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Abstract 
The shared socio-economic pathways (SSPs) provide storylines for plausible future global developments under a 
consistent set of assumptions. Primarily, the SSPs have been used to derive quantitative scenarios of greenhouse 
gas emissions for use in general circulation models and other large-scale, physically based models of 
environmental change. Their use in large-scale socio-environmental simulation modelling has been less 
forthcoming. Behavioural models of land systems, typically operating within agent-based frameworks, attempt to 
explicitly represent the varied socio-environmental factors that characterise the SSP storylines. Such simulation 
models are often geospatial and grid-based, capable of representing dynamics at resolutions of up to 10s km2 
over large extents (continental to global). However, such approaches demand geospatial (usually gridded) input 
data for multiple social and human variables - often together known as capitals - such as education levels and 
infrastructure. The lack of such input data for the future SSP storylines has been a substantial limitation in the 
application of large-scale behavioural models of land systems specifically and of socio-environmental modelling 
more generally. Here, we present global gridded data for socio-economic capitals useful for simulation models 
and consistent with the SSP storylines, disaggregated spatially to a 0.25o grid. We analyse the spatial and temporal 
characteristics of the projected data, comparing them to projections of GDP, and discuss their utility and 
limitations for large-scale socio-environmental modelling.  
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1.  Introduction 

The shared socio-economic pathways (SSPs) are widely used to complement the representative concentration 
pathway (RCP) emissions trajectories, providing storylines for plausible future global developments under a 
consistent set of assumptions (O’Neill et al., 2014). These storylines describe trends in socio-economic 
development and so determine a wide range of the human dimensions of modelled scenarios, including possible 
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future climate mitigation and adaptation (O’Neill et al., 2017; Table 1). Studies show that these socio-economic 
conditions can be just as important as climate for numerous socio-environmental systems including food 
production (Popp et al., 2017), biodiversity (Newbold et al., 2015) and resilience to natural hazards (Botzen et 
al., 2019; Panwar & Sen, 2019). 
 
Table 1: Key aspects of the shared socioeconomic pathways (SSPs) for the data projections presented in this study based on 
O’Neill et al. (2017). Energy intensity gives the energy consumed per unit of economic production, not absolute energy 
consumption. This study’s indicators are given in the brackets, and are shaped by the SSP dimension. LIC, MIC, HIC = Low-, 
Middle- and Higher-income countries. 

Dimension SSP1: 
Sustainability 

SSP2:  
Middle of the 
road 

SSP3:  
Regional rivalry 

SSP4: 
Inequality 

SSP5:  
Fossil-fuelled 
development 

Economic growth 
(GDP, Market access, 
energy consumption) 

LIC/MIC: High 
HIC: Medium 

Medium Slow 
LIC: Low 
MIC/HIC: High 

High 

Population growth 
(Working age pop., 
market access, energy 
consumption)  

Relatively low Medium High Unequal Relatively low 

Urbanisation 
(Market access) 

High; well-
managed 

Medium 
Low; poorly 
managed 

High; mixed 
across cities 

High; sprawl 

Energy intensity 
(Energy consumption) 

Low 
Uneven, higher 
in LIC 

High Low/medium High 

Inequality 
(Gini, Education, Health) 

Reduced 
Uneven, 
moderate 
reductions 

High, especially 
across countries 

High, especially 
within countries 

Strongly 
reduced 

Education (Education) High Medium Low 
LIC: Low 
HIC: Medium 

High 

Health spending (Health) High Medium Low 
LIC: Low 
HIC: Medium 

High 

 

 
However, most analyses (especially quantitative and model-based) use only a fraction of the detail available in 
the SSPs, focusing scenarios on a very limited number of factors and often collapsing the SSP storylines to 
projections of GDP and human population density (Koch & Leimbach, 2023; O’Neill et al., 2020). This was true 
even for the Intersectoral Impacts Model Intercomparison Project (ISIMIP), which seeks to understand the 
human impacts of environmental change (Frieler et al., 2024). Such a focus is challenging given that GDP and 
population density will not always represent the main drivers of change, and their impacts could be confounded 
by other, unmodelled drivers.  
 

For example, models in the Fire model intercomparison project (FIREMIP; Rabin et al., 2017) represented human 
impacts on global burned area through population density and GDP alone, using relatively simple quantitative 
relationships. Results were variable and inconclusive, with models unable to agree on whether human activity 
would increase or decrease global burned area over the coming century (Teckentrup et al., 2019). The narrow 
focus on GDP and population density likely arises, at least in part, because of a lack of capability in established 
models (including many integrated assessment models) to handle social factors, perhaps as well as assumptions 
that economic productivity and sheer numbers of people alone determine outcomes (Ackerman et al., 2009).  
 

Yet many socio-environmental models do not rely on simple assumptions of money and mass, aiming instead to 
represent the importance and impacts of human agency and socio-cultural attributes on environmental change. 
For example, Competition for Resources between Agent Functional Types (CRAFTY; Murray-Rust et al., 2014), a 
large-scale behavioral modelling framework has been widely used to model land use and management over 
national to continental extents (Brown et al., 2021, 2022; Millington et al., 2021), representing drivers including 
social-influence networks, policy change and non-monetary values. Similarly, the WHAM! model was developed 
to improve representation of human impacts on fire regimes in dynamic global vegetation models (Perkins et 
al., 2024), capturing how syndromes of human fire use and management emerge from the interplay of social 
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and environmental factors (Perkins et al., 2025a). Such simulation models are geospatial and grid-based, capable 
of representing dynamics at resolutions of up to 10s km2 over large extents (regional to global), requiring 
corresponding input data. They also rely on the notion of different types of social and economic capital that 
represent heterogeneity of resources across space, and influence competition between simulated agents to 
occupy that space (Arneth et al., 2014; Perkins et al., 2022).  
 

Types of capital span ‘financial capital’ (the economic context of a location), ‘human capital’ of individuals (such 
as education and skills), ‘social capital’ of interactions between individuals in a location (including governance 
structures and institutions), and ‘infrastructure capital’ representing accessibility of a location for resource 
extraction (including transport networks and supply chains) and energy consumption. Developing geospatial 
gridded capitals from empirical data can require assumptions about process (e.g. the influence of road surface 
on travel times, (de Castro Victoria et al., 2021), or rely on more straight-forward re-classification of existing 
empirical datasets (e.g. land cover, Blanco et al., 2017). However, to-date projections into the future for such 
models have relied on abstract ‘scenarios’ that simply use proportional change in the capitals (e.g. Millington et 
al., 2021), primarily because future projections of capitals based on existing data have been limited.  
 

Recognising the importance of measures beyond population density and GDP, several projections of other 
dimensions of human futures have been made – typically aggregated for countries or larger global regions. For 
example, Rao et al. (2019) provide country-level SSP projections of the Gini inequality index, whilst Meijer et al. 
(2018) project road density also at country-level. In addition, Integrated Assessment Models (IAMs) provide 
outputs for global regions, including for energy consumption, which, together with emissions pathways and GDP 
projections, can provide an important indicator of how far economic activity has been decoupled from carbon 
emissions (Schandl et al., 2016). However, finer spatial-scale projections (i.e. sub-national) are currently 
restricted to GDP (e.g. Murakami et al., 2021) and population density (e.g. Jones & O’Neill, 2016).   
 

Here, we present global 0.25° gridded data representing the SSP storylines decadally until 2100 for a range of 
capitals. In doing so, we aim to characterise the SSP storylines quantitatively in ways that provide insight and 
enable socio-environmental and behavioural simulation modelling to explore a wider range of scenario 
conditions than GDP and population density alone. We describe the construction of the capital datasets based 
on existing projections and other assumptions and compare the outputs to existing projections of GDP. The 
analysis of capitals across time between the SSPs and at different levels of spatial aggregation (globally, 
regionally, pixel-level) allows us to highlight the strengths and weaknesses of the data for future modelling 
studies. The discussion (Section 4) focuses on evaluating how well these projections capture a representative 
range of possible futures, in addition to the implications of the reliance of the data on underlying projections at 
a coarse spatial resolution.   

2.  Methods 

2.1  Overview 
The spatial projections presented in this study were made of socio-economic capitals relevant to large-scale 
behavioural models of socio-environmental systems. Capitals were selected covering a broad range of aspects 
of human activity: an education index, a health index, and working age population (human capitals); the Gini 
coefficient (i.e. income inequality; a mixed financial and social capital); and market access and total energy 
consumption (infrastructure capitals). These capitals have been adopted in the WHAM! and CRAFTY agent-based 
models (Perkins et al., 2025b; Saxena et al., 2026), as well as statistical (Rouhette et al., 2026) and process-based 
biophysical models (Billing et al., 2026), and hence have already been found to add value to socio-environmental 
simulation modelling.  
 

We build on existing national- and sub-national-level projections and outputs to produce gridded projections at 
a consistent spatial resolution of 0.25o (Table 2). We choose 0.25o as the highest resolution that could be 
consistently adopted across indicators. Market access, for example, relies on the LUH2 urban fraction projection 
which is provided at 0.25o (Hurtt et al., 2020). Similarly, the projections of education and health are based on 
down-scaling of shapefiles at the sub-national region level. The respective source data and output units are given 
in Table 2. Sections 2.2-2.4 describe the construction of the gridded socio-economic capitals, then Section 2.5 
describes the methods used to analyse the data.  All data presented in this paper are made publicly available at: 
https://doi.org/10.5281/zenodo.14178581. All data are provided at 0.25o, and also at higher 1km2 resolution 
where this was warranted, given the resolution of input data sets. Data processing, including spatial projection 
and rescaling was conducted using the Terra package for the R programming language (v1.8; Hijmans 2025). 



Perkins, O. et al. (2026) Socio-Environmental Systems Modelling, 8, 18850, doi:10.18174/sesmo.18850 

 

 4  

 
Table 2: Overview of gridded socio-economic capitals produced and presented. All data are provided at 0.25o resolution; * denotes data also provided at 1km2 resolution. 
 

Capital Input Data (Baseline) Input Data (Projection) Rescaling Method Output units 

Health HDI health index (Kummu et al., 2018) Life Expectancy (UNDESA, 2022) 

Country-level Gini (Rao et al., 2019) 

Rasterisation of sub-

national polygons 

0-1 index 

Education HDI education index (Kummu et al., 2018) Participation proportion (KC & Lutz, 2017) 

Participation years (Potančoková et al., 2014) 

Country-level Gini (Rao et al., 2019) 

Rasterisation of sub-

national polygons 

0-1 index 

Working age population* Working Age Population (KC & Lutz, 2017) 

Total Population (CIESIN NASA, 2018) 

Working Age Population (KC & Lutz, 2017) 

Total Population (Jones & O’Neill, 2016) 

Rasterisation of national 

data using population 

Persons per km-2 

Gini* Country-level Gini (Rao et al., 2019) 

‘Light Gini’ index (Mirza et al., 2021) 

Country-level Gini (Rao et al., 2019) 

 

Rasterisation of national 

data using ‘light Gini’ 

0-1 index 

Total energy consumption* Energy use per capita (EIA 2024, EI 2024) Energy supply (Riahi et al., 2017, Bauer et al., 2017) 

Total Population (Jones and O’Neill 2016) 

Rasterisation of national 

data using population 

kWh 

Market access Urban Fraction (Hurtt et al., 2020) 

Population Density (CIESIN, 2017) 

Road Density (Meijer et al., 2018) 

GDP per capita (Kummu et al., 2018) 

Distance to ocean (NASA, 2009) 

Urban Fraction (Hurtt et al., 2020) 

Total Population (Jones & O’Neill, 2016) 

Road Density (Meijer et al., 2018) 

GDP per capita (Murakami et al., 2021) 

Distance to ocean (NASA, 2009) 

None 0-1 index 
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2.2  Human Capitals  

2.2.1  Health and Education 

The human development index (HDI) comprises three indices – ‘a long and healthy life’ (the ‘health’ component), 
‘access to education’ (the ‘education’ component), and ‘a decent standard of living’ (the ‘economic’ component; 
UNDP, 2024). Each component index ranges 0-1 and the HDI is then calculated as the geometric mean of the 
three components. Here we present data for the health and education indices that could later be combined with 
an economic component to create the HDI. Projections of the health and education indices were computed in 
two stages. First, national-level projections were made for each country under each SSP from 2010-2100 Section 
2.2.1.1). Second, these national-level projections were downscaled to the sub-country units used by Kummu et 
al. (2018) – for example USA or Brazilian States (Section 2.2.1.2). The resulting polygon-based maps were 
rasterised to the target resolution (0.25o). 

2.2.1.1  National-level projections 

The health index is based on life expectancy. National-level life expectancy data were sourced from the United 
Nations Department of Economic and Social Affairs (UNDESA, 2022). These are presented as a baseline, ‘high’ 
and ‘low’ scenario. The SSP narratives of O’Neill et al., (2017) describe SSP1 and 5 as having ‘high’ health 
investments, SSP2 as having ‘medium’ health investments and SSP3 and 4 as having ‘low’ health investments. 
Therefore, the UN baseline scenario was interpreted as reflecting SSP2, the ‘low’ scenario as reflecting SSPs 3 
and 4, and the ‘high’ scenario as SSPs 1 and 5. These projections were then used to calculate the health index at 
national level using min-max normalisation, with a minimum value of 20 years and a maximum value of 85 
(following the standard UN HDI methodology; UNDP 2025).  
 

The education index in HDI comprises two elements: mean years of schooling (years of education participation 
in the adult population) and expected years of schooling (based on participation rates at any given scenario 
year). We use the same method, but the basis of our national-level education index is the projections of 
education participation of KC and Lutz (2017). The HDI education index is based on years of schooling, but KC 
and Lutz give fractions of the adult population with primary, secondary and tertiary education (for both 
elements). To convert these national population fractions into estimated years of schooling per person we 
multiplied them by the global estimate of mean years per stage of education presented by Potančoková et al. 
(2010).  
 

However, these global estimates mask substantial variation by country. To account for this, we use linear bias 
correction, modelling national predictions against historical data for 2019 (the most recent year with historical 
data available). For the education index, biases were different across global regions (ANOVA, p < 2.2e-16), and 
therefore each sub-national unit’s World Bank Region was used as a categorical predictor variable. After this 
bias correction, the predictions of the education index achieved r2 = 0.850 for 2019 (Figure 1). For the health 
index there were very slight differences between historical data and calculations based on future projections 
(with little bias between regions), and after bias correction predictions achieved r2 = 0.997 for 2019. 
 

 
Figure 1: Linear bias correction of modelled HDI indices A) health, B) education) against historical data for 2019. The health 
index is reproduced almost exactly (r2 = 0.997). The education index has more uncertainty, though historical data is still 
reproduced effectively (r2 = 0.850). 
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2.2.1.2  Sub-national projections 

Sub-national downscaling of projections for health and education indices was conducted via a down-scaling 
factor, calculated as the ratio of the national-level index to the sub-national unit in historical data. The value in 
2010 was taken as a baseline and then adjusted for each scenario year using the SSP Gini coefficient projections 
of Rao et al. (2019). A fractional decrease in the Gini inequality coefficient in a given country results in a 
proportional fractional decrease in inequality in the sub-national distribution of an index, and vice versa. 
Therefore, for sub-national unit 𝑙, in country 𝑐, for index 𝑘, in scenario 𝑠 at year 𝑡, the downscaling factor is:  

𝐷𝐹𝑙,𝑘,𝑠,𝑡 = 𝐷𝐹𝑙,𝑘,𝑠,𝑡−1 + ((𝐷𝐹𝑙,𝑘,𝑠,𝑡−1 − 1) ×
 𝐺𝑖𝑛𝑖𝑐,𝑠,𝑡−𝐺𝑖𝑛𝑖𝑐,𝑠,𝑡−1

𝐺𝑖𝑛𝑖𝑐,𝑠,𝑡−1
)                                                                       (1) 

 
where 𝐷𝐹 is the downscaling factor, and 𝐺𝑖𝑛𝑖 the country-level Gini coefficient value. These downscaling factors 
are then multiplied by the national-level projection to give a sub-national level projection of the health and 
education indices. Finally, the sub-national estimates were rasterised to the target resolution (0.25º), taking the 
mean value where multiple polygons occupied a given pixel. 

2.2.2  Working age population 

For the working age population (ages 15 to 64), we used IIASA national-level population projections by age (KC 
& Lutz, 2017) combined with gridded total population data (Jones & O'Neill 2016). The working age population 
for a given location (𝑖, 𝑗) in year 𝑡 is calculated as: 
 

𝑊𝑝𝑜𝑝i,j,t = 𝑇𝑝𝑜𝑝i,j,t × (𝑊𝑝𝑜𝑝c,t/𝑇𝑝𝑜𝑝c,t)                                                                                                          (2) 

 
where 𝑊𝑝𝑜𝑝 represents the working age population, 𝑇𝑝𝑜𝑝 represents the total population and 𝑐 denotes the 
given country. Bilinear resampling was then applied to produce the 0.25o gridded data. 

2.3 Financial and social capital 

2.3.1 Gini coefficient 

To account for income inequality, we utilised IIASA’s national level global Gini coefficient projections (Rao et al., 
2019). Initially, these projections were rescaled to a finer spatial resolution of 1km using the ‘light Gini’ index 
which was calculated by Mirza et al. (2021) based on nighttime light per capita data for the year 2010. Nighttime 
light data was used as a proxy for economic activity, with brightness values ranging from 0 to 1. The method as 
described in Eq (3) was used to calculate the Gini coefficient. For each 1km pixel at location (𝑖, 𝑗) in year 𝑡, the 
Gini coefficient was calculated using the following equation: 
 

𝐺𝑖𝑛𝑖𝑖,𝑗,𝑡 = 𝐺𝑖𝑛𝑖i,j,2010 × (𝐺𝑖𝑛𝑖𝑐,𝑡/𝐺𝑖𝑛𝑖c,2010)                                                                                                      (3) 

 
where, 𝐺𝑖𝑛𝑖𝑖,𝑗,𝑡 is the Gini coefficient at 1km grid location (𝑖, 𝑗) for the year 𝑡, 𝐺𝑖𝑛𝑖𝑖,𝑗,2010 is the light Gini for the 

same location in 2010, and 𝐺𝑖𝑛𝑖𝑐,𝑡/𝐺𝑖𝑛𝑖c,2010 is the ratio between Gini for country 𝑐 in year 𝑡 over year 2010. 

Following this, bilinear resampling was applied to aggregate the data to a 0.25o spatial resolution for 
compatibility with other datasets generated in the study. 

2.4  Infrastructure Capitals 

2.4.1  Market access 

The primary existing historical global market access data (Verburg et al., 2011) were constructed by calculating 
the travel time to the nearest city or port for each pixel on a 1km2 grid. Replicating this calculation for the future 
would not only require projections of city locations and sizes, but also of ports. Given that these have not be 
constructed, and their future distribution is hugely uncertain under climate change (Mahmoud et al., 2024), a 
simpler alternate approach was adopted. A random forest regression was trained on the Verburg et al. (2011) 
data (resampled to 0.25 o) as the dependent variable with four independent variables that can be projected for 
the SSPs (as in Table 2). In addition, distance to the coastline was used as a static surrogate for ports. The random 
forest model was fit using the ‘ranger’ R-library (Wright & Ziegler, 2017), with five-fold cross-validation and a 
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minimum node size of 10 (achieving r2 = 0.74; Figure 2). Coefficients for this random forest model were then 
used to estimate future market access for the SSPs using projections of the independent variables at 0.25o (Table 
2). 
 

Figure 2: Predicted market access against the data of Verburg et al. (2011). Model r2 was 0.74, with a slight tendency to under-
predict market access at observed values >= 0.5. 

 

2.4.2  Energy supply 

We used regional-level integrated assessment model (IAM) energy projections out to 2100 aligned with the SSPs 
(Riahi et al., 2017). These projections encompass various energy sources including gas, geothermal, heat, 
hydrogen, liquids, solar and coal and are driven by key factors such as demographic trends (population), 
economic development (GDP/PPP), urbanisation, energy consumption patterns, policy frameworks and 
technological advances (Bauer et al., 2017; Riahi et al., 2017).  
 
Energy demand projections for the IAM regions (OECD, Reforming Economies, Asia, Middle East and Africa, Latin 
America) were first downscaled to the national level and subsequently to a spatial grid with a 0.25o resolution. 
In the initial downscaling step, energy consumption per capita (kWh) for the year 2020 was used as a baseline 
(Ritchie et al., 2023), applying linear downscaling to each country’s projected energy consumption. The annual 
growth in energy consumption for individual countries was assumed to match the regional growth rate of its 
corresponding OECD region (eq. 4). This method is mathematically equivalent to keeping the fractional share of 
each country’s energy consumption relative to the regional energy consumption constant, at the base year 
value, for the duration of the forecast period (Gaffin et al., 2004).  
 
The bi-decadal logarithmic rate of change in energy consumption, roc, for a region r is given by: 
 

𝑟𝑜𝑐𝑟,𝑡 =
log𝑒

𝑒𝑑(𝑟,𝑡)

𝑒𝑑(𝑟,𝑡−5)

5
                                                                                                                                                    (4) 

 
where 𝑒𝑑 is energy demand and 𝑡 is the year. Consequently, energy consumption per capita, PCec, for country 
𝑐 within a given region 𝑟 is given by: 
 
𝑃𝐶𝑒𝑐𝑐,𝑡 = 𝑃𝐶𝑒𝑐𝑐,𝑡−5 × 𝐸𝑥𝑝(𝑟𝑜𝑐𝑟 ⋅ 5)                                                                                                                   (5) 

 
In turn, total energy consumption, 𝑇𝑒𝑐, at grid location (𝑖, 𝑗)  for year 𝑡 is given by:   
 
𝑇𝑒𝑐𝑖,𝑗,𝑡 = 𝑃𝐶𝑒𝑐𝑐,𝑡 × 𝑇𝑝𝑜𝑝𝑖,𝑗,𝑡                                                                                                                                  (6) 
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where, 𝑇𝑝𝑜𝑝𝑖,𝑗,𝑡 is the total population at grid location (𝑖, 𝑗) for the year 𝑡. Bilinear resampling was then applied 

to produce the 0.25o gridded data. 

2.5  Data analysis 

We analysed the 0.25o gridded data produced using the methods described above to: i) identify and describe 
patterns in the data; and ii) assess how far these capital projections explore a diversity of future scenario spaces. 
As noted above, where appropriate, we also include data at finer spatial resolution. Specifically, we also enclose 
projections of the Gini coefficient, Total Energy Supply and Working Age Population at 1km2. We present a 
comparison of these data with the harmonized projections at 0.25o in Supplementary Material 1.  
 
Patterns in the data were identified and described in three ways, at global, regional and pixel levels. First, simple 
global arithmetic mean values were calculated for each capital for each SSP, as well as standard deviation, mean 
absolute deviation, interquartile ranges and skewness. To assess patterns of change across indicators, global 
means for each subsequent decade were compared to their 2020 value, and the proportional change calculated. 
The relative (i.e. positive or negative) and absolute (strictly positive) change from baseline was summed across 
capitals to establish the overall extent of change in each scenario. Second, at a regional level, the same 
descriptive statistical measures calculated globally were calculated for pixels grouped by the World Bank Regions 
(WBR; World Bank 2017), as well as the proportional change between 2020 and 2100. Third, to synthesise the 
large number of data points across capitals at pixel-level, the range between the maximum and minimum value 
for each capital was calculated across the SSPs in 2100. The resulting pixel-level ranges for total energy 
consumption and working age population (i.e. those capitals not already a dimensionless index) were scaled to 
0-1 by dividing by the 2100 maximum value respectively. The arithmetic mean of the scaled ranges per capital 
was then taken. The resulting spatial maps therefore provided an ‘SSP-variation index’: an indicator of how 
divergent (or similar) a given pixel’s outcomes are under the SSPs. 
 
The assessment of how far these socio-economic capitals explore a diversity of future scenario spaces was 
conducted in two ways. Firstly, the summary statistics calculated for each of the socio-economic capitals (i.e. 
arithmetic mean, standard deviation etc.) were also calculated for the gridded GDP data of Murakami et al. 
(2021). This allowed assessment of how far the capitals add new information to the SSP storylines. Secondly, the 
scaled ranges for the six capitals (the ‘SSP-variation index’) were used as the basis of k-means clustering. Given 
the correlations between indices, data reduction was conducted using principal component analysis. So that all 
variables featured to some extent in the resulting cluster analysis, all six principal components (i.e. one per 
variable) were retained. The ‘elbow method’ was used to choose an appropriate number of clusters (Thorndike, 
1953). This allowed assessment of how far trajectories through the SSPs varied between pixels.  
 

3.  Results 

3.1  Global 

Across the six socio-economic capitals, SSP5 diverges most strongly from the present in absolute terms, whilst 
in relative terms, SSP3 diverges most (Figure 3). Summed across capitals, by 2100 the absolute proportional 
change from 2020 values is 3.28 in SSP5, whilst relative proportional change in SSP3 is 2.58. There is similar 
tension between measures of change in the most convergent scenarios with the present. In absolute terms, the 
proportional divergence across socio-economic capitals is only 1.86 from 2020 baseline values in SSP4, whilst in 
relative terms, SSP1 apparently converges close to 2020 values (relative proportional change of 1.38). Above all, 
this highlights that for these socio-economic capitals, more is not always better. For example, large increases in 
working age population are most associated with SSP3, which has great challenges for both climate adaptation 
and mitigation (O’Neill et al., 2014; see section 3.2). 
 
In comparison with human capitals, GDP changes more substantially and more uniformly. In 2100, mean 
proportional change across the SSPs is 4.40 for GDP, and only 2.54 for the sum of absolute change in the six 
socio-economic capitals we have produced. Moreover, GDP increases in all scenarios, whereas our socio-
economic capitals have more varied trajectories in relative terms and can both increase and decrease. A time 
series of global means of each socio-economic capital by scenario is presented in Supplementary Material 1.1.  



Perkins, O. et al. (2026) Socio-Environmental Systems Modelling, 8, 18850, doi:10.18174/sesmo.18850 

 

 9  

Figure 3: Proportional change across six socio-economic capitals in comparison with the gridded GDP projections of Murakami 
et al. (2021). Note the non-linear y-axis to capture the different scale of projected change between GDP and other capitals. 
 
 

Figure 4: Time series of mean absolute change in socio-economic capitals by World Bank Region from a 2020 baseline. Change 
is largest in Sub-Saharan Africa (SSA), with only SSP5 in North America achieving a similar proportional change due to greatly 
expanded energy consumption. Conversely, SSP3 has the largest change in both MENA and SA due to a large increase in 
working age population. Key: EAP = East Asia & Pacific; ECA = Europe & Central Asia; LA&C = Latin America & Caribbean; MENA 
= Middle East & North Africa; NA = North America; SA = South Asia; SSA = Sub-Saharan Africa. 
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3.2  Regional 

Grouping pixels regionally, change in SSPs1-4 between 2020 and 2100 is most pronounced for Sub-Saharan 
Africa (Figure 4). Across SSPs 1-4, indicators increase by a mean of 83% in Sub-Saharan-Africa, compared to 29% 
in the other world regions. However, in SSP5, North America (53%) has a similar increase to Sub-Saharan Africa 
(65%). The reasons for this pattern can be seen by breaking down change by capital (Figure 5). Specifically, in 
SSP5, total energy consumption booms in North America (+160%), whilst in other scenarios remains flat (+20%). 
These very large energy consumption gains in North America in SSP5 reflect well-documented concerns about 
the plausibility of the RCP8.5 emissions’ trajectory (Hausfather & Peters, 2020). Furthermore, the reason for the 
comparatively modest change in Sub-Saharan Africa is due to lower growth in working age population in SSP5 
(+47%) compared to SSPs 1-4 (mean +197%). Overall, this reflects the sensitivity of projections to Sub-Saharan 
Africa – where different development trajectories can lead to divergent outcomes.  
 

 

Figure 5: Change in socio-economic capitals by 2100 as a proportion of 2020 value for the World Bank regions. GDP projections 
of Murakami et al. (2021) are provided for comparison. Changes in GDP are an order or magnitude greater than those for all 
other variables. Key: MA = market access, WAP = working age population, TES = total energy supply. 
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By contrast, the East Asia and Pacific region (which encompasses China) has least change across all indicators. 
Indeed, in SSP1 and SSP4 the region exhibits an overall decline in indicators. This is due to reduced energy 
consumption and a decline in working age population in SSPs 1 and 4 as well as a decline in the Gini-coefficient 
(i.e. countries become more equal) in SSP1. Proportional change in GDP is similarly weighted towards Sub-
Saharan Africa, but the amplitude of change is more extreme - reaching as much as 6798% in SSP5. A set of time 
series global means of each socio-economic capital by scenario and World Bank Region is presented in 
Supplementary Material 1.2. 
 

In part, the comparatively rapid change in sub-Saharan Africa is due to indicator saturation in higher-income 
regions. For example, the health index saturates (at 1.0) when 100% of the population has a life expectancy of 
at least 85 years. The lower starting point in Sub-Saharan Africa means that this threshold is not reached by 2100 
across all scenarios (see Supplementary Material 1.2). Consequently, in SSP1 the health index increases by 37% 
in sub-Saharan Africa, but only by 5% in North America. However, in addition to saturation, future rates of 
change in sub-Saharan Africa seem to imply a necessary socio-economic convergence with other global regions: 
even in the SSP3 “rocky road” scenario, health and education outcomes and energy consumption all increase. 
Therefore, the extent to which future projections are overly dependent on scenario starting conditions, and 
whether a broad plausible range of possible futures is explored in our data is further addressed in Section 3.3.2 
and the Discussion. 

3.3  Pixel-level 

3.3.1  Spatial pattern 

Pixel-level variation in socio-economic capitals reveals striking spatial patterns. Both proportional changes over 
2020-2100 (Figure 6a) and divergence within SSPs in 2100 (Figure 6b) are highly spatially autocorrelated  
 

 

 
Figure 6: Pixel-level change in socio-economic capitals in the SSPs. A) mean proportional change from 2020 baseline values in 
2100 under SSP2; B) mean proportional divergence across SSPs 1-5 in 2100. Both maps reveal hotspots of change in India, 
China and Sub-Saharan Africa, while there is greater change (A) than divergence (B) in South America, and the inverse 
relationship in Mexico. 

A) 
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(Moran’s I >= 0.91). Divergence over 2020-2100 in SSP2 (a “Middle of the Road” scenario) mirrors the regional 
results, with change most evident across Sub-Saharan Africa and South Asia. By contrast, divergence between 
SSPs in 2100 is spread more widely across continents, with hotspots in Peru, Germany, Northern India and 
Mexico. The causes of each divergent area are different, for example with market access due to rapid 
urbanisation in SSP5 driving the divergence in Germany whereas the Gini coefficient drives the divergent region 
in Peru.  

3.3.2 Cluster analysis 

Clustering of the SSP-variation index for 2100 reveals four clusters with distinct capital signatures (Figure 7). 
Clusters in 2100 describe not absolute state, but differences in values between SSPs. In 2100, Cluster 1 describes 
pixels with little divergence across SSPs. Cluster 2 pixels diverge substantially for market access and energy 
consumption, but less so for working age population, education and inequality (i.e. Gini) outcomes. Cluster 3 
pixels have divergent outcomes for education and working age population, but interestingly less so for inequality 
and energy consumption. Cluster 4 diverges most for the Gini coefficient, energy consumption and working age 
population.  
 

 
 
Figure 7: K-means clustering of divergence across SSPs among six socio-economic capitals in 2100. Clusters reveal cross-
continental, yet spatially-coherent patterns of divergence, and so predicted trajectories through the SSPs at a pixel-level.  

A) 
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In addition, cluster trajectories through the SSPs are strongly correlated with their baseline values in 2020 (r = 
0.74, p < 0.0001). Notably, Cluster 1, which is dominated by the boreal forests and several deserts (Figure 7) has 
low values for energy consumption, market access and working age population in 2020 and hence diverges little 
across the SSPs (Figure 8). What divergence there is in such regions is weighted towards indicators calculated at 
the sub-national region level (i.e. education and health). Conversely, Cluster 4, which is characterised by densely 
populated and urbanised areas, particularly in developing nations, begins with above average values for energy 
consumption, working age population and inequality (Gini) in 2020, and subsequently diverges strongly for these 
indicators across SSPs. Interestingly, market access diverges most not in Cluster 4 - which has highest values for 
this indicator in 2100 - but in Cluster 2, which is characterised by (peri-)urban areas in richer nations. Finally, 
Cluster 3, which covers many rural areas in developing countries, particularly in Sub-Saharan Africa, has lower-
than-average values in 2020 for education and working age population, but diverges strongly for these capitals. 
For the case of education, this above average divergence may be linked to the saturation of this index in other 
world regions (discussed further below).  
 

 
Figure 8: Patterns of variation in socio-economic capitals between SSPs for 2100. Clusters are identified through k-means 
clustering; ‘Baseline value’ is the arithmetic mean of normalized (mini-max) indicator values for 2020; ‘Divergence value’ is 
the mean of ranges of normalized (mini-max) indicator values across the SSPs in 2100; Key: Market = market access, WAP = 
working age population, TES = total energy supply. 

 

4. Discussion 

This study has presented a new set of gridded geospatial projections for the SSPs of six agent-capitals for use in 
socio-environmental modelling. These capitals enable far more detailed and complete exploration of SSP 
scenario space than has so far been possible, so that outcomes generated solely based on GDP and population 
change can be properly evaluated and new outcomes revealed. Discussion here focuses first on key patterns 
identified in the new projections, before assessing their limitations, and ultimately whether our results point 
towards limitations in the SSP storylines themselves.    

4.1 Key findings 

Overall, the projections of human capitals presented here add additional indications about the human 
dimension of the SSPs in ways that are coherent with the underlying storylines. For example, life expectancy and 
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education increase most in SSP1 and 5, with worse outcomes under SSPs 3 and 4, particularly in Sub-Saharan 
Africa.  
 
The value added by these new capital projections to the SSP storylines is perhaps most evident in the clustering. 
Four distinct clusters of trajectories through the SSPs emerge that across continental boundaries (Figure 7). It is 
notable, for example, that areas of South America and southern Africa fall under cluster 2, which includes much 
of the USA and Australia, whilst much of eastern China falls into cluster 4 with much of India, South and Central 
America. These differences can be explained by their relative starting positions on the Gini index and working 
age population: cluster 4 initially has much more inequality and higher populations than cluster 2, and hence 
diverges more strongly among these indicators. 
 
There are also important differences amongst more rural clusters (i.e. cluster 1 and cluster 3). In 2100, cluster 1 
has the least absolute change across indicators under SSP2 (a middle of the road scenario; mean of 0.045), whilst 
cluster 3 has the highest mean absolute change (mean of 0.088). This highlights the importance of using spatial 
projections of indicators for modelling which can capture intra-country dynamics. This is particularly pertinent 
for land system modellers, who may be left with a misleading impression of how far land use patterns and their 
impacts may change based on national-scale numbers alone.   

4.2  Data and scenario limitations 

An important distinction emerging in our projections is between those where the maximum possible attainable 
value is bounded either ontologically (through normative or other economic feasibility judgement) versus where 
the maximum possible value has unclear implications for real-world processes. In particular, the health and 
education indices have normative assumptions built into their construction, such as that no additional human 
flourishing is gained by increasing life expectancy beyond 85 years (UNDP, 2024). Similarly, market access 
saturates where travel time to a city is zero, whilst the Gini index saturates where wealth is all owned by a single 
person. Furthermore, in the SSP storylines themselves a judgement is made that population increase beyond a 
given threshold has overall negative consequences for wellbeing (O’Neill et al., 2017). Hence SSP1, with low 
challenges to climate adaptation and mitigation, has the lowest population growth (KC & Lutz, 2017).  
 
By contrast, the upper limit of energy consumption has more ambiguous links to real-world processes and 
human wellbeing, leading to >150% increase in consumption in North America under SSP5. Perhaps more 
fundamentally, GDP is in effect unbounded and can continue to increase without clearly articulated direct 
impacts on societal processes or wellbeing. Whilst a HDI value of 1 has very clear real-world implications, a world 
with GDP 4x (SSP1) or >7x (SSP5) current levels would surely be extremely different from today - but in ways 
that are highly unclear and not specified by these scenarios.  
 
Keys et al. (2024) argue that future scenarios used in environmental modelling explore only a very narrow 
portion of possible futures. In particular, they criticise the Shared Socioeconomic Pathways for “a refusal to look” 
– an unwillingness to consider either more radical justice-oriented economic transitions or reasonable worst 
case scenarios including forms of societal breakdown. There is surely some evidence to support their argument 
in our results. As examples, GDP increases in all scenarios (although it’s not clear why this should be the case), 
and for SSP1 (the most sustainability-focused scenario) energy consumption increases in North America despite 
population decreasing (suggesting even greater global per capita inequality in consumption; Figure 5). Even in 
the most pessimistic scenario (SSP3), health and education outcomes increase across all global regions by 2100 
(Figure 5). Furthermore, the close correlation between indicator trajectories through the SSPs and their starting 
values (Figure 8) indicates there is surely scope for exploration of a wider range of outcomes across global 
regions.  
 
Yet, we argue there is a grey area between a refusal to look and the basic impossibility of conceiving how 
technologies, political systems and associated socio-cultural values may evolve in the future. Our models can 
readily add zeros to the end of GDP figures, but we cannot imagine or articulate the implications of this for 
human societies. Therefore, comparison of our socio-economic capitals with GDP projections exposes a tension 
between assumptions around economic growth and our unwillingness or inability to imagine what this might 
actually mean. To some degree, this mirrors the arguments of Raworth (2018), that the lack of a coherent vision 
for the purpose of the economy has meant growth for its own sake has replaced any wider view of the goals of 
economic policy (Raworth, 2018). Furthermore, this tension indicates that in more fully exploring the human 
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dimensions of the SSPs, we may expose a lack of coherence and ability to represent distinct and plausible 
futures. 
 
In addition to scenario constraints, there are important underlying limitations to the data presented here that 
potential users should consider. The choice of a 0.25o spatial resolution for the data was a product of two factors. 
Firstly, this reflects the limitations of some of the input data to our projections. For example, our projection of 
market access is dependent on the LUH2 projections of urban fraction, which are presented at a spatial 
resolution of 0.25o (Hurtt et al., 2020). Furthermore, our education and health projections reflect downscaling 
of data at the sub-national administrative level (Kummu et al., 2018). Secondly, the use of a constant 0.25o grid 
reflects a primary intended use of data in continental to global-scale coupled socio-ecological modelling, and 
particularly for the combination of behavioural models with dynamic global vegetation models (Arneth et al., 
2014). Dynamic global vegetation models typically adopt a decimal-degree coordinate reference system at 
coarse resolution; for example, the Inter-Sectoral Impact Model Intercomparison Project provides climate and 
socio-economic forcing data at 0.5o (Frieler et al., 2024).  
 
Therefore, the resolution of projections presented here is finer than those under standard usage for global 
modelling of climate change impacts on biomes, agriculture and fisheries. We argue that our adopted resolution 
is sufficient for the study of broad-scale trends. However, use of an unprojected (i.e. longitude, latitude) grid 
leads to a spatial distortion in the Northern high latitudes (see Supplementary Material 1.3). This may be an 
important consideration for modelling studies considering interactions between pixels – for example 
behavioural imitation within spatially-bounded farmer influence networks (Brown et al., 2022). In addition, the 
resolution of our data may be insufficient for studies focused on spatially heterogenous processes. Cluster 
analysis pointed to the degree of urbanisation as an important driver of divergence in pixel trajectories, with 
clusters 1 and 3 primarily capturing rural areas, and clusters 2 and 4 capturing more urban areas (Figure 6). Yet, 
the resolution of data may make modelling of fire or other hazards in such peri-urban areas challenging, 
particularly where the configuration of urban and vegetated land covers at sub-grid level is important (Price et 
al., 2025). Future versions of the data could also improve representation of process. For example, the validity of 
our assumption that distance to coastline is proportional to port access will inevitably bias projections, and so 
approaches that incorporate land transport networks to ports (e.g. Castro Victoria et al., 2021) would be useful, 
particularly at finer spatial resolutions. Overall, we encourage users to think critically about the limitations and 
underlying basis of our projections before deciding whether they are suitable for a given modelling study. 
 

5.  Conclusion 

This paper has presented a new set of projections for the SSPs for six socio-economic capitals. Spanning human, 
financial, social and infrastructural capitals, these new indicators add detail to the SSP storylines and support 
geospatial modelling of socio-environmental systems. In particular, the indicators highlight the importance of 
taking a spatial approach to capture rural-urban divergence within countries. However, the apparently limited 
scenario space captured by the capitals also poses questions about how representative the SSPs are of a range 
of plausible futures. Furthermore, the more limited scale of change in our socio-economic capitals relative to 
GDP projections highlights a tension between projecting indicators that are ontologically or normatively 
bounded versus those that are theoretically unbounded, yet with unclear real-world implications of large future 
increases.  
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