macro-drivers on factor income. The advantage of a global
simulation model is that it accounts for the impact of global shocks and
events, (e.g. trade barriers and climate change impact) that are trans-
mitted through international trade, on national economic development.
The second channel that influences household income are policies (e.g
taxes, subsidies and pension systems) to redistribute income. To model
these, MIDS includes the option to simulate a flat household income tax,
which is used to fund a basic income and pensions.

Finally, the updated weights and household income are combined to
project the simulated future income distribution and poverty at the
spatial level. Fig. 1 depicts the MIDS modelling framework and the two
major channels that determine future household income distribution
and poverty. The following sections provide detailed information on key
components of the MIDS model and the data.

Dynamic spatial microsimulation

The core of MIDS is a dynamic spatial microsimulation approach to
account for spatial drivers of household income change over time. More
specifically, the model implements a ‘pseudo-dynamic’ approach
(Harding et al., 2011; Tanton, 2014; Vidyattama and Tanton, 2010),
which combines a household survey with constraints that are projected
into the future. For each period, new household weights were derived
using the iterative proportional updating (IPU) algorithm (Ye et al.,
2009), which takes into account both household and household member
characteristics (Supplementary Section 4).

A key assumption in spatial microsimulation is that the constraints
are strong predictors for the variable of interest, in this case household
income, for which data is only available in the survey. For our study, we
selected five constraint variables: occupation, urban-rural status, age,
sex and number of households. Occupation is strongly related to a per-
son’s level of education and skill-level at work, which jointly are key
drivers of wage and income (de Beyer and Knight, 1989; Gibbons et al.,
2005). The distribution of occupations is also related to the process of
structural economic transformation in which people move from low-
skilled jobs in agriculture to high-skill jobs in manufacturing and ser-
vices (Duernecker and Herrendorf, 2022; Syrquin, 1988). Accounting for
change in the distribution of occupations over time by updating survey
weights will capture the impact of structural change on income distri-
bution. We distinguished between five major occupations following the
major International Standard Classification of Occupations (ISCO):
professionals, technicians, clerks, service workers and agricultural &
craft workers (Supplementary Table 1) and three additional classes:
elderly (65 years and above), children (under 15 years) and adults not in
the labor force (students and adults unable or unwilling to pursue paid
work), which together describe the total population.

Urbanization is another important determinant of household in-
come. Several studies describe the existence of a persistent urban-rural
wage gap, which is explained by differences in skill level between urban
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Fig. 1. MIDS modelling framework.

and rural workers (Young, 2013) as well as market failures (Munshi and
Rosenzweig, 2016). We used two classes (urban and rural) to incorpo-
rate urbanization in the model.

Sex and age are key variables that describe the demographic change
of the population. Adding these as constraints captures the impact of
differences in income between young and old workers and between male
and female workers and how this impacts income distribution as a
consequence of demographic change. Including age and sex also ensures
consistency between MIDS and population projections, which are a key
driver of the macro-simulation model that informs MIDS. We distin-
guished between two sexes (male and female) and seven age classes.
Similar to Hallegatte et al. (2017), we decided to exclude the number of
children in a household from the re-weighting procedure and propor-
tionally rescale the number of children (age < 15) per household after
the simulation to match the subnational projections for the age class of
under 15. The reason for doing this is that the household survey contains
a very low number of households with a small number of children,
which makes it difficult to calibrate weights for low population growth
scenarios.

Finally, to maintain the link between income, which is determined at
the household level and demographic change, which is determined by
the family member structure, we added the number of households as a
constraint in the reweighting procedure.

Macro-drivers of income change

We used macro-level projections for changes in labor income from
the MAGNET model to update household-level income information in
MIDS. MAGNET is a recursive dynamic global CGE model that includes
an improved labor market module to simulate the markets and resulting
labor income for each of the five major occupation classes under
different future scenario projections. To link the MAGNET income pro-
jections to MIDS, we decomposed household income from the survey
(approximated by total consumption expenditure) in labor and non-
labor contributions using a regression approach (Hallegatte and

Rozenberg, 2017). The process involved four steps (see Supplementary
Section 5 for details). First, we allocated one of the five major occupa-
tion classes to each person in the household, using information from the
household survey. Second, we used robust regression, which accounts
for the impact of outliers (Andersen, 2008) to estimate the average
contribution of each person with a certain occupation to the total labor
income of the household. We distinguished between urban and rural
populations to control for differences in income sources between both
population groups. Third, we combined the estimated coefficients for
each occupation class with real labor income change projections from
MAGNET and calculated the total labor income for each household in
future periods. Finally, we scaled the simulated income distribution in
such a way that the change in mean income per capita was consistent
with the change in real GDP per capita from the SSP projections. The
scaling can be regarded as an adjustment factor to account for the
change in capital income, which is not captured by our procedure to
update household labor income (Bussolo et al., 2010b).

Household survey data

We used the fourth wave (2018-2019) of the Ethiopia Socio-
economic Survey (ESS4) (Central Statistics Agency of Ethiopia, 2020)
as a source of household information. The ESS4 is a multi-topic baseline
survey that addresses a wide number of socio-economic and de-
mographic variables, including income and consumption. In comparison
to the previous waves, the consumption module of ESS4 was revised to
ensure it is consistent with the Household Income and Consumption
Expenditure Survey (HICES), which is the official source to estimate
national poverty statistics. The ESS4 is representative for 11 major re-
gions as well as urban and rural areas. It was conducted in 535
enumeration areas and includes information on 6,770 households. We
used the total household consumption expenditure, corrected for spatial
variation in food prices that is available in ESS4, as a proxy for house-
hold income. A consumption-based measure is considered as a much
more reliable source than total income for poor countries (Haughton and
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Khandker, 2009) and is therefore used as the preferred indicator to
measure poverty (Seff and Jolliffe, 2017; World Bank, 2020). Following
standard practices in international poverty analysis (World Bank, 2025),
we converted household income into 2017 PPP$ values to make it
comparable with the international poverty line and used the change in
GDP per capita to project the survey data from 2018 to 2020, the first
year of our simulation exercise (see Supplementary Section 2 for
details).

Scenarios and subnational projections

As a basis for our projections we used the Shared-Socioeconomic
Pathways (SSPs), a set of socio-economic scenarios that were devel-
oped for climate change research (Riahi et al., 2017; van Vuuren et al.,
2017) but are increasingly used as narratives to guide a range of global
assessments (Leclere et al., 2020; Willett et al., 2019). The SSPs consist
of five storylines that each describe different future worlds as well as
related projections of key drivers (O’Neill et al., 2017). In this study, we
limited the analysis to three scenarios: SSP1 (Sustainability), SSP2
(Middle of the road) and SSP3 (Regional rivalry). SSP1 and SSP3 are
frequently used in simulation studies because they are regarded as the
most extreme socio-economic scenarios, while SSP2 is considered as a
business-as-usual or baseline scenario. As the SSP3 narrative does not
contain explicit information on intra-country inequality trends, we
decided to adopt the SSP4 (Inequality) storyline, which predicts an in-
crease in inequality within economies and therefore refer to this sce-
nario as SSP3/4.

The SSPs mainly describe macro-level storylines and scenarios of
future development but provide limited detail on driving forces at
spatial and micro scales, which are key determinants of income distri-
bution and poverty. For this reason, we included an additional set of
drivers in line with the SSP scenario framework (Table 1). For the
macro-level, we used the standard SSP1-SSP3 GDP and population
projections from the SSP scenario database (SSP Database, 2016) as
input for MAGNET. To capture the spatial dynamics, we created sub-
national projections for all five constraint variables that we consider as
main driving forces of household income distribution at the local-level.
To construct the demographic (age and sex), urbanization and structural
change (occupation structure) projections, we integrated a wide number
of data sources, including high-resolution population data (Pezzulo
et al., 2017), the Ethiopian population census (Minnesota Population
Center, 2019), labor statistics (ILO, 2023) and spatially explicit de-
mographic and urbanization SSP projections (Jones and O’Neill, 2016).
The subnational projections were prepared for all 60 administrative
level 2 zones in Ethiopia, spanning the period 2020-2050. Finally, we
added SSP-specific assumptions on labor income changes and redis-
tribute policies that have an effect on micro-level (i.e. household and per
capita) income (see Supplementary Section 3 for more information on

Table 1

Summary of scenario assumptions at different scales. 7 is a flat household income
tax that ensures a basic income is transferred to all persons older than 15 years. k
is a flat household income tax to simulate a universal pension for people of age
65 and above. See Supplementary Section 3 for details.

topic element SSP1 SSp2 SSP3/4

Macro GDP growth High Medium Low

Macro Population growth Relatively low Medium High

Spatial ~ Demographic Relatively low Medium High
change

Spatial ~ Urbanization High Medium Low

Spatial  Structural change Rapid Medium Low

Micro Labour income Neutral Neutral Diverging
trends

Micro Basic income cash Substantial (7 = None (r = None (r =
transfer 40%) 0%) 0%)

Micro Pension cash Substantial (x = None (k = None (k =
transfer 20%) 0%) 0%)
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the construction of the subnational projections).
Validation of spatial microsimulation models

Two types of validation are commonly applied in the spatial micro-
simulation literature (Edwards and Tanton, 2013). The first one is in-
ternal validation, which is the comparison between simulated outcomes
and the data used in the model. We calculated the two most common
metrics that are used for internal validation to validate the base year
simulation (see Supplementary Section 7 for details): the standardized
absolute error (SAE) and the R Both indicators measure how well
model outcomes (i.e. the sum of weights) corresponded with the con-
straints (Voas and Williamson, 2001). The second type of validation is
external validation, which is the comparison between simulated results
with (correlated) data from other sources. We used three external vali-
dation approaches. First, we compared the simulated income distribu-
tion with the observed income distribution at the level for which the
ESS4 provides representative information, such as major regions and
urban-rural populations. Similarity between both distributions in-
dicates that the our modelling approach, which combines a large num-
ber of data sources and projections, is able to reproduce the observed
distributional patterns. Second, we compared our subnational results
with a high-resolution map (Chi et al., 2022) of relative wealth, which
can be considered as a proxy for poverty. Finally, we compared our
projections with those of Rao et al. (2019), who present national-level
SSP projections for the Gini index.

Climate risk assessment

The income distribution maps created by MIDS can combined with
information on the location of climate extremes and wider climate
hazards as part of a climate risk assessment. Climate extremes are
defined as the occurrence of a value of a weather or climate variable
above (or below) a threshold value near the upper (or lower) ends of the
range of observed values of the variable (IPCC, 2022). Examples are heat
waves, droughts, floods and tropical cyclones. Climate hazards, include
both climate extremes and slow-onset climate trends, including a
decrease in crop yields and an increase in water scarcity as a conse-
quence of a changing climate.

To illustrate our modelling approach to support climate risk assess-
ments, we combined MIDS output with heat stress projections, one of the
main climate hazards in Ethiopia (Conway and Schipper, 2011). A
number of indicators have been developed to measure and project heat
stress (e.g. Wet-bulb globe temperature, Humidex and the heat index)
(Schwingshackl et al., 2021). For this application, we selected the Heat
Index (HI), which was developed by the US National Oceanic and At-
mospheric Administration (NOAA) for issuing heat warnings (Steadman,
1979). This index is regularly used in studies to analyze the impact of
heat stress on mortality and occupational heat exposure (Burkart et al.,
2011; Opitz-Stapleton et al., 2016) and has well-defined threshold
values to measure heat stress intensity. We used data from Sandstad and
Schwingshackl (2022), who present HI projections for combinations of
SSPs and climate (Representative Concentration Pathways, RCPs)
warming scenarios, generated by a range of climate models
(Supplementary Section 8). To determine the severity of heat stress, we
applied a HI threshold temperature of 41°C, which corresponds with the
HI classification of “very hot/danger” because of the high risk of a
sunstroke, and heat exhaustion as a consequence of prolonged exposure
and/or physical activity (Blazejczyk et al., 2012). We used this threshold
to determine the maximum number of consecutive days with extreme
heat in the year 2050. Following the IPCC definition, we considered a
heatwave as a period of two or more days with hot weather (IPCC,
2022).

Several studies have pointed out that climate hazards, such as heat
stress, will cause migration and internal displacement of people
(Clement et al., 2021; Mueller et al., 2014). According to Amakrane
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et al. (2023), this will also happen in Ethiopia. They found that around
750 thousand people are expected to leave the Adama Valley by 2050 as
a result of climate risks, while an inflow of people is projected for
Northern Ethiopia. Most of the displacement is expected to take place
within Ethiopia. To account for climate mobility in the heat stress risk
assessment, we replaced the SSP3/4 population projections, which as-
sume no climate change, with SSP3-RCP6.0 projections (Amakrane
et al., 2023) that reflect the impact of multiple climate hazards on in-
ternal migration in Africa (Supplementary Section 3) assuming a com-
bination of SSP3 and RCP6.0 — high greenhouse gas concentration —
scenarios.

Results

Fig. 2 shows the drivers for the North Gondar zone, which we use as
an example to illustrate our modelling approach. North Gondar, located
in the Amhara region, had a total population of over 4 million people in
2020, of which around six percent lived in rural areas. The largest share
of the population were children in the age of 0-14. The majority of the
labor force was categorized as low-skilled agricultural and craft, and
services workers, while there were only a few clerks, professionals and
technicians. Also many people were registered as not being in the labor
force. Supplementary Section 6 presents the drivers for a fully urbanized
area (Dire Dawa) and for a very rural zone (Borena, Guji), which,
together with North Gondar, can be considered as representative for the
various zones in Ethiopia.

SSP1 SSP2

SSP3/4 SSP1 SSP2
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Fig. 2 also depicts future demographic trends and structural change
patterns that are in line with the SSP scenarios. In SSP1, total population
growth was limited but there was a large increase in the urban popu-
lation. Although agricultural and crafts, and services workers still make
up the largest share of the labor force, there was strong growth in the
number of high-skilled professionals and engineers. Labor income of all
occupations and pensions were increasing between around 1-3% per
year. In SSP3/4, population growth was much higher, resulting in a
larger number of children and an increase in both the rural and urban
population segments, although growth in the latter was relatively low.
At the same time, the share of agricultural and crafts and services
workers was growing and there was no increase in high-skilled workers.
Real labor income was decreasing for low-skilled workers and slightly
increasing for high-skilled workers. As expected, the trends for the SSP2
scenario, which represents a business-as-usual future, were roughly in
between those of SSP1 and SSP3/4.

Fig. 3 depicts the poverty trends for North Gondar, which are
determined by the combination of driving forces in Fig. 2. The average
poverty rate in 2020 was 27% in 2020, most of which were children,
agricultural and craft workers and people that were not in the labor
force, living in rural areas. In SSP1 and SSP2 the average poverty
decreased substantially to near 0% and 5%, respectively, whereas in
SSP3/4 it increased to 35%, most of which were children. The increasing
Gini-index in SSP2 and SSP3/4 indicates that inequality is expected to
grow over time, while in SSP1 it is reduced considerably. The poverty
projections for the other example zones were comparable across SSP
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scenarios but differ at the more detailed level (Supplementary Section
6).

Similar to North Gondar, we calculated and projected the poverty
rates across all 60 zones and for all three SSPs in Ethiopia. Fig. 4 depicts
the geographical distribution of the poverty headcount rate for the three
SSP scenarios as well as the national total. For the whole country, the
poverty rate was 28% in 2020. In SSP1 the poverty headcount rate was
projected to decrease to near zero, while in SSP2 it was around 5% by
2050. In SSP3, 34% of the households were expected to be poor in 2050.
The maps show that there is variation in the poverty rate between zones.
In SSP1, differences are small and poverty is below 1% in all zones. In
SSP2, poverty is the lowest in the large cities (Addis Ababa, Bahir Dar,
Dire Dawa and Harari) and the highest in the (mostly rural) zones in the
Somali region, which were already characterized by high poverty levels
in 2020. In SSP3/4, poverty is more profound and widespread, with the
highest poverty rates in Gambela, Affar, Oromia and Somali zones, while
in the large cities the number of poor people only slightly increased.

Validation results

Fig. 5 summarizes the results of the internal and external validation
exercises. For all scenarios, the SAE for 80% of the areas is below the
15% threshold that is often used in the literature (Fig. 5a). The model
performance for SSP1 in the year 2050 is just above the minimum
threshold value, while the projections for the other SSPs show lower SAE
values. This can be explained by the fact that changes in the constraints
are more extreme in SSP1 than for other SSPs. This holds particularly for
the occupation constraints (e.g. growth in high-skilled occupations),

because of deeper structural economic transformation and more ur-
banization in SSP1. Because the sample contained only a limited number
of high-skilled urban households, adjusting the weights was challenging
and the SAE therefore tends to be larger for these constraint classes.
However, although the SAE is relatively large, the absolute size of the
constraint classes is small (i.e. relatively low number of people with a
high-skilled occupation) and the overall model performance remains
strong, as indicated by the high R? between simulated and observed
constraints (Supplementary Section 6).

Fig. 5b shows a good match between the simulated poverty head-
count ratio and the relative wealth index (R? of 0.52). Both sources
produce the lowest poverty rates for large city areas (Addis Ababa, Bahir
Dar, Dire Dawa and Harari, indicated by the four observations on the
left) and higher poverty rates for rural zones. The resemblance between
the small area estimates from MIDS and the relative wealth index is
striking as the poverty estimates were produced using two different
approaches (spatial microsimulation versus machine learning) and used
different sources (ESS4 versus Dietary Health Surveys).

Fig. 5¢ and d compare the distribution in ESS4 and simulated per
capita income values for the year 2020 at the region-level and for urban
and rural populations, respectively. All figures are based on the same
base year household income data from the survey but use different
weights (i.e. observed versus simulated). Both the median and the shape
of simulated distributions resemble the log-normal distribution
observed in the ESS4 data. Only in the case of SNNP and urban areas, the
microsimulation seems to slightly underestimate the median value. The
simulated distributions are less smooth than the survey distributions
because they are based on a much larger number of observations,
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Fig. 4. (a) Geographical distribution of the poverty headcount rate in Ethiopia for 2020 and three SSPs for 2050, (b) National-level poverty rate for 2020 and

three SSPs.

namely the full household survey sample reweighted for each zone and
urban/rural area.

Finally, we compared our national-level Gini-index projections with
those of Rao et al. (2019), who used an econometric approach to project
inequality for each of the SSPs. Our results are very similar for SSP1 but
differ for the other two scenarios (Supplementary Fig. 8). We predicted
an increase in the Gini index for these scenarios, whereas Rao et al.
(2019), projected a slight decrease in equality in SSP2 and only a small
increase in SSP3 and SSP4, which seem to contradict with the storylines
of these SSPs. The approach of Rao et al. (2019) is based on a cross-
country econometric model that assumes changes in the Gini-index are
primarily driven by macro-level factors, such as education, trade and
technology. As a result, it may not adequately capture the impact of
sectoral and micro-drivers of income distribution. In contrast, the MIDS
model explicitly simulates how changes in income distribution and
poverty are driven by shifts in the composition of the population (e.g.
urbanization and structural economic transformation) and changes in
labor income. Consequently, the model produces inequality projections
that are more consistent with the SSP storylines.

Risk assessment of future heat stress

Similar to the poverty projections, areas with extreme heat are not
evenly distributed over the different zones in Ethiopia in 2050. Extreme
temperatures are most likely to be observed at the borders of the
country, while temperatures are lower in the center (Supplementary
Section 8). Fig. 6a combines temperature and poverty information to
reveal the zones, which are both characterized by a high probability of
heat stress and a large vulnerable population as measured by the number
of poor people. North Gondar can be regarded as a hotspot of high heat
stress risk in both scenarios. Eastern Tigray and Zone 2, in the North of
Ethiopia stand out as zones with a very large number of days with
extreme HI and a high number of poor people in SSP3/4-RCP7.0. We

found that almost 1.4 million poor people, equal to around 1% of the
total projected population in 2050, will be exposed to heat waves in
SSP2-RCP4.5. With 9.4 million or around 5% of the total population, this
number is much higher in SSP3/4-RCP7.0, which is characterized by
higher population growth, higher poverty and higher climate impact
(Fig. 6b). The majority of the vulnerable poor live in rural areas and
primarily include children and agricultural and craft workers.

To analyze the impact of accounting for climate mobility on climate
vulnerability, it is useful to compare the results of the SSP3/4-RCP7.0
scenario with those of the baseline SSP3/4 scenario, which assumes
no climate change (Supplementary Fig. 11). At the aggregate level, we
found that the the total number of poor people at risk of extreme heat is
almost identical in both scenarios (approximately 9.4 million people).
However, substantial differences emerge in the spatial distribution of
people vulnerable to heat stress. In the SSP3-RCP7.0 scenario, the
number of poor people is up to 40% higher in the northwestern Ethiopia
and around 25% lower in the southern and central parts of the country
as a consequence of climate-induced migration in comparison to the
SSP3/4 scenario. North-Western Tigray is one of the zones with the
highest number of poor people exposed to substantial heat stress (dark
green areas) in the SSP3-RCP7.0 scenario, whereas this is not the case in
the SSP3/4 scenario. In several other zones (e.g. Metekel, Shinile and
West Welega), the projected number of poor people exposed to heat
waves differs considerably between the two scenarios.

Discussion

In this paper, we proposed an innovative modelling approach to
simulate changes in income distribution and poverty in space and over
time. Despite our efforts to build a robust and empirically sound model it
is important to highlight several limitations that should be taken in mind
when interpreting the results.

First, poverty is a complex phenomenon that is determined by the
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interaction of a large number of drivers. It is important to emphasize
that the MIDS model is a simplification of reality, which does not aim to
predict future poverty. Instead, its objective is to incorporate the main
drivers of income distribution to assess the plausible future ‘bandwidth’
of poverty under different scenarios that describe the change in these
drivers. One of the driving forces of income distribution that is
frequently highlighted in the literature, but not explicitly taken into
account by MIDS, is educational attainment (Rao et al., 2019). Ideally,
we would have added education as an additional constraint in the spatial
microsimulation to grasp its effect on income distribution and poverty.
Unfortunately, and in contrast to the other drivers, there are no data
sources that provide detailed subnational information on the breakdown
by education level, which are compatible with the SSP education pro-
jections. However, we believe that this is not a major problem as several
of the drivers that are implemented by MIDS, in particular occupational
structure, are highly correlated with educational attainment (Gibbons
et al., 2005) and therefore account for the impact of human capital on
income. At present, MIDS does not account for the impact of highly local
determinants of poverty, such as access to roads, soil quality and land
cover (Chi et al., 2022; Okwi et al., 2007). In theory, it would be tech-
nically feasible to add these variables as additional constraints in the
spatial microsimulation if (a) the household survey would provide this
information for each household and (b) subnational information and
projections would be available from secondary sources (Birkin and
Clarke, 2012). In practice, these data are almost never available.
Second, and somewhat related to the previous point, the model only

partially accounts for spatial drivers of income and poverty. We used
national level projections for labor income change from a global CGE
model to project subnational household income. In reality, labor income
changes will not be the same between regions due to differences in local
market conditions, household characteristics and urbanization level. An
alternative approach would be to use output from national-level CGE
models, which often include major administrative units and several
representative household groups (Dorosh and Thurlow, 2014). The
disadvantage of using a single-country CGE is that such models do not
take into account international trade dependencies, which are shown to
be an important driver of poverty and inequality (Anderson, 2020),
especially when countries go through a process of structural trans-
formation (Uy et al., 2013).

Third, it is important to note that the current model setup primarily
captures the impact of socio-economic drivers (e.g. technical change,
structural transformation and urbanization) on future income distribu-
tion and poverty. MIDS does not account for the impact of climate
change and climate shocks on future household income, for example
because of the negative impact of droughts on crop yields, losses in
production due to floods or reduced labor capacity because of extreme
heat. Therefore, the poverty projections that result from our modelling
framework should be regarded as no climate change scenarios and, in
particular for the more extreme SSP3/4-RCP7.0 scenario, will likely
underestimate post-hazard household income. Nonetheless, several
studies point out that the impact of socio-economic drivers, such as
demographic change and economic development, which determine
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vulnerability and exposure, have a larger impact than hazards, such as
heat stress, on climate risk (Landreau et al., 2021; Rohat et al., 2019).
Hence, we believe that the main value of our modelling approach is to
capture the impact of socio-economic change on future poverty and to
use this information to better understand the exposure and vulnerability
of the poor to climate hazards.

Fourth, we used a top-down approach to link the macro CGE output
with the spatial microsimulation approach, which does not take into
account any feedback loops between the two levels of modeling. For
example, we did not account for the impact of micro-level changes in
income and consumption on macro-level prices, wages and labor supply.
An improvement would be to implement a top-down bottom-up method
that involves an iterative process in which both models exchange in-
formation till they converge to a joint solution (Colombo, 2010; Peichl,
2016). However, these advanced methods are also not free from theo-
retical and conceptual difficulties, which makes their implementation
complex. Moreover, a comparison indicated that the top-down method
can be considered as a satisfactory approximation of more advanced
two-way interaction approaches (Bourguignon and Savard, 2008).

Finally, the MIDS model requires a relatively large amount of
detailed and spatially explicit information, drawn from a range of
sources, including global datasets, high-resolution maps, the population
census and a large household survey. This means that the outputs of the
model are invariably influenced by the availability, quality and consis-
tency of the input data. For instance, the creation of subnational de-
mographic, occupation and urbanization projections involved the
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downscaling and harmonization of several spatial and national datasets,
which could have introduced a bias. Ideally, subnational projections of
drivers should be created using granular spatial statistics (Jiang et al.,
2020), which are often not available for low-income countries like
Ethiopia. Similarly, we used a relatively small household survey, which
mag have resulted in a loss of spatial diversity as extreme values (e.g.

regions with a large share of wealthy households) might not have been
fully captured (Birkin and Clarke, 2012). We would have liked to use the
Ethiopian Household Income and Consumption Expenditure Survey
(HICES), the official source to estimate national poverty statistics, which
contains a representative sample for a much larger number of subna-
tional units. Unfortunately this data set was not publicly available.
Lastly, for the most extreme scenario (SSP3) in the heat stress risk
assessment, we incorporated climate projections that were adjusted for
climate mobility. However, these projections were based on a different
climate warming scenario (RCP6.0) than the one used for the heat stress
projections (RCP7.0), which could have introduced inconsistencies in
the results.

In the future, we aim to deepen and expand our research in a number
of directions. First, we would like to apply the model to multiple
countries to assess climate risk and poverty dynamics at scale in regions
that are regarded as the most vulnerable to climate change, in particular
Africa and Asia. The main bottleneck in rolling out the model is the
availability of household income and expenditure surveys, which are
often outdated or not accessible. A positive development in this regard
are initiatives such as the World Bank Living Standards Measurement
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Study - Integrated Surveys on Agriculture (LSMS-ISA) program that
facilitates open access to these datasets (World Bank, 2026).

Second, we aim to enhance the modelling framework to simulate the
impact of climate hazards on subnational income distribution and
poverty. One interesting option would be to extend our CGE model so
that it factors in the impact of climate change on labor capacity and
agricultural productivity, which would, in turn, affect wages and prices
(De Lima et al., 2021). Studies show that especially heat stress nega-
tively affects the productivity of farmers and farm workers, which are
among the most vulnerable to climate change (Dasgupta et al., 2024).
Another option would be to explore ways to directly incorporate the
impact of climate change on individual household income in the MIDS
model, for example by using econometric approaches to quantify the
change in temperature on poverty (Dang et al., 2026) and by estimating
and adding a measure for household resilience capacity, which mitigates
the impact of climate extremes (Upton et al., 2022).

Finally, we provided a simple heat stress risk assessment to illustrate
how the results of our modelling approach can be used. It would be
interesting to expand this analysis and quantify the number and profile
of poor people that are exposed to multiple climate hazards, such as
floods, droughts and wildfires (Byers et al., 2018; Piontek et al., 2014).
Overlaying spatial information on climate extremes and poverty maps,
will also make it possible to better quantify the effect of climate shocks
on poverty by taking into account local impacts, which is not possible
with the existing aggregate approaches (Hallegatte and Rozenberg,
2017; Rao et al., 2017).

The results of the heat stress risk assessment indicate that a large
number of poor people in Ethiopia will be exposed to extreme heat in the
future, especially under the more extreme SSP3/4-RCP7.0 scenario. This
highlights the need for policies aimed at reducing the vulnerability of
poor people to heat stress. Our assessment indicates that in particular in
northern Ethiopia, a large number of poor people are expected to be
exposed to future heat stress, which calls for targeted interventions in
these areas, such as the development and implementation of heat action
plans, the improvement of housing conditions the provision of cooling
centers and the establishment of early warning systems. The most recent
Ethiopian Nationally Determined Contributions (NDC) (Federal Demo-
cratic Republic of Ethiopia, 2021), which outline national strategies for
climate adaptation, does not identify heat stress as a priority, nor does it
provide detailed information on regional risks or specific adaptation
measures. The results of this study could therefore help to improve and
further develop the next iteration of the Ethiopian NDC.

Conclusions

In this paper we present the Microsimulation of Income DynamicS
(MIDS) model, which combines dynamic spatial microsimulation with
inputs from a CGE model to provide future trends in income distribution
and poverty at the subnational level under different socio-economic
pathways (SSP), with an application to Ethiopia. To simulate subna-
tional and household-level impacts, we prepared spatial projections of
key driving forces and introduced additional assumptions on micro-level
drivers of income distribution (i.e. redistributional taxes and subsidies)
that are consistent with the SSP storylines.

The main outputs of MIDS are poverty maps that illustrate how in-
come distribution evolves over time and space as a result of the com-
bined effect of global, national and spatial drivers. These outputs can be
used to better evaluate the exposure of the poor to climate extremes.
This was demonstrated by combining the poverty maps with spatial
information on future heat stress, which showed that under the most
extreme climate and socio-economic scenario 9.4 million poor people
equal to 5% of the population will be exposed to heat waves in 2050.

Our results further indicate that climate mobility significantly affects
the spatial distribution of people vulnerable to heat stress, highlighting
the importance of incorporating climate-induced migration in subna-
tional climate risk assessments. The MIDS modelling framework helps to
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identify regions with the highest concentration of vulnerable people at
risk of heat stress, which will be useful to support the design of targeted
climate adaptation strategies and action plans.
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