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Abstract

FeliX is a global system dynamics model of climate, economy, environment and society that has been used to
explore the long-term implications of human-earth system feedbacks in the context of climate change mitigation
and sustainable development. This technical report documents the 12 core modules of the FeliX model, as well
as a brief description of its regional version (FeliX-R5). In addition to the model description, the report includes
a detailed explanation of the three baseline scenarios that are calibrated based on SSP1-3 yet include also the
climate damages. This document is complementary to the peer-reviewed publications and can be referred to as
a technical guide. An online version of the FeliX documentation can be seen on

https://iiasa.qithub.io/felix docs/.
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1. Introduction and Model Overview

Global modelling has long been an indispensable tool for understanding the interdependencies between social,
economic, and environmental systems and exploring plausible future dynamics created by those (Meadows et
al., 1983). FeliX is one of such models developed at IIASA first in 2006-2009 to support global earth
observations within the GEO-BENE project funded by the European Commission. It is a globally aggregate,
feedback-rich simulation model of climate, economy, environment, and society. FeliX has been used in various
projects since then, for instance, to assess the socio-economic and environmental impacts of earth observation
improvement (Obersteiner et al., 2012; Rydzak et al., 2010), to explore emission pathways when microalgae is
used as a feedstock in livestock production (Walsh et al., 2015), and to analyze carbon cycle impacts of global
emission pathways (Walsh et al., 2017; Walsh et al., 2015), and population dynamics of shifts to sustainable
diets (Eker et al., 2019). The feedback-rich broad scope of FeliX has also enabled analyzing synergies and
tradeoffs between sustainable development goals (SDGs) in long-term pathways beyond 2030 (Moallemi et al.,
2022), and specifically the tradeoffs between environmental pressures and eradicating global poverty (Liu et al.,
2023).

The FeliX model captures the core physical and anthropogenic mechanisms of global environmental and
economic change within and between population, economy, energy, carbon cycle, climate, biodiversity, water,
and land use. Figure 1 shows an overview of the main sectors in the model and their interconnections. Those
cross-sectorial interconnections include the major human-earth system feedbacks, such as climate impacts on
economic growth, crop yields, and human mortality or the impacts of economic growth on population dynamics,
which are not endogenously covered in many global models.
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Figure 1: Overview of the FeliX model. Modified based on the figure in Moallemi et al. (2022).



2. Population

The FeliX model has an endogenous population module that was conceptualized around two main dynamic

mechanisms: population development and population ageing. Population development is governed by two key

feedback loops visualized in Figure 2. The positive feedback loop describes the population growth mechanism: A
growing Population leads to a higher economic output

* Pnpulaﬁmy—ﬁ\\mm » expressed in Gross World Product (GWP) per capita. This
/ w  economic growth increases the /ife expectancy at birth,
Life v/ ) reduces mortality, and hence further increases the population.
ebirth Tt 'C i The two negative feedback loops describe the balancing effect

. \ -

GWP per capita

of economic growth on population: Fertility rates decline as

“Sheame GWP per capita and educational attainment (expressed in the

' Mean Years of Schooling metric) increase. The population
Figure 2: Main feedback loops in the population module connects several cross-system feedback loops, for
module instance through the effect of food supply per capita or climate

change on life expectancy, or through the effects of

educational attainment on dietary behavior and poverty rate. The sections below describe how the population
module is formalized in the FeliX model.

2.1. Ageing structure

This module describes population growth and population ageing based on an ageing chain and computes the
male and female population size of 5-year age intervals between the ages of 0 and 100+. The chain structure in
the model represents the transition of newborns through the age cohorts as they age, meaning that each age
cohort except the “0-5" cohort has one inflow (maturation of the previous cohort) and two outflows
(maturation to the next cohort and mortality). Figure 3 depicts this ageing chain, and the implementation of it
on Vensim uses a compact form with subscripts. Population of each gender and age interval (Population;;) is
conceptualized in a stock variable that represents the accumulations, with three flows determining the net rate
of change (dPopulation;;/dt). These three flows are birth rate (Birth;;), death rate (Death;;) and maturation
rate (Maturation;;). Equation 2.1 shows the formulation of this net rate of change in the population depending
on the age intervals, where the index 7 refers to gender and jrefers to age. The maturation rate of each
age group, that is, the transition to the next age interval, is formulated as the division of Population by the
interval duration as in Equation 2.2, assuming a homogenous distribution of population within the age group.
Interval duration is a parameter equal to 5 years.

Q%:h Population Population Population Population Papulation Population
04 59 014 0 90-94 95-99 100+
Birth rate Maturation Maturation Maturation Maturation
0-4 59 90-94 95-39
Death rate Death rate Death rate Death rate Death rate Death rate
04 55 10-14 950-94 95-95 100+

Figure 3: Ageing chain structure of the population module

. Birth;(t) — Maturation;;(t) — Death;;(t) ; if j="0—4"
dPopulation;;(t) . , w5 n "
0 = { Maturation;;_,(t) — Maturation;;(t) — Death;;(t) ; if "5-9"< j <"95-99 (2.1)
Maturation;j_;(t) — Death;;(t) ; if j="100+"
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_Population;,(t) (2:2)

Maturation;;(t) = -
Interval duration

2.2. Birth rate and fertility

The birth rate!, driven by education and gross domestic product (GDP) per capita, is the main factor affecting
population dynamics (either growth or decline), alongside the reproductive female population represented by
gender and age-cohort segmentation in the model. Equation 2.3 shows the formulation of birth rate per year,
where the parameter g; denotes the birth gender fraction, hence female infanticide, and the parameter age
interval duration is 5 years. The numerator in the equation refers to the total births in a 5-year interval,
formulated as the sum of births for women in each 5-year age interval between 15 and 50. ASFR; refers to the
Age-Specific Fertility Rate, that is, number of births per woman in a particular age group during a five-year
period. ASFR is formulated as a function of 7otal/ Fertility as shown in Equation 2.4, in order to take the effects
of education and wealth on fertility into account in an aggregate manner. The functions representing the
relationship between ASFR and Total Fertility are formulated as logistic functions and estimated based on
historical relationships (including SSP2 projections) obtained from the Wittgenstein Centre Human Capital Data
Explorer, as shown in Figure 4.

12182 0 Population e ;(t) X ASFR;(t)

2.3
Age interval duration 2:3)

ASFR;(t) = f*/" (Total Fertility(t)) (2.4)

=
iy
L

=
N

Age R2
15--19 0.983
20--24 0.994
25--29 0.999
30--34 0.935
35--39 0.948
40--44 0.996
45--49 0.986

g
=]
L

o
©
|

Age Specific Fertility Rate

Total Fertility Rate

Figure 4: Relationship between Age-Specific Fertility Rate and Total Fertility. Dots refer to the N=30 historical
data points SSP2 projections in 5-year intervals between 1955-2100 obtained from Wittgenstein Centre Human
Capital Data Explorer. The lines show the logistic curve (f&™) fit to the historical data for each age interval in the
reproductive period, and the right-hand-side table shows the R-squared values of the fitted curves.

Total Fertility represents the number of births per woman at reproductive age (15-50). It is formulated as a
multiplicative function of GWP per capita and Mean Years of Schooling (MYS). This formulation prevents a
strong assumption on the monotonic dependence of fertility solely on economic output or solely on education.

! In system dynamics modelling, the term rate refers to the rate of change in a stock variable, that is, a flow.

Therefore, here we use the term rate to refer to the flows, not to the fractions as used in demography.
www.iiasa.ac.at



Equation 2.5 shows this formulation, where Normal Fertility is the reference value equal to the historical value
in year 2000, which is 2.63 births per woman.

Total Fertility(t) = Normal Fertility X Impactfaaiiio™ (£) x Impact£h8 ., (£) (2.5)
(A) (B)

5.0 50

45 45
) o
= = 40
5 35 T
(' ('
g 3.0 g 35

2.5 3.0

.
2.0 25
°
4 6 8 10 12 4 6 8
Mean Years of Schooling GWP per Capita

Figure 5: Observed relationship between fertility rate and its two drivers: (A) The relationship between the
global average Total Fertility Rate (births per woman at the reproductive age) and Mean Years of Schooling
based on the historical data of 1950-2015 and SSP2 projections for 2015-2100 of Wittgenstein Centre Human
Capital Data Explorer (Lutz et al., 2018). (B) The relationship between the global average Total Fertility Rate
and the GWP per Capita between the years 1960-2020. GWP per Capita is measured in 1000 USD 2005 PPP and
obtained from World Bank data (The World Bank, 2023). The black dot shows the 2020 values.

Impact of Education on Fertility ampact;gﬁtgggi;’n ) is a nonlinear function that depends on global average Mean
Years of Schooling (MYS) as formulated in Equation 2.6. In this formula, L, k and xo refer to the saturation,
steepness and inflection point of the logistic curve, respectively. MYS*is a normalized form of the model
variable Mean Years of Schooling, that is, MYS(t)/MYS,00 , in order to make both Total Fertility and its drivers
variable with respect to their values in year 2000. A functional form representing logarithmic decline is chosen,
following the observed MYS-fertility relationship shown in Figure 5a. Similarly, Impact of GDP on Fertility
(Impact$)}.,) is @ nonlinear (logistic) function that depends on Gross World Product (GWP) per Capita as
formulated in Equation 2.7. This function form is chosen to represent the observed GDP-fertility relationship
shown in Figure 5b. GWP per Capita*is a normalized form of the model variable GWP per Capita, that is,

GWP per Capita(t)/GWP per Capita,ggg-

A B C
251 2.25 4 — data
g4 —— estimate
2.00 A
2.0 o
3 . g 1.75
g 8 6 R?=-3.139
[y w ]
t 15 t 1.50 =
= I 1.254
- [ 2l
104 1.00
0.75 4 5
0.0 05 1.0 15 2.0 0.0 0.5 1.0 15 2.0 1960 1970 1980 1990 2000 2010 2020
mys / mySzoeo gdp / gdpzaoo Time

Figure 6: Step 1 of the calibration of the relations between Total Fertility and MYS and GWP per Capita. (A) The
relationship between normalized Total Fertility Rate (y-axis) and normalized Mean Years of Schooling (x-axis).
The dots refer to the historical data of 1950-2015 and SSP2 projections for 2015-2100 of Wittgenstein Centre
Human Capital Data Explorer (Lutz et al., 2018). The line shows the logistic curve fitted to these data with
R?=0.985. (B) The relationship between normalized Total Fertility Rate (y-axis) and normalized GWP per Capita
(x-axis). The dots refer to the historical data between 1960-2020 obtained from World Bank data (The World
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Bank, 2023). The line shows the logistic curve fitted to these data with R?2=0.932. (C) Total Fertility rate over
time as observed in historical data (green line) and as estimated according to Equation (2.5) and calibrated
functions shown in (A) and (B).

edu
Impact eI () = L oy, + Lrer (2.6)
Y ' 1 4 o Kfox(mys ) -x0%3Y)
LI
ImpactéPP... (t) = Lo gap + = 2.7
fertility 0.9dp 1+ e—k?grpX(GWP per Capita*(t)—x()?gf)

Figure 6a and Figure 6b show the model functions denoted in Equations 2.6 and 2.7, respectively, of which
parameters are calibrated according to the historical values. Since these Step 1 calibrations do not take the joint
effect of MYS and GWP into account, the resulting Tota/ Fertility is far different from the observed values, as
Figure 6¢ shows. To take the joint effect into account with a lower degree of freedom, we keep the parameters
representing steepness and inflection of these functions (Kedu, Xo,edu, Kadp, Xo,gdp) at the values obtained from the
regression in Step 1 and re-calibrate the parameters representing the scale of the impacts (Ledu and Lgap) to the
historical values of total fertility. The resulting estimate of 7otal Fertility is shown in Figure 7c, and the updated
functional forms of the impact of education and GDP are shown in Figure 7a and Figure 7b, respectively. These
constitute the final model functions.

A B C
2.25 - ® 5.0 data
1.8 1 —— estimate
2.00 - . 45
1.6
1.75 4 21—
. 40 R2=0.979
1.50 4 1.4 1 ° w
b ks . F 35
1.25 A 1.2 A
L ¢ 3.0
.00 104 ‘e,
0.75 % 25
0.8
. . T T T . T T T T . T : .
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0 1960 1980 2000 2020
mys gdp Time

Figure 7: Step 2 of the calibration of the relations between Total Fertility and MYS and GWP per Capita. (A and
B) The relationship between normalized Total Fertility Rate (y-axis) and normalized Mean Years of Schooling (x-
axis, A) and normalized GWP per Capita (x-axis, B), respectively. The dots refer to the historical data. The lines
show the logistic curve resulting from the fit of the parameters Lequ and Lgap, Whereas the other parameters are
kept at the values obtained in Step 1 (Figure 6). (C) Total Fertility rate over time as observed in historical data
(green line) and as estimated according to Equation (2.5) and calibrated functions shown in (A) and (B).

Based on the functional forms and calibration described above, the reference simulation of the model generates
the trajectories for global average 7otal Fertility and global Total Birth Rate shown in Figure 8.

www.iiasa.ac.at 10
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Figure 8: Reference simulation results (BAU, red line) and historical data (Data, green line) of Total Fertility and
Total Birth Rate. The data for Total Fertility is obtained from Wittgenstein Centre Human Capital Data Explorer
(Lutz et al., 2018). The data for Total Birth Rate is obtained from UN Population Prospects (United Nations,
2022).

2.3. Mortality rate and life expectancy at birth

Death rate (Deathy) refers to the number of people who pass away in each demographic gender and age group
per year. It is formulated as a fraction of the population of each group as Equation 2.8 shows, where M;
denotes the mortality fraction. The mortality fraction for each age and gender group is assumed to be a
function of global average life expectancy at birth (L£) (Equation 2.9). This assumption reflects the relationship
between life expectancy and wider socioeconomic and environmental factors, such as education, wealth,

climate change, aggregately; and, in turn, their relationship with mortality rates.
Death;j(t) = Population;;(t) X M;;(t) (2.8)

L morij

M;;(t) = Mory;(¢t) + 2.9)

- (emori (g mory)
LE"is a reference value of life expectancy at birth used for normalization, and currently 28.8, referring to the
values at the beginning of the 20 century. Mor;;, L mory;, K mor;;, and x, mor;; are parameters obtained by
the model calibration of mortality fractions. The model calibration of mortality fractions is conducted by fitting
the model simulation results and historical data of each gender and age group. The historical data of the
mortality fraction of each gender and age group is collected from UN Population Prospects (United Nations,
2022). Figure 9 shows the calibration results for the mortality fraction of each gender and age group, and Table
1 lists the R? values of the fit between the model output and historical data (including UN projections until
2100). It is important to note that climate impacts on mortality are not taken into account in this calibration,
since the projections do not include it either.

0.0200 0.0200
---= historical data m2s-29 (1 === historical data f25-29
0.0175 - —— estimate m30-34 0.0175 4 — estimate 30-34
® mo4 m35-39 e {0-4 f35-39
0.0150 - m5-9 ®  md0-44 0.0150 5-9 & f40-44
. . ®  mio-14 m45-49 e f10-14 f45-49
0.0125 = ® m1519 m50-54 0.0125 1 e 15-19 50-54

m55-59 f20-24 e 55-59
0.0100 1

m20-24

0.0100
0.0075 - 0.0075 1
0.0050 - 0.0050

0.0025 - 0.0025

0.0000 T T T T T T 0.0000 T T T T T T
2000 2020 2040 2080 2080 2100 2000 2020 2040 2060 2080 2100
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Figure 9: Calibration results of mortality fractions of different age groups excluding climate impacts on
mortality. “'m” and “f” indicate male and female, respectively. The source of historical data (including
projections) is UN Population Prospects (United Nations, 2022).

Table 1: R? for the estimated values and historical data of mortality fractions grouped by gender and age
(excluding climate impacts on mortality).
Age Cohort Male Female
0-4 0.9995 | 0.9998
5-9 0.9997 | 0.9996
10-14 0.9998 | 0.9995
15-19 0.9995 | 0.9995
20-24 0.9995 | 0.9998
25-29 0.9996 | 0.9997
30-34 0.9996 | 0.9997
35-39 0.9994 | 0.9995
40-44 0.9993 | 0.9993
45-49 0.9992 | 0.9991
50-54 0.9989 | 0.9987
55-59 0.9977 | 0.9986
60-64 0.9965 | 0.9984
65-69 0.9958 | 0.9987
70-74 0.9949 | 0.9988
75-79 0.9938 | 0.9988
80-84 0.9965 | 0.9989
85-89 0.9916 | 0.9949

90-94 0.9932 | 0.9952
95-99 0.9910 | 0.9934
100+ 0.9895 | 0.9912

Life Expectancy at Birth (LE) is obtained by a multiplicative function of the impacts of GDP per Capita, Mean
Years of Schooling, Total Food Supply per Capita, and climate change on a reference value of LE, that is, the
observed life expectancy at birth in year 2000 (LEz000) (EqQuation (2.10)). Each of these functions are assumed
to follow a logistic function formulation which yields a flexible function form, e.g. pseudo-linear, depending on
parameterization, as stated in Equation (2.11). Similar to the calibration of 7ota/ Fertility described in Section
2.2, these multiple impacts on life expectancy are calibrated in a step-wise manner. First, the impact of each
driver is calibrated, as if it were the sole factor affecting life expectancy, as exemplified in Figure 10. Then, the
parameters xp are kept constant at their calibrated values, and the other parameters that define the scale and

www.iiasa.ac.at 12



steepness of the function are varied to calibrate the joint impact of drivers. The resulting functions can be seen

in Figure 11.
— gdp mys food climate
LE(t) = LE,ggo X Impact;,  (t) X Impact,,” (t) X Impact;,  (t) X Impact;, ® (2.10)
4 Lgdp
gap — le
Impactj, = (t) = 2 — YT (2.11)
1+ e_kle ><(GWP per Capita (t)—xole )
A B C
1.1 = — data
1.2 104 80 1 —— estimate
21.0 g 0.9 70
< - 4 081 g R2=0.151
=T 4074 °
061 0.6 1 50
0.5 40 4
0.4 41+ T T T T T T T T T T T T T T T T
0.0 05 1.0 15 2.0 0.0 05 1.0 15 20 1950 1975 2000 2025 2050 2075 2100
13 MYS [ MYS2000 GDP / GDP2ano Time

Figure 10: Initial calibration of the drivers of life expectancy at birth. In panels A and B, the dots refer to the
historical data obtained from Wittgenstein Center for Data Explored (MYS and Life Expectancy), and from World

Bank statistics (GDP per capita). Lines refer to the calibrated function.

A B C
— data
124 1.4+ 8o 4 —— estimate
g 0 g 1.2
g o g
£ 1.0 2 704
4 - g y
L] —
o U 5 L0+
a L a 60 4
0.8 .
Ld
. 0.8 - L
L ] 50 4
0.6
T T T T T 0.6 T T T T T T T T T T T
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 15 2.0 1950 1975 2000 2025 2050 2075 2100
Time

MYS / MYS2000 GDP / GDPsono

Figure 11: Final calibration of the impacts of education and economic growth on life expectancy at birth.

The impact of food supply on life expectancy (Impact{e""d) is formulated and calibrated similarly, taking the

impacts of education and economic growth into account. Figure 12a shows the historical and model-generated
relationship between Life Expectancy at Birth and Total Food Supply per Capita in the period 1960-2020, and

Figure 12b depicts the multiplier function Impact/°°calibrated to this historical data while taking the impacts of

education and economic growth into account.

www.iiasa.ac.at 13



Life Expectancy at Birth vs Food Supply Impact of Food on Life Expectancy

80 1.25
725 1.125
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Life Expectancy at Birth : Reference.vdfx Impact of Food on Life Expectancy : Reference
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Figure 12: Impact of food supply on life expectancy. In (a), the red line shows the historical values of global
average Life Expectancy at Birth (obtained from Lutz et al., 2018) and Total Daily Caloric Food Supply per
Capita (obtained from UN FAO Food Balance Sheets, FAO, 2025¢). The green line shows the simulation results
in the reference scenario. In (b), the impact of food supply on life expectancy, as a multiplier, can be seen,
where the x-axis shows the ratio of total daily caloric food supply per capita to the subsistence caloric value,
which 2000 kcal per day per person.

The last driver of life expectancy modeled in FeliX is the impact of climate change (Impact™®¢). Since most
of the impact is expected to be observed in future, we did not include it in the calibration to historical data, but
we used the temperature-dependent estimates for future projections. Global temperature rise is the main driver
of climate mortality, yet those impacts are expected to be mediated by education, therefore we used a
formulation that takes both factors into account and calibrated it to the estimates of Bressler et al. (2021) for
climate impacts on mortality.

The impact of climate change on life expectancy is inversely proportional to the impact of climate on the
mortality fraction (Impactglimate), as shown in Equation 2.12, assuming that global average mortality fraction is
equal to 1/LE. Bressler et al. (2021) estimate the climate impacts on mortality for a 0—4 °C increase in global
temperature as compared to 2000—-2019 levels. To account for temperature rise beyond this range, we first
estimate the impact of temperature change on mortality based on a multivariate regression model, where we
control for educational attainment in line with evidence on its role in terms of adaptive capacity (Butz et al.,
2014; Lutz et al., 2014). Based on this model, we predict the mortality impact using a range of different values
for both temperature change and education. In a next step, and to account for the nonlinearities, we use a
logistic function as a proxy for this temperature — mortality impact function (Equation 2.13) and calibrate it to
the estimates for the 0-5 °C temperature increase compared to preindustrial times (Figure 13a). This results in
the parameter values 7.96, 0.68, 7.76 for Vmor, Lmor, and Xomor, respectively. In line with the literature and
drawing on our regression predictions, we assume that the steepness of this function (k,,,,) represents the
impact of education. As Equation 2.14 shows, we implement two alternative formulations for k,,,,,., depending
on mean years of schooling (MYS) or the share of females aged 20-39 with minimum secondary education (FE),
respectively. While the former is a widely used summary measure for human capital, the latter was chosen as
an alternative indicator that has been shown to be particularly relevant for a variety of socio-economic
outcomes including climate risk vulnerability (Striessnig et al., 2013). Keeping the other parameters of
Impactglimate gt the values from their previous calibration to the aggregate impact function, we calibrate the
steepness parameter, k,,,,, according to the education-mediated mortality impacts for each discrete value of
the independent education variable (MYS or FE). The resulting relationship between steepness and the
respective education measure can be seen in Figure 13b and c. In the baseline scenarios, we set the switch for
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the impact of education on climate mortality (Smor) equal to 1, meaning that we use the formulation dependent
on MYS for the education impacts on climate mortality.

) 1
I tclzmate t) = i 212
mpactie © 1+ Impactgiirate(t) (2.12)
. L
Impact i () = —ymor + — (2.13)

1+ e—kmor(t)X(T(t)_xo,mor)

0, lf Smor =0
kmor (t) = fﬂI\L’Io};‘S(MYS(t))' if Smor =1 (2.14)
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Figure 13 Calibration results of (a) change in mortality fraction with respect to global mean temperature
increase from pre-industrial times, where the data shown in the orange line refer to the empirical estimates
(Bressler et al., 2021); (b) the change in the steepness of the climate mortality function with respect to mean
years of schooling,; (c) the change in the steepness of the climate mortality function with respect to the share of
20-39 year-old females with minimum secondary education.

Finally, Life expectancy at birth (LE) is converted to /ife expectancy for each age group and gender (LEj;) with
constant coefficients (¢;;) as shown in Equation 2.15. The ratio of life expectancy at any age to life expectancy

at birth has been almost constant over time between 1990 and 2020 (Figure 14). Therefore, the coefficients ¢;;
are estimated as the mean of historical values between 1990 and 2020 (Equation 2.16).

LE;;(t) = LE(t) X ¢y (2.15)

_ Yizi0s0 9 ()
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Figure 14. Ratio of life expectancy of each 5-year age group to life expectancy at birth for both genders over
time. Data is obtained from the Global Burden of Disease dataset (A. D. Lopez & Murray, 1998).

2.4. Educational attainment and mean years of schooling

The size of different age cohorts feeds into the education module to compute the population of primary,
secondary, and tertiary education graduates through the feedback loops among the enrollment rates and
graduation rates. The size of the population with each educational attainment level is formulated as another
stock chain similar to the population chain shown in Figure 3, to account for the ageing of people who graduate
from each level and for transitions between the education levels. Therefore, primary, secondary, and tertiary
education graduates are represented by a stock variable for each gender and 5-year age group corresponding
to the respective education level.

We make the following assumptions for the correspondence of age groups to education levels:

e Children enroll to primary education when they are 5-9 years old; therefore, the enrollment rate to
primary education is a fraction of the population aged 5-9 (Population; s-s).

e Average duration of primary education is 6 years, as reported by the UNESCO Institute for Statistics for
the recent decades. Therefore, children graduate from primary education when they are in the 10-14 or
15-19 age groups.

e A fraction of 10-14 and 15-19 years old primary education graduates enroll into secondary education.
Average duration of secondary education is also 6 years, such that people are in the 15-19, 20-24 or
25-29 age groups when they graduate from secondary education.

¢ Enroliment to tertiary education occurs only in the 15-19, 20-24 and 25-29 age groups, and the average
duration of tertiary education is 5 years. Therefore, people join the stock of tertiary education
graduates in the age groups 20-24, 25-29 and 30-34.
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2.4.1. Primary education

Maturationof primary 1 he stock-flow structure repeatedly used for all education

) Education Graduates . . . i A
levels is exemplified in Figure 15, in a compact form of the
sy ageing chain. The net rate of change of the primary
O Mon = < e education graduates (PEG) for each gender-age group is
Graduation Rate f Enroliment Rate t . . . . i

Primary Education Secondary Education formulated in Equation 2.17. Maturation (Maturation;;")

Death Rate of Primary and Death (Death?"") rates of primary education graduates
Education Graduates 3]

are formulated as fractions of the maturation and death

rates for the entire population, where this fraction is the
Figure 15: Stock-flow structure of the primary ratio of primary education graduates to the total population,
education graduates as shown in Equations 2.18 and 2.19.

0 ; ifjin{0-4,5-9}

dPEGij» - Graduationfj” (t) — Enrollment e (t) — Maturation?j”(t) - Deathfjﬁ(t) s if jin{10-14,15-193} (2.17)
dt ) ) )
Maturationgrfl(t) - Maturationfj”(t) - Deathfj”(t) ;if j>20-24
. pri _ . PEG;;(t)
Maturation;; (t) = Maturation;;(t) x Population; @ (2.18)
. PEG,; ()
Death?’"(t) = Death;;(t) X ——————— 2.19
eath;; (1) eathy;(t) Population;(t) (219)

The graduation rate from primary education (Graduationfj”) is equal to enrollment rate to primary education
(Enrollmentf”), yet after a delay (d,,;) equal to the average duration of primary education. DELAY1is a
function that represents first order exponential delay. Following enrollment within the age group 5-9, we
assume that 80% of the children graduate when they are 10-14 years old, and 20% graduate when they are

15-19 years old.

; 4
, DELAY1(Enrollment?™ (t), dpy;) X z 5 ifj= 10-14
Graduationfj” @) = ' 1 (2.20)
DELAY1(Enrollment?™ (t),dpy;) X T if j =15-19

The enrollment rate is a fraction of the population aged 5-9. The primary education enrollment fraction (PEF)

. . % T . d
for each gender is defined as a reference value (PEF;") multiplied by the impact of GDP (Impact 7).
PEF; corresponds to the maximum possible enroliment fraction. According to the formulation in Equation 2.23
the impact of GDP is assumed to be a logistic (S-shaped) function that saturates at 1, where the parameters P:
and P refer to the steepness and inflection point, respectively, and where GWP per Capita* is the ratio of gross

world product per capita to its value in 2000.

Enrollmentf”(t) = Population;s_o(t) X PEF;(t) (2.21)
PEF,(t) = PEF; X Impact{;%.(t) (2.22)

1
+ e~ P2,ix(GWP per Capita*(t)-Py;)

Impact??.(¢) = N

i,pri

(2.23)
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The formulation of secondary and tertiary education graduates follows Equations 2.17-2.23, with differences in
the age groups explained in the list of assumptions above. Enrollment to secondary (tertiary) education is
assumed to be fraction of the primary (secondary) education graduates, implying that the previous education
level is a prerequisite for enrollment. The effect of GWP on enrollment for each education level is calibrated to
historical data from Wittgenstein Center Human Capital Data Explorer for the period 1950-2020, and the
updated SSP2 projections for the rest of the century. Figure 16a shows the calibration results for the impact of
GDP on primary, secondary and tertiary education enrollment. The effect of GDP on secondary education
enrollment is much steeper than the effect on tertiary education, yet the effect on primary education is much
flatter, resonating with the historical observations that primary education enrollment is triggered mostly by
regulation rather than income. Figure 16b-d show the model-generated dynamic behavior in the reference
simulation and the historical data for the three education levels. The difference between model behavior and
observed data can be attributed to the limitations of the model structure described above, such as the
persistence rates at primary and secondary education persistence of pupils to graduate after enrollment) that
are excluded from the model, and our set assumptions about the enroliment ages. It is important to note that
Figure 16 visualizes the model output in a business-as-usual (BAU) scenario aligned with SSP2 narrative. The
other two baseline scenarios, corresponding to SSP1 and SSP3, used for analyzing the future wellbeing
dynamics (Section 13) deviate from this BAU scenario and thus imply different model-generated educational
attainment dynamics.

Effect of GWP per capita on school enrollment (female) Primary Education Graduates by Gender[female]
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Figure 16: Calibration of the education module for females: (a) Impact of GDP per capita on enrolment to each
education level, (b-d) Primary, secondary, and tertiary education graduates over time in the BAU simulation
(bau_16) and the historical data obtained from the Wittgenstein Center, including the updated SSP2 projections

for the post 2020 period (WiC_data_2023).
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2.4.2. Mean years of schooling

Mean years of schooling (MYS) is the indicator used in defining the effect of education on fertility rates and life
expectancy. We formulate MYS as the weighted average of the duration of each education level, where the
weights are determined by the total number of graduates for the respective education level relative to the
population aged 15 and above. Note that this formulation does not include schooling that results in drop-out.
Equation 2.24 denotes this formulation, where SEG and TEG refer to secondary and tertiary education

graduates, respectively.

dpri X ij15 PEGj(t) + (dpri + dsec) X ijlSSEGj(t) + (dpri + dsec + dter) X ij15 TEGj(t) (2 24)
Y j=15 Population;(t) '

MYS(t) =

MYS would be overestimated with the current average durations reported by UN IES, yet there is no data
available for the historical average duration of education at each level. Therefore, we assume that the average
primary education duration was 2 years in the year 1900 and subsequently increased at an increasing rate to 6
years. Similarly, secondary and tertiary education duration is assumed to start from 1 and 2 years, respectively,
in 1900, and subsequently to increase to the current duration of 6 and 5 years, respectively. Figure 17 shows
the model behavior resulting from this formulation in comparison to the historical data and SSP2 projections.

Mean Years of Schooling

Year
S

0

1900 1920 1940 1960 1980 2000 2020 2040 2060 2080 2100
Time (Year)

Data WiC_data 2023

bau_16
Figure 17: Mean Years of Schooling in the reference simulation results (BAU, red line) and historical data (Data,
green line). Data is obtained from the Wittgenstein Centre Human Capital Data Explorer (Lutz et al., 2018) and
includes the SSP2 projections updated in 2023 (blue line).

2.5. Labor force

We assume that the size of the skilled labor force is the sum of the total population aged 15-64 with tertiary
education, and half of the population aged 15-64 with secondary education (Equation 2.25, j=15-64). The size
of the unskilled labor force is determined by the remaining population aged 15-64 (Equation 2.26). The labor
force input in the calculation of the economic output is the corresponding labor force multiplied by the labor
force participation rates for the respective groups (Equations 2.27 and 2.28).

LFSf1ed (t) = Tertiaty education graduates; ;(t) + 0.5 X Secondary education graduates; ;(t) (2.25)

LFpskitied (t) = NonEducated, ;(t) + Primary education graduates; ;(t)
+0.5 X Secondary education graduates; ;(t) (2.26)
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LFis:}Igilled (t)

LFinputkted(t) = ——xm—
P = nitial LFgfted

i X LF participation rate; ;(t) (2.27)
LFZL]TlSkiUEd (t)

. unskilled —
LRt ) = il pFakiied
LJ

X LF participation rate; ;(t) (2.28)

3. Economy

3.1. GDP

Gross world production (GWP) is calculated by total reference economic output (REO), adjusted for the impact

of climate change IF ciimate and biodiversity IF pioaiversity (Equation (3.1)). The total REO is the sum of the REO
on GWP on GWP

generated by the skilled and unskilled labor force and determined according to a Cobb-Douglas production
function (Equations 3.1-3.4) (Hughes, 2015; Zellner et al., 1966), depending on technology and capital

skilled
allocated to the skilled/unskilled labor force and the size of this labor force input LFinput;f]’.‘S"i”Ed. In FeliX,

technological progress is assumed to relate to the energy technology and all other technology (Equation 3.5),
where the energy technology is endogenously determined by investments in the energy module and all other
technology follows an exogenous trend. Capital is determined by capital investments in the energy and all other
sectors, which are also captured within the energy module and as an exogenous trend, respectively (Equations
3.6-3.7). The shares of technology and capital, Ratio of technologygyinea, Ratio of capitalgyeq, , attributed to
the skilled and unskilled, sectors, respectively, and the capital elasticity of output for the two sectors, cginear
Cunskilted, Fe€spectively, are assumed to be exogenous parameters and determined by the model calibration
based on historical data of GWP and GWP per capita from the World Bank (The World Bank, 2023).

GWP(t) = REO(t) X IF ctimate(t) X IFbiogiversity (t) (3.1
on GWP on GWP
REO(t) = REOgyiyeq(t) + REOypgpitiea (t) (3.2)

REOg 1104 (t) = REO;pnitiar X Output,qgo X Ratio of technologygyinea(t) X Technology(t) X

Capital(t) “kitted - (=cskittea)
Ratio of capitalgjeq(t) X ———— X LFinputgkitied 0]
Capltalinital .. ’
i,j=15-64
3.3)
REO nskitiea(t) = REOipiriar X Outputygge X (1 — Ratio of technologyyiiea (t)) X Technology(t) X
. Cunskilled
Capital(t , (1-cynskitted)
(1 — Ratio of capitalgeqa(t)) X pi() x z LFl'nputly}lSkllled
Capltalinital .. ’
i,j=15-64
(3.4)
Technology(t) = Energy Technology(t) + Other Technology(t) (3.5)
dCapital(t) o
— 2 - Capital investment(t) (3.6)
Capital investment(t) = Capital investmentepergy (t) + Capital investment,eper (t) (3.7)
www.iiasa.ac.at 20



3.2. Climate impacts

The earlier versions of the FeliX model included climate damages on GDP based on early estimates as used in
the DICE model (W. Nordhaus, 2007). In the last ten years, the estimation of the aggregate economic impact of
climate change has been updated substantially based on new empirical data and methods, resulting in larger
damage estimates. In many economic modelling studies (Dietz & Stern, 2015; Kalkuhl & Wenz, 2020; W. D.
Nordhaus, 2017; Weitzman, 2012), climate damage is formulated as a fraction of GDP, with a quadratic
function that yields additional damages at an increasing rate for a rising global mean temperature anomaly. In
an extensive and widely accepted empirical analysis, Burke et al. (2015) estimate the aggregate climate
damage based on micro impacts such as the daily temperature effect on labor productivity per person,
agricultural productivity and adaptation efforts across different countries. Burke et al. estimate damage at much
larger values compared to the earlier literature, even for relatively modest temperatures. In Figure 18, the black
line shows the average damage estimate of Burke et al. when rich and poor countries are assumed to respond
identically to the temperature change (pooled response), and the annual GDP is assumed to be affected by
temperature changes in a 1 year duration (short-run effect). When the countries are assumed to give a
differentiated response and long-run (5 year) effects of temperature change are considered, the damage
becomes much higher, reaching the upper end of the gray shaded area in Figure 18, reaching almost 80% of
loss at 5°C of warming.

MNordhaus (2017}
100 Weitzman (2010)
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Figure 18: Damage functions and estimates commonly used in the literature

In FeliX, climate damage is formulated as a fraction of global GDP, that is, Gross World Product (GWP). We
have an optional structure that enables using the damage functions obtained from the abovementioned studies,
or a custom function defined in a flexible logistic form. Equation 3.9 shows this optional formulation, where
Climate Damage Function Switch (Saamage) is the user-defined parameter that enables switching between the
options.

IF climate (t) =1- D(t) (3-8)

on GWP
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0,if Sdamage = 0
Dy (t),if Sdamage = 1
DDS(t)'if Sdamage =2
DBl(t)v "f Sdamage =3
DBZ(t)' if Sdamage =

\ DL(t)' if Sdamage = 5

D(t) =+ (3.9)

Dy (t) in Equation 3.10 is the damage function used by W. D. Nordhaus (2017), where Tis the global mean
temperature change from preindustrial times and the parameters a and S are -0.00118 and 0.00278,
respectively yielding the percentage damage. Equation 3.11 shows the function used by Dietz & Stern (2015),
where the parameters 6,, §,,¢,, &, are 12.2, 4, 2 and 7.02, respectively. Dg, (t) and Dg,(t) refer to the short-
term pooled and long-term differentiated damage estimates of Burke et al. (2015), and they are defined in a
lookup form digitalized from the figures in their paper. Table 2 lists those point estimates used in the model.

1
Oy =1 =TT ¥ pT (02 (3.10)
1
DDS(t) =1- € £ (311)
TON:  (TO\?
1+(50) +(%)

Table 2: Damage estimates of Burke et al. (2015) for short-term pooled (Dg,) and long-term differentiated
(Dg, ) responses

T (°C) Dpy (%) | Dy (%)
1 1 6.3
2 13 35
3 19 55
4 20.5 68.7
5 21 80

D, (t) is the logistic function shown in Equation 3.12 that can be used to define custom-shaped damage
functions using the three parameters that represent the saturation level (Ldamage), Steepness (Kaamage) and the
inflection point (x0mage). The values of these parameters that yield the abovementioned four damage functions
can be seen in Table 3.

Ldamage

D,(t) = (3.12)

1+ e_kdamage(T(t)_xodamage)

Table 3: The parameter values of the logistic function calibrated to the four damage functions obtained from
the literature

Dy Dps Dpq Dg,
Laamage 0.073953 0.935478 0.206988 0.75716
kaamage 1.09955 1.795846 1.888017 1.43089
X0gamage 3.89219 3.863367 1.773525 2.2569
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3.3. Poverty

The poverty module captures the dynamic relationships between the poverty rate of the global population and
relevant drivers from the economy, population, education, as well as the impacts from energy, and land-use

modules (Figure 19).
T+ Mean income of
each group
GWP per capita )

/ Life expectancy -
( limate

’
Bmdmrsny +\- / Total fermm

Poverty rate
of each group

Pop ulation

Bllth rate ( n
Energ_',Y \
ﬁ \‘h Global +
Tecl]lnlogy poverty rate I
Size of skilled/unskilled
labor force in each group
UL Gyl ~"/ Relative incomes of skilled/unskilled )
Energ} .
Other technology

labor force in each group

technology
&= Gini coefficient of
~ each group

I Poverty module I Energy module Land use module I Climate module
™ Economy module [l Population module [ Biodiversity module

Figure 19: Conceptual relationships between the poverty module and other modules. Each text box indicates a
variable, and the background color of the text box indicates the module from which the variable proceeds. Each
arrow represents a causal relationship between two variables. The +/- sign on an arrow indicates a
positive/negative relationship. The poverty rate of each population group is determined by the poverty line,
mean income and Gini coefficient of each group. The Gini coefficient is related to the sizes and relative incomes
(incomes share) of skilled and unskilled labor forces.

The global poverty rate PR is calculated as the sum of the poverty rates across the different population groups
aged over 15 weighted by their corresponding population shares (Equation 3.13).

Zi=male female 21102; 19 PR,_](t) X Populationl,j(t)
Yi=male female Z, 0— 4POPUIathTl”(t)

PR(t) = (3.13)
The poverty rate PR;; of each population group is defined as the share of the population living below a
specified poverty IeveI PL (Fosu, 2010; Hughes, 2015) (Figure 20). In the calculation of PR; ;, income is
assumed to follow a log-normal distribution, which has been widely used in the assessment of global and
regional inequality and poverty (Crespo Cuaresma et al., 2018; Hughes, 2015; Lakner et al., 2022; Soergel et
al., 2021) and has been verified by statistical analyses for various data sets (Kemp-Benedict, 2001; Kot, 2016;
J. H. Lopez & Luis, 2006). Therefore, PR, ; is formulated as:

In(PL) — #i,j(t))

PE) (3.14)
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where xis the income per capita of each group, where AL is set to the international extreme poverty line ($2.15
per capita per day in 2017 purchasing power parity), and where rand o are the mean and the standard
deviation of the normal distribution function of /n(x), respectively.

45% 7 Lognormal probability
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Figure 20: The lognormal probability density function of income. The shaded area is equal to the poverty rate.

The standard normal cumulative distribution function @(X) is formulated by Equation 3.15, the value of which
can be obtained by looking up the standard normal distribution table. The probability density function of income

is shown by Equation 3.16 (Figure 20) (Mendez Ramos, 2019). Let u and o denote the mean value and the
In(PL)-p; j(t)

conforms to the standard
0;,j(t)

standard deviation of the normal distribution function N(u, ). Then X =

normal distribution.

In(x)—p; () (NGO -4z ()

In(x) — Hi,j () 0 j(t) 202.(t)
) (7@‘]_(0 = f_w —_zne J dx (3.15)
_(ln(x)—lli,j(t))2
2
fermo,)=p=—se WO In@-No) (3.16)
iJ

To get the poverty rate PR; ; of each group, given the poverty line, only y; ; and o; ; need to be computed.
Equations 3.17 and 3.18 formulate the relationship between income per capita, y; ;, and o; ; of each group
(Chotikapanich et al., 1997; Dixon et al., 1987). o; ; can be expressed as a function of the Gini coefficient,
whereas y; ; is a function of o; ; and the income per capita of the population (Dixon et al., 1987). ¢~*(-) is the
inverse standard normal cumulative distribution function, the value of which can be obtained through the
inverse query of the standard normal distribution. To calculate y; ; and o; ;, we thus need to calculate the Gini
coefficient and income per capita.

A

etiiO*=7= = Income per capita; ;(t) (3.17)

(3.18)

0,;(t) = V207 <G””U—(t)+1)

2

The Gini coefficient is a numerical value derived from the Lorenz curve3® Figure 21as a graphical measure of the
income distribution (Figure 21). Let A denote the area between the perfect equality line and the Lorenz curve,
and Bthe area beneath the Lorenz curve (Figure 21). The Gini coefficient for each population group can thus
be defined by Equation (3.19) (Dixon et al., 1987). Following the International Futures model (Hughes, 2015),
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we divide the labor force of each group into unskilled and skilled. B can thus be expressed as the sum of B: and
Bz, which represent the areas beneath the Lorenz curve for the unskilled and skilled labor force, respectively
(Figure 21).
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Figure 21: Income distribution measured by Lorenz curve. The cumulative labor force fraction at a point on the
x-axis is defined as the size of cumulative labor force at this point divided by the size of the total labor force.
The x-value of px and a y-value of py mean that the unskilled labor force (the bottom px of the labor force)
controls the proportion py of the total income. The Gini coefficient is a numerical value derived from the Lorenz
curve to measure income distribution, which is defined as A/(A+B). Here, A and B represent the sizes of the red
and blue striped areas. Bis the sum of B; and B.. The sum of Aand Bis 0.5. The perfect equality line
corresponds to a Gini coefficient of 0, indicating that every person has the same income.

By using a triangle and a trapezoid to approximate the areas of B: and B:'°, the Gini coefficient can be

reformulated by Equation 3.20. Relative income[?*™, Relative income/**"""** and Relative income; !¢
denote the relative income share of the total, unskilled, and skilled labor force of the corresponding population
group, respectively. Population}}**"** and Population{"'** denote the population size of the total, unskilled,

and skilled labor force of the corresponding population group, respectively.

Ay () 0.5 —B;,;(t)
Gini. :(t) = ‘ = — =1-2B,,(t 3.19
iniy,; (©) A + By (t) 0.5 (® o
ini; j(6) =1— X
v Relative income[?** x Population ;(t)
Population}}**!'e?(t)Relative income/s<11e? (3.20)
+Population{¥"e? (t)(2Relative income**e? 4+ Relative income; e .

The value of Relative income[?** is assumed to be 100. The values of Relative income}y* !¢ and

Relative income;¥"'* are based on relative earnings data for OECD countries (Equations 3.21 and 3.22). The
value 65 approximates the average relative earnings share of the skilled population in OECD countries. The
Adjustment parameter for relative incomes of skilled; ; for each group adjust the relative incomes of skilled
labor force in line with the model calibration.

Relative income?<ied

i = 65 X Adjustment parameter for relative incomes of skilled; ; (3.21)
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Relative income}J**""'** = Relative income[}** — Relative income/}"*? (3.22)

Income per capita, ; is formulated by Equation 3.23, where Real earnings parameter; ; is determined by
model calibration.

Income per capita; j(t) = GWP per capita(t) X Real earnings parameter; ; (3.23)

In the model calibration, values of Adjustment parameter for relative incomes of skilled; ; and

Real earnings parameter; ; are determined based on three assumptions: (1) the relationship between
income and age tends to exhibit an inverted-U-shape pattern. Income rises with age and then drops slightly
as individuals enter retirement (Mincer, 1989; Skirbekk, 2004). (2) Males have more income than females in
the same age group (Bar-Haim et al., 2023; Polachek, 2003). (3) The relative income share of the skilled
population in each group is larger than that of unskilled population. In addition, due to the limited availability
of relevant historical data and in order to make the calibration process more reliable, the population age
groups are divided into three wider age groups: childhood (0-14 years old), working age (15-64) and old age
(65+). Parameters are then distinguished only across these three age groups.

The model calibration results for global poverty rates are shown in Figure 22.
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Figure 22: Business-as-usual simulation results for global poverty rates. Source of the historical data:
https://data.worldbank.org/indicator/SI.POV.DDAY

4. Energy

In line with the real-life developments when it was built, FeliX model focuses on 6 key energy sources: coal,
oil and gas on the fossil fuels side; solar, wind and bioenergy on the renewables side. The model captures the
investment cycles, technology and capacity development, and eventual production of energy from these
sources to meet the global primary energy demand. The market share of these six sources is determined by
the relative price and the production volumes adjust to the corresponding primary demand for each source,
while the total energy demand is driven by population and energy demand per capita, which in turn is
determined by wealth of the population, captured by gross world product.

Regarding the technology and capacity development, the model takes the chain of upstream activities such as
exploration, development and extraction into account for fossil fuel production. The model assumes that all
existing (identified) reserves have been proven, hence ready for energy production, with capital investments
made to establish production capacities. However, only a fraction of the fossil fuel reserves is recoverable with a
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given technology. Therefore, the model also takes investment into technology development into account.
Eventually, production volumes are on one hand determined by production capacity and on the other by price-
based market share of a given source of energy.

For the renewables, the model also includes the investments and development of capacity and technology,
with learning effects on installation and production costs. The difference from the fossil fuels is expectedly
the absence of resource constraints on production, yet the available capacity and capacity factors are
considered as the main drivers of energy generation from the renewables.

Capital investments in production capacity for all different kinds of energy contribute to global capital stock
increase. Energy technology development contributes to global technology increase. Both processes influence
Gross World Product.

4.1. Energy Demand

The structure of the FeliX model depicts the causality between the wealth of the society and the energy demand,
similar to the Kaya identity, yet it does not distinguish between different end use sectors. Energy Demand per
Capita is an average value and currently does not distinguish between population subgroups by age and gender.
Energy Demand per Capita multiplied by Population constitutes the 7otal Energy Demand.

Energy Demand per Capita is formulated as a ratio of the (global average) Maximum Energy Demand per
Capita, which is assumed to be 56,100 kWh/person/year (4.8e-06 Mtoe/person/year), noting that the global
average primary energy demand per capita was 21,654 kWh in 2024 (Energy Institute, 2024). The ratio, which
is the Impact of GDP on Energy Demand is a nonlinear function of GDP per Capita, and it is calibrated to the
historical data of total primary energy demand between 1965 and 2020 obtained from the Energy Institute
Statistical Review (formerly BP Energy Statistics).

The Energy Demand compared to Energy Production (sum of production from all considered in the model
energy sources) constitutes Energy Demand Fulfillment Ratio which is an indicator of how well the investment
in energy and production efficiency is able to secure the demand of the energy users.
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Figure 23: Energy Demand per Capita and Total Energy Demand in the Reference simulation compared to the
historical dynamics (Data source: Energy Institute, 2024)
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4.2. Market Shares

The Total Energy Demand is split up between different energy sources according to the market share of each
energy source. The market share depends on the price and its competitive price elasticity. The FeliX model
sector mimics the dynamics of energy market shares in two steps.

In the first step the price of each specific energy source is averaged over a period of time. The Average Energy
Priceis calculated as arithmetic mean of all averaged energy prices. Price competitive factor is calculated for all

energy sources as a comparison of the averaged energy source price and Average Energy Price.

In the second step the Price Competitive Factor for each energy source is adjusted by elasticity of that energy

source price to demand. Based on the competitiveness and elasticity the market share of a specific energy
source is adjusted. In case of biomass the market share is additionally separated into forest and crops related
resources.

This simple market share representation is based only on relative market prices assuming full possible
substitutability among the primary energy sources and does not capture path-dependency and infrastructure
lock-ins. Therefore, the discrepancies between the model output and historical data (primary energy
consumption by source obtained by Energy Institute, 2024) can be explained by this modeling choice on the
simple price-based representation.
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Figure 24. Share of oil, natural gas, coal and wind in the primary energy consumption in the Reference
Simulation compared to the historical dynamics (Data source: Energy Institute, 2024)
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4.3. Fossil Fuels

The model structure representing the fossil fuels (coal, oil, natural gas) captures the natural gas extraction
and upstream market dynamics. It is adapted from Davidsen et al. (1990) and Eker (2016). Figure 25 provides
and overview of this model structure used for all three fossil fuel sources, with the stock-chain of undiscovered
resources, identified reserves and cumulative production (Note that this categorization of natural resources is
more detailed with intermediary steps in some industry sources).
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Figure 25: Overview of the model structure for fossil fuel extraction and market

Exploration activities deplete the Undiscovered Oil Resources and after infrastructure development, add them to
the stock of Identified Reserves, which is depleted by Production Rate. Potential Exploration and Development
(E&D) Rate is formulated as the investments divided by the unit cost of E&D, and takes also the desired value
of exploration by the industry to keep the reserves at a certain coverage level of demand (years in future). Unit
costs of exploration and development increase as the undiscovered resources decline, representing the
phenomena known as creaming curve in the industry.

Similarly, Production Rate is the minimum of demand for this particular energy source and its potential
production. The demand represents price-dependent fraction (Market Share) of total Energy Demand. Potential
production considers both the recoverable reserve availability (economically profitable to produce) and
investments in production, which determine the potential production volume based on its unit cost. Investments
are formulated as a fraction of the revenue, hence forming a positive feedback loop through eventual
production, and a negative feedback loop through the unit costs (more production results in higher unit costs of
exploration and development, hence price, through the upstream).

Figure 26 shows the annual production volume of three fossil fuel energy sources resulting from the model
structure described above, and as obtained from the historical statistics.
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Figure 26. Production of coal, oil, and natural gas in the Reference simulation compared to the historical
dynamics (Data source: Energy Institute, 2024); the R’ values between the model and data are 0.928, 0.912,

and 0.993 for coal, oil and gas, respectively.

4.4. Renewable Energy

The basic model structure for all renewable energy model sectors — solar, wind and biomass — is very similar and
differs only due to specifics of the energy source, for instance related to weather. Figure 27 depict the overview
of this representation with the main relations and feedback loops between costs, capacity installation and

investments.
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Figure 27: Overview of the model structure for renewable energy capacity development and production
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Demand is determined by the market share of the corresponding source, e.g. solar, and the total £nergy
Demand, which drives the production. Production rate, however, is constrained by Potential Production that
depends on the Installed Capacity and Conversion Efficiency. The factors specific to technologies, such as the
weather for wind or solar radiation are also added to the formulation of the potential production. Installed
Capacity is the accumulation of the difference between new capacity installations and depreciation due to
ageing. In FeliX, installed capacity of solar and wind energy is measured in terms of area (m?) to take the land
constraints into account explicitly. Correspondingly, sun radiation is assumed to be 1.3 kW/m? and the average
power density for wind is estimated as 0.0191 kW/m? based on the historical observations and the assumption
of 93% onshore, 7% offshore wind (Enevoldsen & Jacobson, 2021).

Capacity Installation includes the replacement of depreciated infrastructure as well as the difference between
the desired and currently available capacity. The Desired Capacity is adjusted by a factor of Installation
Efficiency due to technology advancement resulting from investments.

Conversion Efficiency, that represents the energy productivity of the infrastructure, e.g. solar panels, is driven by
the investment in technology and is the main factor determining potential production.

As in the case of fossil fuels, investments are determined by the revenue, meaning that independent investments
in renewable energy are not taken into account and all investments are considered in a closed system. This is a
difference of the model from reality, yet captures the profitability dimension in investment decisions.

Revenue is determined by the production volume and Price, which mainly depends on the costs, a constant
profit margin and the supply-demand ratio. The costs are formulated, in line with the simple LCOE calculations,
as the sum of installation costs (CAPEX) and operational costs (OPEX), where the former also includes financial
costs. The learning effects are formulated with respect to the ratio of Installed Capacity to a threshold value of
it. For every doubling of this ration, the installation costs decline by the learning rate, which is taken as 25%
and 20% for solar and wind, respectively.

The historical data used for calibrating the solar and wind modules is obtained from the following resources:
Installed capacity and production volumes from the IRENA statistics (IRENA, 2024); costs and learning rates
from IRENA Renewable Power Generation Costs report 2024 (IRENA, 2024); additional wind capex values from
Lawrence Berkeley National Laboratory (LBL, 2025); and conversion efficiencies from NREL (NREL, 2025) and
US DoE (DoE, 2022) for solar and wind, respectively.

Figure 28 below exemplifies the model output generated by the model structure described above in the
Reference (baseline) simulation compared to the historical dynamics. The model captures the observed cost
reduction dynamics relatively well, yet overestimates the capacity and production due to the simplified, price-
based market share structure described in Section 4.2.
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Figure 28: Capex, LCOE, Production and Installed Capacity values for the wind energy in the Reference
simulation compared to the historical dynamics (Data source: IRENA, see the main text); the R° values between
the model and data for these four variables are 0.595, 0.955, 0.899, and 0.954, respectively.

5. Water

The water module mainly quantifies global average water scarcity, that is, the balance between water
availability and use. Water availability is a function of available water resources, water recovery of used water in
economic sectors, and a drought rate for the impact of climate change. Total water use considers water
withdrawal from economic sectors to meet their water demand.

5.1. Water supply and water availability

Available water resources consist of water supply rate of fresh and non-conventional water, water recovery rate
of used water resources by the three economic sectors, and drought out rate representing extreme drought
events. Water supply is estimated by multiplying desired water supply rate and water supply fulfillment rate
(describing water supply fulfillment as a relation of water supply and demand). Desired water supply rate
(WatSupDes) is to cover water consumption (WatCons, i.e., water use decreased by recovery of used water
resources of three economic sectors) and available water resources adjustment ( WatAvailAdj, taking into
account dynamics of total water demand and water safety stock coverage).

WatSupDes(t) = MAX(O, WatCons(t) + WatAvailAdj(t)) (5.1)

With growing water demand, the supply fulfillment (WatSupFul) might be impaired which relates to
infrastructure design and its operating limits. This relationship is modeled as a logistic function dependent on
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the amount of water that can be reliably provided ( WatSupRel) on annual basis for agricultural, industrial, and
domestic sectors due to resources and infrastructure availability.

2

WatSupFul(t) = (5.2)

WatSupReli(t)

—WatSupFulfParamsx WatsupDes(D)

1+e

where WatSupFulfParam determines the strength of infrastructure operating limits on water supply fulfillment.
Associated data are obtained from 2030 Water Resources Group (2009).

5.2. Water demand, water withdrawal, and water use

Water is demanded for economic production by agriculture, industrial, and domestic sectors. Agricultural water
demand (WatDemxgr) is dependent on two ways of land watering—irrigation and rainfed.

WatDemgg, (t) = WatInt.,.(t) * Ay, (t) + WatInt,qin (t) * Aygin (t) 53

where Watintir and Watint:in represent average agricultural water demand per square (i.e., water intensity) of
irrigated or rainfed agricultural areas, respectively. Irrigated agricultural land (Air) is calculated by multiplying
total agricultural land areas with the percentage of irrigated land areas, which is estimated by considering the
impact of wealth (represented by GWP per Cap) and their upper and lower limits. This approach is also applied
to estimate water intensities and total water demand for industrial sector based on their own upper and lower
limits, respectively. Domestic water demand is quantified based on total population and average domestic water
demand per capita. Domestic water demand per capita is estimated by considering the impact of wealth
(represented by GWP per Cap) and their upper and lower limits.

Agricultural, industrial, and domestic water demand drives water resources withdrawal from available water
resources. Similar to water supply, agricultural, industrial, and domestic water withdrawal rates (e.g.
Withdrawalagr) slow down when their demands approaching max water withdrawal rate. This process is
represented by water withdrawal fulfillment rate ( Fulfillment). Particularly for agricultural water withdrawal
(Withdrawalagr), impacts from extreme drought (drought) is also considered to simulate the decrease in
Withdrawalagr and available water resources due to drought.

Withdrawal,g, (t) = WatDemgg, (t) * Fulfillment(t) * (1 — drought) (5.4)

Agriculture, industrial, and domestic water withdrawal rates accumulate as total used water resources. As
mentioned in section 5.1, a fraction of total used water resources (set as 10%) can be recovered and supplied
as available water resources.

6. Land use and agriculture

FeliX represents the global land use and land use change dynamics based on four main categories of land use
as defined by FAO (FAO, 2025d): agricultural, forest, urban/industrial, and the other land that does not fall into
any of the first three categories. Each land category is modeled as a stock variable. Land use change refers to
the conversion of land among these four categories. Considering the historical and expected dynamics, we
assume a bi-directional conversion between agricultural land and forest land and between the agricultural land
and other land. The rest of land use changes are considered one directional conversion, that is, from
agricultural land to urban and industrial land, from forest land to urban and industrial land, and from other land
to forest land (Figure 29).
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Figure 29: Stylized stock-flow diagram of land use module in FeliX

The main underlying driver of land use change is the food system, in addition to bioenergy and forest
management practices. The land conversion flows are modeled to be dynamic natural or anthropogenic
processes. For instance, abandoning any human activities in a part of agriculture land and allowing certain
duration of time the agriculture land will be covered by grass, later by shrubs, yet later by trees and eventually
it will be classified as forest. In case of forest—other land conversion, forest—agriculture land conversion and
agriculture—other land conversion, there are additional forces apart from natural conversion processes that drive
and increase the rate of expansion or shrinking of the forest, other and agriculture land areas. We set a
constant ratio of other land and forest land areas as protected land. In case of forest land, the protected area

increases successively. The protected areas are excluded from any transformation processes.

Agricultural land requirement increases due to the growing population and income levels which lead to more
food demand. In Felix, agricultural land is further divided into three sub-categories as arable land, permanent
cropland, and permanent meadows and pastures. Land use shifts due to food demand are considered based on

plant- and animal-based food that have their own land allocation and yields.

FeliX includes 8 food categories: 4 plant-based categories that include pulses, grains, vegetables and fruits, and
other crops such as sugar and oil crops; and 4 animal-based food categories that are pasture-based meat, crop-
based meat, dairy, and eggs. This categorization of especially animal products were motivated by the land use
shares: The pasture-based meat category includes the red meat sources such as beef, sheep and goat, since
96% of the global average land use per unit of beef production is attributed to pasture land, that is, 12 of 12.5
ha per million kcal (Ranganathan et al., 2016). As for poultry and pork, the average land use footprint is less
than 2 hectares (ha), while a large portion of this is on cropland, since grains provide the 71% of the total feed
demand (FAO, 2025c¢).

For each plant-based food category, the arable land needed (ALN;,,,.) is formulated according to the desired
production rate (ProdDesp;4,,:) and the expected crop vield (YieldExpp,an:), Which is a 1-year time-averaged

value of the crop yield over time.

ProdDespjgn: (t)
YieldExpPlant (t)

ALNpign:(t) = (6.1)
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ProdDesp;,,; Of each plant crop is the sum of the demand for that crop to be used as food, livestock feed, and
in other sectors. The estimate procedures of crops to be used as food and livestock feed are described in the
section. Crop to be used in other sectors is quantified as a constant ratio of total plant-based food demand. The
actual production of each plant crop is the lower value of ProdDesp,,,,, and the production volume calculated as
crop yield multiplied by the area harvested. Crop yield is formulated with respect to a reference yield value in
2016 with the dynamic multiplicative impact of fertilizer application, water withdrawal rate and technology
change. The total agricultural land requirements are estimated by dividing ALN;,,,,, by the annual share of
arable land in the total agricultural land. The rest of agricultural land is proportionally distributed as permanent

cropland and permanent meadows and pastures according to their annual share in agricultural land.

The discrepancy between agricultural land requirement and available agricultural land pushes agricultural
production systems either towards more fertilizer use to increase the crop yields and reduce the land
requirement, or to deforestation and other land requisition to expand the agricultural land. Eventually, food
supply is dependent on the land available, hence harvested, for each food category, and the crop (or meat)

yields that depend on fertilizer use, water availability and other agricultural management practices.

FeliX includes nitrogen and phosphorus fertilizer use in agriculture, from commercial sources or livestock
manure. Both fertilizers, as well as their impacts, are modeled in a similar framework that focuses on chemical
inflows to and outflows from agricultural land. Here we describe the model structure only for phosphorus (P) as

an example.

Global P balance with major inflows and outflows follows an input and output framework (MacDonald et al.,
2011) and the biochemical processes of phosphorus (Dumas et al., 2011). In general, the global P stock in soil
accumulates with the commercial P fertilizer inflow and the inflow of manure as a fertilizer, and depletes with
two outflows: the uptake by crops and the loss of P via erosion, leaching to freshwater systems and surface
runoff. The residual P stock and flows are modeled in terms of the volume of elemental P, except the
commercial fertilizer production and application, which are reported as the volume of P>0s content and then
converted to elemental P. The application of commercial P fertilizers is modeled as the minimum of P demand
from agriculture and P supply. P demand from agriculture is formulated based on a reference application rate,
taking into account the effect of income levels and land scarcity, capturing the phenomenon that wealthy
countries use more fertilizers. Both effects are formulated as logistic functions based on GWP and the land
pressure (ratio of global agricultural land demand to the available agricultural land), respectively. P supply for
agriculture is a fraction of the total P rock extraction. This fraction is set as 0.9, since the agricultural use has
been on average 90% of the total P.Os produced between 2002 and 2015. P uptake by crops are estimated as
a weighted average of the P contents in individual food category, using the data from USDA Food Composition
Databases (USDA, 2020). We assume a nonlinear relation between P uptake and crop yields, based on the

agronomic dynamics of crop growth (Yin & Struik, 2010) that result in sigmoid growth.
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Figure 30: Land use (a) and fertilizer application (b) in the Reference simulation compared to the historical
dynamics (Data source: FAO, 2025c).

7. Biodiversity

The biodiversity module is based on population carrying capacity, representing global biomes mean species
abundance (MSA). MSA is formulated as a stock variable increased by species regeneration rate (Regeneration)
and decreased by species extinction rate (Extinction). In addition, MSA approaching species carrying capacity
(SpecCapacity) limits the regeneration rate and intensifies the extinction rate. These processes are quantified as
logistic functions and based on the ratio between the MSA and the species capacity, the regeneration factor and

the extinction factor.

SpecCapacity is calculated based on the maximum value of species carrying capacity (SpecCapacityay),
representing maximum sustained population size, and influencing factors related to fertilizers consumption
(Impactfaivzcs,.,), biomass production for energy purposes (Impactgioiass..,,), climate damage
(Impactgiinate ..) and land use change (Impactpit o sitr,)- The four influencing factors are estimated by
logistic functions. All these drivers are known to adversely affect biodiversity, yet their precise impacts are not
quantified yet. Therefore, these functions are quantified to explore different scenarios but not calibrated
formally due to the lack of data. Still, the rate of change in MSA indicator aligns with other modeling studies
(Leclere et al., 2020; Schipper et al., 2020) in terms of the order of magnitude and the rate of change in 2010-

2050.

SpecCapacity(t) = SpecCapacity,,q, * Impactl’:f:;ﬁfjf:ity (t) *

biomass climate land
* ImpaCtbiodiversity (t) * [mpaCtbiodiversity (t) * ImpaCtbiodiversity (t) 7.1

8. Food demand and social dynamics

In the FeliX model, social dynamics of dietary shifts are captured by dividing the population into two groups (in
addition to gender and age sub-groups): (i) Conventional diet followers, such as meat eaters, and (ii)
alternative diet followers, such as vegetarians. The population flows between these two dietary choices depend
on income (represented by GDP per capita) and social and behavioral factors such as climate and health risk
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perception, self-efficacy and social norms that underly pro-environmental behavior. The modelling of these
psychosocial mechanisms is described in Eker et al. (2019).

Followers of conventional and alternative diets are assumed to consume a predefined mix of eight food
categories. The dietary compositions for each of these two consumer groups are taken into account in terms of
the fractions of the total daily caloric demand, whereas the total caloric consumption is assumed to be gender
and age dependent based on the caloric need estimates by the USDA Center for Nutrition Policy and Promotion
(USDA, 2020). The model includes the flexibility to assign a different dietary composition to each consumer
group. For instance, the conventional diet followers can be assumed to consume the world's average diet as
estimated from the FAO Food Balance Sheets, and the alternative diet followers can be assumed to consume a
flexitarian, that is, EAT-Lancet diet (Springmann et al., 2018).

Equation 8.1 exemplifies the demand calculations for grains as a representative of the eight categories. Total
annual caloric demand for grains (FoodDemandyins) is the sum of total grain-based caloric intake by the
conventional and alternative diet followers, where Intakegrinsar is the annual per capita intake of grain-based
calories in the alternative diet. Popa« refers to the population of alternative diet followers. This average intake
(Equation 8.2) is a fraction of the annual total caloric intake per capita (Intakerwta), and the fraction (pgrains,ar) is
52%. The global average of total caloric consumption per capita has been increasing in the past decades mainly
due to increasing wealth. Therefore, Intakerw: is formulated (Equation 8.3) as the multiplication of a reference
intake per capita (Intakerwt") and the effect of income on food intake. The effect of income on food intake is a
logistic function calibrated according to the historical data of the Gross World Product and average total caloric
consumption.

FOOdDemandgrains (t) = (Intakegrains,alt(t) * Popalt(t) + Intakegrains,conven(t) * Popconven (t)) (81)
Intakegrains,alt (t) = pgrains,alt * Intaketotal (t) (8-2)
Intakeqoea (t) = Intakeiyeq * fincome (GWP per cap(t)) (8.3)

Since caloric intake depends on age and gender, Intakewt Was adjusted for each age cohort and gender based
on the estimated calorie needs for moderate activity levels. We did not include heterogeneity for physical
activity levels, assuming that the moderate level represents the average of various activity and consumption
levels. Therefore, Equation 8.1 can be written in detailed form as in Equation 8.4.

Intakegrqins,aiti,j(t) * Popae,ij(t) +
FoodDemand ;4 (t) = Z Z < g salti,j S 8.4
grame T Intakegrains,conven,i,j (@) = Popconven,i,j () (8.4)

Food production in the model was eventually steered by waste-adjusted food demand. In other words, the food
demand including waste (FoodDemanad*®st€) was formulated as in Equation 8.5, where wyrains is the waste
fraction of supply. For grains, the waste fraction is 0.30, meaning that 30% of all grain production is eventually
wasted. For vegetables, fruits, roots and tubers, the waste fraction is 45%, and for the remaining food
categories, it is 20% (FAO, 2015)

FoodDemand j4ins(t)

FoodDemandy v (t) =

" (85)
grains
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9. Nutrition

The Nutrition Module in FeliX focuses on estimating caloric and nutritional availability based on the food
produced. It serves two main purposes. First, it links nutritional outcomes to social indicators such as health
and well-being, allowing for a better understanding of how food system performance affects human
development. Second, it establishes key baseline indicators to assess the efficiency of food systems, for
example, measuring freshwater withdrawal per unit of protein.

9.1. Caloric and Nutritional Availability

Availability refers to the amount of food content available for human consumption after losses in the supply
chain, but before accounting for food waste at the consumer level. While this does not represent actual intake,
availability is commonly used for health-related metrics (such as PoU) because it is more readily available than
direct intake data.

Caloric Availability captures the total amount of energy available from food (Equation 9.1) and also how they
might be distributed based on age-sex subgroup (Equation 9.2). The caloric value (CalValuer,,,) used is
calculated using FAO (2025c¢) data on food supply in calories, divided by production in tonnes, and then
reaggregated into the eight FeliX food categories. The caloric distribution of availability (CalDistribution,ge sex)
is assumed to be a constant that follows the same distribution of caloric demand in each group (Age, Sex). Both
distributions are estimated based on a reference dataset from 2000-2015.

For total caloric availability:

CalAvail(t) = Z SUPPLYrooa(t) X CalValueg,oq 9.1)
Food
For each Age-Sex subgroup:
CalAvailyge sex (t) = CalAvail(t) X CalDistribution,ge sex (9.2)

Where:
e Food indexes food items,
e Age,Sex index age and sex groups,

e CalDistribution,g, s, is the share of calories allocated to group (Age, Sex) (assumed constant, based
on a reference from 2000—-2015).

Nutritional Availability accounts for key macronutrients—i.e. fat and protein—available in the food supply.
The model captures total nutrient availability (Equation 9.4), disaggregated by food categories (Equation 9.3)
and further by age—sex groups (9.5). Nutritional values (NutrValuer,,q nytr) are calculated using FAO (2025c)
data on protein and fat availability, divided by total food availability in calories, and then reaggregated into the
eight FeliX food categories. The distribution of nutrients based on age-sex groups follows the caloric distribution

(CalDistribution,ge sex)-

For each Nutrient and Food:

NutrAvai lFood,Nutr (t) = Suppl)’Food (t) X NutrvalueFood,Nutr (9-3)
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Total availability of each Nutrient:

NutrAvaily,.,(t) = N utrAvailgyoq nyer (t) (9.4)

Food

For each Age-Sex subgroup:

NutrAvailyyer age,sex(t) = NutrAvailyy,., (t) X CalDistributionge sex (9.5)

where Nutr indexes nutrients, i.e., protein and fat.

Both Caloric and Nutritional Availabilities are compared with historical data from FAO (2025c), where caloric and
nutritional values are further calibrated (within 15% alignment of historical values) to have a better fit with
historical data. The model generally displays a good fit for both availabilities. As illustrated in Figure 31, the
model provides a detailed representation of each nutrient by food category, capturing food-level detail that is
important for analyses such as examining how diet composition influences nutritional intake.
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Figure 31: Comparing historical and simulated nutritional availabilities. Rows in this figure are by Nutrient Type (i.e. Protein

and Fat, respectively). Columns are by Food Type (i.e. Animal Food and Plant Food, respectively). All simulated results show

a good fit against FAOSTAT data.
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9.2. Prevalence of Undernutrition (PoU)

Prevalence of Undernourishment (PoU) is the Sustainable Development Goal (SDG) Indicator 2.1.1, used to
monitor progress towards ending hunger and ensuring access to safe, nutritious and sufficient food. PoU
effectively estimates the proportion of a population whose habitual dietary energy consumption is insufficient to
meet the minimum energy requirements for an active and healthy life.

It is calculated by comparing the distribution of Dietary Energy Supply (DES) with the Minimum Dietary Energy
Requirement (MDER). The DES represents the average per capita caloric availability of food, while the MDER
defines the lower threshold of adequate intake for each population group. By integrating these two measures,
the PoU quantifies the share of individuals whose energy consumption falls below the minimum required level.
This approach follows the FAO (2014) methodology and is calibrated using Food Balance Sheet data (FAO,
2025¢).

Log-Normal Distribution of Dietary Energy Supply

For each age—sex subgroup, the Dietary Energy Supply is modelled using a lognormal distribution (see Equation
9.6). This distribution adequately represents empirical patterns of energy supply across populations. The
lognormal form is particularly appropriate as it is bounded by zero, reflecting the realistic condition that no
individual within a population cohort can have a negative energy intake. The main parameters of the
distribution are the mean (u), which corresponds to the caloric availability described in the previous section, and
the variance (¢2), which captures the degree of variability—larger values indicate greater dispersion.

The formulation applied is the updated approach of FAO (2014), which incorporates a skewness parameter to
the original formula by Naiken (2002) for the purpose of capturing distributional (a)symmetries at national or
regional scales, such as increasing inequalities within populations. As FeliX is at an aggregated global scale, the
baseline assumption is no skew and that any variation of this skew can be explored in scenario experiments or
the Regional FeliX.

ln(DESAge,Sex(t)) ~ N, a?, a) (9.6)

where:

2

Mean: g = In(CalAvailyge sex(t)) — =
o Variance: ¢ = 0.3 (average variability based on FAO (2025c) from 2000-2024)
o Skew: a = 0 (baseline assumes no skew)

Minimum Dietary Energy Requirement (MDER)

Human energy requirements for an individual in a given sex/age class are determined based on normative
requirements for basic metabolic rate (BMR) per kilogram of body mass, multiplied by the ideal weights that a
healthy person of that sex/age class may have, given his or her height, and then multiplied by a coefficient of
physical activity level (PAL) to take into account physical activity.

Specific formulas for basal metabolic rate (BMR) are provided in the Human Energy Requirements report (FAO,
2008). BMR estimates rely on BMI reference values from WHO guidelines combined with average heights from
WHO growth standards (WHO, 2025).
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MDERAge,Sex = BMRAge,Sex X PALAge,Sex 9.7)

where:

o BMR 4. 5. = basal metabolic rate for the subgroup (kcal/day), depending on age, sex, and body

weight.

o PAL,g. sex = Physical activity level, reflecting typical energy expenditure. Here we assume PAL = 1.5

based on UN guidelines.

Prevalence of Undernourishment

The PoU for each subgroup is the probability that DES is below MDER. The total PoU for the population is
obtained by aggregating across all subgroups, weighted by population size.

ln MDERA ,S - ‘u.
PoUsge,sex(t) = P(DESge,sex(t) < MDERagesex) = <1>( ( - ). (9.8)
POUTotal(t) = Z POUAge,Sex(t) : POPUZationAge,Sex(t) (9.9
Age,Sex

where @ is the standard normal cumulative distribution function (CDF)

Figure 32 compares historical and simulated values for Dietary Energy Supply (DES), Minimum Dietary Energy
Requirement (MDER), and the resulting Prevalence of Undernourishment (PoU). Both DES and MDER show very
good agreement with historical data, supporting the assumption of a constant standard deviation (spread) of
0.3 for the period 2000-2024. Because PoU is derived from the relationship between DES and MDER, this close
fit results in a strong fit for PoU as well. However, as seen in PoU estimates before the 1950s—where values
are extremely high—these default parameters may differ depending on historical context. From 1950 onwards,
though, the chosen parameters provide a reasonable and consistent representation of undernourishment.
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Figure 32: Comparing historical and simulated Dietary Energy Supply (DES), Minimum Dietary Energy Requirement (MDER),
and Prevalence of Undernourishment (PoU). DES and MDER show close agreement with historical data, resulting in a strong
fit for PoU. Extremely high PoU before the 1950s indicates parameter sensitivity in earlier periods, but from 1950 onwards,

the model captures undernourishment accurately.
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10. Emissions

FeliX models emissions of three major greenhouse gases: CO2, CH4, and N20. These emissions originate from
four main sectors: (1) Agriculture, (2) LULUCF (Land Use, Land-Use Change, and Forestry), (3) Energy, and (4)
Industry & Waste.

FeliX uses an activity-based emission accounting approach, in which it estimates emissions indirectly from
activities and outputs across different sectors through emission factors. Emission factors (EF;%:,;.,) are
determined in this order of priorities: (1) IPCC default values, (2) Historical data calculations, (3) Model
calibration.

Emisgegyiry (£) = Activity(t) X EFgai iy, Gas € CO,, CHy, N,O (10.1)

The key activities contributing to the various emissions are described in Table 4. Categories of activities from
Agriculture, LULUCF and Industry & Waste are based on FAOSTAT (2025b), while Energy sector activities follow
IEA (2025) guidelines. Emissions for individual activities are likewise calibrated from these sources, while
aggregated emissions for each gas are calibrated using data from the RCMIP protocol (Nicholls et al., 2019).

Table 4. Sector, Activity, and Greenhouse Gas Emission Contributions.

Sector Activity CO2 CHa N20 Equation
Agriculture Livestock & Manure O @ 102
Rice Cultivation QO 10.3
Crop Residue Burning O @ 104
Agricultural Soils @ 105
LULUCF Burning Biomass ® ® o 106
Net Forest Conversion o 10.7
Forestland o 10.8
Drained Organic Soils () 10.9
Energy Oil Production o O @ 10.10-12
Coal Production ® O @ 10.10-12
Gas Production o O @ 10.10-12
Biomass Production ® O @ 10.10-12
Solar Production o 10.10-12
Wind Production () 10.10-12
Industry & Waste Waste Disposal O 10.13
Industrial Activity @ 1014

10.1.Agriculture Emissions

Agriculture activities contribute primarily to CH4 and N20 emissions. FeliX quantifies agricultural emissions
based on the production rate of various food items (see Land use and agriculture). Even the emission formula
from agricultural soils (Emisyy)cuiruresois) Which are based on IPCC (2006) guidelines, are derived from

nitrogen flows (N), which themselves are calculated using the production rates of animal-based food.

1
Emlsfi?isestockManure (t) = Z PrOdAnimalFood (t) X EFgngtockManure X Wd(t), Gas € CH4—: NZO (10-2)

AnimalFood
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FCHa
RiceCultivation

EmisSHe . ivation(t) = Prodgrqains(t) X Grains_to_Rice_Ratio X E (10.3)

FGas
CropBurning’

Gas € CH,,N,0 (10.4)

ioGas —
EmlSCropBurning (t) -

PlantFood

Prodpigntrooa (t) X Residue_to_Production X E

oN20 —
EmlSAgricultureSoils (t) - NCommercial (t) X EFDirect + NManure (t) X EFVolatilization + NLeaching (t) X EFLeaching (10-5)

were calculated from historical data

Gas Gas
and EFCropBurning

where emission factors EF %S .ockmanurer
in FAOSTAT based on the same relationship. For EFS.., . ckmanure, Where the relationship between production
1

and emissions was not linear due to productivity changes, an adjustment factor (Yield (t)) was introduced since

Gas
EFRiceCultivationl

emissions tend to be tied to animal heads rather than production rate (Dong et al., 2009).

Figure 33 compares simulated agricultural emissions from FeliX with historical data from FAOSTAT. The model
shows a numerical fit for both CH, and N,0 emissions, and within expected range of aggregate emission levels
across time. However, slight deviations are observed in behaviour fit, likely due to the limited representation of
production-side dynamics and efficiency improvements within the model structure. Despite these differences,
the main patterns and magnitudes of agricultural emissions are represented fairly.
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Figure 33: Agricultural emissions, comparing simulated results from FeliX with historical FAOSTAT data. The model
reproduces CHa (left) and N20 (right) emissions with good numerical fit, though some deviations in temporal behaviour
arise from the simplified representation of production and efficiency factors.

10.2.LULUCF Emissions

Land Use, Land Use Change and Forestry (LULUCF) activities contribute primarily to €0, emissions, with minor

contributions to N,0 and CH, from biomass burning. FeliX quantifies LULUCF emissions based largely on forest
ForestLand(t) AgriLand(t)
ForestLandg Agriland

land changes and agricultural land changes relative to initial year 1900 stocks (

respectively). See Land use and agriculture for details on the drivers of land use changes.

) ForestLand (t)
EmlslflthForest(t = m X FI\CIgtzForest (10.6)
EmisEO? i1ana(t) = ForestLand(t) X EFE02 i1and (10.7)
43
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AgriLand(t)
Agriland,

Gas

Emisgmingpiomass () = X BurntFraction X EFg i opiomass) Gas € COy, CHy, N, O (10.8)

Agriland(t)

x EF§%s Gas € C0,,CH,,N,0 10.9
Agriland, as p w2 ( )

- .Gas —
EmlsDrainedSoils (t) - DrainedSoils’

where all emission factors EF§Sorests EFforestianar EFsaningsiomass @A EFSincas0us Were all calibrated within
the model using FAO (2025d) emission data.

As illustrated in Figure 34, the simulated LULUCF emissions show a good fit with historical FAOSTAT data at the
activity level, capturing the contributions of €0, from burning biomass, drained organic soils, and forest
conversions, as well as CH, and N,0 from biomass burning. Note that €0, from Forestland (Emis£92;1ana)
produces a negative value because it refers to the uptake of atmospheric carbon. This is part of the atmosphere
to biomass flux in the carbon cycle (see Figure 37 in Carbon Cycle), alongside similar processes in other
terrestrial, oceanic, freshwater and coastal ecosystems.
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Figure 34.: LULUCF Emissions, comparing simulated results from FeliX with historical data FAOSTAT. Much of LULUCF
emissions are CO2 across activities such as Burning Biomass, Drained Organic Soils, Forest Conversions, but also produce

some CH4 and N20 from Burning Biomass.

10.3.Energy Emissions

Energy emissions contribute primarily to €0, emissions, with smaller contributions to CH, and N,0. C0, is
released from widespread fuel burning for electricity, heat, and transportation; CH, is emitted mostly from
natural gas systems and coal mining; and N,0 arises from certain combustion processes for fossil fuels. The
energy sector supports various end uses, including industrial activities, agricultural production, residential and
commercial energy use, and transportation.

Emissions from the energy sector are based solely on the annual production rates of different fossil and
renewable energy sources (Prodgy.,4, in Energy), including oil, coal, gas, biomass, solar, and wind. Carbon
emissions from fossil fuels also include the effect of carbon capture and storage technology.
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Emisc??  (t) = Z Prodgyergy (t) X EFL%2  Energy € 0il, Coal, Gas, Biomass, Solar, Wind (10.10)

Energy Energy’
Energy
Emisgfgrgy(t) = Z Prodgyergy (t) X EFECnI:‘;gy, Energy € 0il, Coal, Gas, Biomass (10.11)
Energy
Emisévrfgrgy(t) = Z Prodgpergy (t) X EFEA;Z;W, Energy € 0il, Coal, Gas (10.12)
Energy

.. CO, CHy N0 . . . .. . .
where emission factors EFg, .. .,s EFgyergyr EFenergy @re calibrated to historical emissions within the uncertainty

ranges of the unit emissions of energy production (IPCC, 2014).

Figure 35 compares simulated energy-related emissions from FeliX with historical data from IEA. The left panel
presents total aggregate carbon emissions from fossil fuel combustion, showing both strong numerical
agreement and consistent temporal behaviour with observed trends. The right panel presents CH, emissions by
energy source—oil, gas, coal, and biomass—illustrating how sectoral contributions behave over time. Generally,
the model captures the overall magnitude of energy emissions and their underlying source-level detail with

reasonable accuracy.
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Figure 35: Energy emissions, comparing simulated results from FeliX with historical FAOSTAT data. Left: total aggregate
carbon emissions from fossil fuels, showing good numerical and behavioural fit. Right: CH4 emissions disaggregated by
energy source (oil, gas, coal, biomass), illustrating consistent representation of source-level trends.

10.4.Industry and Waste Emissions

In FeliX, emissions from Industry and Waste are modeled indirectly through their relationship with Gross World
Product (see GWP in Economy).

CH4 from Waste emissions are calculated using the Municipal Solid Waste (MSW) disposal rate, which is
estimated from GWP using the IPCC (2000) formulation:

Emissiongt, . (t) = MSW (GWP)(t) X EFgi,, (10.13)

Waste
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where MSW is derived from a linear regression with GWP (gradient = 0.027, constant = 0.5695). The emission
factor EF,, %, is calibrated within IPCC default uncertainty ranges, using a weighted average of different waste

disposal site conditions.

N20 from Industry emissions are calculated as:

Emissionfif;ustrial(t) = Industrial_Activity(t) X EP}ITZZSm.al X Abatement_Adoption(t) (10.14)

where Abatement_Adoption(t) is modeled as a logistic curve from 1980-2000 with a maximum abatement
fraction of 0.8, representing the gradual adoption of N,0 abatement technologies. The emission factor

EFN20 is calibrated using FAO (2025b) emission data.

Industrial

Figure 36 compares simulated industry and waste emissions from FeliX with historical FAOSTAT data. The left
panel shows CH, emissions from waste, which display a very good numerical and behavioural fit with historical
trends, showing the accuracy of IPCC’s linear regression formula for MSW. The right panel presents

N, 0 emissions from industry and waste, which also show a good overall fit. This illustrates the usefulness of
abatement adoption representation, which captures the flattening of the N,0 emission curve over time.
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Figure 36: Industry and waste emissions, comparing simulated results from FeliX with historical FAOSTAT data. Left: CHa
emissions from waste, showing good numerical and behavioural fit. Right: N20O emissions from industry and waste, with
good fit due to the abatement adoption and the resulting flattening of emission trends.
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11. Gaseous Cycles

FeliX models the atmospheric cycles of three major greenhouse gases: €0,, CH,, and N,0. These gases
accumulate in the atmosphere through emissions from various sectors (see Emissions). The atmospheric
concentrations are calculated by converting their respective stocks (C_Stk,m, CH4_Stkaty,, and N20_Stku.,,)
from mass units (tons) to volume mixing ratios (ppm or ppb), using their molar masses and the total number of

moles in the atmosphere.
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Figure 37: Stocks and associated flux for major greenhouse gases (i.e., C0,, CH,, N,0) in FeliX

€0, is modeled explicitly through exchanges with the atmosphere, biosphere, soil, and ocean on C-ROADS (J.
Sterman et al., 2012; J. D. Sterman et al., 2013), while CH, and N, 0 are represented as first-order impulse-
response with single atmospheric stocks with chemical lifetimes adapted from FaIRv2.0.0 (Leach et al., 2021).

The cycles of these gases are also interconnected in the atmosphere. Orange arrows in Figure 37 indicate key
interactions: carbon fluxes from soil and biomass generate natural CH, emissions, linking the €0, and CH,
cycles. Furthermore, the breakdown of CH, in the atmosphere produces carbon compounds, creating a

feedback into the carbon cycle.
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11.1.Carbon Cycle

Stocks of carbon are considered in the atmosphere, biosphere, mixed ocean layer, and four deep ocean layers
(Figure 37). Carbon in the atmosphere (C_Stk,,,,) accumulates through total carbon emissions formulated
above. Carbon in the biosphere is captured in biomass (C_Stkg;..,,) and soil (C_Stkgy;;). C_Stkg;om includes
carbon stock in leaves, branches, stems, and roots, whereas C_Stkg,;; includes carbon stock in litter and humus.
As the concentration of C_Stk,,,, rises, it forces an increase of the uptake by ocean and biosphere. Carbon flux
from the atmosphere to the biomass is modeled according to the formula in Wullschleger et al. (1995) and
grows logarithmically as the concentration of C_Stk,.,, increases. The residence of C_Stkyg;,,, depends on
average lifespan. The outflow of C_Stky;,, is partitioned between carbon flux from the biomass to the
atmosphere and to the humus according to humification fraction. The outflow from C_Stks,;, is equal to its
content divided by its average lifespan in the humus. The flux between C_Stk,,,, and carbon stock in the mixed
ocean layer (C_Stk,,,) adjusts to an equilibrium that considers buffer factor, a measure of the resistance to
atmospheric carbon dioxide being absorbed by the ocean surface layer. The buffer factor itself rises with the
atmospheric concentration which decreases ocean absorption capacity. Deep ocean diffusion fluxes are modeled
as a simple eddy-diffusion structure.

11.2.Methane Cycle

Methane (CH,) is modeled as a first-order impulse-response system with a single atmospheric stock. The
system includes inflows from natural and anthropogenic emissions, while outflows occur through atmospheric
breakdown with a chemical lifetime (z.y, ~ 12 years).

Atmospheric Methane Stock:

CHA4_Sth e ()

CH4 _Stkyp (t + 1) = CH4_Stkyen, (t) + Emisgih opogenic ) + EMisgatyq () — o © (11.1)
Natural Methane Emissions:

Emis§it o (t) = (C_Fluxgiom-cuaaem + C_FUuXsouchanim) X Ef fect(TempChange(t)) (11.2)
where Effect(TempChange(t)) represents the impact of temperature change on biological CH, release.
Methane Lifetime Dynamics:

Ten, (t) = 19 X Effect(TempChange(t)) x Ef fect (%,%) (11.3)

where t, is the baseline lifetime, Ef fect(TempChange(t)) is the temperature-dependent scaling factor, and

Effect M,M accounts for the influence of atmospheric N,0 and CH, concentrations. Formula is inspired by
No ' My

the FaIR Model (Leach et al., 2021) and calibrated in FeliX.
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11.3.Nitrous Oxide Cycle

Nitrous oxide (N,0) is modelled as a first-order impulse-response system with a single atmospheric stock. The
system includes inflows from natural and anthropogenic emissions, while outflows occur through stratospheric
reactions with a chemical lifetime (zy,, =~ 114 years).

Atmospheric Nitrous Oxide Stock:

N20_Stk e ()

N20_Stkyem (t + 1) = N20_Stkpem (t) + EmisgiS opogenic ) + Emisyapa(t) — =) (11.4)
Natural Nitrous Oxide Emissions:

EmisN20,,a/(t) = Emisy x Ef fect(TempChange(t)) (11.5)
where Ef fect(TempChange(t)) represents the impact of temperature change on biological N20 release.
Nitrous Oxide Lifetime Dynamics:

Tn,0(t) = 7o X Effect(N20gy(r)) (11.6)

where t, is the baseline lifetime, and Effect(N20_Stk(t)) is a scaling factor that grows exponentially with
atmospheric N,0 stock. Formula is adapted from the FalR model (Leach et al., 2021) and calibrated in FeliX.

Figure 38 presents the comparison of atmospheric concentrations for C0,, CH,, and N,0 with respect to
historical data, which serve as key indicators for assessing the reliability of each gas cycle in FeliX. Among
these, €0, and N,0 show very good numerical and behavioural agreement with observed atmospheric
concentrations, indicating that the model represents their respective emission sources and sinks well. CH,
exhibits a weaker fit, largely due to the challenges in accurately capturing methane emissions, which are highly
sensitive to technological factors and activity-level details. Additionally, the short atmospheric lifetime of CH,
causes its concentration to respond quite sensitively to variations in emissions.
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Figure 38: Comparison of simulated atmospheric concentrations for COz, CHs, and N20 with respect to historical data taken
from the RCMIP protocol. CO2 and N20 show strong numerical and behavioural fit with observations, while CHa displays
greater deviation due to its sensitivity to technological and activity-level factors and its shorter atmospheric lifetime.
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12. Climate

The climate module in FeliX is based on the C-ROADS model (J. Sterman et al., 2012), which in turn refers to
FREE model (Fiddaman, 2002) and DICE model (W. D. Nordhaus, 1992). The Earth’s radiation budget is
constrained to the temperature change due to carbon dioxide (C0,), methane (CH,), nitrous oxide (N,0),
halocarbons and other forcings (e.g., aerosols, 05, etc.).
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Figure 39: Energy Balance Model. Heat is exchanged among the atmosphere and upper ocean, and four deep ocean layers.
The figure illustrates the different heat fluxes that drive the climate system in this model.

As shown in Figure 39, the temperature change in the model is driven by three main mechanisms: radiative
forcings from greenhouse gases, feedback cooling from outbound longwave radiation, and heat transfer
between atmospheric-upper ocean and deep ocean layers. The temperature change (TempChange) is
calculated as the ratio of current heat content in the atmosphere and upper ocean (Heatimypperocn) to their
combined heat capacity:

HeatAthpperOcn (12 1)
HeatcapaCitYAthpperOcn

TempChange =

12.1.Radiative Forcing

In FeliX, temperature change is driven by forcings from €0,, CH,, and N,0, computed based on atmospheric
concentrations as described in Gaseous Cycles. These three gases account for approximately 87% of total
anthropogenic effective radiative forcing as of 2019, according to IPCC AR6 (IPCC, 2023). The remaining
forcings are generated exogenously based on historical data and the future projections from Representative
Concentration Pathways (RCPs) (Byers et al., 2022).

www.iiasa.ac.at 50



Total effective radiative forcing (RF,,;) is the sum of the contributions from C0,, CH,, and N,0 and other
climate drivers:

RFrotqi(t) = RFcoz(t) + RFcpa(t) + RFyz0(t) + RFpeners(t) (12.2)
CO2, N20, and CHa forcings: The radiative forcing of each of these gases is calculated based on their

atmospheric concentrations, as determined by the gaseous cycles module. The formulas are adapted from
(Meinshausen et al., 2020), which accounts for overlapping effects among the gases:

RFp,(t) = (a’ + cl,/N(t)) : 1n%f) (12.3)
RFyz0(t) = (a/C() + b/ N(®) + /M) + d;) - (VN — /N (12.4)
REcua(®) = (/M@ + bs - (YN + d5)) - (VM - 7, ) (12.5)

Where C(t), N(t), M(t) are the atmospheric concentrations of CO2, N20, and CH4 at time ¢, and C,, Ny, M, are
their pre-industrial values. a’, a,, b,, ¢c;, d,, a3, bs, d5 are coefficients which can be found in Table 3 of

Meinshausen et al. (2020).
Other forcings: Forcings from halocarbons, aerosols, ozone, and other climate drivers are applied exogenously

based on RCP projections. This formulation ensures that radiative forcing responds dynamically to the emissions
of the primary greenhouse gases while maintaining consistency with established climate projections for

secondary forcing agents.
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12.2.Feedback cooling

Feedback cooling due to outbound longwave radiation governs the feedback mechanism of the atmosphere and
the upper ocean. The rate of cooling is determined by the climate sensitivity—a metric used to characterise the
response of the global climate system to a given forcing. It is broadly defined as the equilibrium global mean
surface temperature change following a doubling of atmospheric C0,. This is estimated as 3°C based on IPCC
AR4 (Hegerl et al., 2007).

12.3.Heat transfer

The Energy Balance Model in FeliX tracks heat stocks between the atmosphere, the upper ocean, and four
layers of the deep ocean. Heat transfer into the deeper ocean layers is modeled as a function of eddy diffusion,
which also governs the movement of carbon through the deep ocean. FeliX represents four distinct deep-ocean
layers: 100-200 m, 200-700 m, 700—2000 m, and 2000+ m.

13. Wellbeing (Years of Good Life)

We operationalize wellbeing mostly through the novel comprehensive wellbeing indicator YoGL (Years of Good
Life), a measure developed by which aims at estimating the remaining years of life an individual can expect to
live in a “"good” state. By considering the changing characteristics of human populations that reflect the overall
wellbeing of society, YoGL is specifically designed to assess the sustainability of long-term development
trajectories (Lutz et al., 2021).

YoGL is built on the fundamental assumption that for individuals to experience any quality of life, they must first
be alive. However, recognizing that mere survival alone is insufficient to capture wellbeing, YoGL is contingent
upon meeting minimum standards of both objectively observable conditions (capable longevity) and subjective
life satisfaction. Drawing on earlier works by Desai, Sen, Boltvinik, et al. (1992), the objective conditions
measuring "capable longevity" are further divided into three dimensions: being out of poverty, being cognitively
enabled, and being physically healthy. To be considered as "good" years in the YoGL calculation, individuals
must surpass critical thresholds in all three objective dimensions and report also a minimum level of overall life
satisfaction.

To calculate YoGL, we apply the well-established Sullivan method (Sullivan, 1971). It combines data from a
regular life table with cross-sectional data on a specific phenomenon of interest, allowing for the quantification
of proportions of the population in different states. In the case of YoGL, the state space includes different levels
of subjective satisfaction with life, as well as the objectively assessed states of poverty, cognition, and health.
The proportions of people in different states are calculated at different ages before they are used as weights for
the age-specific life table person years lived, from which life expectancies in different states can be obtained
using conventional life table techniques. The formula for calculating YoGL at age x is depicted in Equation 4.1:

1 A

YGLA(6) = s Z OO 4.1)
X j=x

i (8) = pyj(6) hy;(t) e (2) (4.2)
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where [, stands for number of survivors at age x (beginning of interval j), L; stands for the person-years lived
in the age interval j and n; stands for the prevalence of the state of interest in the age interval j, i.e., age-
specific proportions of the population that are not living in poverty, are (at least) in basic physical and cognitive
health, and report positive life satisfaction. Finally, A denotes the last (open) age group in the life table (i.e.,
100+).

While 7; should be ideally derived from objectively assessed individual characteristics as measured in
representative cross-sectional surveys (Lutz et al., 2021), such an approach is not possible to implement in a
global macro model such as FeliX. Therefore, the different dimensions of YoGL are estimated as endogenous
variables as will be explained further in the following sub-sections. =; is then calculated as the product of age
and gender specific proportions of people out of poverty (p;), people meeting or exceeding basic health (A;),
and people meeting or exceeding basic cognitive functioning (e;) as Equation 4.2 shows. Given the lack of data
on subjective life satisfaction on the global level, we exclude it from the formulation of the dynamic prevalence
rates.

13.1.Being out of poverty

The age- and gender-specific proportion of people out of poverty (p;;) is directly derived from the poverty rate
PR;; (as detailed in Section 3.3), following Equation 4.3:

pij(t) =1—PR;(t) (4.3)

13.2.Basic physical health

The proportion of people with basic physical health (%) is estimated using the ratio of health-adjusted life
expectancy (HALE) to life expectancy (LE), for each gender /and age group Jj, as shown in Equation 4.4.

hi;(t) = HALE,(©) (4.4)
LE;(®)

LEjis derived from Jife expectancy at birth (LE) as described in Section 2.3. HALEjis derived from healthy life

expectancy at birth (HALE;) with coefficients (p;) estimated from historical data (Equation 4.5). The ratio of

HALE at any age to HALE at birth has been almost constant over time, as shown by historical data obtained

from the Global Burden of Disease (GBD) data for the years 1990-2020 (A. D. Lopez & Murray, 1998) and

depicted in Figure 40. Therefore, the age coefficients of HALE are assumed to remain constant in the future,

too, and are set equal to the mean of the historical values as shown in Equation 4.6.

_ ZiZis50p5 ()

o e (4.6)
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Figure 40: Ratio of Healthy Life Expectancy to Healthy Life Expectancy at Birth for each 5-year age group and
over time for males (a) and females (b)

HALE at birth is formulated as a function of GDP per capita and daily food supply per capita, especially from
sugar and oil crops. This choice was motivated by the recent findings of Aanegola et al. (2022), who analyzed
the drivers of HALE based on panel data from 30 European countries using machine learning algorithms
designed to infer causality (causal forests). Their findings show that the most important factors affecting HALE
are gross national income (GNI) and body mass index (BMI), followed by educational expenditure. This strong
relationship between HALE, GDP and BMI can be found in global data too, as demonstrated in Figure 41. In
FeliX, we take the GWP per capita as a proxy for GNI, and we approximate BMI by the caloric supply per
person. BMI has increased over time depending on food supply, as Figure 42 shows. If BMI continues to
increase as a result of food supply, the HALE-food relationship would be reversed, though, due to adverse
health effects observed in the overweight population. We derive this non-linear relationship between HALE and
food supply from the panel data across 204 countries over years 1990-2019, using /ocally estimated scatter plot
smoothing, as demonstrated in Figure 43.
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Figure 41: Relationship between average healthy life expectancy at birth (healthy _life_exp) and GDP per capita
(gap), average body mass index (bmi) and educational expenditure as a percentage of GDP (educ_exp). The
top row shows the relationships over time, where each data point refers to the global average value in a year
between 1990 and 2019. The bottom row shows the relationships across countries, where each data point
refers to the values per country averaged over time. The data for healthy life expectancy and BMI is obtained
from the Global Burden of Disease dataset. The GDP and educational expenditure data is obtained from the
World Bank statistics.
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Figure 42: Relationship between body mass index (bmi) and total food supply (tot_supply) and food supply
from sugar and oil crops (so_supply) as calories per person per day. The top row shows the relationships over
time, where each data point refers to the global average value in a year between 1990 and 2019. The bottom
row shows the relationships across countries, where each data point refers to the values per country averaged
over time. The data for BMI is obtained from the Global Burden of Disease dataset. The food supply data is
from the FAO food balance sheets.
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Figure 43. Inverted U-shaped relationship between healthy life expectancy and sugar and oil supply

Therefore, we formulated HALE at birth (HALE) as in Equation 4.7, where the global average HALE for males
and females in year 2000 is the reference value, and the impact of food supply and GDP per capita are
multipliers over this reference value. The impact of food supply on HALE is formulated as a lookup function (#),
replicating the approximation in Figure 43, yet normalized on both the x and y axes according to the actual
value in year 2000 (Equation 4.8). Considering the logarithmic pattern of relationship observed in Figure 41
between HALE and GDP per capita, we use the exponential function form denoted in Equation 4.9 to define the
impact of GDP on HALE. The parameters g and b are calibrated according to the historical values of HALE at
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birth for both males and females in period 1990-2019, after setting the impact of food as defined in Equation
4.8. The resulting function form for the effect of GDP is shown in Figure 44. It is important to note that HALE-
GDP relationship is calibrated in an earlier version of the model where the GDP outcome was different, and it
will be adjusted in the upcoming revision.

HALE;(t) = HALE?°® x Impact?® (t) x Impact/22%(t) (4.7)
Food,; ®

Impact!°°%(¢) = < ollésugar ) 4.8

P hate f FOOdoil&sugar(zooo) ( )

Impact?P (t) = a x (GWP per Capita*(t))b (4.9)

Dmnl

1.15

.65

4

Effect of GDP pc on HALE

Year

2 3 4 5 6
Ratio of GDP pec to the reference

Effect of GDP pc on HLE : BAU.vdfx

(a)

7 8 9

——  Reference

Healthy life expectancy at birth[female]

80

60

40

20

[
1980

2000 2020 2040 2060 2080
Time (Year)

Data

(b)

2100

Figure 44. (a) The impact of GDP on healthy life expectancy and (b) the simulation results for healthy life
expectancy at birth of females (green) compared to the historical values (pink) obtained from GBD dataset.

13.3.Being cognitively enabled

In the original definition of YoGL, Lutz et al. use the results of well-established numeracy and memory tests
recorded in a multi-national survey. In this global dynamic modelling setting, we use the fraction of population
with minimum primary education as a proxy for the cognition component of YoGL. Therefore, the prevalence of
cognition component of YoGL is formulated as the sum of primary, secondary and tertiary education graduates
(See section 2.4), divided by the population for each age and gender, as denoted in Equation 4.10.

PEG;(t) + SEG;;(t) + TEGy;(t)

4.1
Population;;(t) (4.10)

e;j(t) =

14. Baseline Scenarios

Three baseline scenarios outline plausible future pathways aligned with the Shared Socioeconomic Pathways
(SSPs) narratives on energy, land use, food, and climate policy (Riahi et al., 2017), following the calibration of
the FeliX model to these narratives as described in Moallemi et al. (2022). These narratives inform the
parameter assumptions of each baseline scenario. Specifically, the scenarios represent:

e a neutral “business-as-usual” (reference) future,

e a sustainable “green recovery” (optimistic) future, and
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an unsustainable “fragmented world” (pessimistic) future, corresponding to the SSP2, SSP1, and SSP3
trajectories, respectively.

Radiative forcing from non-CO2 gases, exogenous to FeliX, is assumed to follow RCP 4.5, RCP 2.6, and RCP 6.0
for the reference, optimistic, and pessimistic scenarios, respectively. The key assumptions for each scenario are
summarized below.

Reference scenario (SSP2 — Business-As-Usual):

This scenario adopts the SSP2 storyline for population, economic development, and policy, as
implemented in Moallemi et al. (2022). Population growth, fertility, and life expectancy grow at
moderate rates. Demographic indicators follow SSP2 projections, with one modification: climate-related
mortality is included in FeliX, leading to lower life expectancy than SSP2 projections. These impacts are
modeled using the temperature- and education-dependent estimates of Bressler et al. (2021). Economic
growth is moderate, following historical patterns. However, unlike the original SSP2 projections, GDP
per capita is endogenously determined in FeliX; this is done based on labor force, capital investment,
and technological progress, while incorporating climate damages to economic output using the
empirical damage function of Burke et al. (2015) which accounts for long-term impacts of a given
temperature increase, pooled across all regions and income levels.

Optimistic scenario (SSP1 — Green Recovery):

This scenario reflects a sustainable development pathway emphasizing education, human capital
investment, and fast technological advancement. Fertility rates are lower, and healthier lifestyles enable
increased life expectancy, consistent with the SSP1 narrative. Climate impacts on mortality and
economic output are included, as in the reference scenario, with the magnitude depending on the
scenario’s own temperature projections modelled endogenously in FeliX. Low challenges to mitigation
and adaptation are assumed, and non-energy technological progress is set to be 50% higher by 2100
than in the reference case, representing spillover effects from accelerated technological change towards
a green economy.

Pessimistic scenario (SSP3 — Fragmented World):

This pathway depicts a divided world with regional rivalry, characterized by high fertility, low life
expectancy, and weak economic growth. Climate impacts on mortality and the economy are again
incorporated as in the reference case, with outcomes depending on the scenario-specific temperature
trajectory. Here, technological progress in the non-energy sector is assumed to be 50% lower by 2100
relative to the reference scenario, reflecting a sluggish pace of innovation in a persistently fossil-
dependent world facing stronger climate damages (Donadelli et al., 2021).

To calibrate the demographic variables to the SSPs, we use the population projections updated in 2023 as
provided by Wittgenstein Center for Demography and Global Human Capital (Wittgenstein Centre, 2023). For all
other variables, we use the SSP baseline projections produced by the integrated assessment modelling
community and published in the SSP scenario database (Huppmann et al., 2018). Appendix I lists parameter
values of the FeliX model calibrated to each narrative, as described in Moallemi et al. (2022).

Figure 45 shows the dynamic trajectory of global population in the three baseline scenarios and the
corresponding SSPs. The Reference scenario results in higher population values than SSP2, so does the
Optimistic scenario but only marginally between 2030 and 2060. This is attributed to fertility rates being higher

www.iiasa.ac.at 57



than their SSP projection due to lower economic growth in the presence of climate damages and due to lower
education embedded in the scenario narrative. Still, this means that the direct impact of climate on mortality is
not stronger than the economic impact in these two scenarios. In the Pessimistic scenario, FeliX projections are
lower than SSP3, due to the strong direct climate impact on mortality, and indirect effects through much lower
economic growth. Similarly, Figure 46 shows the educational attainment differences between the baseline
scenarios and the SSP2 projections, specifically for the global tertiary education graduates. In all three
scenarios, FeliX projections are lower than the SSP ones, due to lower economic growth (Figure 47) and the
sensitivity of tertiary education enrolment to GWP per capita (Figure 16a).

The three baseline scenarios deviate significantly from their corresponding SSPs in terms of projections of global
economic output (GWP) as shown in Figure 47 due to the strong climate damage assumption in the former.
Figure 48 shows the GWP projections in the three baseline scenarios without climate damages, where the
difference from the SSPs is smaller, with remaining differences being attributed to the endogenous calculation
of economic output in FeliX with different factors. The temperature projections in the three scenarios underlying
the economic impacts of climate change are shown in Figure 49.
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Figure 45: Global population over time in the three baseline scenarios generated by FeliX and in the
corresponding SSP projections
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Figure 46: Global tertiary education graduates in the three baseline scenarios generated by FeliX and in the
corresponding SSP projections

www.iiasa.ac.at 58



GWP Indicator

800000
00000
s
2 400000
=
200000
0
1900 1020 1040 1960 1080 2000 2020 2040 2060 2080 2100
Time (Year)
———  Optimistic Pessimistic

———  Reference
SSP2_MESSAGE-GLOBIOM 1

Figure 47: Global GDP (gross world product) in the three baseline scenarios generated by FeliX and in the
corresponding SSP projections
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Figure 48: Global GDP (gross world product) in the three baseline scenarios generated by FeliX without climate
damages taken into account and in the corresponding SSP projections
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Figure 49: Global mean temperature change from preindustrial times in the three baseline scenarios generated
by Felix
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Figure 50 - Figure 55 show the comparison of the FeliX projections in the Reference scenario to SSP2
projections of various integrated assessment models used in the IPCC assessments. FeliX projects 7ota/
Radlative Forcing within the range of projections created by other models, except the last two decades of the
century, where the FeliX projection declines (Figure 50). This can be attributed to the decline in the CO2
emissions in the FeliX output in those decades (Figure 51), which is otherwise around 5 Gt/yr higher than the
SSP2 projections. Such higher emission projections in the FeliX compared to the other models is due to the
differences in the agriculture and land use emissions, amongst other factors. As Figure 52 and Figure 53 show,
FeliX projections for the agricultural production from non-energy crops fall within the range of projections by
other models, yet the livestock production is on the higher end of that range in the FeliX model, similar to the
projections by the REMIND-MAgGPIE model. Considering the coal and wind energy production as the two
indicators from the energy sector, FeliX projections similarly fall within the range of projections by other models
(Figure 54 and Figure 55), with coal production already showing a decline in SSP2 towards the end of the

century as in the WITCH-GLOBIOM maodel.
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Figure 50:Total radiative forcing in the Reference scenario generated by FeliX and in the SSP2 projections
created by six other integrated assessment models
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Figure 51: Total global CO- emissions in the Reference scenario generated by FeliX and in the SSP2 projections
created by six other integrated assessment models
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Figure 52: Total agricultural crop production from non-energy crops in the Reference scenario generated by
FeliX and in the SSPZ2 projections created by six other integrated assessment models
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Figure 53: Total agricultural production from livestock in the Reference scenario generated by FeliX and in the
SSP2 projections created by six other integrated assessment models
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Figure 54. Global primary energy production from coal in the Reference scenario generated by FeliX and in the
SSP2 projections created by six other integrated assessment models
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Wind Energy Production Indicator
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Figure 55: Global primary energy production from wind in the Reference scenario generated by FeliX and in the
SSP2 projections created by six other integrated assessment models

15. Regional FeliX

Th global FeliX model does not facilitate fine-scale analysis of socioeconomic-environmental dynamics that take
geographic, socioeconomic and cultural differences into account. To address this limitation, we regionalized the
model to cover 5 distinct regions. Three main challenges are encountered when regionalizing such a feedback-
rich system dynamics model: 1) The full connections and feedback among variables from different modules
make the calibration processes involve multi parameters and/or dimensions and thus time-consuming; 2) Inter-
regional trade should be considered and modelled for products especially fossil fuel products; 3) A large dataset
covering regional even national historic data of key variables is requested for model validation, which involves
collecting, cleaning, and processing of data from different data sources.

This section documents the regionalization procedures of FeliX (denoted as FeliX_R5). We break down the
world into five regions according to United Nations’ regional classifications (UN, 2024), that is, African States
(Africa), Asia-Pacific States (AsiaPacific), Eastern European States (EastEu), Latin American and Caribbean
States (LAC), and Western European and other States including the United States, Canada, Australia, and New
Zealand (WestEu_Dev). The motivation for choosing five regions was to capture main geographic and
socioeconomic differences without extending to the detail of geographically more heterogeneous models. Each
regionalized module follows the global structure and associated variables at the regional scale are calibrated
according to historical data of each region.

The first step is to create a subscript variable (index) Regions with five values according to the regional
classification, representing the regional dimension of the FeliX model. As such, key variables, such as
population, gross domestic production (GDP) per capita, oil demand, etc., will have an extra dimension after the
regionalization. Seven modules (Table 5) are fully regionalized in the second version of regionalized FeliX,
including population, education, economy, energy, land use, fertilizer use, and biodiversity. The water module is
partly regionalized with regionalized water demand by three sectors. The climate module and carbon cycle
module are kept globally (Figure 1). The following sub-sections describe the detailed regionalization procedures
according to the aforementioned three main challenges.

Table 5: The geographical scales of key variables in FeliX_R5 version 2.0

Module Geographical scale
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Global Inter-regional Intra-regional
Population Population dynamics across age
and gender;
Life expectancies.

Education Enrollment and graduation rates;
Labour force.
Economy Capital accumulation;
Gross domestic product (gdp).
Energy Trade of Fossil fuel extraction;
fossil fuels Investment;

Technology advancements;
Energy production;

Market shares;

Energy demands

Diet Diet population shifts;
Change Caloric demand change.
Fertilizer Nitrogen and phosphorus cycles;
Use Fertilizer consumption;
Yields.
Land Use Trade of food Land supply;
categories Land use change;
Land demand;
Food demand;
Agricultural yield.
Biodiversity Species abundance dynamics.
Water Water balance. Water demand.
Carbon Carbon accumulation and Emissions from fossil fuels.
Cycle transfer rate in deep ocean.
Climate Heat transfer in atmosphere,

upper and deep ocean.

15.1. Adding an extra dimension for key parameters

This section describes the regionalization of the population module as an example to demonstrate how the
regionalization process works.

As described in the section Population, population is modeled based on dynamic mechanisms of population
development and population ageing in the five specified regions. FeliX didn't take migration into account when
modelling regional population changes, and thus the population component stands alone at the regional
dimension.

The ageing chain shown in Figure 3 can still represent population dynamics through age cohorts at the regional
level. Population of each gender and age interval in each region (Pop,.gi0n ;) accumulates by birth rate

(Birthyegion,i;), death rate (Death,qgion ), and maturation rate (Matur,.g:0,,,;) by gender (/) and age () in

each region.
dPopulation,egion,;,j(t)
dt -
{ Birthregion,i(t) - Maturationregion,i,j(t) - Deathregian,i,j(t); ifj= '0-4' (14.1)
Maturation,egion,i,j—1(t) — Maturation,qgion,;j(t) — Death egion;;(t); if '5-9' < j <'95-99'
Maturregion,i,j—l(t) - Deathregion,i,j(t); if j ="100+'

The birth rate (Equation 2.3) is modified as,
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'45-49' :
Zj='15-19‘ Populatlonregion,female,j(t) X ASFRregion,j(t)

14.2
Age interval duration ( )

Birthregion,i(t) = Gregion,i X

ASFRy¢gion j(t) = £ (TotalFertility,egion (t)) (14.3)

TotalFertility,.q:0n represents the number of births per woman at reproductive ages (between 15 and 50) in
each region. It considers the effects of education (Impactfasiiior, .,,) and wealth on fertility

GDP
(ImpaCtFertility,region ) .

TotalFertility,egion(t) = NormalFertility,egion X IMpactfgiittion, ion(®) X Impactfoh iy region () (14.4)

where NormalFertility,. 4, iS the reference value of fertility, equal to the historical value of each region in the
year 2000. This formulation also prevents a strong assumption on the monotonic dependence of fertility solely
on education or solely on economic output. Like global setting, Impactfesition, ion and Impactfihiicy region at
the regional level are also formulated as logistic functions based on mean years of schooling and

GDP per Capregion, respectively, following the observed relationship shown in in each region.

Africa AsiaPacific EastEu LAC WestEu_Dev
6 6 6 6 6
i
L 4 4 a4 4 - 4 4
@
= ®
© bl
© 27 27 2 21 0P Toney |
0 1 T O 1 1 O 1 1 1 O 1 1 O 1 1
1250 1500 1750 4000 6000 4000 6000 8000 6000 7000 350004000045000
GDP per capita (2005 US $)
Africa AsiaPacific EastEu LAC WestEu_Dev
6 6 6
| | *-..

Total Fertility
gi@

¢

‘l\
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Figure 56. Observed relationship between total fertility rates and two drivers. The upper row shows the
relationships between average total fertility rates (births per woman at the reproductive age) and GDP per
capita between the years 1995-2023 in each region. The lower row presents relationships between average
total fertility rates and mean years of schooling between the years 1950-2023 in each region.

Death rate (Death,¢gion, gender,age) IN €ach region is formulated as a fraction of the population of each group,

following the global FeliX.
Deathregion,i,j(t) = Populationregion,i,j (t) X Mregion,i,j (t) (14'-5)

where M0, ; IS the mortality fraction by gender and age cohort in each region. M,..g;,,; is also calculated
as a logistic function of regional average life expectancy at birth (LE..4;,,), following the observed relationships
shown in Figure 57 in each region.
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Figure 57: Observed relationship between mortality fractions (M) and life expectancy at birth (LE) between
1950 and 2022. Dots represent historic data. Lines represent the modeled values.

15.2. Modeling inter-regional trade

Trade becomes critically important in a regionalized model setting (Uno, 2002). In a global model, the
assumption of perfect self-sufficiency (i.e., global production equals global demand) neglects the need to model
trade flows. However, in a regionalized model setting, this assumption becomes unrealistic given high
heterogeneity between regions in terms of resource endowments, technological capacity, environmental
constraints, etc. Inter-regional trade plays a key role in benefiting the exporting regions from local advantages
and also meeting local demands of the importing regions if there is a deficit between regional production and
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demand (Dollar & Kraay, 2003). In this context, inter-regional trade must be explicitly modeled to capture the
complex interactions and dependencies among regions. This also allows modelers to trace environmental
responsibilities along the supply chain and quantify how one region’s policy may influence economic outcomes
or emissions in others (Peters & Hertwich, 2008; Wiedmann & Lenzen, 2018).

We develop an import-based trade mechanism to model the trade of fossil fuels and food products among the
five regions. The other three renewable energy sources (i.e., biomass, solar, and wind) are assumed to be self-
sufficient for each region. Figure 58 presents the trade mechanism of pasture meat (PasMeat), as a
representative of all traded products, and the links between trade module and other modules. We use an
Armington style to distinguish domestic goods from imported ones. The Armington approach assumes products
are differentiated by source region, and consumers treat goods produced in different regions as imperfect
substitutes (Armington, 1969). As such, imports of pasture meat in a region are from a single global pool that
draws from all regions, and are also governed by a logit sharing function.

a, Price;?

S,s = (15.6)

Yk QrsPrice;?
where S, is the share of region rin total import of region s; «,. is the preference parameter for pasture meat
from region rin region s; Price, is the price of pasture meat in region r; § is the elasticity of substitution. The
amount of pasture meat, either going into the international market for export or needed to be imported from
international market, depending on the gaps between local demand and production of pasture meat. It
indicates that the re-export of pasture meat is not taken into account in the trade mechanism. The modelling of
trade starts from diet-based demands of pasture meat in regions. Since the dietary module has not been
regionalized, we simply downscale global pasture meat demand into regional level based on population. Inter-
regional import and export to meet the demand, based on the potential production rate, which links to land use,
and vyield in the regionalized land use module. Actual production of pasture meat in each region is calibrated to
historic data at the regional level. The final trade matrix meets both the production and demand of pasture

meat in each region.

/. Land Use Module ,\
Region A / Trade \ Region B \ Region C
PasMeat PasMeat

PasMeat

Production i i
L I Production | ——  Production
J/ — J/
PasMeat
FRE Market PasMeat Domestic PasMeat Domestic
Domestli‘Supply / Supply sUpEw
\ —-..\
S X ~. PasMeat PasMeat

Demand Demand

K/ﬁ A
\ Diet Change Module ’—//

Figure 58: Import-based trade mechanism for a representative fossil fuel (i.e., oil) and three representative
regions.

%
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15.3. Historic data processing and data sources

This section gives an overview of the historical data of key variables in the regionalized FeliX, and associated
data sources. Historical data exactly for the five regions specified in FeliX is rare. We collected most of the
historical data at the national level and used concordances between individual country/economy and region to
aggregate and/or process raw data into cleaned and harmonized ones at the regional level. This step requests
substantial efforts. We use python to process all the data. Python scripts for data collection, cleaning, and
processing can be found in the github repository of felix model, https://github.com/iiasa/Felix-Model.

Most of the demographic data are from United Nations Population Division (UNPD, United Nations (2022) and
Wittgenstein Centre for Demography and Global Human Capital (named as ‘Wittgenstein Centre’ from hereon,
Wittgenstein Centre, 2020). We collected national population by 5-year age group and by sex from UNPD and
aggregated into regional population data at the same dimensions. Total birth rates and total death rates at the
national level are also collected from UNPD as total number of live by sex and total deaths by sex, respectively,
and summed up into the regional level. Processing fertility rate data (including total fertility rates, and age-
specific fertility rates), mortality fraction data, and life expectancy at birth data requests additional work
because they are expressed as fractions. Taking age-specific fertility rates as an example:

1) we first collect fertility rates by age of mother with 5-year interval, and female population by 5-year
age groups at the national level from UNPD;

2) we multiply fertility rates by a certain 5-year age group with female population at the same age group
in each country/economy as total birth rates by mothers at that age group for the country/economy;

3) we sum up total birth rates by mothers from the certain 5-year age group and female population from
the certain 5-year age group into the regional level, and divide the former by the later as age-specific
fertility rate of that age group by region.

> ASFR ion.i X Population ; ;
__ &country country€region,j country€eregion,female,j
ASFRyegion; = (15.7)

Zcountryeregion Populatwncountry&region,female,j

where jis the 5-year age group (e.g., '15-19") between 15 and 49.

In addition to UNPD, Wittgenstein Centre is the other data source that provides comprehensive demographic
data, especially for education-related data. We collect national population by sex, by 5-year age groups and by
level of educational attainment from Wittgenstein Centre. Four levels of educational attainment are
distinguished in FeliX (see Educational attainment and mean years of schooling), that is, no education,
primary education, secondary education, and tertiary education. We use regional concordances to sum up
national population by sex, by 5-year age groups and by level of educational attainment into the regional level
with same dimensions. FeliX also includes an important variable named ‘mean years of schooling’ in delineating
the effect of education on fertility rates, life expectancy, and demand-side needs in other modules. Mean years
of schooling is formulated as the weighted average of the duration of each education level (Equation 2.24). The
weights are determined by the total number of graduates for the respective education level relative to the
population aged 15 and above. Raw mean years of schooling at the national level is also from Wittgenstein
Centre. We use the same calculation procedure of age-specific fertility rate to calculate mean years of schooling
at the regional level.
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Economic data is mainly from the World Bank (The World Bank, 2023), and Groningen Growth and
Development Centre (Feenstra et al., 2015). We collect GDP, GDP per capita, share of consumption of fixed
capital formation in GDP, and share of gross fixed capital formation in GDP, all at the national level, from The
World Bank. The latter three are also expressed as fractions. As such, we use the same calculation procedure of
age-specific fertility rate to calculate associated data at the regional level. Capital stock time series is collected
from Groningen Growth and Development Centre, and summed up from the national level into the regional
level. Capital stock is also used to calculated capital intensity of output, which serves as input variable when
modelling GDP based on the Cobb-Douglas production function. It should also be noted that all the monetary
units are converted into 2005 US dollars based on the inflations of US dollars from The World Bank.

The production and demand of fossil fuel-based energy at the national level are collected from Statistical
Review of World Energy Data (Energy Institute, 2024). The production and demand of biomass energy at the
national level are collected from IEA (IEA, 2024), while production and demand of solar and wind energy are
from IRENASTAT (IRENA, 2024). We use the concordance between individual country/economy and region to
aggregate national energy production and demand data into the regional ones. Market shares of six energy
sources in a certain region are calculated as the share of energy demand by each source in total energy
demand of the region. In addition, variables in the carbon cycle module are highly relevant to energy
production. These variables include carbon emissions from coal energy, gas energy, and oil energy. We use
national CO2 emissions by energy source from IEA (IEA, 2024) and convert national CO2 emissions into carbon
emissions equivalent.

Historic data for key variables in land use and water modules are from FAO-based dataset, FAOSTAT (FAO,
2025d) and AQUASTAT (FAO, 2025a), respectively. For the land module, agricultural land areas, arable land
areas, and forest land areas are collected at the national level. In addition, annual production, harvest areas,
food demand, and yields of eight food categories are also collected from FAOSTAT (FAO, 2025c¢). For the water
module, water withdrawal by agriculture, by industry, and by domestic sector are collected at the national level.
All the national data are aggregated into the regional ones based on the concordance. Percentage of irrigated
land is expressed as fraction, and hence use the same calculation procedure of age-specific fertility rate to
calculate the percentage of irrigated land at the regional level based on agriculture areas actually irrigated and
agricultural land areas.

Lastly, mean species abundance at the regional level is collected from Secretariat of the Convention on
Biological Diversity and Netherlands Environmental Assessment Agency (Secretariat of the Convention on
Biological Diversity and Netherlands Environmental Assessment Agency, 2007).

Appendix 1: Parameterization of the Baseline
Scenarios

This parameterization follows the procedure described in Moallemi et al. (2022) for the calibration of the FeliX
model to the SSP-RCP baseline scenarios obtained from the AR6 Scenario Database. These parameters were
chosen by the modeling team as they best represent the SSP narratives, and the calibrated values were
checked for their compliance with the narratives. For instance, Normal Fertility Variation, which represents the
reference value of the fertility rate, is lower in the Optimistic, SSP1-like scenario, yet higher in the Pessimistic,
SSP3-like scenario.

Parameter Reference Optimistic Pessimistic

Birth Gender Fraction Variation 0.515 0.508 0.511
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Market Share Variation

Normal Fertility Variation 2.630 1.689 3.101
Life Expectancy Variation 65.680 66.668 58.512
Secondary education enrollment 1.000 1.000 1.000
Variation [male, “10-14"]

Secondary education enrollment 0.900 1.000 1.000
Variation [female, “10-14"]

Secondary education enrollment 0.850 1.000 0.438
Variation [male, “15-19"]

Secondary education enrollment 0.850 1.000 0.400
Variation [female, “15-19"]

Tertiary education enrollment 0.390 0.690 0.392
Variation [male]

Tertiary education enrollment 0.400 0.499 0.381
Variation [female]

Persistence Tertiary Variation [male] 0.806 0.880 0.642
Persistence Tertiary Variation [female] | 0.829 0.999 0.629
Capital Elasticity Output Variation 0.425 0.478 0.279
Effect of GDP on Urban Land 1.250 1.125 0.938
Requirement | Variation

Effect of GDP on Urban Land 5.000 5.500 6.250
Requirement xo Variation

Max Energy Demand per Capita 0.000002 0.0000014 0.0000019
Variation

Price Elasticity of Demand Oil 0.600 0.450 1.000
Variation

Price Elasticity of Demand Gas 0.540 0.945 0.638
Variation

Price Elasticity of Demand Coal 0.890 0.801 1.250
Variation

Price Elasticity of Demand Wind and 1.000 1.250 0.500
Solar Variation

Price Elasticity of Demand Biomass 0.800 0.800 1.200
Variation

Reference Change in Fossil Fuel 1.000 1.800 2.200
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Reference Change in Market Share 8.000 8.125 1.000
Solar Variation

Reference Change in Market Share 6.000 2.250 1.000
Wind Variation

Reference Change in Market Share 3.250 5.250 6.000
Biomass Variation

Relative Productivity of Investmentin | 10 10 10
Fossil Fuel Production Compared to

Exploration Variation

Relative Productivity of Investmentin | 1.000 0.500 0.800
Oil Exploration Variation

Relative Productivity of Investmentin | 1.250 0.938 1.438
Gas Exploration Variation

Relative Productivity of Investmentin | 0.150 0.113 0.173
Coal Exploration Variation

SSP Demographic Variation Time 5 10 10
SSP Economic Variation Time 5 10 10
SSP Energy Demand Variation Time 5 10 10
SSP Energy Technology Variation 5 10 10
Time

SSP Energy Production Variation Time | 5 10 10
SSP Land Use Change Variation Time | 5 10 10
SSP Food and Diet Variation Time 5 10 10
RCP Scenario 3 1 4
Climate Policy Scenario 0 1 0
Carbon Price Slope 5 6 0
Climate Action Year 2020 2025 2100
Land Mitigation Policy Multiplier 0.5 0.07 0
Reference CO2 Removal Rate 3.70 x 107 1.75 x 107 0.00 x 100
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