
manuscript submitted to Earth’s Future 

Scenario modelling of the sustainable development goals under uncertainty 1 

 2 

Enayat A. Moallemi
1,2,3,*

, Lei Gao
4,†

, Sibel Eker
5,†

, Brett A. Bryan
1,†

 3 

 4 

1
Centre for Integrative Ecology, School of Life and Environmental Sciences, Deakin University, 5 

Melbourne, Australia. 6 

2
Monash Sustainable Development Institute, Monash University, Melbourne, Australia. 7 

3
The 4TU Centre for Resilience Engineering, the Netherlands. 8 

4
The Commonwealth Scientific and Industrial Research Organisation (CSIRO), Waite Campus, 9 

Urrbrae, Australia. 10 

5
International Institute for Applied Systems Analysis, Laxenburg, Austria. 11 

 12 

* Corresponding author: Enayat A. Moallemi (e.moallemi@deakin.edu.au) 13 

† 
These authors contributed equality. 14 

 15 

Key Points (140 characters) 16 

 Articulating methodological steps in scenario modelling can help researchers enhance 17 

sustainability assessment under future uncertainty.  18 

 Using a new methodology, we illustrate the sensitivity of sustainable development goals to 19 

global scenarios and their uncertainties. 20 

 The results show that achieving ambitious targets requires substantial progress in 21 

socioeconomic and environmental indicators. 22 

 23 

Author Contributions 24 

Conceptualization: E. A. Moallemi 25 

Data curation: E. A. Moallemi, S. Eker, L. Gao 26 

Formal Analysis: E. A. Moallemi, S. Eker, L. Gao, B. A. Bryan 27 

Funding acquisition: B. A. Bryan 28 

Investigation: E. A. Moallemi, S. Eker, L. Gao, B. A. Bryan 29 

Methodology: E. A. Moallemi, S. Eker, L. Gao 30 

Visualization: E. A. Moallemi 31 

Writing – original draft: E. A. Moallemi 32 

Writing – review & editing: E. A. Moallemi, S. Eker, L. Gao, B. A. Bryan 33 

 34 

 35 

 36 

mailto:email@address.edu)


manuscript submitted to Earth’s Future 

Abstract  37 

Models are increasingly used to inform the transformation of human-natural systems towards more 38 

sustainable futures, aligned with the United Nations Sustainable Development Goals (SDGs). 39 

However, the future uncertainty of alternative socioeconomic and climatic scenarios challenges the 40 

model-based analysis of sustainable development. Obtaining robust insights, which can remain valid 41 

under many plausible futures, requires a systematic processing of uncertainty through scenario 42 

modelling. Here, we use exploratory modelling—an approach for exploring the implications of 43 

various modelling assumptions using computational experiments—to quantify and analyse the 44 

impacts of global socioeconomic and climate uncertainties in achieving SDGs. We develop a 45 

systematic, computational methodology to guide researchers in coping with future uncertainty in 46 

sustainable development, consistent with global benchmark scenario frameworks. To demonstrate, 47 

we implement the global climate and sustainability scenarios, namely the Shared Socioeconomic 48 

Pathways and the Representative Concentration Pathways, in an integrated assessment model for 49 

evaluating the global trajectories of eight SDGs related to sustainable food and agriculture, health 50 

and well-being, quality education, clean energy, sustainable economic growth, climate action, and 51 

biodiversity conservation under uncertainty. The results show that the progress towards different 52 

goals is highly sensitive to the modelled scenarios and to their uncertainty specification. This 53 

sensitivity highlights the importance of enumerating the diversity of alternative scenarios and their 54 

uncertainty exploration to enable a comprehensive assessment of sustainable development with the 55 

consideration of performance across a range of plausible futures and their boundary conditions. The 56 

enhanced modelling of scenarios can help prepare for a wider variety of future possibilities in 57 

planning for sustainability. 58 

 59 

1 Introduction 60 

The 17 Sustainable Development Goals (SDGs) under the United Nations 2030 Agenda for 61 

Sustainable Development represent global ambitions for achieving economic development, social 62 

inclusion, and environmental stability (UN, 2015). The achievement of the diverse and ambitious 63 

SDGs requires compromising between competing sustainability priorities and harnessing synergies 64 

over deeply uncertain, long-term futures (Pradhan et al., 2017). To assist in reasoning and planning, 65 

computer models and simulations have been effectively used to systematically analyse the 66 

interactions of conflicting, inter-connected sustainability priorities in complex human-natural 67 

systems (Quinn et al., 2017; Trindade et al., 2017) and to navigate actionable compromises between 68 

different competing agendas (Gold et al., 2019; Hadjimichael et al., 2020).  69 

A diverse set of models have been used to inform sustainable development (Verburg et al., 70 

2016), including input-output models (Wiedmann, 2009), macro-economic and optimisation models 71 

(DeCarolis et al., 2017), computational general equilibrium models (Babatunde et al., 2017), system 72 

dynamics models (Sterman et al., 2012), integrated assessment models (van Beek et al., 2020), 73 

bottom-up agent-based models (Moallemi & Köhler, 2019), and transitions models (Köhler et al., 74 

2018). Modelling applications have also spanned different aspects of the SDGs such as food and diet 75 

(Bijl et al., 2017; Eker et al., 2019; Malek et al., 2020), climate adaptation (JGCRI, 2017; Mayer et 76 

al., 2017; Small & Xian, 2018), land-use (Doelman et al., 2018; Gao & Bryan, 2017), energy (Rogelj 77 

et al., 2018a; Walsh et al., 2017), and biodiversity conservation (Mace et al., 2018). Models have 78 

also assessed the nexus of multiple interacting SDGs such as food-energy-water (Van Vuuren et al., 79 

2019), land-food (Obersteiner et al., 2016), and land-food-biodiversity (Leclère et al., 2020), 80 

amongst others (Randers et al., 2019). 81 

Model-based analysis of sustainable development over long timescales is, however, 82 

challenged by the conjunction of deep uncertainty around future global socioeconomic and climatic 83 
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conditions and the complexity of coupled human-natural systems where subsystems experience non-84 

linear interactions, irreversible changes, and tipping points in their evolution (Lempert et al., 2003). 85 

Past studies have often used scenarios to explore these uncertainties through the plausible 86 

trajectories of system behaviour according to different sets of assumptions about the future 87 

(Guivarch et al., 2017; Lamontagne et al., 2018; Trutnevyte et al., 2016). Within the context of 88 

climate change and sustainability science, the Shared Socioeconomic Pathways (SSPs) (O’Neill et 89 

al., 2017; Riahi et al., 2017) and the Representative Concentration Pathways (RCPs) (Meinshausen 90 

et al., 2020; van Vuuren et al., 2011), have dominated scenario studies over the past decade (O’Neill 91 

et al., 2020). They project futures with different challenges to mitigation and adaptation through five 92 

possible socioeconomic pathways (SSPs 1 to 5) and five different greenhouse gas emissions 93 

trajectories (RCPs 1.9, 2.6, 4.5, 6.0, 7.0, 8.5) (see Section 2.2). 94 

The future development of energy, land-use, and emissions sectors according to the SSPs and 95 

RCPs has been extensively characterised and expanded, using a set of five marker integrated 96 

assessment models (IAMs) including IMAGE (Bouwman et al., 2006; van Vuuren et al., 2017), 97 

MESSAGE-GLOBIOM (Fricko et al., 2017; Riahi et al., 2007), AIM (Fujimori et al., 2017), GCAM 98 

(Calvin et al., 2017), and REMIND-MAGPIE (Kriegler et al., 2017). The research community has 99 

frequently used the global SSP and RCP scenarios with these marker models in climate impact 100 

assessments (Lamontagne et al., 2019; Rogelj et al., 2018a) and for analysing other Earth system 101 

processes (e.g., biodiversity (Leclère et al., 2020); see O’Neill et al. (2020) for a review).  102 

Despite past successful efforts, there are still important limitations to address for increasing 103 

the impact and usefulness of these scenario frameworks. One major gap is that the application of the 104 

SSPs and RCPs to areas beyond climate change, such as sustainable development, has been so far 105 

limited. There are only few studies that have extended these scenario frameworks to the evaluation 106 

of the SDGs (van Soest et al., 2019). Among these, The World in 2050 (TWI2050, 2018) is perhaps 107 

the most prominent example which evaluated a selected number of SDGs under two SSP scenarios 108 

as well as under previously developed global change scenarios (Parkinson et al., 2019; van Vuuren et 109 

al., 2015) using two marker models of IMAGE (van Vuuren et al., 2017) and MESSAGE-110 

GLOBIOM (Fricko et al., 2017). The broader use of SSPs and RCPs framework in other research 111 

domains such as the SDGs is crucial for developing a more comprehensive and consistent account of 112 

possible integrated futures and response options across connected global challenges (O’Neill et al., 113 

2020).  114 

Another noticeable gap is that most of the past SSP-RCP projections were based on the 115 

assumptions of five original marker models, and the use of new integrated assessment models with 116 

different sets of input and structural assumptions has been rare. Among the few applications of new 117 

models is Allen et al. (2019) who used four SSPs as a benchmark to guide the development of 118 

national-scale scenarios, based on inequality and resource-use intensity, to assess scenarios of 119 

progress towards the SDGs for Australia using their new systems model. The adoption of non-120 

marker, emerging models, with different sectoral boundaries (e.g., water (Graham et al., 2018), diet 121 

change (Eker et al., 2019)) and levels of structural complexity, is important to expand the scenario 122 

space around SSPs and RCPs and to capture a wider set of futures in the global scenario framework, 123 

driven by different perspectives and model uncertainties (O’Neill et al., 2020). 124 

These current limitations signify the need for the systematic treatment of uncertainty, aligned 125 

with global projections, in new domains (such as the SDGs) as well as the expansion of the 126 

uncertainty exploration of current scenario frameworks (such as the SSPs and RCPs) with new 127 

integrated assessment models. Addressing these gaps has become more important in recent years 128 

especially given the increasing use of models for SDG analysis and the emergence of new, open-129 

source integrated assessment models (e.g., FeliX (Walsh et al., 2017), Earth3 (Randers et al., 2019), 130 
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see the review in Duan et al. (2019)) that need to comprehensively handle and appropriately treat 131 

future uncertainty in line with benchmark global projections.  132 

Here, we develop a methodology supported by computational techniques from exploratory 133 

modelling to quantify global scenario frameworks and to systematically explore their uncertainty 134 

space in achieving the SDGs through many possible future realisations. The use of exploratory 135 

modelling as an approach which is specifically concerned with dealing with uncertainty and 136 

complexity in models is key in enhancing the implementation of these scenarios (Bankes, 2002; 137 

Lempert et al., 2003; Moallemi et al., 2020a). This can contribute significantly to method 138 

development in modelling for sustainable development under global change. To demonstrate, we 139 

implement the SSP and RCP scenarios in the Functional Enviro-economic Linkages Integrated 140 

neXus (FeliX) (Eker et al., 2019; Walsh et al., 2017) model, a globally aggregate and feedback-rich 141 

integrated assessment model of Earth and human interactions based on the system dynamics 142 

approach (Sterman, 2000). The adoption of a new model was undertaken to advance previous SSP 143 

modelling efforts by exploring model structural complexity and by generating a wider range of 144 

future variations of global reference scenarios across marker and non-marker models (Riahi et al., 145 

2017). We analyse global trajectories of 50,000 different realisations under five plausible 146 

combinations of SSPs and RCPs (i.e., 10,000 each). We evaluate how socioeconomic and climate 147 

drivers could unfold in the future through the multi-sectoral dynamics of demography, economy, 148 

energy, land, food, biodiversity, and climate systems. We assess impacts across 16 sustainability 149 

indicators representing eight SDGs related to agriculture and food security (SDG2), health and well-150 

being (SDG3), quality education (SDG4), clean energy (SDG7), sustainable economic growth 151 

(SDG8), climate action (SDG13), and biodiversity conservation (SDG15). This application can 152 

provide in-depth insights into the achievement of the global SDGs under a larger scenario space.  153 

2 Methods 154 

2.1 Modelling multisectoral dynamics 155 

We modelled the physical and anthropogenic processes of the multisectoral dynamics that 156 

drive SDG progress through an integrated assessment model of Earth and human interactions called 157 

FeliX. FeliX simulates complex feedback interactions via a nexus of societal and biophysical sub-158 

models, enabling the analysis of non-linearities, tipping points, and abrupt changes in SDG 159 

trajectories. The model is based on the system dynamics approach (Sterman, 2000) and is set at a 160 

global scale with annual timescale over a long-term period (1900-2100). The model has been used as 161 

a policy assessment tool in exploring emissions pathways (Walsh et al., 2017), evaluating 162 

sustainable food and diet shift (Eker et al., 2019), and analysing socio-environmental impacts in 163 

Earth observation systems (Rydzak et al., 2010). The model outputs have been also tested and 164 

validated against historical data from 1900 to 2015 across all sub-models as available in the extended 165 

model documentation in Rydzak et al. (2013) as well as in Walsh et al. (2017) and Eker et al. (2019). 166 

Using FeliX, we modelled 16 indicators across eight societal and environmental SDGs. The selection 167 

of SDGs and their indicators were guided by the model scope with the aim of covering a wide 168 

diversity of socioeconomic and environmental dimensions ability of sustainability compared to 169 

previous studies (Gao & Bryan, 2017; Obersteiner et al., 2016; Randers et al., 2019; van Vuuren et 170 

al., 2015). SDGs and their indicators were implemented across the ten FeliX sub-models of 171 

population, education, economy, energy, water, land, food and diet change, carbon cycle, climate, 172 

and biodiversity.  173 

Each sub-model includes feedback interactions between several model components necessary 174 

to generate time-series estimates for SDG indicators (Table 1). Population, as the core sub-model, 175 

captures the dynamics of population growth and ageing, and is directly linked to all SDGs through its 176 

impacts on energy demand, food consumption, and water use, amongst other factors. Education 177 
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computes the population size of people with primary, secondary, and tertiary education, directly 178 

interacting with: SDG2 via the impact of education level on diet change and reduced meat 179 

consumption; SDG3 and SDG4 via improving wellbeing and educational attainment with higher 180 

number of graduates at all levels, and; SDG8 via providing the labour force necessary to power the 181 

economy. Economy computes economic outputs through a Cobb-Douglas production function, 182 

interacting with all SDGs except for SDG4 (as educational attainment is not modelled in FeliX as a 183 

function of economic outputs). Energy computes energy demand, and the production of different 184 

energy sources and market competition between them, interacting with most of the SDGs such as 185 

SDG7 through renewable energy production, SDG13 through reducing emissions from fossil fuels, 186 

and SDG15 by decreasing the demand for land-use change for deforestation for biomass generation. 187 

Water simulates water supply and demand across different sectors, interacting mostly with SDG2 188 

through supplying water for agricultural activities and SDG3 by providing quality water for domestic 189 

use. Land, Food, Diet Change, and Biodiversity are extensively described in the FeliX model 190 

documentation (Eker et al., 2019; Walsh et al., 2017). They simulate land-use change, food demand 191 

and production, diet shift reflecting the proportion and type of meat in the human diet, and the 192 

restoration and extinction of species. The impacts of these sub-models are diverse across most of the 193 

SDGs. For example, the limitation of agricultural activities through diet change in SDG2 can 194 

substantially reduce pressure on deforestation in SDG15, and the impact of biodiversity conservation 195 

can subsequently impact general public health in SDG3. Finally, Carbon Cycle and Climate compute 196 

emissions from the land and energy sectors, as well as the atmospheric radiative forcing and 197 

temperature change of the emitted CO2 and their absorption in the ocean. These sub-models also 198 

interact with most of the SDGs, such as SDG13 through climate change impacts. 199 

Table 1. The list of modelled SDG indicators. There are two modelled indicators under each SDG 200 

for consistency. Each indicator trajectory is simulated in the model based on the interaction of 201 

multiple sectors. This underlying sectoral dynamic for each indicator is specified in the third column.   202 

Indicator Description Desired progress Underlying sectoral 

dynamics  

 
SDG 2. End hunger, achieve food security, and promote sustainable agriculture 

Cereal Yield (tons year-1 

ha-1) 

The annual production rate per hectare of harvested 

croplands dedicated to grains production. 

Improve the productivity of the 

croplands for cereal yield production. 

Land, food/diet, water, 

climate, economy 

Animal Calories (kcal 

capita-1 day-1) 

The total annual production of pasture-based meat 

and crop-based meat - excluding seafoods - per 

person per day. 

Meet the increasing global demand for 

food with less meat consumption. 

Land, food/diet, water, 

population, education, 

economy, climate 

 
SDG 3. Ensure healthy lives and promote well-being for all at all ages 

Human Development 

Index (-) 

The UNDP average of three indices of income, 

health, and education that affect human capabilities 

to sustain well-being. 

Advance human wellbeing and 

richness of life. 

Education, economy, 

population, food/diet, 

climate, biodiversity 

Adolescent Fertility Rate 

(person year-1 

1000women-1) 

The number of births per 1,000 by women between 

the age of 15-19. This is a negative indicator, i.e., 

the lower, the better. 

Reduce childbirth by adolescent girls 

with improved sexual and 

reproductive healthcare. 

Education, economy, 

population 

 
SDG 4. Ensure inclusive and equitable quality education and promote lifelong learning opportunities 

Mean Years of 

Schooling (number of 

years) 

Average number of completed years of primary, 

secondary, and tertiary education (combined) of 

population. 

Increase educational attainments 

across population and in all levels. 

Education, population 

Population Age 25 to 34 

with Tertiary Education 

(%) 

The percentage of the population, aged between 25-

34 years old, who have completed tertiary 

education. 

Improve tertiary education coverage. Education, population 

 
SDG 7. Ensure access to affordable, reliable, sustainable and modern energy 

Share of Renewable 

Energy Supply (%) 

Percentage of renewable (solar, wind, biomass) 

energy supply share in total energy production. 

Increase the average global share of 

renewable energies in the final basket 

of total energy production. 

Energy, economy, 

population 
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Energy Intensity of 

GWP (MJ $-1) 

An indication of how much energy is used to 

produce one unit of economic output. 

Reduce the energy intensity of 

services and industries per GDP. 

Energy, economy, 

population 

 
SDG 8. Promote sustained, inclusive and sustainable economic growth for all 

GWP per Capita ($1000 

person-1 year-1) 

Gross World Product, i.e., the global total GDP, 

divided by the global population. 

Improve economic prosperity of all 

countries in an inclusive and 

sustainable way. 

Economy, population, 

education, energy, 

climate, biodiversity 

CO2 Emissions per GWP 

(kg CO2 $
-1) 

Human-originated CO2 emissions stemming from 

the burning of fossil fuels divided by the unit of 

GDP. 

Reduce carbon footprint of the 

growing economy. 

Economy, population, 

climate, biodiversity, 

carbon cycle energy 

 
SDG 12. Ensure sustainable consumption and production patterns 

Nitrogen Fertiliser Use 

in Agriculture (million 

tons N year-1) 

Commercial nitrogen fertiliser application in 

agriculture affected by land availability, income, 

and technology impact on fertiliser use. 

Manage a fertiliser application to 

balance between declining soil 

fertility and the risk of polluting 

nutrient surplus. 

Land, food/diet, 

economy, population 

Agri-Food Nitrogen 

Footprint (kg year-1 

person-1) 

Nitrogen (N) emissions to the atmosphere and 

leaching/runoff from commercial application in 

agriculture and with manure. 

Land, food/diet, 

economy, population 

 
SDG 13. Take urgent action to combat climate change and its impacts 

Atmospheric 

Concentration CO2 

(ppm) 

Atmospheric CO2 concentration per parts per 

million. 

Significantly reduce global CO2 

emissions across sectors. 

Population, economy, 

land, food/diet, energy, 

carbon cycle 

Temperature Change 

from Preindustrial 

(degree °C) 

Global annual mean temperature change from the 

pre-industrial time calculated as atmosphere and 

upper ocean heat divided by their heat capacity. 

Limit global temperature change from 

preindustrial level. 

Population, economy, 

land, food/diet, energy, 

carbon cycle 

 
SDG 15. Protect, restore and promote sustainable use of terrestrial ecosystems and forests 

 

Forest to Total Land 

Area (%) 

Percentage of forest to total (agricultural, urban and 

industrial, others) land areas. 

Significantly reduce the current 

deforestation rates and restore 

degraded forest lands. 

Land, population, 

economy, energy, 

food/diet 

Mean Species 

Abundance (%) 

The compositional intactness of local communities 

across all species relative to their abundance in 

undisturbed ecosystems. 

Limit significantly the current rate of 

biodiversity extinction from 

anthropogenic activities. 

Energy, climate, 

food/diet, land 

 203 

2.2 Benchmark scenario framework 204 

We explored future socioeconomic and climate scenarios framed by two reference global 205 

change scenario frameworks (Moss et al., 2010), called the Shared Socioeconomic Pathways (SSPs) 206 

(O’Neill et al., 2017; Riahi et al., 2017) and the Representative Concentration Pathways (RCPs) (van 207 

Vuuren et al., 2011), respectively. The SSPs chart future underlying socio-economic development. 208 

They include five internally consistent qualitative descriptions (narratives) for plausible changes in 209 

human development, economy and lifestyle, policies and institutions, technology, and environment 210 

and natural resources, in the 21
st
 century, aligned with different degrees of challenges to mitigation 211 

(of the emissions from energy and land-use) and adaptation to climate change. The SSP narratives 212 

have been expanded by quantitative projections of energy, land-use, and emissions sectors using a 213 

set of global integrated assessment models (Riahi et al., 2017). These projections represent SSP 214 

baselines where there is an absence of any climate policies (beyond what is in place today) to limit 215 

climate forcing and adaptive capacity. To cover the gap in efforts to reduce emissions, the SSPs are 216 

complemented with the greenhouse gas concentration trajectories in the RCP scenario framework. 217 

RCPs represent the climate forcing levels of different possible futures with long-term pathways to 218 

certain concentration levels of CO2 by 2100 and beyond (Meinshausen et al., 2020; van Vuuren et 219 

al., 2011).  220 



manuscript submitted to Earth’s Future 

 221 

Figure 1. Overview of methodological steps for implementing global scenario frameworks in a 222 

new integrated assessment model for SDG analysis. 223 

The SSPs include five socioeconomic futures to 2100: SSP1 (sustainability), SSP2 (business-224 

as-usual), SSP3 (regional rivalry), SSP4 (inequality), and SSP5 (fossil-fuelled development) (O’Neill 225 

et al., 2017). The (original) RCPs include four emissions trajectories to 2100 (and beyond) with 226 

different levels of global radiative forcing from 2.6, to 4.5, to 6.0, to 8.5 W m
-2

 (van Vuuren et al., 227 

2011). The emissions trajectory of 1.9 W m
-2

 was added later as a pathway to 1.5 
°C

 to the end of the 228 

century (Rogelj et al., 2019). Both frameworks in isolation are incomplete by design and are 229 

susceptible to uncertainties. The former can only capture societal futures with no direct impacts of 230 
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climate change and policy responses while the latter only focuses on climate trajectories that are not 231 

tied to a specific societal development pathway (O’Neill et al., 2020). The RCPs, therefore, can be 232 

combined with the SSPs to specify emissions and concentration assumptions of socioeconomic 233 

scenarios and to signal climate policies that are necessary to reach the end of century radiative 234 

forcing levels as defined by the RCPs. These combinations provide an integrated approach to explore 235 

the space of response options to climate change.  236 

Although different forcing levels could be achieved under different socioeconomic scenarios, 237 

a specific RCP is often associated with each SSP (as also used in the sixth Climate Model 238 

Intercomparison Project (CMIP6)) considering consistency between their narratives and their 239 

plausibility (O'Neill et al., 2016). We selected our benchmark SSP-RCP scenarios for 240 

implementation in the same way. We considered the plausibility of selected combinations as well as 241 

their application frequency across 715 studies (published between 2014 and 2019) that used 242 

integrated scenarios, based on a recent review by O’Neill et al. (2020). For example, we assumed 243 

that a high and a low radiative forcing of 8.5 and 2.6 can most likely occur under the societal 244 

development of SSP5 and SSP1 (respectively) which focus on highly polluting and sustainable 245 

futures. The radiative forcing of 8.5 and 2.6 are also the most frequent levels applied in previous 246 

studies to these two SSPs. In the same way, we associated the radiative forcing levels of 4.5, 7.0, and 247 

6.0 to SSPs 2, 3, and 4 (respectively). Among these selected integrated scenarios, SSP1-2.6 was the 248 

representative of an inclusive and environment-friendly future for sustainable development, SSP2-249 

4.5 was the continuation of past and current trajectories, SSP3-7.0 represented regional rivalry with 250 

weak global cooperation and high consumption and environmental footprints, SSP4-6.0 was a world 251 

of high inequality in human and economic opportunities, and SSP5-8.5 was a promising 252 

socioeconomic future at the cost of an unsustainable environmental outlook driven by a highly 253 

polluting and high-consumption lifestyle (Figure 1). We excluded RCP 1.9 from our analysis given 254 

the highly ambitious carbon dioxide removal (CDR) deployment assumptions in this scenario 255 

(Rogelj et al., 2019) that is not explicitly represented in FeliX. Such high CRD deployment for 256 

achieving 1.9 W m
-2

 emissions trajectory also has an increased complexity of side effects on other 257 

sectors that are beyond the scope of this paper (see discussion in Section 4). 258 

2.3 Scenario qualitative assumptions 259 

We elaborated how the future could unfold under each selected SSP-RCP combination in a 260 

set of coherent and internally consistent qualitative assumptions about scenario drivers over the 21
st
 261 

century. The scenario drivers represent the determinants of potential futures, both in socioeconomic 262 

(i.e., population, education, economy) and sectoral domains (i.e., energy, climate, land, food and diet 263 

change). The qualitative assumptions can guide the implementation of scenarios during model 264 

calibration and parameterisation (Section 2.5) by providing a detailed account of the expected model 265 

behaviour under each scenario. The qualitative assumptions of scenario drivers also provide a 266 

context to better understand and interpret model projections in the later steps (Section 2.6).   267 

To specify scenario assumptions, we first enumerated drivers (related to socioeconomic 268 

conditions, energy, climate, land, and food and diet change) from the original storylines of the shared 269 

socioeconomic pathways (O’Neill et al., 2017) that could potentially be characterised in the FeliX 270 

model. However, different model structures do not allow for a precise harmonisation of scenario 271 

drivers between various models (as was the case for the five marker models of the shared 272 

socioeconomic pathways (Riahi et al., 2017)). Therefore, we adopted only those scenario drivers that 273 

could be modelled with FeliX. For example, we did not include ‘technology transfer’ as a driver 274 

given that technology collaborations between countries were not taken into account in our model. 275 

We also used ‘improvement in investment in technology advancement’ and the ‘enhancement of 276 

energy technology efficiency’ as two proxies consistent with our model’s scope and structure to 277 

represent the ‘energy technology change’ driver from the original shared socioeconomic pathways.  278 
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For the selected scenario drivers, we described qualitatively how they can change under each 279 

scenario by 2100. The qualitative assumptions were informed by the SSP storylines (O’Neill et al., 280 

2017) (which provided a descriptive account of different scenarios) and their sectoral extensions 281 

(which interpreted the storylines and provided a detailed account of energy (Bauer et al., 2017), 282 

emissions (Meinshausen et al., 2020), and land sectors (Popp et al., 2017)). For each scenario driver, 283 

we described a range of assumptions under five SSP-RCP combinations (Supplementary Table 1).  284 

Similar to the original SSPs, our scenario assumptions across all drivers represented different 285 

degrees of challenges to mitigation (of the emissions from energy and land-use) and adaptation to 286 

climate change and their impact on the society (O’Neill et al., 2014; van Vuuren et al., 2014). Four 287 

of the scenarios (i.e., SSP1-2.6, SSP3-7.0, SSP4-6.0, SSP5-8.5) indicated a combination of high and 288 

low challenges to climate adaptation and mitigation while the fifth scenario (SSP2-4.5) was 289 

representative of moderate mitigation and adaptation challenges.  290 

2.4 Key scenario parameters 291 

Integrated assessment models often have many demographic, macro-economic, and 292 

environmental parameters that could be used to specify scenario drivers. However, among these 293 

parameters, some may have only trivial impacts on scenario quantification, and therefore should be 294 

excluded from parameter settings. This helps avoid over-parametrisation of the model and poor 295 

identifiability of model behaviour in relation to input parameters, especially when available data is 296 

limited for parameter estimation (Ho et al., 2019). We used global sensitivity analysis to identify 297 

influential model parameters for scenario drivers (Gao et al., 2016; Saltelli et al., 2008) and ranked 298 

them based on their impact (with non-linear interactions) on model outputs. Among the global 299 

sensitivity analysis methods, we used Morris elementary effects (Campolongo et al., 2007; Morris, 300 

1991) as a standard technique for screening and ranking influential parameters (Figure 2). Morris 301 

elementary effects is a suitable method for integrated assessment models with a large number of 302 

input parameters and a complex structure of nonlinear feedbacks where computational costs are very 303 

high. The method has proved to generate reliable sensitivity indices with a better computational 304 

efficiency compared to other techniques (Campolongo et al., 2007; Gao & Bryan, 2016; Herman et 305 

al., 2013). Global sensitivity analysis with Morris elementary effects investigates how variation in 306 

model output can be attributed to variation in model inputs. While this can help in ranking model 307 

parameters, it does not specify how many of the ranked parameters should be selected for calibration 308 

with scenario drivers. We used Latin Hypercube Sampling to test the impact of inclusion or 309 

exclusion of different ranked parameters, and to identify and select influential parameters with 310 

highest impacts from the ranking results of global sensitivity analysis. See Supplementary Methods 311 

for further details about the implementation of this method. 312 

 313 
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 314 

Figure 2. Scenario parameter ranking from global sensitivity analysis results. Sensitivity is the 315 

normalised values of Morris index μ* between 0 and 1. For each output variable (y axis), the most 316 

influential input parameters (x axis) are annotated with their rank. Information on the unit and 317 

definition of each parameter is available in Supplementary Table 2. 318 

Figure 2 shows the ranking and selection of important model parameters to be used for 319 

calibration with scenario drivers in the projection of different sectors (e.g., population, GDP, energy 320 

demand, forest land cover) by 2030, 2050, and 2100. Sensitivity analysis showed a substantial 321 

variation in the influence of various drivers. The identified model parameters were diverse enough to 322 

capture influential global change in relation to demographic (e.g., fertility rate, life expectancy), 323 

education (e.g., enrolment and graduation rates), economic (e.g., capital elasticity of the economy), 324 



manuscript submitted to Earth’s Future 

and lifestyle (i.e., energy demand and diet change). Our finding of key scenario drivers here 325 

resonates with the use of socioeconomic (demography, education, economy) factors as underpinning 326 

assumptions for scenario projections with other models (Riahi et al., 2017). It is also consistent with 327 

considering diet change as a key driver in the transformation of the global food system (Willett et al., 328 

2019) as well as with similar socioeconomic and lifestyle factors that underpinned other food and 329 

energy/climate projections using the same FeliX model (Eker et al., 2019; Walsh et al., 2017). We 330 

also observed that the influential parameters for each sector do not change significantly over time 331 

(Figure 2). Therefore, we used the 2100 ranking results as our reference set for the key scenario 332 

parameters to be calibrated in Section 2.5. This choice was also consistent with the SSP assumptions 333 

where scenario drivers emerge in the long-term over the 21
st
 century and therefore their long-term 334 

sensitivity (by 2100) should be taken into account. 335 

2.5 Scenario parameter settings 336 

The key scenario parameters (Section 2.4) were calibrated consistent with scenario driver 337 

assumptions (Section 2.3) and in line with the SSP-RCP projections of marker integrated assessment 338 

models (IIASA, 2018). As with the implementation of the SSPs in marker integrated assessment 339 

models, we calibrated key parameters related to the demographic and macro-economic drivers of the 340 

scenarios, harmonised with the reference demographic and economic model projections of 341 

population, (primary, secondary, and tertiary) educational attainment, and GDP, with aggregated 342 

(i.e., average of low- and high-income countries) data at the global level (i.e., world average) 343 

(Dellink et al., 2017; Samir & Lutz, 2017) (Figure 3). Scenario parameters related to non-344 

socioeconomic drivers (e.g., energy demand, food consumption) were then calibrated consistent with 345 

the qualitative assumptions of scenarios (Supplementary Table 1) and the SSP-RCP projections of 346 

related sectors by marker integrated assessment models (Figure 3).  347 

2.6 Future scenario projection 348 

Using the parameter setting of each scenario (Section 2.5), we simulated the global 349 

trajectories of socioeconomic, energy, climate, and land and food sectors from 2020 to 2100 with the 350 

FeliX model. To simulate, we used the design of experiments exploratory modelling technique 351 

(Herman et al., 2020) to sample deeply uncertain scenario drivers that strongly influence the future. 352 

Design of experiments simulates and evaluates scenarios against a diverse suite of socioeconomic 353 

and environmental outputs over time under a large ensemble of samples from the uncertainty space 354 

to understand the full scale of variation in scenario performance. Each sample from the uncertainty 355 

space is an internally consistent set of assumptions about the value of scenario drivers representing a 356 

possible state of the world (SOW).  357 

We considered three aspects in designing the computational experiments. The first two 358 

aspects were sampling method and sample size, that together specified how to randomly collect 359 

assumptions from the uncertainty space of scenario drivers (e.g., population growth, GDP, 360 

technology advancement) to create an ensemble of SOWs around each modelled scenario. We used 361 

Latin Hypercube Sampling (McKay et al., 2000) to generate SOWs with the highest possible 362 

coverage of the uncertainty space and level of randomness, generating 50,000 SOWs across five 363 

scenarios (10,000 SOWs per each). We chose Latin Hypercube Sampling as it creates evenly spaced 364 

and distributed grid boxes in the uncertainty space and (quasi) randomly select a sample from each 365 

grid box. This results in a sampling strategy that is more evenly distributed across the space 366 

compared to, e.g., uniform random sampling (Saltelli et al., 2000). Complex, highly dynamic models 367 

such as FeliX can create non-linear and unpredictable model behaviour, and sampling uniformly may 368 

not be able to explore a sufficient range of model behaviour. Latin Hypercube Sampling has been 369 

also suggested as suitable technique for the design of experiments in previous exploratory modelling 370 

studies (Bryant & Lempert, 2010; Kasprzyk et al., 2013). Sample size (i.e., the number of 371 
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experiments to run) was selected based on the ability to generate a diversity of model behaviour 372 

(within the range of previous SSP projections produced with the marker integrated assessment 373 

model) without excessive computational costs will.  374 

 375 

Figure 3. Reference projections of key output variables in socioeconomic, energy, land, and 376 

food sectors used in calibration of scenario parameters. The demographic and economic 377 

projections in all SSPs are based on the modelling of Samir and Lutz (2017) and Dellink et al. 378 

(2017), respectively. In other energy, land, and food sectors, the SSP1-2.6 projection is based on 379 

Bouwman et al. (2006); van Vuuren et al. (2017), the SSP2-4.5 projection is based on Fricko et al. 380 

(2017); Riahi et al. (2007), the SSP3-7.0 projection is based on Fujimori et al. (2017), the SSP4-6.0 381 

projection is based on Calvin et al. (2017), and the SSP5-8.5 projection is based on Kriegler et al. 382 

(2017). Note that the projections of primary education graduates in SSP1 and SSP5 are very close, 383 

and therefore their line plots are overlapping. 384 

The third aspect in the design of experiments was the delineation of the uncertainty range to 385 

sample from. Previous studies suggested alternative ways to delineate a multi-dimensional 386 

uncertainty space based on learning and feedback from the influence of uncertainties on model 387 

behaviour (Islam & Pruyt, 2016; Moallemi et al., 2018). We specified the uncertainty range of 388 

scenario driver based on a certain deviation from their reference values. This deviation was set 389 

according to the parameter itself and to the extent that avoid extreme model responses in output 390 

variables (e.g., a FeliX projection higher than any existing projections by other models). For 391 

example, a highly sensitive parameter such as fertility rate had a narrow uncertainty range to make 392 

population projections fall within the projections of other IAMs. Supplementary Table 2 includes the 393 

quantified uncertainty range of key scenario parameters under five selected scenarios (SSP1-2.6 to 394 

SSP5-8.5). 395 

In projecting scenarios with the design of experiments, we assumed that there is an 396 

uncertainty in the timing of scenario drivers as well to account for the delay in future changes (e.g., 397 

the diet change driver can impact a scenario from 2030). This delayed, gradual emergence of 398 
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changes in scenario drivers was consistent with the implementations of the shared socioeconomic 399 

pathways in marker models (van Vuuren et al., 2017). 400 

2.7 Cross-validation 401 

We compared our scenario projections (Section 2.6) across socioeconomic, energy, climate, 402 

and land and food sectors with the same SSP-RCP projections by other research organisations 403 

(Dellink et al., 2017; Jiang & O'Neill, 2017; Leimbach et al., 2017; Samir & Lutz, 2017), and other 404 

marker integrated assessment models, including IMAGE (Bouwman et al., 2006; van Vuuren et al., 405 

2017), MESSAGE-GLOBIOM (Fricko et al., 2017; Riahi et al., 2007), AIM (Fujimori et al., 2017), 406 

GCAM (Calvin et al., 2017), and REMIND-MAGPIE (Kriegler et al., 2017), to ensure their 407 

consistency. This comparison did not aim to reproduce the same patterns to the other models due to 408 

differences in model structure and limited quantitative harmonisation of input data across models. 409 

Instead, we assessed whether our projections fell within a similar numerical range and whether they 410 

can provide a consistent story across different sectors and under different scenarios, aligning with 411 

our qualitative scenario assumptions (Section 2.3). Where our projections differed from past 412 

projections, we offered explanations for the difference.   413 

3 Results and discussion 414 

3.1 Projecting socioeconomic, energy, climate, and land and food future developments  415 

Figure 4 presents future scenario projections to 2100 in four key sectors (i.e., socioeconomic, 416 

energy, land and food, and climate) with 23 control variables, compared against the projections of 417 

other integrated assessment models (see methods in Sections 2.6 and 2.7). The selection of these 23 418 

control variables is based on the same scenario outputs reported in the SSP database (IIASA, 2018) 419 

for comparability. The quantification of scenarios across sectors with the FeliX model should 420 

provide consistent storylines in harmony with the five narratives of the shared socioeconomic 421 

pathways (O’Neill et al., 2017) and also in line with scenario input assumptions (Section 2.3, 422 

Supplementary Table 1) as we describe below for each scenario. 423 

The SSP1-2.6 projections represent high socioeconomic prosperity where access to all levels 424 

of education (as a proportion of population size), especially higher education, increases (Figure 4d) 425 

with improvement in gender inequality. Global population peaks around mid-century and declines 426 

significantly by 2100 (Figure 4a) due to the assumption of a declining fertility rate. Economic 427 

growth also booms due to fast technological progress (Figure 4e). While rapid economic growth 428 

would normally increase overall energy use, the assumption of widespread energy-efficient 429 

technologies and a transition to low energy intensity services in this scenario (Supplementary Table 430 

1) attenuates the increase in energy demand (Figure 4h). Most of the energy demand is also met 431 

through adoption of renewable (especially solar) energy (Figures 4l to 4n) in response to the steep 432 

cost reduction of technologies. This transition results from assumptions of high investment and 433 

technological progress, high environmental consciousness, and increasing production costs (e.g., 434 

carbon price costs) of using fossil energy (Supplementary Table 1). Similar sustainability transitions 435 

are also observed in the food and land sector. Environmental consciousness from educational 436 

attainment, especially at tertiary levels, along with low population growth, promotes healthy diets 437 

with low animal-calorie shares (Figure 4q). This also coincides with land productivity growth and 438 

high crop and livestock yield (because of assumptions on improvement in land managerial practices) 439 

resulting in less need for the expansion of cropland and pasture (Figures 4r, 4s, and 4u) and a sharp 440 

decline in deforestation (Figure 4t). Transition to renewable energies, sustainable land-use change, 441 

and lower meat consumption, together with a strong climate policy regime (e.g., carbon price, carbon 442 

capture and storage for fossil fuels, land-based GHG emissions mitigation) create a high potential for 443 
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mitigation with low-range emissions (Figure 4w) and low radiative forcing levels (Figure 4v) by 444 

2100. 445 

 446 

 447 

Figure 4. Scenario projections with the FeliX model and their comparison with the projections 448 

of major demographic and economic models (Dellink et al., 2017; Samir & Lutz, 2017) and 449 

integrated assessment models (Bauer et al., 2017; Calvin et al., 2017; Fujimori et al., 2017; 450 

Kriegler et al., 2017; Popp et al., 2017; Riahi et al., 2017; van Vuuren et al., 2017). Projections 451 

cover the period 2020-2100 with an annual time step. See Supplementary Figure 2 for the detailed 452 

specification of projections with other IAMs. 453 

The SSP2-4.5 projections follow business-as-usual trajectories with a moderate growth in all 454 

socioeconomic sectors (population, education, economy) (Figures 4a to 4e), a higher energy demand, 455 

and a slower transition to renewable energy compared to SSP1-2.6 (Figures 4f to 4n). There is also a 456 

moderate rate of agricultural land expansion and deforestation and a relatively high animal caloric 457 

supply (Figures 4o to 4u) due to assumptions on the continuation of current (high meat) diet regimes 458 

(Supplementary Table 1). Together, these trajectories result in a higher level of emissions and 459 

radiative forcing compared to SSP1-2.6, but still lower than other scenarios due to moderate climate 460 

change mitigation policies (Figures 4v and 4w). 461 
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The SSP3-7.0 scenario results in the worst socioeconomic projections among all scenarios 462 

(Figures 4a to 4e). A very slow economic growth leads to an underdeveloped education system, 463 

especially at the tertiary level, which limits the training of a skilled labour force and creates further 464 

challenges for economic development. Slow economic progress along with limited educational 465 

opportunities induces rapid population growth and declining wellbeing and life expectancy across 466 

the population. A relatively weak economy normally has a reduced demand for energy. However, 467 

assumptions around low environmental standards and poorly performing public infrastructure in this 468 

scenario (Supplementary Table 1) increases energy demand compared to the business-as-usual 469 

trajectories (Figure 4h). Transition to renewable (i.e., wind and solar) energy is slower than the 470 

business-as-usual (Figures 4l to 4n) due to assumptions around low energy technology improvement 471 

(i.e., efficiency), limited investment in expanding installed renewable energy capacity, and lower 472 

production cost of fossil energy (i.e., no limit on emissions and carbon price for fossil fuels). In the 473 

land and food sector, low crop and livestock yield (due to poor land management practices) and 474 

increasing demand for animal calories from the increasing population necessitate the rapid expansion 475 

of cropland and pasture to address food insecurity (Figures 4o to 4u). A combination of booming 476 

population with declining trends of other socioeconomic systems, high fossil energy dependency, 477 

high meat consumption with rapid agricultural land expansion, and a lack of strong global climate 478 

change mitigation policies for the energy and land sectors result in high emissions and high radiative 479 

forcing levels (Figures 4v and 4w), posing significant challenges to mitigation in this scenario. 480 

The SSP4-6.0 projections show moderate trajectories in socioeconomic systems (i.e., 481 

population, education, economy) with trends better than business-as-usual and SSP3-7.0, but not at 482 

the same level of prosperity as in SSP1-2.6 and SSP5-8.5 (Figures 4a to 4e). Transition in the energy 483 

sector (from fossil to renewable sources) (Figures 4f to 4n) and food production and the expansion of 484 

agricultural lands (Figures 4o to 4u) also have relatively similar low and high trends (respectively) 485 

compared to business-as-usual. These socioeconomic, energy, and food and land trajectories together 486 

result in a moderate (compared to business-as-usual) emissions and radiative forcing (Figures 4v and 487 

4w), leading to relatively low challenges to mitigation.  488 

The SSP5-8.5 projections show a similar level of socioeconomic prosperity to SSP1-2.6, with 489 

equally low population and high educational attainment, and even higher economic growth (Figures 490 

4a to 4e). However, socioeconomic development in this scenario is not sustainable and results in 491 

high, resource-intensive consumption, with severe impacts for energy and climate. Rapid economic 492 

growth promotes a lifestyle with the highest energy demand among all scenarios (Figure 4h). 493 

However, contrary to SSP1-2.6, this high energy demand is not offset by a transition to low energy 494 

intensity, efficient renewable energy technologies, nor an environmental consciousness around 495 

consumption impacts (Supplementary Table 1). Despite rapid economic development and 496 

technological advances, the reliance on fossil fuels as a cheap source of energy remains much higher 497 

than other scenarios to meet the increasing energy demand (Figures 4i to 4k). In the food and land 498 

sector (Figures 4o to 4u), a small yet high animal-calorie-consuming population results in crop and 499 

livestock production lower than the business-as-usual but still higher than the SSP1-2.6 scenario. The 500 

effects of all sectors together, mostly driven by a fossil-fuel-dependent energy system in the absence 501 

of universal climate polices, result in the highest emissions and radiative forcing among all 502 

scenarios, creating significant challenges to mitigation (Figures 4v and 4w).       503 

The adoption of different marker and non-maker IAMs was useful in providing insights into 504 

the uncertainties related to model structure and/or the interpretation/quantification of the qualitative 505 

narratives in the model. While the scenario projection of marker IAMs in Figure 4 can be interpreted 506 

as being representative of a specific SSP-RCP development, they are not considered as a central or 507 

median interpretation. This means that for each SSP-RCP combination, numerous alternative 508 

outcomes are possible—and they are equally valid—as long as they are internally consistent and 509 

harmonious with their narrative descriptions. The projection of scenarios with the (non-marker) 510 



manuscript submitted to Earth’s Future 

FeliX model presented some of these alternative yet equally valid outcomes. Despite the 511 

parametrisation uncertainty and variation driven by differing model structure and implementation of 512 

qualitative narratives, the FeliX scenario projections are generally aligned with those of other marker 513 

IAMs across all sectors for most control variables (Figure 4). However, as would be expected, there 514 

are a few exceptions.  515 

First, the FeliX projection of coal production in SSP5-8.5 is lower than projections from 516 

other marker IAMs from 2070 onwards (Figure 4i). This can be explained by the energy market 517 

share structure in FeliX where reduction in energy production from one source is compensated by 518 

energy from other more price-competitive sources. This model structure (along with the initial 519 

parametrisation) makes coal less cost competitive compared to other fossil (i.e., gas, oil) as well as 520 

renewable (i.e., solar, wind) sources due to assumptions about the declining cost of production from 521 

other energy sources over time. This propagates a more rapid decline in coal production consistently 522 

across all scenarios (including in SSP5-8.5) in the FeliX model. The conservative assumptions on 523 

renewable costs in the global climate (IPCC) scenarios (and hence less competition that can reduce 524 

fossil energy production) have also been discussed in the literature. Similar variations, resulting from 525 

differing model structural design and assumptions, were also observed among other integrated 526 

assessment models where some attributed greater priority to some energy technologies over others. 527 

For example, REMIND-MAGPIE and MESSAGE-GOLOBIOM have the highest solar and 528 

MESSAGE-GOLOBIOM has the lowest share of oil across all scenarios compared to other models. 529 

Despite this lower coal production compared to other models, coal production in SSP5-8.5 projected 530 

by FeliX remains much higher than renewable energy production in the same scenario and is also 531 

higher than coal production in other FeliX SSP-RCP projections. This keeps SSP5-8.5 consistent 532 

with the ‘fossil-fuelled development’ storyline in the original SSP narratives (O’Neill et al., 2017).  533 

Second, variation in projections between FeliX and other models in food and land variables 534 

(most notably in SSP1-2.6 and SSP3-7.0) can be explained by FeliX’s additional diet change module 535 

(Eker et al., 2019). In FeliX, demand for agricultural land is driven by the size of food production, 536 

which itself is designed to meet food demand. This means that an increase or decrease in food 537 

consumption can directly impact food production and agricultural land expansion. The food demand 538 

and consumption of vegetables and meat in FeliX is modelled mainly through the diet change 539 

module which formalises sustainable diet shift (i.e., reduction in meat consumption) in food systems 540 

based on behavioural factors (e.g., social norms and value driven actions) and educational 541 

attainments of the population. This links to the food demand from various food categories (animal-542 

based and plant-based foods), and subsequently to food (livestock) production, to demand for arable 543 

land (pasture and cropland), and to land-use change (i.e., deforestation). Diet (as a lifestyle driver) 544 

was mentioned in the original storylines of shared socioeconomic pathways (O’Neill et al., 2017), 545 

but it was not explicitly modelled in most of the major integrated assessment models. However, 546 

modelling of diet change, as shifting social norms and changing patterns of human behaviour in food 547 

consumption, has become increasingly important (Willett et al., 2019), with impacts on multiple 548 

SDGs (food, health, responsible consumption, biodiversity conservation) (Herrero et al., 2021). 549 

Given assumptions on low caloric food consumption per person per year and low animal calories diet 550 

share in SSP1-2.6 (and the opposite in SSP3-7.0), the FeliX projections resulted in low livestock 551 

production (Figure 4q), low pastures and croplands (Figures 4s and 4u), and more forest land (Figure 552 

4t) in SSP1-2.6 (and vice versa in SSP3-7.0).  553 

Third, the combination of a sharper decline in coal production as well as varied food 554 

consumption patterns (due to the diet change module) in FeliX (as explained above) has resulted in 555 

slightly lower projections of CO2 emissions, most notably in SSP5-8.5, compared to the other 556 

models. Similar variations across all sectors were also observed between the projections of marker 557 

and non-marker integrated assessment models, driven by the diversity of model structures and their 558 

initial parameterisation (Popp et al., 2017). Therefore, with different plausible assumptions in the 559 
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energy and food sector, FeliX projections respond to the calls for exploring a wider uncertainty 560 

space. 561 

3.2 Exploring SDG indicator trajectories  562 

The performance against SDG indicators varies substantially across different scenarios and 563 

indicators over time (Figure 5). Among the analysed scenarios, the accumulation of changes in 564 

SSP1-2.6 between 2050 and 2100 can create promising long-term trajectories. However, this is not 565 

the case in other scenarios, driven by complex counteracting interactions between future 566 

socioeconomic and environmental drivers. The trends in some of the major indicators are described 567 

here for illustration while the detailed projections of all indicators are available in Figure 5 and the 568 

online dataset.  569 

Gross World Product (GWP) per capita (Figure 5e-i), adolescent fertility rate (Figure 5b-ii), 570 

and mean years of schooling (Figure 5c-i) are the three socioeconomic indicators with the fastest 571 

improvement over the century in SSP5-8.5 and SSP1-2.6 (across SOWs) by 2030 and beyond. This 572 

is due to investment in high-quality and well-functioning education (Figure 4d) and declining 573 

population growth (Figure 4a) under these two scenarios. Despite similar performance in 574 

socioeconomic indicators, the human prosperity and economic growth create two different pathways 575 

for environmental impacts and for achieving sustainable development under SSP1-2.6 and SSP5-8.5.  576 

In SSP1-2.6, the high level of socioeconomic prosperity can lead to improving trajectories 577 

towards in major energy and climate indicators by 2030. In a longer timeframe and by 2100, the 578 

increasing scale of positive socioeconomic change in this scenario can achieve more than 85% 579 

(global average) share of renewable energy supply (Figure 5d-i), close to 430 ppm CO2 580 

concentration (Figure 5g-i), and < 2 degree °C global temperature change (Figure 5g-ii). As we 581 

discussed in Section 3.1, the SSP1-2.6 scenario can also result in a significant drop in total 582 

agricultural activities (Figures 4r), positively impacting several SDG indicators related to food and 583 

land-use change. Among these positive impacts is SSP1-2.6’s declining trend in (land-based) animal 584 

calorie supply (Figure 5a-ii) due to a decreasing population after 2050 (Figure 4a) and lower meat 585 

consumption. Reducing demand for food through responsible consumption and collective global 586 

action on food choices under this scenario could help to alleviate the pressure from the COVID-19 587 

pandemic on the food system, helping those worst-affected by the distributional impacts on food 588 

supply chains. The SSP1-2.6 scenario also outperforms other scenarios in some of the major 589 

responsible production and biodiversity conservation indicators, such as yield improvement (Figure 590 

5a-i), reduced pressure from agricultural land expansion and fertiliser use (Figures 5f-i, 5f-ii), and 591 

less deforestation and biodiversity loss (Figures 5h-i, 5h-ii).  592 

By contrast, socioeconomic prosperity in SSP5-8.5 results in the fastest growth in the share 593 

of fossil fuels in energy supply (Figure 5d-i) driven by increasing demand from high energy intensity 594 

of industry and services (Figure 4h). Reliance on fossil fuels in this scenario translates into severe 595 

climate impacts from (energy-related) high CO2 concentration (Figure 5g-i) with global temperature 596 

continuing to rise to almost 4.5 degree °C by 2100 in all simulated SOWs (Figure 5g-ii). This 597 

imposes a severe risk for achieving the IPCC climate targets (Rogelj et al., 2019). The SSP5-8.5 598 

scenario also results in a high land-based animal calorie supply of up to 50% (across all SOWs) 599 

higher than the business-as-usual trajectories driven by the economic welfare combined with high 600 

meat-based diets (Figure 5a-ii). This also leads to the higher production of crops in this scenario as 601 

livestock feed (Figure 4q). However, high crop and livestock yields and effective land management 602 

practices fuelled by high GWP and rapid technology advances as described in this scenario’s 603 

assumptions (Section 2.3), can enable the achievement of high food demand and production with less 604 

agricultural land (Figure 4r). This results in improving trajectories in indicators related to forest land 605 

(Figure 5h-i) throughout the 21
st
 century. 606 
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 607 

Figure 5. SDG-scenario evaluation across 50,000 SOWs. In each subplot, the envelope plots show 608 

each indicator’s trajectory across five scenarios with descriptive statistics (mean and standard 609 

deviation) to represent the average projected value and the uncertainty range of each indicator’s 610 

projection. The box plots show the comparative of performance of each scenario compared to the 611 

business-as-usual’s trajectories (i.e., baseline SSP2-4.5). This shows what would happen (i.e., the 612 

scale of improvement or deterioration in each indicator) if we deviate (positively or negatively) from 613 

current trajectories (i.e., business-as-usual). 614 

Far less improvement occurs in SSP3-7.0 and SSP4-6.0 across all indicators and SOWs. The 615 

global trajectories under these two scenarios are deteriorating in most of socioeconomic, energy, 616 

climate, and biodiversity indicators. This results from the combined effects of the medium to high 617 

population (Figure 4a), slow economic growth (Figure 4e), low investment in higher education 618 

(Figure 4d), high energy demand from inefficient and high energy intensity infrastructure (Figure 619 

4h), low diffusion of renewable energy (Figure 4f), and extreme pressure on lands from agricultural 620 

activities and high animal calorie consumption (Figures 4r and 4q), as discussed in Section 3.1. For 621 

instance, trends over the century reach around 3 - 4 degree °C warming (compared to the pre-622 

industrial level), significantly exceeding the 1.5-2 degree °C target from the Paris Agreement (Figure 623 

5g-ii). Similar negative drivers across these two scenarios also results in extreme-range trajectories 624 

in indicators related to food production (Figure 5a-ii), fertiliser use (Figure 5f-i, 5f-ii), and 625 
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biodiversity across all SOWs by 2030 and beyond (Figure 5h-i, 5h-ii). For example, high rates of 626 

fertiliser application in agriculture (up to 40% higher than business-as-usual; Figure 5f-i) and the 627 

steep decline in forest land and species abundance (up to 30% and 50% decline compared to 628 

business-as-usual respectively; Figure 5h-I, 5h-ii) under SSP3-7.0 can be attributed to high 629 

population growth along with unhealthy diets with a high animal calorie diet that increases the 630 

demand for feed crops. As a result of this high feed demand, the pressure on natural and agricultural 631 

lands increases strongly (Figure 4r), resulting in further demand for fertiliser application and greater 632 

deforestation and biodiversity loss.   633 

4 Conclusions and future work  634 

Future socioeconomic and environmental change, often characterised by abrupt shocks and 635 

surprises, can challenge the achievement of the sustainable development goals and create uncertainty 636 

around progress to sustainability by 2030 and beyond. Interacting systems with multisectoral 637 

dynamics occurring at an unprecedented pace can also create a further complexity in understanding 638 

the impacts of future global change on sustainable development. We argue that this combination of 639 

uncertainty and complexity requires scenario modelling with integrated and exploratory approaches 640 

that can connect social and biophysical dimensions of the Earth system and simulate their 641 

interactions under many possible future.  642 

To address this need, we used the shared socioeconomic pathways and representative 643 

concentration pathways frameworks in the SDG context as benchmarks for scenario modelling. Our 644 

adoption and quantification of these scenarios, using a new integrated assessment model of different 645 

type (i.e., a system dynamics model) and different structure (i.e., feedback-rich) also enabled a 646 

scenario uncertainty exploration of the reference projections with the marker integrated assessment 647 

models. To adopt and implement these scenarios, we proposed a methodology and articulated its 648 

technical details, with examples from the implementation of the five combinations of the shared 649 

socioeconomic pathways and the representative concentration pathways. We projected future 650 

scenarios and their various realisations under uncertainty in population, economy, energy, land, food, 651 

and climate systems from 2020 to 2100, compared our projections with those of other integrated 652 

assessment models, and assessed the trajectories of 16 SDG indicators across eight goals by 2030 653 

and beyond.  654 

Our study contributed to sustainability science by enabling a wider adoption of the shared 655 

socioeconomic pathways and the representative concentration pathways to explore their broader 656 

implications beyond the original foci of climate change and on new SDG-related indicators. The 657 

methodology also expanded the limits of benchmark scenarios by exploring model structural 658 

uncertainty and the uncertainty of quantifying the narratives of global scenarios and generating a 659 

wider diversity of possible future realisations using deep uncertainty and exploratory modelling 660 

methods (Marchau et al., 2019). 661 

While our proposed methodology enabled the parameterisation of global scenarios to 662 

evaluate SDG trajectories, it did not measure the actual progress towards explicit targets nor discover 663 

the critical areas of the uncertainty space responsible for the system’s tipping points and instabilities 664 

in achieving these targets. An important next step in the further development of our methodology is 665 

to set explicit targets on the SDG indicators to be used as thresholds for quantifying the progress 666 

towards the SDGs and measuring the chance of success or failure by 2030 or beyond. Another future 667 

work is to  incorporate scenario post-processing techniques, such as scenario discovery 668 

(Hadjimichael et al., 2020; McPhail et al., 2020) and robustness analysis (Gold et al., 2019; Herman 669 

et al., 2020) from exploratory modelling, to identify tipping points where efforts may fail to achieve 670 

targets. The identification of tipping points as warning signs can inform proactive and anticipatory 671 



manuscript submitted to Earth’s Future 

responses to external shocks and help decision-makers keep human and environmental systems on-672 

track for achieving sustainability targets.  673 

Enhancing the robustness of insights obtained about the SDGs requires the expansion of 674 

scenario space and its uncertainty exploration. However, this comes at the expense of increasing the 675 

computational costs of simulations and often leads to limiting the assessment to a set of most 676 

plausible scenarios. Our model-based assessment of the SDGs was no exception. Our results and 677 

their interpretations were within the assumptions of five specific scenarios aligned with five widely-678 

adopted SSP-RCP combinations (O’Neill et al., 2020). However, there are other potential 679 

combinations of scenarios that we did not investigate in the current study. For example, our most 680 

sustainable scenario was developed based on SSP1-2.6. While SSP1-2.6 can substantially control 681 

environmental damages from energy and climate impacts relative to our other scenarios, the SSP1-682 

2.6 scenario is not ideal for IPCC mitigation pathways compatible with 1.5 degree °C (Rogelj et al., 683 

2018b). Future research should construct SSP1 in the FeliX model in line with the pathways of more 684 

aggressive actions (i.e., more ambitious Nationally Determined Contributions under the Paris 685 

Agreement) and more extreme mitigation pathways (e.g., aligned with 1.9 W m
-2 

radiative forcing 686 

level or with pathways proposed by the IPCC 1.5 (IPCC, 2018)). This could potentially improve the 687 

performance of the SSP1 scenario across energy and climate indicators (e.g., faster reduction of 688 

fossil energy supply and emissions) compared to our results. The further improvement (e.g., <1.5 689 

degree °C global temperature change) in the climate impacts of SSP1 could be possible via a greater 690 

reliance on atmospheric CO2 removal technologies and practices (Smith et al., 2016). However, this 691 

level of CO2 removal has not been demonstrated at this scale in practice and may cause other 692 

sustainability issues such as competition with food and agricultural sectors for land and water 693 

(Rogelj et al., 2018b). Hence, policy cost and feasibility assessment become an important research 694 

direction in future studies with scenarios of more aggressive emissions reduction and with potential 695 

spillover effects on other sectors. 696 

The discussion of scale and interactions between global, national, and local efforts in 697 

modelling the SDGs under uncertainty can also play a crucial role in future scenario modelling for 698 

the SDGs (Verburg et al., 2016). In this article, we characterised the future development of 699 

socioeconomic, food and land, energy, and climate systems at a global scale. Other studies have also 700 

mostly analysed these scenarios either at global, regional, or national scales (Szetey et al., 2021). 701 

However, large scale and global scenarios, in reality, translate into local changes in human 702 

interactions with the environment. Grassroots solutions led by local communities, cities, and 703 

businesses can also make synergies with the aspirations of the higher scales and significantly impact 704 

the unfolding of higher-level sustainability scenarios (Bennett et al., 2021; Moallemi et al., 2020b). 705 

This brings new challenges for modelling the cross-scale dynamics of scenarios that can account for 706 

both higher spatial and temporal resolutions where policy-making (e.g., carbon pricing) and 707 

biophysical processes (e.g., greenhouse gas emissions) operate, as well as for locally-specific and 708 

place-based dynamics, such as gender inequality (Emmerling & Tavoni, 2021) and the representation 709 

of heterogeneous actors (Ilkka et al., 2021). Future works on integrated assessment and scenario 710 

modelling, therefore, require capturing the societal dynamics of lower scales beyond the currently 711 

dominant uniform assumptions and aggregation of data and to better connect them with global 712 

biophysical and policy-making processes (Liu et al., 2013). This can lead to more reliable insights 713 

that can account for the diversity of local priorities and the heterogeneities in the availability of skills 714 

and resources across regions, enabling a more just and inclusive sustainable development by 715 

tailoring the plans to the unique socio-ecological characteristics of each context. 716 
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