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Key Points (140 characters)

e Articulating methodological steps in scenario modelling can help researchers enhance
sustainability assessment under future uncertainty.

e Using a new methodology, we illustrate the sensitivity of sustainable development goals to
global scenarios and their uncertainties.

e The results show that achieving ambitious targets requires substantial progress in
socioeconomic and environmental indicators.
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Abstract

Models are increasingly used to inform the transformation of human-natural systems towards more
sustainable futures, aligned with the United Nations Sustainable Development Goals (SDGS).
However, the future uncertainty of alternative socioeconomic and climatic scenarios challenges the
model-based analysis of sustainable development. Obtaining robust insights, which can remain valid
under many plausible futures, requires a systematic processing of uncertainty through scenario
modelling. Here, we use exploratory modelling—an approach for exploring the implications of
various modelling assumptions using computational experiments—to quantify and analyse the
impacts of global socioeconomic and climate uncertainties in achieving SDGs. We develop a
systematic, computational methodology to guide researchers in coping with future uncertainty in
sustainable development, consistent with global benchmark scenario frameworks. To demonstrate,
we implement the global climate and sustainability scenarios, namely the Shared Socioeconomic
Pathways and the Representative Concentration Pathways, in an integrated assessment model for
evaluating the global trajectories of eight SDGs related to sustainable food and agriculture, health
and well-being, quality education, clean energy, sustainable economic growth, climate action, and
biodiversity conservation under uncertainty. The results show that the progress towards different
goals is highly sensitive to the modelled scenarios and to their uncertainty specification. This
sensitivity highlights the importance of enumerating the diversity of alternative scenarios and their
uncertainty exploration to enable a comprehensive assessment of sustainable development with the
consideration of performance across a range of plausible futures and their boundary conditions. The
enhanced modelling of scenarios can help prepare for a wider variety of future possibilities in
planning for sustainability.

1 Introduction

The 17 Sustainable Development Goals (SDGs) under the United Nations 2030 Agenda for
Sustainable Development represent global ambitions for achieving economic development, social
inclusion, and environmental stability (UN, 2015). The achievement of the diverse and ambitious
SDGs requires compromising between competing sustainability priorities and harnessing synergies
over deeply uncertain, long-term futures (Pradhan et al., 2017). To assist in reasoning and planning,
computer models and simulations have been effectively used to systematically analyse the
interactions of conflicting, inter-connected sustainability priorities in complex human-natural
systems (Quinn et al., 2017; Trindade et al., 2017) and to navigate actionable compromises between
different competing agendas (Gold et al., 2019; Hadjimichael et al., 2020).

A diverse set of models have been used to inform sustainable development (Verburg et al.,
2016), including input-output models (Wiedmann, 2009), macro-economic and optimisation models
(DeCarolis et al., 2017), computational general equilibrium models (Babatunde et al., 2017), system
dynamics models (Sterman et al., 2012), integrated assessment models (van Beek et al., 2020),
bottom-up agent-based models (Moallemi & Kdhler, 2019), and transitions models (Kohler et al.,
2018). Modelling applications have also spanned different aspects of the SDGs such as food and diet
(Bijl et al., 2017; Eker et al., 2019; Malek et al., 2020), climate adaptation (JGCRI, 2017; Mayer et
al., 2017; Small & Xian, 2018), land-use (Doelman et al., 2018; Gao & Bryan, 2017), energy (Rogelj
et al., 2018a; Walsh et al., 2017), and biodiversity conservation (Mace et al., 2018). Models have
also assessed the nexus of multiple interacting SDGs such as food-energy-water (Van Vuuren et al.,
2019), land-food (Obersteiner et al., 2016), and land-food-biodiversity (Leclére et al., 2020),
amongst others (Randers et al., 2019).

Model-based analysis of sustainable development over long timescales is, however,
challenged by the conjunction of deep uncertainty around future global socioeconomic and climatic
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conditions and the complexity of coupled human-natural systems where subsystems experience non-
linear interactions, irreversible changes, and tipping points in their evolution (Lempert et al., 2003).
Past studies have often used scenarios to explore these uncertainties through the plausible
trajectories of system behaviour according to different sets of assumptions about the future
(Guivarch et al., 2017; Lamontagne et al., 2018; Trutnevyte et al., 2016). Within the context of
climate change and sustainability science, the Shared Socioeconomic Pathways (SSPs) (O’Neill et
al., 2017; Riahi et al., 2017) and the Representative Concentration Pathways (RCPs) (Meinshausen
et al., 2020; van Vuuren et al., 2011), have dominated scenario studies over the past decade (O’Neill
et al., 2020). They project futures with different challenges to mitigation and adaptation through five
possible socioeconomic pathways (SSPs 1 to 5) and five different greenhouse gas emissions
trajectories (RCPs 1.9, 2.6, 4.5, 6.0, 7.0, 8.5) (see Section 2.2).

The future development of energy, land-use, and emissions sectors according to the SSPs and
RCPs has been extensively characterised and expanded, using a set of five marker integrated
assessment models (IAMs) including IMAGE (Bouwman et al., 2006; van Vuuren et al., 2017),
MESSAGE-GLOBIOM (Fricko et al., 2017; Riahi et al., 2007), AIM (Fujimori et al., 2017), GCAM
(Calvin et al., 2017), and REMIND-MAGPIE (Kriegler et al., 2017). The research community has
frequently used the global SSP and RCP scenarios with these marker models in climate impact
assessments (Lamontagne et al., 2019; Rogelj et al., 2018a) and for analysing other Earth system
processes (e.g., biodiversity (Leclére et al., 2020); see O’Neill et al. (2020) for a review).

Despite past successful efforts, there are still important limitations to address for increasing
the impact and usefulness of these scenario frameworks. One major gap is that the application of the
SSPs and RCPs to areas beyond climate change, such as sustainable development, has been so far
limited. There are only few studies that have extended these scenario frameworks to the evaluation
of the SDGs (van Soest et al., 2019). Among these, The World in 2050 (TWI2050, 2018) is perhaps
the most prominent example which evaluated a selected number of SDGs under two SSP scenarios
as well as under previously developed global change scenarios (Parkinson et al., 2019; van Vuuren et
al., 2015) using two marker models of IMAGE (van Vuuren et al.,, 2017) and MESSAGE-
GLOBIOM (Fricko et al., 2017). The broader use of SSPs and RCPs framework in other research
domains such as the SDGs is crucial for developing a more comprehensive and consistent account of
possible integrated futures and response options across connected global challenges (O’Neill et al.,
2020).

Another noticeable gap is that most of the past SSP-RCP projections were based on the
assumptions of five original marker models, and the use of new integrated assessment models with
different sets of input and structural assumptions has been rare. Among the few applications of new
models is Allen et al. (2019) who used four SSPs as a benchmark to guide the development of
national-scale scenarios, based on inequality and resource-use intensity, to assess scenarios of
progress towards the SDGs for Australia using their new systems model. The adoption of non-
marker, emerging models, with different sectoral boundaries (e.g., water (Graham et al., 2018), diet
change (Eker et al., 2019)) and levels of structural complexity, is important to expand the scenario
space around SSPs and RCPs and to capture a wider set of futures in the global scenario framework,
driven by different perspectives and model uncertainties (O’Neill et al., 2020).

These current limitations signify the need for the systematic treatment of uncertainty, aligned
with global projections, in new domains (such as the SDGs) as well as the expansion of the
uncertainty exploration of current scenario frameworks (such as the SSPs and RCPs) with new
integrated assessment models. Addressing these gaps has become more important in recent years
especially given the increasing use of models for SDG analysis and the emergence of new, open-
source integrated assessment models (e.g., FeliX (Walsh et al., 2017), Earth3 (Randers et al., 2019),
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see the review in Duan et al. (2019)) that need to comprehensively handle and appropriately treat
future uncertainty in line with benchmark global projections.

Here, we develop a methodology supported by computational techniques from exploratory
modelling to quantify global scenario frameworks and to systematically explore their uncertainty
space in achieving the SDGs through many possible future realisations. The use of exploratory
modelling as an approach which is specifically concerned with dealing with uncertainty and
complexity in models is key in enhancing the implementation of these scenarios (Bankes, 2002;
Lempert et al., 2003; Moallemi et al., 2020a). This can contribute significantly to method
development in modelling for sustainable development under global change. To demonstrate, we
implement the SSP and RCP scenarios in the Functional Enviro-economic Linkages Integrated
neXus (FeliX) (Eker et al., 2019; Walsh et al., 2017) model, a globally aggregate and feedback-rich
integrated assessment model of Earth and human interactions based on the system dynamics
approach (Sterman, 2000). The adoption of a new model was undertaken to advance previous SSP
modelling efforts by exploring model structural complexity and by generating a wider range of
future variations of global reference scenarios across marker and non-marker models (Riahi et al.,
2017). We analyse global trajectories of 50,000 different realisations under five plausible
combinations of SSPs and RCPs (i.e., 10,000 each). We evaluate how socioeconomic and climate
drivers could unfold in the future through the multi-sectoral dynamics of demography, economy,
energy, land, food, biodiversity, and climate systems. We assess impacts across 16 sustainability
indicators representing eight SDGs related to agriculture and food security (SDG2), health and well-
being (SDG3), quality education (SDG4), clean energy (SDG7), sustainable economic growth
(SDG8), climate action (SDG13), and biodiversity conservation (SDG15). This application can
provide in-depth insights into the achievement of the global SDGs under a larger scenario space.

2 Methods

2.1 Modelling multisectoral dynamics

We modelled the physical and anthropogenic processes of the multisectoral dynamics that
drive SDG progress through an integrated assessment model of Earth and human interactions called
FeliX. FeliX simulates complex feedback interactions via a nexus of societal and biophysical sub-
models, enabling the analysis of non-linearities, tipping points, and abrupt changes in SDG
trajectories. The model is based on the system dynamics approach (Sterman, 2000) and is set at a
global scale with annual timescale over a long-term period (1900-2100). The model has been used as
a policy assessment tool in exploring emissions pathways (Walsh et al., 2017), evaluating
sustainable food and diet shift (Eker et al., 2019), and analysing socio-environmental impacts in
Earth observation systems (Rydzak et al., 2010). The model outputs have been also tested and
validated against historical data from 1900 to 2015 across all sub-models as available in the extended
model documentation in Rydzak et al. (2013) as well as in Walsh et al. (2017) and Eker et al. (2019).
Using FeliX, we modelled 16 indicators across eight societal and environmental SDGs. The selection
of SDGs and their indicators were guided by the model scope with the aim of covering a wide
diversity of socioeconomic and environmental dimensions ability of sustainability compared to
previous studies (Gao & Bryan, 2017; Obersteiner et al., 2016; Randers et al., 2019; van Vuuren et
al., 2015). SDGs and their indicators were implemented across the ten FeliX sub-models of
population, education, economy, energy, water, land, food and diet change, carbon cycle, climate,
and biodiversity.

Each sub-model includes feedback interactions between several model components necessary
to generate time-series estimates for SDG indicators (Table 1). Population, as the core sub-model,
captures the dynamics of population growth and ageing, and is directly linked to all SDGs through its
impacts on energy demand, food consumption, and water use, amongst other factors. Education



178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199

200
201
202

manuscript submitted to Earth’s Future

computes the population size of people with primary, secondary, and tertiary education, directly
interacting with: SDG2 via the impact of education level on diet change and reduced meat
consumption; SDG3 and SDG4 via improving wellbeing and educational attainment with higher
number of graduates at all levels, and; SDG8 via providing the labour force necessary to power the
economy. Economy computes economic outputs through a Cobb-Douglas production function,
interacting with all SDGs except for SDG4 (as educational attainment is not modelled in FeliX as a
function of economic outputs). Energy computes energy demand, and the production of different
energy sources and market competition between them, interacting with most of the SDGs such as
SDG7 through renewable energy production, SDG13 through reducing emissions from fossil fuels,
and SDG15 by decreasing the demand for land-use change for deforestation for biomass generation.
Water simulates water supply and demand across different sectors, interacting mostly with SDG2
through supplying water for agricultural activities and SDG3 by providing quality water for domestic
use. Land, Food, Diet Change, and Biodiversity are extensively described in the FeliX model
documentation (Eker et al., 2019; Walsh et al., 2017). They simulate land-use change, food demand
and production, diet shift reflecting the proportion and type of meat in the human diet, and the
restoration and extinction of species. The impacts of these sub-models are diverse across most of the
SDGs. For example, the limitation of agricultural activities through diet change in SDG2 can
substantially reduce pressure on deforestation in SDG15, and the impact of biodiversity conservation
can subsequently impact general public health in SDG3. Finally, Carbon Cycle and Climate compute
emissions from the land and energy sectors, as well as the atmospheric radiative forcing and
temperature change of the emitted CO, and their absorption in the ocean. These sub-models also
interact with most of the SDGs, such as SDG13 through climate change impacts.

Table 1. The list of modelled SDG indicators. There are two modelled indicators under each SDG
for consistency. Each indicator trajectory is simulated in the model based on the interaction of
multiple sectors. This underlying sectoral dynamic for each indicator is specified in the third column.

Indicator Description Desired progress Underlying sectoral
dynamics

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

Cereal Yield (tons year®  The annual production rate per hectare of harvested  Improve the productivity of the Land, food/diet, water,
ha®) croplands dedicated to grains production. croplands for cereal yield production. climate, economy
Animal Calories (kcal The total annual production of pasture-based meat Meet the increasing global demand for  Land, food/diet, water,
capita™ day™) and crop-based meat - excluding seafoods - per food with less meat consumption. population, education,
person per day. economy, climate

_/\,\/\' SDG 3. Ensure healthy lives and promote well-being for all at all ages

Human Development The UNDP average of three indices of income, Advance human wellbeing and Education, economy,
Index (-) health, and education that affect human capabilities  richness of life. population, food/diet,

to sustain well-being. climate, biodiversity
Adolescent Fertility Rate  The number of births per 1,000 by women between  Reduce childbirth by adolescent girls Education, economy,
(person year the age of 15-19. This is a negative indicator, i.e., with improved sexual and population
1000women™) the lower, the better. reproductive healthcare.

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

Mean Years of Average number of completed years of primary, Increase educational attainments Education, population
Schooling (number of secondary, and tertiary education (combined) of across population and in all levels.

years) population.

Population Age 25t0 34  The percentage of the population, aged between 25-  Improve tertiary education coverage. Education, population
with Tertiary Education 34 years old, who have completed tertiary

(%) education.

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

Share of Renewable Percentage of renewable (solar, wind, biomass) Increase the average global share of Energy, economy,
Energy Supply (%) energy supply share in total energy production. renewable energies in the final basket ~ population
of total energy production.
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Energy Intensity of An indication of how much energy is used to Reduce the energy intensity of Energy, economy,
GWP (MJ $%) produce one unit of economic output. services and industries per GDP. population

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

GWP per Capita ($1000 Gross World Product, i.e., the global total GDP, Improve economic prosperity of all Economy, population,
person™ year™) divided by the global population. countries in an inclusive and education, energy,
sustainable way. climate, biodiversity
CO; Emissions per GWP  Human-originated CO, emissions stemming from Reduce carbon footprint of the Economy, population,
(kg CO, $™ the burning of fossil fuels divided by the unit of growing economy. climate, biodiversity,
GDP. carbon cycle energy

SDG 12. Ensure sustainable consumption and production patterns

Nitrogen Fertiliser Use Commercial nitrogen fertiliser application in Manage a fertiliser application to Land, food/diet,
in Agriculture (million agriculture affected by land availability, income, balance between declining soil economy, population
tons N year™) and technology impact on fertiliser use. fertility and the risk of polluting

. . . . nutrient surplus. .
Agri-Food Nitrogen Nitrogen (N) emissions to the atmosphere and Land, food/diet,
Footprint (kg year™ leaching/runoff from commercial application in economy, population
person) agriculture and with manure.

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

Atmospheric Atmospheric CO, concentration per parts per Significantly reduce global CO, Population, economy,

Concentration CO, million. emissions across sectors. land, food/diet, energy,

(ppm) carbon cycle

Temperature Change Global annual mean temperature change from the Limit global temperature change from  Population, economy,

from Preindustrial pre-industrial time calculated as atmosphere and preindustrial level. land, food/diet, energy,

(degree °C) upper ocean heat divided by their heat capacity. carbon cycle

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

Forest to Total Land Percentage of forest to total (agricultural, urban and  Significantly reduce the current Land, population,

Area (%) industrial, others) land areas. deforestation rates and restore economy, energy,

degraded forest lands. food/diet

Mean Species The compositional intactness of local communities  Limit significantly the current rate of Energy, climate,

Abundance (%) across all species relative to their abundance in biodiversity extinction from food/diet, land
undisturbed ecosystems. anthropogenic activities.

2.2 Benchmark scenario framework

We explored future socioeconomic and climate scenarios framed by two reference global
change scenario frameworks (Moss et al., 2010), called the Shared Socioeconomic Pathways (SSPs)
(O’Neill et al., 2017; Riahi et al., 2017) and the Representative Concentration Pathways (RCPs) (van
Vuuren et al., 2011), respectively. The SSPs chart future underlying socio-economic development.
They include five internally consistent qualitative descriptions (narratives) for plausible changes in
human development, economy and lifestyle, policies and institutions, technology, and environment
and natural resources, in the 21° century, aligned with different degrees of challenges to mitigation
(of the emissions from energy and land-use) and adaptation to climate change. The SSP narratives
have been expanded by quantitative projections of energy, land-use, and emissions sectors using a
set of global integrated assessment models (Riahi et al., 2017). These projections represent SSP
baselines where there is an absence of any climate policies (beyond what is in place today) to limit
climate forcing and adaptive capacity. To cover the gap in efforts to reduce emissions, the SSPs are
complemented with the greenhouse gas concentration trajectories in the RCP scenario framework.
RCPs represent the climate forcing levels of different possible futures with long-term pathways to
certain concentration levels of CO, by 2100 and beyond (Meinshausen et al., 2020; van Vuuren et
al., 2011).
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Figure 1. Overview of methodological steps for implementing global scenario frameworks in a

new integrated assessment model for SDG analysis.

The SSPs include five socioeconomic futures to 2100: SSP1 (sustainability), SSP2 (business-
as-usual), SSP3 (regional rivalry), SSP4 (inequality), and SSP5 (fossil-fuelled development) (O’Neill
et al., 2017). The (original) RCPs include four emissions trajectories to 2100 (and beyond) with
different levels of global radiative forcing from 2.6, to 4.5, to 6.0, to 8.5 W m™ (van Vuuren et al.,
2011). The emissions trajectory of 1.9 W m was added later as a pathway to 1.5 © to the end of the
century (Rogelj et al., 2019). Both frameworks in isolation are incomplete by design and are
susceptible to uncertainties. The former can only capture societal futures with no direct impacts of
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climate change and policy responses while the latter only focuses on climate trajectories that are not
tied to a specific societal development pathway (O’Neill et al., 2020). The RCPs, therefore, can be
combined with the SSPs to specify emissions and concentration assumptions of socioeconomic
scenarios and to signal climate policies that are necessary to reach the end of century radiative
forcing levels as defined by the RCPs. These combinations provide an integrated approach to explore
the space of response options to climate change.

Although different forcing levels could be achieved under different socioeconomic scenarios,
a specific RCP is often associated with each SSP (as also used in the sixth Climate Model
Intercomparison Project (CMIP6)) considering consistency between their narratives and their
plausibility (O'Neill et al., 2016). We selected our benchmark SSP-RCP scenarios for
implementation in the same way. We considered the plausibility of selected combinations as well as
their application frequency across 715 studies (published between 2014 and 2019) that used
integrated scenarios, based on a recent review by O’Neill et al. (2020). For example, we assumed
that a high and a low radiative forcing of 8.5 and 2.6 can most likely occur under the societal
development of SSP5 and SSP1 (respectively) which focus on highly polluting and sustainable
futures. The radiative forcing of 8.5 and 2.6 are also the most frequent levels applied in previous
studies to these two SSPs. In the same way, we associated the radiative forcing levels of 4.5, 7.0, and
6.0 to SSPs 2, 3, and 4 (respectively). Among these selected integrated scenarios, SSP1-2.6 was the
representative of an inclusive and environment-friendly future for sustainable development, SSP2-
4.5 was the continuation of past and current trajectories, SSP3-7.0 represented regional rivalry with
weak global cooperation and high consumption and environmental footprints, SSP4-6.0 was a world
of high inequality in human and economic opportunities, and SSP5-8.5 was a promising
socioeconomic future at the cost of an unsustainable environmental outlook driven by a highly
polluting and high-consumption lifestyle (Figure 1). We excluded RCP 1.9 from our analysis given
the highly ambitious carbon dioxide removal (CDR) deployment assumptions in this scenario
(Rogelj et al., 2019) that is not explicitly represented in FeliX. Such high CRD deployment for
achieving 1.9 W m™ emissions trajectory also has an increased complexity of side effects on other
sectors that are beyond the scope of this paper (see discussion in Section 4).

2.3 Scenario qualitative assumptions

We elaborated how the future could unfold under each selected SSP-RCP combination in a
set of coherent and internally consistent qualitative assumptions about scenario drivers over the 21°
century. The scenario drivers represent the determinants of potential futures, both in socioeconomic
(i.e., population, education, economy) and sectoral domains (i.e., energy, climate, land, food and diet
change). The qualitative assumptions can guide the implementation of scenarios during model
calibration and parameterisation (Section 2.5) by providing a detailed account of the expected model
behaviour under each scenario. The qualitative assumptions of scenario drivers also provide a
context to better understand and interpret model projections in the later steps (Section 2.6).

To specify scenario assumptions, we first enumerated drivers (related to socioeconomic
conditions, energy, climate, land, and food and diet change) from the original storylines of the shared
socioeconomic pathways (O’Neill et al., 2017) that could potentially be characterised in the FeliX
model. However, different model structures do not allow for a precise harmonisation of scenario
drivers between various models (as was the case for the five marker models of the shared
socioeconomic pathways (Riahi et al., 2017)). Therefore, we adopted only those scenario drivers that
could be modelled with FeliX. For example, we did not include ‘technology transfer’ as a driver
given that technology collaborations between countries were not taken into account in our model.
We also used ‘improvement in investment in technology advancement’ and the ‘enhancement of
energy technology efficiency’ as two proxies consistent with our model’s scope and structure to
represent the ‘energy technology change’ driver from the original shared socioeconomic pathways.
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For the selected scenario drivers, we described qualitatively how they can change under each
scenario by 2100. The qualitative assumptions were informed by the SSP storylines (O’Neill et al.,
2017) (which provided a descriptive account of different scenarios) and their sectoral extensions
(which interpreted the storylines and provided a detailed account of energy (Bauer et al., 2017),
emissions (Meinshausen et al., 2020), and land sectors (Popp et al., 2017)). For each scenario driver,
we described a range of assumptions under five SSP-RCP combinations (Supplementary Table 1).

Similar to the original SSPs, our scenario assumptions across all drivers represented different
degrees of challenges to mitigation (of the emissions from energy and land-use) and adaptation to
climate change and their impact on the society (O’Neill et al., 2014; van Vuuren et al., 2014). Four
of the scenarios (i.e., SSP1-2.6, SSP3-7.0, SSP4-6.0, SSP5-8.5) indicated a combination of high and
low challenges to climate adaptation and mitigation while the fifth scenario (SSP2-4.5) was
representative of moderate mitigation and adaptation challenges.

2.4 Key scenario parameters

Integrated assessment models often have many demographic, macro-economic, and
environmental parameters that could be used to specify scenario drivers. However, among these
parameters, some may have only trivial impacts on scenario quantification, and therefore should be
excluded from parameter settings. This helps avoid over-parametrisation of the model and poor
identifiability of model behaviour in relation to input parameters, especially when available data is
limited for parameter estimation (Ho et al., 2019). We used global sensitivity analysis to identify
influential model parameters for scenario drivers (Gao et al., 2016; Saltelli et al., 2008) and ranked
them based on their impact (with non-linear interactions) on model outputs. Among the global
sensitivity analysis methods, we used Morris elementary effects (Campolongo et al., 2007; Morris,
1991) as a standard technique for screening and ranking influential parameters (Figure 2). Morris
elementary effects is a suitable method for integrated assessment models with a large number of
input parameters and a complex structure of nonlinear feedbacks where computational costs are very
high. The method has proved to generate reliable sensitivity indices with a better computational
efficiency compared to other techniques (Campolongo et al., 2007; Gao & Bryan, 2016; Herman et
al., 2013). Global sensitivity analysis with Morris elementary effects investigates how variation in
model output can be attributed to variation in model inputs. While this can help in ranking model
parameters, it does not specify how many of the ranked parameters should be selected for calibration
with scenario drivers. We used Latin Hypercube Sampling to test the impact of inclusion or
exclusion of different ranked parameters, and to identify and select influential parameters with
highest impacts from the ranking results of global sensitivity analysis. See Supplementary Methods
for further details about the implementation of this method.
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Figure 2. Scenario parameter ranking from global sensitivity analysis results. Sensitivity is the
normalised values of Morris index x* between 0 and 1. For each output variable (y axis), the most
influential input parameters (x axis) are annotated with their rank. Information on the unit and
definition of each parameter is available in Supplementary Table 2.

Figure 2 shows the ranking and selection of important model parameters to be used for
calibration with scenario drivers in the projection of different sectors (e.g., population, GDP, energy
demand, forest land cover) by 2030, 2050, and 2100. Sensitivity analysis showed a substantial
variation in the influence of various drivers. The identified model parameters were diverse enough to
capture influential global change in relation to demographic (e.g., fertility rate, life expectancy),
education (e.g., enrolment and graduation rates), economic (e.g., capital elasticity of the economy),



325
326
327
328
329
330
331
332
333
334
335

336

337
338
339
340
341
342
343
344
345
346
347

348

349
350
351
352
353
354
355
356
357

358
359
360
361
362
363
364
365
366
367
368
369
370
371

manuscript submitted to Earth’s Future

and lifestyle (i.e., energy demand and diet change). Our finding of key scenario drivers here
resonates with the use of socioeconomic (demography, education, economy) factors as underpinning
assumptions for scenario projections with other models (Riahi et al., 2017). It is also consistent with
considering diet change as a key driver in the transformation of the global food system (Willett et al.,
2019) as well as with similar socioeconomic and lifestyle factors that underpinned other food and
energy/climate projections using the same FeliX model (Eker et al., 2019; Walsh et al., 2017). We
also observed that the influential parameters for each sector do not change significantly over time
(Figure 2). Therefore, we used the 2100 ranking results as our reference set for the key scenario
parameters to be calibrated in Section 2.5. This choice was also consistent with the SSP assumptions
where scenario drivers emerge in the long-term over the 21% century and therefore their long-term
sensitivity (by 2100) should be taken into account.

2.5 Scenario parameter settings

The key scenario parameters (Section 2.4) were calibrated consistent with scenario driver
assumptions (Section 2.3) and in line with the SSP-RCP projections of marker integrated assessment
models (IIASA, 2018). As with the implementation of the SSPs in marker integrated assessment
models, we calibrated key parameters related to the demographic and macro-economic drivers of the
scenarios, harmonised with the reference demographic and economic model projections of
population, (primary, secondary, and tertiary) educational attainment, and GDP, with aggregated
(i.e., average of low- and high-income countries) data at the global level (i.e., world average)
(Dellink et al.,, 2017; Samir & Lutz, 2017) (Figure 3). Scenario parameters related to non-
socioeconomic drivers (e.g., energy demand, food consumption) were then calibrated consistent with
the qualitative assumptions of scenarios (Supplementary Table 1) and the SSP-RCP projections of
related sectors by marker integrated assessment models (Figure 3).

2.6 Future scenario projection

Using the parameter setting of each scenario (Section 2.5), we simulated the global
trajectories of socioeconomic, energy, climate, and land and food sectors from 2020 to 2100 with the
FeliX model. To simulate, we used the design of experiments exploratory modelling technique
(Herman et al., 2020) to sample deeply uncertain scenario drivers that strongly influence the future.
Design of experiments simulates and evaluates scenarios against a diverse suite of socioeconomic
and environmental outputs over time under a large ensemble of samples from the uncertainty space
to understand the full scale of variation in scenario performance. Each sample from the uncertainty
space is an internally consistent set of assumptions about the value of scenario drivers representing a
possible state of the world (SOW).

We considered three aspects in designing the computational experiments. The first two
aspects were sampling method and sample size, that together specified how to randomly collect
assumptions from the uncertainty space of scenario drivers (e.g., population growth, GDP,
technology advancement) to create an ensemble of SOWs around each modelled scenario. We used
Latin Hypercube Sampling (McKay et al., 2000) to generate SOWSs with the highest possible
coverage of the uncertainty space and level of randomness, generating 50,000 SOWSs across five
scenarios (10,000 SOWs per each). We chose Latin Hypercube Sampling as it creates evenly spaced
and distributed grid boxes in the uncertainty space and (quasi) randomly select a sample from each
grid box. This results in a sampling strategy that is more evenly distributed across the space
compared to, e.g., uniform random sampling (Saltelli et al., 2000). Complex, highly dynamic models
such as FeliX can create non-linear and unpredictable model behaviour, and sampling uniformly may
not be able to explore a sufficient range of model behaviour. Latin Hypercube Sampling has been
also suggested as suitable technique for the design of experiments in previous exploratory modelling
studies (Bryant & Lempert, 2010; Kasprzyk et al., 2013). Sample size (i.e., the number of
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experiments to run) was selected based on the ability to generate a diversity of model behaviour
(within the range of previous SSP projections produced with the marker integrated assessment
model) without excessive computational costs will.
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Figure 3. Reference projections of key output variables in socioeconomic, energy, land, and
food sectors used in calibration of scenario parameters. The demographic and economic
projections in all SSPs are based on the modelling of Samir and Lutz (2017) and Dellink et al.
(2017), respectively. In other energy, land, and food sectors, the SSP1-2.6 projection is based on
Bouwman et al. (2006); van Vuuren et al. (2017), the SSP2-4.5 projection is based on Fricko et al.
(2017); Riahi et al. (2007), the SSP3-7.0 projection is based on Fujimori et al. (2017), the SSP4-6.0
projection is based on Calvin et al. (2017), and the SSP5-8.5 projection is based on Kriegler et al.
(2017). Note that the projections of primary education graduates in SSP1 and SSP5 are very close,
and therefore their line plots are overlapping.

The third aspect in the design of experiments was the delineation of the uncertainty range to
sample from. Previous studies suggested alternative ways to delineate a multi-dimensional
uncertainty space based on learning and feedback from the influence of uncertainties on model
behaviour (Islam & Pruyt, 2016; Moallemi et al., 2018). We specified the uncertainty range of
scenario driver based on a certain deviation from their reference values. This deviation was set
according to the parameter itself and to the extent that avoid extreme model responses in output
variables (e.g., a FeliX projection higher than any existing projections by other models). For
example, a highly sensitive parameter such as fertility rate had a narrow uncertainty range to make
population projections fall within the projections of other IAMs. Supplementary Table 2 includes the
quantified uncertainty range of key scenario parameters under five selected scenarios (SSP1-2.6 to
SSP5-8.5).

In projecting scenarios with the design of experiments, we assumed that there is an
uncertainty in the timing of scenario drivers as well to account for the delay in future changes (e.g.,
the diet change driver can impact a scenario from 2030). This delayed, gradual emergence of



399
400

401

402
403
404
405
406
407
408
409
410
411
412
413

414

415

416
417
418
419
420
421
422
423

424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443

manuscript submitted to Earth’s Future

changes in scenario drivers was consistent with the implementations of the shared socioeconomic
pathways in marker models (van Vuuren et al., 2017).

2.7 Cross-validation

We compared our scenario projections (Section 2.6) across socioeconomic, energy, climate,
and land and food sectors with the same SSP-RCP projections by other research organisations
(Dellink et al., 2017; Jiang & O'Neill, 2017; Leimbach et al., 2017; Samir & Lutz, 2017), and other
marker integrated assessment models, including IMAGE (Bouwman et al., 2006; van Vuuren et al.,
2017), MESSAGE-GLOBIOM (Fricko et al., 2017; Riahi et al., 2007), AIM (Fujimori et al., 2017),
GCAM (Calvin et al., 2017), and REMIND-MAGPIE (Kriegler et al., 2017), to ensure their
consistency. This comparison did not aim to reproduce the same patterns to the other models due to
differences in model structure and limited quantitative harmonisation of input data across models.
Instead, we assessed whether our projections fell within a similar numerical range and whether they
can provide a consistent story across different sectors and under different scenarios, aligning with
our qualitative scenario assumptions (Section 2.3). Where our projections differed from past
projections, we offered explanations for the difference.

3 Results and discussion

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

Figure 4 presents future scenario projections to 2100 in four key sectors (i.e., socioeconomic,
energy, land and food, and climate) with 23 control variables, compared against the projections of
other integrated assessment models (see methods in Sections 2.6 and 2.7). The selection of these 23
control variables is based on the same scenario outputs reported in the SSP database (IIASA, 2018)
for comparability. The quantification of scenarios across sectors with the FeliX model should
provide consistent storylines in harmony with the five narratives of the shared socioeconomic
pathways (O’Neill et al., 2017) and also in line with scenario input assumptions (Section 2.3,
Supplementary Table 1) as we describe below for each scenario.

The SSP1-2.6 projections represent high socioeconomic prosperity where access to all levels
of education (as a proportion of population size), especially higher education, increases (Figure 4d)
with improvement in gender inequality. Global population peaks around mid-century and declines
significantly by 2100 (Figure 4a) due to the assumption of a declining fertility rate. Economic
growth also booms due to fast technological progress (Figure 4e). While rapid economic growth
would normally increase overall energy use, the assumption of widespread energy-efficient
technologies and a transition to low energy intensity services in this scenario (Supplementary Table
1) attenuates the increase in energy demand (Figure 4h). Most of the energy demand is also met
through adoption of renewable (especially solar) energy (Figures 4l to 4n) in response to the steep
cost reduction of technologies. This transition results from assumptions of high investment and
technological progress, high environmental consciousness, and increasing production costs (e.g.,
carbon price costs) of using fossil energy (Supplementary Table 1). Similar sustainability transitions
are also observed in the food and land sector. Environmental consciousness from educational
attainment, especially at tertiary levels, along with low population growth, promotes healthy diets
with low animal-calorie shares (Figure 4q). This also coincides with land productivity growth and
high crop and livestock yield (because of assumptions on improvement in land managerial practices)
resulting in less need for the expansion of cropland and pasture (Figures 4r, 4s, and 4u) and a sharp
decline in deforestation (Figure 4t). Transition to renewable energies, sustainable land-use change,
and lower meat consumption, together with a strong climate policy regime (e.g., carbon price, carbon
capture and storage for fossil fuels, land-based GHG emissions mitigation) create a high potential for
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mitigation with low-range emissions (Figure 4w) and low radiative forcing levels (Figure 4v) by
2100.
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Figure 4. Scenario projections with the FeliX model and their comparison with the projections
of major demographic and economic models (Dellink et al., 2017; Samir & Lutz, 2017) and
integrated assessment models (Bauer et al., 2017; Calvin et al., 2017; Fujimori et al., 2017;
Kriegler et al., 2017; Popp et al., 2017; Riahi et al., 2017; van Vuuren et al., 2017). Projections
cover the period 2020-2100 with an annual time step. See Supplementary Figure 2 for the detailed
specification of projections with other IAMs.

The SSP2-4.5 projections follow business-as-usual trajectories with a moderate growth in all
socioeconomic sectors (population, education, economy) (Figures 4a to 4e), a higher energy demand,
and a slower transition to renewable energy compared to SSP1-2.6 (Figures 4f to 4n). There is also a
moderate rate of agricultural land expansion and deforestation and a relatively high animal caloric
supply (Figures 40 to 4u) due to assumptions on the continuation of current (high meat) diet regimes
(Supplementary Table 1). Together, these trajectories result in a higher level of emissions and
radiative forcing compared to SSP1-2.6, but still lower than other scenarios due to moderate climate
change mitigation policies (Figures 4v and 4w).
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The SSP3-7.0 scenario results in the worst socioeconomic projections among all scenarios
(Figures 4a to 4e). A very slow economic growth leads to an underdeveloped education system,
especially at the tertiary level, which limits the training of a skilled labour force and creates further
challenges for economic development. Slow economic progress along with limited educational
opportunities induces rapid population growth and declining wellbeing and life expectancy across
the population. A relatively weak economy normally has a reduced demand for energy. However,
assumptions around low environmental standards and poorly performing public infrastructure in this
scenario (Supplementary Table 1) increases energy demand compared to the business-as-usual
trajectories (Figure 4h). Transition to renewable (i.e., wind and solar) energy is slower than the
business-as-usual (Figures 4l to 4n) due to assumptions around low energy technology improvement
(i.e., efficiency), limited investment in expanding installed renewable energy capacity, and lower
production cost of fossil energy (i.e., no limit on emissions and carbon price for fossil fuels). In the
land and food sector, low crop and livestock yield (due to poor land management practices) and
increasing demand for animal calories from the increasing population necessitate the rapid expansion
of cropland and pasture to address food insecurity (Figures 40 to 4u). A combination of booming
population with declining trends of other socioeconomic systems, high fossil energy dependency,
high meat consumption with rapid agricultural land expansion, and a lack of strong global climate
change mitigation policies for the energy and land sectors result in high emissions and high radiative
forcing levels (Figures 4v and 4w), posing significant challenges to mitigation in this scenario.

The SSP4-6.0 projections show moderate trajectories in socioeconomic systems (i.e.,
population, education, economy) with trends better than business-as-usual and SSP3-7.0, but not at
the same level of prosperity as in SSP1-2.6 and SSP5-8.5 (Figures 4a to 4e). Transition in the energy
sector (from fossil to renewable sources) (Figures 4f to 4n) and food production and the expansion of
agricultural lands (Figures 4o to 4u) also have relatively similar low and high trends (respectively)
compared to business-as-usual. These socioeconomic, energy, and food and land trajectories together
result in a moderate (compared to business-as-usual) emissions and radiative forcing (Figures 4v and
4w), leading to relatively low challenges to mitigation.

The SSP5-8.5 projections show a similar level of socioeconomic prosperity to SSP1-2.6, with
equally low population and high educational attainment, and even higher economic growth (Figures
4a to 4e). However, socioeconomic development in this scenario is not sustainable and results in
high, resource-intensive consumption, with severe impacts for energy and climate. Rapid economic
growth promotes a lifestyle with the highest energy demand among all scenarios (Figure 4h).
However, contrary to SSP1-2.6, this high energy demand is not offset by a transition to low energy
intensity, efficient renewable energy technologies, nor an environmental consciousness around
consumption impacts (Supplementary Table 1). Despite rapid economic development and
technological advances, the reliance on fossil fuels as a cheap source of energy remains much higher
than other scenarios to meet the increasing energy demand (Figures 4i to 4k). In the food and land
sector (Figures 40 to 4u), a small yet high animal-calorie-consuming population results in crop and
livestock production lower than the business-as-usual but still higher than the SSP1-2.6 scenario. The
effects of all sectors together, mostly driven by a fossil-fuel-dependent energy system in the absence
of universal climate polices, result in the highest emissions and radiative forcing among all
scenarios, creating significant challenges to mitigation (Figures 4v and 4w).

The adoption of different marker and non-maker IAMs was useful in providing insights into
the uncertainties related to model structure and/or the interpretation/quantification of the qualitative
narratives in the model. While the scenario projection of marker IAMs in Figure 4 can be interpreted
as being representative of a specific SSP-RCP development, they are not considered as a central or
median interpretation. This means that for each SSP-RCP combination, numerous alternative
outcomes are possible—and they are equally valid—as long as they are internally consistent and
harmonious with their narrative descriptions. The projection of scenarios with the (non-marker)
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FeliX model presented some of these alternative yet equally valid outcomes. Despite the
parametrisation uncertainty and variation driven by differing model structure and implementation of
qualitative narratives, the FeliX scenario projections are generally aligned with those of other marker
IAMs across all sectors for most control variables (Figure 4). However, as would be expected, there
are a few exceptions.

First, the FeliX projection of coal production in SSP5-8.5 is lower than projections from
other marker IAMs from 2070 onwards (Figure 4i). This can be explained by the energy market
share structure in FeliX where reduction in energy production from one source is compensated by
energy from other more price-competitive sources. This model structure (along with the initial
parametrisation) makes coal less cost competitive compared to other fossil (i.e., gas, oil) as well as
renewable (i.e., solar, wind) sources due to assumptions about the declining cost of production from
other energy sources over time. This propagates a more rapid decline in coal production consistently
across all scenarios (including in SSP5-8.5) in the FeliX model. The conservative assumptions on
renewable costs in the global climate (IPCC) scenarios (and hence less competition that can reduce
fossil energy production) have also been discussed in the literature. Similar variations, resulting from
differing model structural design and assumptions, were also observed among other integrated
assessment models where some attributed greater priority to some energy technologies over others.
For example, REMIND-MAGPIE and MESSAGE-GOLOBIOM have the highest solar and
MESSAGE-GOLOBIOM has the lowest share of oil across all scenarios compared to other models.
Despite this lower coal production compared to other models, coal production in SSP5-8.5 projected
by FeliX remains much higher than renewable energy production in the same scenario and is also
higher than coal production in other FeliX SSP-RCP projections. This keeps SSP5-8.5 consistent
with the ‘fossil-fuelled development’ storyline in the original SSP narratives (O’Neill et al., 2017).

Second, variation in projections between FeliX and other models in food and land variables
(most notably in SSP1-2.6 and SSP3-7.0) can be explained by FeliX’s additional diet change module
(Eker et al., 2019). In FeliX, demand for agricultural land is driven by the size of food production,
which itself is designed to meet food demand. This means that an increase or decrease in food
consumption can directly impact food production and agricultural land expansion. The food demand
and consumption of vegetables and meat in FeliX is modelled mainly through the diet change
module which formalises sustainable diet shift (i.e., reduction in meat consumption) in food systems
based on behavioural factors (e.g., social norms and value driven actions) and educational
attainments of the population. This links to the food demand from various food categories (animal-
based and plant-based foods), and subsequently to food (livestock) production, to demand for arable
land (pasture and cropland), and to land-use change (i.e., deforestation). Diet (as a lifestyle driver)
was mentioned in the original storylines of shared socioeconomic pathways (O’Neill et al., 2017),
but it was not explicitly modelled in most of the major integrated assessment models. However,
modelling of diet change, as shifting social norms and changing patterns of human behaviour in food
consumption, has become increasingly important (Willett et al., 2019), with impacts on multiple
SDGs (food, health, responsible consumption, biodiversity conservation) (Herrero et al., 2021).
Given assumptions on low caloric food consumption per person per year and low animal calories diet
share in SSP1-2.6 (and the opposite in SSP3-7.0), the FeliX projections resulted in low livestock
production (Figure 4q), low pastures and croplands (Figures 4s and 4u), and more forest land (Figure
4t) in SSP1-2.6 (and vice versa in SSP3-7.0).

Third, the combination of a sharper decline in coal production as well as varied food
consumption patterns (due to the diet change module) in FeliX (as explained above) has resulted in
slightly lower projections of CO, emissions, most notably in SSP5-8.5, compared to the other
models. Similar variations across all sectors were also observed between the projections of marker
and non-marker integrated assessment models, driven by the diversity of model structures and their
initial parameterisation (Popp et al., 2017). Therefore, with different plausible assumptions in the
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energy and food sector, FeliX projections respond to the calls for exploring a wider uncertainty
space.

3.2 Exploring SDG indicator trajectories

The performance against SDG indicators varies substantially across different scenarios and
indicators over time (Figure 5). Among the analysed scenarios, the accumulation of changes in
SSP1-2.6 between 2050 and 2100 can create promising long-term trajectories. However, this is not
the case in other scenarios, driven by complex counteracting interactions between future
socioeconomic and environmental drivers. The trends in some of the major indicators are described
here for illustration while the detailed projections of all indicators are available in Figure 5 and the
online dataset.

Gross World Product (GWP) per capita (Figure 5e-i), adolescent fertility rate (Figure 5b-ii),
and mean years of schooling (Figure 5c-i) are the three socioeconomic indicators with the fastest
improvement over the century in SSP5-8.5 and SSP1-2.6 (across SOWs) by 2030 and beyond. This
is due to investment in high-quality and well-functioning education (Figure 4d) and declining
population growth (Figure 4a) under these two scenarios. Despite similar performance in
socioeconomic indicators, the human prosperity and economic growth create two different pathways
for environmental impacts and for achieving sustainable development under SSP1-2.6 and SSP5-8.5.

In SSP1-2.6, the high level of socioeconomic prosperity can lead to improving trajectories
towards in major energy and climate indicators by 2030. In a longer timeframe and by 2100, the
increasing scale of positive socioeconomic change in this scenario can achieve more than 85%
(global average) share of renewable energy supply (Figure 5d-i), close to 430 ppm CO;
concentration (Figure 5g-i), and < 2 degree °C global temperature change (Figure 5g-ii). As we
discussed in Section 3.1, the SSP1-2.6 scenario can also result in a significant drop in total
agricultural activities (Figures 4r), positively impacting several SDG indicators related to food and
land-use change. Among these positive impacts is SSP1-2.6’s declining trend in (land-based) animal
calorie supply (Figure 5a-ii) due to a decreasing population after 2050 (Figure 4a) and lower meat
consumption. Reducing demand for food through responsible consumption and collective global
action on food choices under this scenario could help to alleviate the pressure from the COVID-19
pandemic on the food system, helping those worst-affected by the distributional impacts on food
supply chains. The SSP1-2.6 scenario also outperforms other scenarios in some of the major
responsible production and biodiversity conservation indicators, such as yield improvement (Figure
5a-i), reduced pressure from agricultural land expansion and fertiliser use (Figures 5f-i, 5f-ii), and
less deforestation and biodiversity loss (Figures 5h-i, 5h-ii).

By contrast, socioeconomic prosperity in SSP5-8.5 results in the fastest growth in the share
of fossil fuels in energy supply (Figure 5d-i) driven by increasing demand from high energy intensity
of industry and services (Figure 4h). Reliance on fossil fuels in this scenario translates into severe
climate impacts from (energy-related) high CO, concentration (Figure 5g-i) with global temperature
continuing to rise to almost 4.5 degree °C by 2100 in all simulated SOWs (Figure 5g-ii). This
imposes a severe risk for achieving the IPCC climate targets (Rogelj et al., 2019). The SSP5-8.5
scenario also results in a high land-based animal calorie supply of up to 50% (across all SOWs)
higher than the business-as-usual trajectories driven by the economic welfare combined with high
meat-based diets (Figure 5a-ii). This also leads to the higher production of crops in this scenario as
livestock feed (Figure 4q). However, high crop and livestock yields and effective land management
practices fuelled by high GWP and rapid technology advances as described in this scenario’s
assumptions (Section 2.3), can enable the achievement of high food demand and production with less
agricultural land (Figure 4r). This results in improving trajectories in indicators related to forest land
(Figure 5h-i) throughout the 21% century.
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Figure 5. SDG-scenario evaluation across 50,000 SOWs. In each subplot, the envelope plots show
each indicator’s trajectory across five scenarios with descriptive statistics (mean and standard
deviation) to represent the average projected value and the uncertainty range of each indicator’s
projection. The box plots show the comparative of performance of each scenario compared to the
business-as-usual’s trajectories (i.e., baseline SSP2-4.5). This shows what would happen (i.e., the
scale of improvement or deterioration in each indicator) if we deviate (positively or negatively) from
current trajectories (i.e., business-as-usual).

Far less improvement occurs in SSP3-7.0 and SSP4-6.0 across all indicators and SOWSs. The
global trajectories under these two scenarios are deteriorating in most of socioeconomic, energy,
climate, and biodiversity indicators. This results from the combined effects of the medium to high
population (Figure 4a), slow economic growth (Figure 4e), low investment in higher education
(Figure 4d), high energy demand from inefficient and high energy intensity infrastructure (Figure
4h), low diffusion of renewable energy (Figure 4f), and extreme pressure on lands from agricultural
activities and high animal calorie consumption (Figures 4r and 4q), as discussed in Section 3.1. For
instance, trends over the century reach around 3 - 4 degree °C warming (compared to the pre-
industrial level), significantly exceeding the 1.5-2 degree °C target from the Paris Agreement (Figure
5g-ii). Similar negative drivers across these two scenarios also results in extreme-range trajectories
in indicators related to food production (Figure 5a-ii), fertiliser use (Figure 5f-i, 5f-ii), and
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biodiversity across all SOWs by 2030 and beyond (Figure 5h-i, 5h-ii). For example, high rates of
fertiliser application in agriculture (up to 40% higher than business-as-usual; Figure 5f-i) and the
steep decline in forest land and species abundance (up to 30% and 50% decline compared to
business-as-usual respectively; Figure 5h-1, 5h-ii) under SSP3-7.0 can be attributed to high
population growth along with unhealthy diets with a high animal calorie diet that increases the
demand for feed crops. As a result of this high feed demand, the pressure on natural and agricultural
lands increases strongly (Figure 4r), resulting in further demand for fertiliser application and greater
deforestation and biodiversity loss.

4 Conclusions and future work

Future socioeconomic and environmental change, often characterised by abrupt shocks and
surprises, can challenge the achievement of the sustainable development goals and create uncertainty
around progress to sustainability by 2030 and beyond. Interacting systems with multisectoral
dynamics occurring at an unprecedented pace can also create a further complexity in understanding
the impacts of future global change on sustainable development. We argue that this combination of
uncertainty and complexity requires scenario modelling with integrated and exploratory approaches
that can connect social and biophysical dimensions of the Earth system and simulate their
interactions under many possible future.

To address this need, we used the shared socioeconomic pathways and representative
concentration pathways frameworks in the SDG context as benchmarks for scenario modelling. Our
adoption and quantification of these scenarios, using a new integrated assessment model of different
type (i.e., a system dynamics model) and different structure (i.e., feedback-rich) also enabled a
scenario uncertainty exploration of the reference projections with the marker integrated assessment
models. To adopt and implement these scenarios, we proposed a methodology and articulated its
technical details, with examples from the implementation of the five combinations of the shared
socioeconomic pathways and the representative concentration pathways. We projected future
scenarios and their various realisations under uncertainty in population, economy, energy, land, food,
and climate systems from 2020 to 2100, compared our projections with those of other integrated
assessment models, and assessed the trajectories of 16 SDG indicators across eight goals by 2030
and beyond.

Our study contributed to sustainability science by enabling a wider adoption of the shared
socioeconomic pathways and the representative concentration pathways to explore their broader
implications beyond the original foci of climate change and on new SDG-related indicators. The
methodology also expanded the limits of benchmark scenarios by exploring model structural
uncertainty and the uncertainty of quantifying the narratives of global scenarios and generating a
wider diversity of possible future realisations using deep uncertainty and exploratory modelling
methods (Marchau et al., 2019).

While our proposed methodology enabled the parameterisation of global scenarios to
evaluate SDG trajectories, it did not measure the actual progress towards explicit targets nor discover
the critical areas of the uncertainty space responsible for the system’s tipping points and instabilities
in achieving these targets. An important next step in the further development of our methodology is
to set explicit targets on the SDG indicators to be used as thresholds for quantifying the progress
towards the SDGs and measuring the chance of success or failure by 2030 or beyond. Another future
work is to incorporate scenario post-processing techniques, such as scenario discovery
(Hadjimichael et al., 2020; McPhail et al., 2020) and robustness analysis (Gold et al., 2019; Herman
et al., 2020) from exploratory modelling, to identify tipping points where efforts may fail to achieve
targets. The identification of tipping points as warning signs can inform proactive and anticipatory
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responses to external shocks and help decision-makers keep human and environmental systems on-
track for achieving sustainability targets.

Enhancing the robustness of insights obtained about the SDGs requires the expansion of
scenario space and its uncertainty exploration. However, this comes at the expense of increasing the
computational costs of simulations and often leads to limiting the assessment to a set of most
plausible scenarios. Our model-based assessment of the SDGs was no exception. Our results and
their interpretations were within the assumptions of five specific scenarios aligned with five widely-
adopted SSP-RCP combinations (O’Neill et al., 2020). However, there are other potential
combinations of scenarios that we did not investigate in the current study. For example, our most
sustainable scenario was developed based on SSP1-2.6. While SSP1-2.6 can substantially control
environmental damages from energy and climate impacts relative to our other scenarios, the SSP1-
2.6 scenario is not ideal for IPCC mitigation pathways compatible with 1.5 degree °C (Rogelj et al.,
2018b). Future research should construct SSP1 in the FeliX model in line with the pathways of more
aggressive actions (i.e., more ambitious Nationally Determined Contributions under the Paris
Agreement) and more extreme mitigation pathways (e.g., aligned with 1.9 W m™ radiative forcing
level or with pathways proposed by the IPCC 1.5 (IPCC, 2018)). This could potentially improve the
performance of the SSP1 scenario across energy and climate indicators (e.g., faster reduction of
fossil energy supply and emissions) compared to our results. The further improvement (e.g., <1.5
degree °C global temperature change) in the climate impacts of SSP1 could be possible via a greater
reliance on atmospheric CO, removal technologies and practices (Smith et al., 2016). However, this
level of CO, removal has not been demonstrated at this scale in practice and may cause other
sustainability issues such as competition with food and agricultural sectors for land and water
(Rogelj et al., 2018b). Hence, policy cost and feasibility assessment become an important research
direction in future studies with scenarios of more aggressive emissions reduction and with potential
spillover effects on other sectors.

The discussion of scale and interactions between global, national, and local efforts in
modelling the SDGs under uncertainty can also play a crucial role in future scenario modelling for
the SDGs (Verburg et al., 2016). In this article, we characterised the future development of
socioeconomic, food and land, energy, and climate systems at a global scale. Other studies have also
mostly analysed these scenarios either at global, regional, or national scales (Szetey et al., 2021).
However, large scale and global scenarios, in reality, translate into local changes in human
interactions with the environment. Grassroots solutions led by local communities, cities, and
businesses can also make synergies with the aspirations of the higher scales and significantly impact
the unfolding of higher-level sustainability scenarios (Bennett et al., 2021; Moallemi et al., 2020b).
This brings new challenges for modelling the cross-scale dynamics of scenarios that can account for
both higher spatial and temporal resolutions where policy-making (e.g., carbon pricing) and
biophysical processes (e.g., greenhouse gas emissions) operate, as well as for locally-specific and
place-based dynamics, such as gender inequality (Emmerling & Tavoni, 2021) and the representation
of heterogeneous actors (llkka et al., 2021). Future works on integrated assessment and scenario
modelling, therefore, require capturing the societal dynamics of lower scales beyond the currently
dominant uniform assumptions and aggregation of data and to better connect them with global
biophysical and policy-making processes (Liu et al., 2013). This can lead to more reliable insights
that can account for the diversity of local priorities and the heterogeneities in the availability of skills
and resources across regions, enabling a more just and inclusive sustainable development by
tailoring the plans to the unique socio-ecological characteristics of each context.
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Code and Data Availability

The datasets/code generated during this study are available for peer review purposes from:
https://github.com/enayatmoallemi/Scenario_Modelling. The datasets/code will be deposited
permanently on Zenodo (with the link, DOI, and data citation) if the article is eventually accepted.
Further information and requests for resources and reagents should be directed to and will be
fulfilled by Enayat A. Moallemi (email: e.moallemi@deakin.edu.au; Twitter: @EnayatMoallemi)
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e Supplementary Methods

e Supplementary Figure 1. The convergence of parameter ranking and sensitivity index in the
projection of model’s control variables in year 2100, for the increasing number of sample
size.

e Supplementary Figure 2. Scenario projections with the FeliX model and their comparison
with the projections of major demographic and economic models.

e Supplementary Table 1. Qualitative assumptions of scenarios
e Supplementary Table 2. Key scenario parameters and their quantification in the FeliX model.

References

Allen, C., Metternicht, G., Wiedmann, T., & Pedercini, M. (2019). Greater gains for Australia by tackling all SDGs but
the last steps will be the most challenging. Nature sustainability, 2(11), 1041-1050. doi: 10.1038/s41893-019-
0409-9

Babatunde, K. A., Begum, R. A, & Said, F. F. (2017). Application of computable general equilibrium (CGE) to climate
change mitigation policy: A systematic review. Renewable and Sustainable Energy Reviews, 78, 61-71. doi:
https://doi.org/10.1016/j.rser.2017.04.064

Bankes, S. C. (2002). Tools and techniques for developing policies for complex and uncertain systems. Proceedings of
the National Academy of Sciences, 99(suppl 3), 7263-7266. doi: 10.1073/pnas.092081399

Bauer, N., Calvin, K., Emmerling, J., Fricko, O., Fujimori, S., Hilaire, J., . . . van Vuuren, D. P. (2017). Shared Socio-
Economic Pathways of the Energy Sector — Quantifying the Narratives. Global Environmental Change, 42, 316-
330.

Bennett, E. M., Biggs, R., Peterson, G. D., & Gordon, L. J. (2021). Patchwork Earth: navigating pathways to just,
thriving, and sustainable futures. One Earth, 4(2), 172-176. doi: https://doi.org/10.1016/j.oneear.2021.01.004

Bijl, D. L., Bogaart, P. W., Dekker, S. C., Stehfest, E., de Vries, B. J. M., & van Vuuren, D. P. (2017). A physically-
based model of long-term food demand. Global Environmental Change, 45, 47-62. doi:
https://doi.org/10.1016/j.gloenvcha.2017.04.003

Bouwman, A. F., Kram, T., & Klein Goldewijk, K. (2006). Integrated Modelling of Global Environmental Change - An
Overview of IMAGE 2.4. The Netherlands Environmental Assessment Agency (MNP), Bilthoven.

Bryant, B. P., & Lempert, R. J. (2010). Thinking inside the box: A participatory, computer-assisted approach to scenario
discovery. Technological Forecasting and Social Change, 77(1), 34-49.

Calvin, K., Bond-Lamberty, B., Clarke, L., Edmonds, J., Eom, J., Hartin, C., . . . Wise, M. (2017). The SSP4: A world of
deepening inequality. Global Environmental Change, 42, 284-296.

Campolongo, F., Cariboni, J., & Saltelli, A. (2007). An effective screening design for sensitivity analysis of large
models. Environmental Modelling & Software, 22(10), 1509-1518. doi:
https://doi.org/10.1016/j.envsoft.2006.10.004



https://doi.org/10.1016/j.rser.2017.04.064
https://doi.org/10.1016/j.oneear.2021.01.004
https://doi.org/10.1016/j.gloenvcha.2017.04.003
https://doi.org/10.1016/j.envsoft.2006.10.004

778

780
781

782
783

784
785
786

787
788
789

790
792

793
794
795

796
797
798

799
800
801

manuscript submitted to Earth’s Future

DecCarolis, J., Daly, H., Dodds, P., Keppo, I., Li, F., McDowall, W., . . . Zeyringer, M. (2017). Formalizing best practice
for  energy  system  optimization = modelling.  Applied  Energy, 194, 184-198.  doi:
http://dx.doi.org/10.1016/j.apenergy.2017.03.001

Dellink, R., Chateau, J., Lanzi, E., & Magné, B. (2017). Long-term economic growth projections in the Shared
Socioeconomic Pathways. Global Environmental Change, 42, 200-214.

Doelman, J. C., Stehfest, E., Tabeau, A., van Meijl, H., Lassaletta, L., Gernaat, D. E. H. J., . . . van Vuuren, D. P. (2018).
Exploring SSP land-use dynamics using the IMAGE model: Regional and gridded scenarios of land-use change
and land-based climate change mitigation. Global Environmental Change, 48, 119-135. doi:
https://doi.org/10.1016/j.gloenvcha.2017.11.014

Duan, H., Zhang, G., Wang, S., & Fan, Y. (2019). Robust climate change research: a review on multi-model analysis.
Environmental Research Letters, 14(3), 033001. doi: 10.1088/1748-9326/aaf8f9

Eker, S., Reese, G., & Obersteiner, M. (2019). Modelling the drivers of a widespread shift to sustainable diets. Nature
sustainability. doi: 10.1038/s41893-019-0331-1

Emmerling, J., & Tavoni, M. (2021). Representing inequalities in integrated assessment modeling of climate change.
One Earth, 4(2), 177-180. doi: 10.1016/j.oneear.2021.01.013

Fricko, O., Havlik, P., Rogelj, J., Klimont, Z., Gusti, M., Johnson, N., . . . Riahi, K. (2017). The marker quantification of
the Shared Socioeconomic Pathway 2: A middle-of-the-road scenario for the 21st century. Global
Environmental Change, 42, 251-267. doi: https://doi.org/10.1016/j.gloenvcha.2016.06.004

Fujimori, S., Hasegawa, T., Masui, T., Takahashi, K., Herran, D. S., Dai, H., . . . Kainuma, M. (2017). SSP3: AIM
implementation of Shared Socioeconomic Pathways. Global Environmental Change, 42, 268-283.

Gao, L., & Bryan, B. A. (2016). Incorporating deep uncertainty into the elementary effects method for robust global
sensitivity analysis. Ecological Modelling, 321, 1-9. doi: https://doi.org/10.1016/j.ecolmodel.2015.10.016

Gao, L., & Bryan, B. A. (2017). Finding pathways to national-scale land-sector sustainability. Nature, 544, 217. doi:
10.1038/nature21694

Gao, L., Bryan, B. A., Nolan, M., Connor, J. D., Song, X., & Zhao, G. (2016). Robust global sensitivity analysis under
deep uncertainty via scenario analysis. Environmental Modelling & Software, 76, 154-166. doi:
https://doi.org/10.1016/j.envsoft.2015.11.001

Gold, D. F., Reed, P. M., Trindade, B. C., & Characklis, G. W. (2019). Identifying Actionable Compromises: Navigating
Multi-City Robustness Conflicts to Discover Cooperative Safe Operating Spaces for Regional Water Supply
Portfolios. Water Resources Research, n/a(n/a). doi: 10.1029/2019WR025462

Graham, N. T., Davies, E. G. R., Hejazi, M. I., Calvin, K., Kim, S. H., Helinski, L., . . . Vernon, C. R. (2018). Water
Sector Assumptions for the Shared Socioeconomic Pathways in an Integrated Modeling Framework. Water
Resources Research, 54(9), 6423-6440. doi: https://doi.org/10.1029/2018WR023452

Guivarch, C., Lempert, R., & Trutnevyte, E. (2017). Scenario techniques for energy and environmental research: An
overview of recent developments to broaden the capacity to deal with complexity and uncertainty.
Environmental Modelling & Software, 97, 201-210. doi: http://dx.doi.org/10.1016/j.envsoft.2017.07.017

Hadjimichael, A., Quinn, J., Wilson, E., Reed, P., Basdekas, L., Yates, D., & Garrison, M. (2020). Defining robustness,
vulnerabilities, and consequential scenarios for diverse stakeholder interests in institutionally complex river
basins. Earth's Future, n/a(n/a), e2020EF001503. doi: 10.1029/2020EF001503

Herman, J. D., Kollat, J. B., Reed, P. M., & Wagener, T. (2013). Technical Note: Method of Morris effectively reduces
the computational demands of global sensitivity analysis for distributed watershed models. Hydrol. Earth Syst.
Sci., 17(7), 2893-2903. doi: 10.5194/hess-17-2893-2013


http://dx.doi.org/10.1016/j.apenergy.2017.03.001
https://doi.org/10.1016/j.gloenvcha.2017.11.014
https://doi.org/10.1016/j.gloenvcha.2016.06.004
https://doi.org/10.1016/j.ecolmodel.2015.10.016
https://doi.org/10.1016/j.envsoft.2015.11.001
https://doi.org/10.1029/2018WR023452
http://dx.doi.org/10.1016/j.envsoft.2017.07.017

802
803
804

805
806
807

808
810
811

812
813
814

815
816

817
818

819
820

821
822

823
824
825

826
827
828

829
830
831

832
834
835
836
837
838
839
840

841
842

843
844

manuscript submitted to Earth’s Future

Herman, J. D., Quinn, J. D., Steinschneider, S., Giuliani, M., & Fletcher, S. (2020). Climate Adaptation as a Control
Problem: Review and Perspectives on Dynamic Water Resources Planning Under Uncertainty. Water Resources
Research, 56(2), €24389. doi: 10.1029/2019WR025502

Herrero, M., Thornton, P. K., Mason-D'Croz, D., Palmer, J., Bodirsky, B. L., Pradhan, P., . . . Rockstrom, J. (2021).
Avrticulating the effect of food systems innovation on the Sustainable Development Goals. The Lancet Planetary
Health, 5(1), e50-e62. doi: https://doi.org/10.1016/S2542-5196(20)30277-1

Ho, L. T., Alvarado, A., Larriva, J., Pompeu, C., & Goethals, P. (2019). An integrated mechanistic modeling of a
facultative pond: Parameter estimation and uncertainty analysis. Water Research, 151, 170-182. doi:
https://doi.org/10.1016/j.watres.2018.12.018

IIASA. (2018). SSP (Shared Socioeconomic Pathways) Database. from https://tntcat.iiasa.ac.at/SspDb

llkka, K., Isabela, B., Nicolas, B., Matteo, C., Oreane, E., Johannes, E., . . . Fabian, W. (2021). Exploring the possibility
space: Taking stock of the diverse capabilities and gaps in integrated assessment models. Environmental
Research Letters.

IPCC. (2018). Global Warming of 1.5 °C: An IPCC special report on the impacts of global warming of 1.5 °C.
Intergovernmental Panel on Climate Change. Retrieved from http://www.ipcc.ch/report/sr15/

Islam, T., & Pruyt, E. (2016). Scenario generation using adaptive sampling: The case of resource scarcity. Environmental
Modelling & Software, 79(Supplement C), 285-299. doi: https://doi.org/10.1016/j.envsoft.2015.09.014

JGCRI. (2017). GCAM v4.3 documentation: Global change assessment model (GCAM). The Joint Global Change
Research Institute (JGCRI).

Jiang, L., & O'Neill, B. C. (2017). Global urbanization projections for the Shared Socioeconomic Pathways. Global
Environmental Change, 42, 193-199.

Kasprzyk, J. R., Nataraj, S., Reed, P. M., & Lempert, R. J. (2013). Many objective robust decision making for complex
environmental systems undergoing change. Environmental Modelling & Software, 42, 55-71. doi:
http://dx.doi.org/10.1016/j.envsoft.2012.12.007

Kohler, J., de Haan, F., Holtz, G., Kubeczko, K., Moallemi, E. A., Papachristos, G., & Chappin, E. (2018). Modelling
Sustainability Transitions: An Assessment of Approaches and Challenges. Journal of Artificial Societies and
Social Simulation, 21(1), 8. doi: http://jasss.soc.surrey.ac.uk/21/1/8.html

Kriegler, E., Bauer, N., Popp, A., Humpendder, F., Leimbach, M., Strefler, J., . . . Edenhofer, O. (2017). Fossil-fueled
development (SSP5): An energy and resource intensive scenario for the 21st century. Global Environmental
Change, 42, 297-315.

Lamontagne, J. R., Reed, P. M., Link, R., Calvin, K. V., Clarke, L. E., & Edmonds, J. A. (2018). Large Ensemble
Analytic Framework for Consequence-Driven Discovery of Climate Change Scenarios. Earth's Future, 6(3),
488-504. doi: 10.1002/2017EF000701

Lamontagne, J. R., Reed, P. M., Marangoni, G., Keller, K., & Garner, G. G. (2019). Robust abatement pathways to
tolerable climate futures require immediate global action. Nature Climate Change, 9, 290-294. doi:
10.1038/s41558-019-0426-8

Lecléere, D., Obersteiner, M., Barrett, M., Butchart, S. H. M., Chaudhary, A., De Palma, A, . . . Young, L. (2020).
Bending the curve of terrestrial biodiversity needs an integrated strategy. Nature. doi: 10.1038/s41586-020-
2705-y

Leimbach, M., Kriegler, E., Roming, N., & Schwanitz, J. (2017). Future growth patterns of world regions — A GDP
scenario approach. Global Environmental Change, 42, 215-225.

Lempert, R. J., Popper, S. W., & Bankes, S. C. (2003). Shaping the next one hundred years: new methods for
quantitative, long-term policy analysis: Rand Corporation.


https://doi.org/10.1016/S2542-5196(20)30277-1
https://doi.org/10.1016/j.watres.2018.12.018
https://tntcat.iiasa.ac.at/SspDb
http://www.ipcc.ch/report/sr15/
https://doi.org/10.1016/j.envsoft.2015.09.014
http://dx.doi.org/10.1016/j.envsoft.2012.12.007
http://jasss.soc.surrey.ac.uk/21/1/8.html

845
846

847
848

849
850
851

852
853

854
855
856
857

858
859
860

861
862

863
865

866
867
868

869
870
871

872
873
874

875
877

878
879

880
881

882
883
884

885
886
887

manuscript submitted to Earth’s Future

Liu, J., Hull, V., Batistella, M., DeFries, R., Dietz, T., Fu, F., ... Zhu, C. (2013). Framing Sustainability in a Telecoupled
World. Ecology and Society, 18(2). doi: 10.5751/ES-05873-180226

Mace, G. M., Barrett, M., Burgess, N. D., Cornell, S. E., Freeman, R., Grooten, M., & Purvis, A. (2018). Aiming higher
to bend the curve of biodiversity loss. Nature sustainability, 1(9), 448-451. doi: 10.1038/s41893-018-0130-0

Malek, K., Reed, P., Adam, J., Karimi, T., & Brady, M. (2020). Water rights shape crop yield and revenue volatility
tradeoffs for adaptation in snow dependent systems. Nature Communications, 11(1), 3473. doi: 10.1038/s41467-
020-17219-z

Marchau, V. A. W. J., Walker, W. E., Bloemen, P. J. T. M., & Popper, S. W. (2019). Decision Making under Deep
Uncertainty: From Theory to Practice. New York: Springer.

Mayer, L. A., Loa, K., Cwik, B., Tuana, N., Keller, K., Gonnerman, C., . . . Lempert, R. J. (2017). Understanding
scientists’ computational modeling decisions about climate risk management strategies using values-informed
mental models. Global Environmental Change, 42, 107-116. doi:
https://doi.org/10.1016/j.gloenvcha.2016.12.007

McKay, M. D., Beckman, R. J., & Conover, W. J. (2000). A Comparison of Three Methods for Selecting Values of Input
Variables in the Analysis of Output From a Computer Code. Technometrics, 42(1), 55-61. doi:
10.1080/00401706.2000.10485979

McPhail, C., Maier, H. R., Westra, S., Kwakkel, J. H., & van der Linden, L. (2020). Impact of scenario selection on
robustness. Water Resources Research, n/a(n/a), e2019WR026515. doi: 10.1029/2019WR026515

Meinshausen, M., Nicholls, Z. R. J., Lewis, J., Gidden, M. J., Vogel, E., Freund, M., . . . Wang, R. H. J. (2020). The
shared socio-economic pathway (SSP) greenhouse gas concentrations and their extensions to 2500. Geosci.
Model Dev., 13(8), 3571-3605. doi: 10.5194/gmd-13-3571-2020

Moallemi, E. A., Elsawah, S., & Ryan, M. J. (2018). An agent-monitored framework for the output-oriented design of
experiments in exploratory modelling. Simulation Modelling Practice and Theory, 89, 48-63. doi:
https://doi.org/10.1016/j.simpat.2018.09.008

Moallemi, E. A., & Kohler, J. (2019). Coping with uncertainties of sustainability transitions using exploratory modelling:
The case of the MATISSE model and the UK's mobility sector. Environmental Innovation and Societal
Transitions, 33, 61-83. doi: https://doi.org/10.1016/j.eist.2019.03.005

Moallemi, E. A., Kwakkel, J., de Haan, F., & Bryan, B. A. (2020a). Exploratory modeling for analyzing coupled human-
natural  systems under uncertainty. Global Environmental Change, 102186, 102186. doi:
https://doi.org/10.1016/j.gloenvcha.2020.102186

Moallemi, E. A., Malekpour, S., Hadjikakou, M., Raven, R., Szetey, K., Ningrum, D., . . . Bryan, B. A. (2020b).
Achieving the Sustainable Development Goals requires transdisciplinary innovation at the local scale. One
Earth, 3, 300-313. doi: 10.1016/j.oneear.2020.08.006

Morris, M. D. (1991). Factorial Sampling Plans for Preliminary Computational Experiments. Technometrics, 33(2), 161-
174. doi: 10.2307/1269043

Moss, R. H., Edmonds, J. A., Hibbard, K. A., Manning, M. R., Rose, S. K., Van Vuuren, D. P., ... Kram, T. (2010). The
next generation of scenarios for climate change research and assessment. Nature, 463(7282), 747.

O'Neill, B. C., Tebaldi, C., van Vuuren, D. P., Eyring, V., Friedlingstein, P., Hurtt, G., . . . Sanderson, B. M. (2016). The
Scenario Model Intercomparison Project (ScenarioMIP) for CMIP6. Geosci. Model Dev., 9(9), 3461-3482. doi:
10.5194/gmd-9-3461-2016

O’Neill, B. C., Carter, T. R., Ebi, K., Harrison, P. A., Kemp-Benedict, E., Kok, K., . . . Pichs-Madruga, R. (2020).
Achievements and needs for the climate change scenario framework. Nature Climate Change, 10(12), 1074-
1084. doi: 10.1038/s41558-020-00952-0


https://doi.org/10.1016/j.gloenvcha.2016.12.007
https://doi.org/10.1016/j.simpat.2018.09.008
https://doi.org/10.1016/j.eist.2019.03.005
https://doi.org/10.1016/j.gloenvcha.2020.102186

888
889
890
891
892
893
894
896
897
898
899
900
901
902

903
904

905
907
908
909
910
911

913

manuscript submitted to Earth’s Future

O’Neill, B. C., Kriegler, E., Ebi, K. L., Kemp-Benedict, E., Riahi, K., Rothman, D. S., . .. Solecki, W. (2017). The roads
ahead: Narratives for shared socioeconomic pathways describing world futures in the 21st century. Global
Environmental Change, 42, 169-180. doi: https://doi.org/10.1016/j.gloenvcha.2015.01.004

O’Neill, B. C., Kriegler, E., Riahi, K., Ebi, K. L., Hallegatte, S., Carter, T. R., . . . van Vuuren, D. P. (2014). A new
scenario framework for climate change research: the concept of shared socioeconomic pathways. Climatic
Change, 122(3), 387-400. doi: 10.1007/s10584-013-0905-2

Obersteiner, M., Walsh, B., Frank, S., Havlik, P., Cantele, M., Liu, J., . . . van Vuuren, D. (2016). Assessing the land
resource—food price nexus of the Sustainable Development Goals. Science Advances, 2(9), e1501499. doi:
10.1126/sciadv.1501499

Parkinson, S., Krey, V., Huppmann, D., Kahil, T., McCollum, D., Fricko, O., . . . Riahi, K. (2019). Balancing clean
water-climate change mitigation trade-offs. Environmental Research Letters, 14(1), 014009. doi: 10.1088/1748-
9326/aaf2a3

Popp, A., Calvin, K., Fujimori, S., Havlik, P., Humpendder, F., Stehfest, E., . . . Vuuren, D. P. v. (2017). Land-use

futures in the shared socio-economic pathways. Global Environmental Change, 42, 331-345. doi:
https://doi.org/10.1016/j.gloenvcha.2016.10.002

Pradhan, P., Costa, L., Rybski, D., Lucht, W., & Kropp, J. P. (2017). A Systematic Study of Sustainable Development
Goal (SDG) Interactions. Earth's Future, 5(11), 1169-1179. doi: 10.1002/2017EF000632

Quinn, J. D., Reed, P. M., Giuliani, M., & Castelletti, A. (2017). Rival framings: A framework for discovering how
problem formulation uncertainties shape risk management trade-offs in water resources systems. Water
Resources Research, 53(8), 7208-7233.

Randers, J., Rockstrom, J., Stoknes, P.-E., Goluke, U., Collste, D., Cornell, S. E., & Donges, J. (2019). Achieving the 17
Sustainable Development Goals within 9 planetary boundaries. Global Sustainability, 2, e24. doi:
10.1017/sus.2019.22

Riahi, K., Gribler, A., & Nakicenovic, N. (2007). Scenarios of long-term socio-economic and environmental
development under climate stabilization. Technological Forecasting and Social Change, 74(7), 887-935. doi:
https://doi.org/10.1016/j.techfore.2006.05.026

Riahi, K., van Vuuren, D. P., Kriegler, E., Edmonds, J., O’Neill, B. C., Fujimori, S., . . . Tavoni, M. (2017). The Shared
Socioeconomic Pathways and their energy, land use, and greenhouse gas emissions implications: An overview.
Global Environmental Change, 42, 153-168. doi: https://doi.org/10.1016/j.gloenvcha.2016.05.009

Rogelj, J., Popp, A., Calvin, K. V., Luderer, G., Emmerling, J., Gernaat, D., . . . Tavoni, M. (2018a). Scenarios towards
limiting global mean temperature increase below 1.5 C. Nature Climate Change, 8(4), 325-332.

Rogelj, J., Shindell, D., Jiang, K., Fifita, S., Forster, P., Ginzburg, V., . . . Kriegler, E. (2018b). Mitigation pathways
compatible with 1.5 C in the context of sustainable development. In: Global Warming of 1.5 °C an IPCC special
report on the impacts of global warming of 1.5 °C above pre-industrial levels and related global greenhouse
gas emission pathways, in the context of strengthening the global response to the threat of climate change.
Intergovernmental Panel on Climate Change (IPCC). Retrieved from https://www.ipcc.ch/report/sr15/

Rogelj, J., Shindell, D., Jiang, K., Fifita, S., Forster, P., Ginzburg, V., . . . Vilarifio, M. V. (2019). Mitigation pathways
compatible with 1.5 C in the context of sustainable development.: Intergovernmental Panel on Climate Change
(IPCC).

Rydzak, F., Obersteiner, M., & Kraxner, F. (2010). Impact of global Earth observation systemic view across GEOSS
societal benefit area. Int. J. Spat. Data Infrastruct. Res.(5), 216-243.

Rydzak, F., Obersteiner, M., Kraxner, F., Fritz, S., & McCallum, 1. (2013). FeliX3 — Impact Assessment Model Systemic
view across Societal Benefit Areas beyond Global Earth Observation (Model Report and Technical
Documentation). International Institute for Applied Systems Analysis (IIASA). Laxenburg. Retrieved from
http://www.felixmodel.com/



https://doi.org/10.1016/j.gloenvcha.2015.01.004
https://doi.org/10.1016/j.gloenvcha.2016.10.002
https://doi.org/10.1016/j.techfore.2006.05.026
https://doi.org/10.1016/j.gloenvcha.2016.05.009
https://www.ipcc.ch/report/sr15/
http://www.felixmodel.com/

933
934

935
936

937
938

939
940
941

942
943

944

945
946

947
948
949

950
951
952

953
954

955
956

957
958
959

960
961

manuscript submitted to Earth’s Future

Saltelli, A., Ratto, M., Andres, T., Campologno, F., Cariboni, J., Gatelli, D., . . . Tarantola, S. (2008). Global Sensitivity
Analysis. Chichester, England: John Wiley and Sons.

Saltelli, A., Tarantola, S., & Campolongo, F. (2000). Sensitivity analysis as an ingredient of modeling. Statistical
Science, 377-395.

Samir, K. C., & Lutz, W. (2017). The human core of the shared socioeconomic pathways: Population scenarios by age,
sex and level of education for all countries to 2100. Global Environmental Change, 42, 181-192.

Small, M. J., & Xian, S. (2018). A human-environmental network model for assessing coastal mitigation decisions
informed by imperfect climate studies. Global Environmental Change, 53, 137-145. doi:
https://doi.org/10.1016/j.gloenvcha.2018.09.006

Smith, P., Davis, S. J., Creutzig, F., Fuss, S., Minx, J., Gabrielle, B., . . . Yongsung, C. (2016). Biophysical and economic
limits to negative CO2 emissions. Nature Climate Change, 6(1), 42-50. doi: 10.1038/nclimate2870

Sterman, J. (2000). Business dynamics: systems thinking and modeling for a complex world. USA: Irwin-McGraw-Hill.

Sterman, J., Fiddaman, T., Franck, T., Jones, A., McCauley, S., Rice, P., ... Siegel, L. (2012). Climate interactive: the C-
ROADS climate policy model. System Dynamics Review, 28(3), 295-305. doi: 10.1002/sdr.1474

Szetey, K., Moallemi, E. A., Ashton, E., Butcher, M., Sprunt, B., & Bryan, B. A. (2021). Co-creating globally aligned,
locally-relevant sustainability pathways by localizing and linking the Sustainable Development Goals and
shared socioeconomic pathways. Sustainability Science. doi: https://doi.org/10.31235/0sf.io/c362f

Trindade, B., Reed, P., Herman, J., Zeff, H., & Characklis, G. (2017). Reducing regional drought vulnerabilities and
multi-city robustness conflicts using many-objective optimization under deep uncertainty. Advances in Water
Resources, 104, 195-2009.

Trutnevyte, E., Guivarch, C., Lempert, R., & Strachan, N. (2016). Reinvigorating the scenario technique to expand
uncertainty consideration. Climatic Change, 135(3), 373-379. doi: 10.1007/s10584-015-1585-x

TWI2050. (2018). The World in 2050: Transformations to achieve the Sustainable Development Goals. International
Institute for Applied Systems Analysis (IIASA). Laxenburg, Austria.

UN. (2015). Transforming our world: the 2030 Agenda for Sustainable Development. Resolution adopted by the General
Assembly on 25 September 2015. The United Nations (UN). Retrieved  from
https://www.un.org/ga/search/view_doc.asp?symbol=A/RES/70/1&Lang=E

van Beek, L., Hajer, M., Pelzer, P., van Vuuren, D., & Cassen, C. (2020). Anticipating futures through models: the rise of
Integrated Assessment Modelling in the climate science-policy interface since 1970. Global Environmental
Change, 65, 102191. doi: https://doi.org/10.1016/j.gloenvcha.2020.102191

van Soest, H. L., van Vuuren, D. P., Hilaire, J., Minx, J. C., Harmsen, M. J. H. M., Krey, V., . . . Luderer, G. (2019).
Analysing interactions among Sustainable Development Goals with Integrated Assessment Models. Global
Transitions, 1, 210-225. doi: https://doi.org/10.1016/j.g1t.2019.10.004

Van Vuuren, D. P., Bijl, D. L., Bogaart, P., Stehfest, E., Biemans, H., Dekker, S. C., . .. Harmsen, M. (2019). Integrated
scenarios to support analysis of the food-energy—water nexus. Nature sustainability, 2(12), 1132-1141. doi:
10.1038/s41893-019-0418-8

van Vuuren, D. P., Edmonds, J., Kainuma, M., Riahi, K., Thomson, A., Hibbard, K., . . . Rose, S. K. (2011). The
representative concentration pathways: an overview. Climatic Change, 109(1), 5. doi: 10.1007/s10584-011-
0148-z

van Vuuren, D. P., Kok, M., Lucas, P. L., Prins, A. G., Alkemade, R., van den Berg, M., . . . Stehfest, E. (2015).

Pathways to achieve a set of ambitious global sustainability objectives by 2050: Explorations using the IMAGE
integrated assessment model. Technological Forecasting and Social Change, 98, 303-323. doi:
https://doi.org/10.1016/j.techfore.2015.03.005



https://doi.org/10.1016/j.gloenvcha.2018.09.006
https://doi.org/10.31235/osf.io/c362f
https://www.un.org/ga/search/view_doc.asp?symbol=A/RES/70/1&Lang=E
https://doi.org/10.1016/j.gloenvcha.2020.102191
https://doi.org/10.1016/j.glt.2019.10.004
https://doi.org/10.1016/j.techfore.2015.03.005

976
977
978

979
980
981
982
984

985
986

987
988

989
990
991

manuscript submitted to Earth’s Future

van Vuuren, D. P., Kriegler, E., O’Neill, B. C., Ebi, K. L., Riahi, K., Carter, T. R., . . . Winkler, H. (2014). A new
scenario framework for Climate Change Research: scenario matrix architecture. Climatic Change, 122(3), 373-
386. doi: 10.1007/s10584-013-0906-1

van Vuuren, D. P., Stehfest, E., Gernaat, D. E. H. J., Doelman, J. C., van den Berg, M., Harmsen, M., . . . Tabeau, A.
(2017). Energy, land-use and greenhouse gas emissions trajectories under a green growth paradigm. Global
Environmental Change, 42, 237-250.

Verburg, P. H., Dearing, J. A., Dyke, J. G., Leeuw, S. v. d., Seitzinger, S., Steffen, W., & Syvitski, J. (2016). Methods
and approaches to modelling the Anthropocene. Global Environmental Change, 39, 328-340. doi:
https://doi.org/10.1016/j.gloenvcha.2015.08.007

Walsh, B., Ciais, P., Janssens, I. A., Pefiuelas, J., Riahi, K., Rydzak, F., . . . Obersteiner, M. (2017). Pathways for
balancing CO2 emissions and sinks. Nature Communications, 8(1), 14856. doi: 10.1038/ncomms14856

Wiedmann, T. (2009). A review of recent multi-region input—output models used for consumption-based emission and
resource accounting. Ecological Economics, 69(2), 211-222. doi: https://doi.org/10.1016/].ecolecon.2009.08.026

Willett, W., Rockstrém, J., Loken, B., Springmann, M., Lang, T., Vermeulen, S., . . . Murray, C. J. L. (2019). Food in the
Anthropocene: the EAT-Lancet Commission on healthy diets from sustainable food systems. The Lancet,
393(10170), 447-492. doi: 10.1016/S0140-6736(18)31788-4


https://doi.org/10.1016/j.gloenvcha.2015.08.007
https://doi.org/10.1016/j.ecolecon.2009.08.026

