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Since the widespread development of agriculture 10,000 years ago and particularly since

the Industrial Revolution beginning in the 18th century, the coupled Earth and Human systems

have experienced transformative change. The world’s population and Gross Domestic Product

have each increased by factors of at least eight in the last two centuries, powered by the intensive

use of fossil energy and fossil water. This has had dramatic repercussions on the Earth system’s

stability, threatened by Human system activities such as habitat destruction, global warming, and

depletion of Regenerating and Nonrenewable energy resources that increasingly alter environ-

mental feedbacks.

To analyze these changes, we have developed the second generation of the Human and



Nature Dynamics model, HANDY2. HANDY2 is designed to simulate the dynamics of en-

ergy resources and population over the Industrial era from 1700 to 2200, flexibly incorporating

real-world observations of population and energy consumption in an expanded suite of mech-

anisms that track capital investment, labor force allocation, class mobility, and extraction and

production technologies. The use of automated Ensemble Kalman Inversion (EnKI) estimation

for HANDY2’s parameters allows us to accurately capture the rapid 20th-century rise in the use

of phytomass and fossil fuels, as well as the global enrichment of Elites that puts pressure on

natural resources and Commoners. EnKI-derived HANDY2 ensembles project that current world

policies may lead to a collapse in the world’s population by 2200 caused by rapid depletion of

resources. However, this collapse can be prevented by a combination of actions taken to support

voluntary family planning, lower economic inequality, and most importantly, invest in the rapid

expansion of Renewable energy extraction.
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Chapter 1: Introduction

1.1 Why HANDY?

The Earth and Human systems, when considered together, have experienced rapid and ac-

celerating change since the start of widespread agriculture about 10000 years before present.

Over that time period, the world population has grown from several million to eight billion

[Klein Goldewijk et al., 2017], and so has the world’s wealth, driven by an ever-increasing allo-

cation of Earth’s food, energy, and water resources. At first, that was done on a small scale, with

local communities burning primarily woody phytomass for cooking food and heating dwellings

[Smil, 2017]. But with improving technology, and particularly with the discovery of fossil fuels

and fossil water in the Industrial Revolution, no part of the globe remains untouched. Today’s rich

society has dramatically altered the balance of the carbon, nitrogen, and phosphorus cycles [Gal-

loway et al., 2004, Le Quéré et al., 2015, Steffen et al., 2015, Zeng et al., 2014], depleted aquifers

throughout the globe, engaged in widespread habitat destruction in a bid to gain more arable land

[Sodhi and Ehrlich, 2010], emitted large amounts of trace metals into the atmosphere [Pacyna

and Pacyna, 2001], and has caused an unprecedented climate crisis through anthropogenic global

warming [Hansen et al., 2013, McGlade and Ekins, 2015, Steffen et al., 2015]. These trends

show no signs of abating, as the Human system continues to grow with respect to the Earth

system [Motesharrei et al., 2016, Steffen et al., 2015].
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Despite this overall growth, individual human existence has been extremely precarious for

most people at most times in history. Subsistence farmers, 80% of the population in Rome, often

only produced a bare surplus of food for themselves and their families; in bad years, widespread

famine was common [Erdkamp, 2005]. The agricultural surplus supported a small elite class

engaged in many other forms of economic activity, that could be organized more effectively with

increasing state complexity, or could seize more land or resources with military power [Erdkamp,

2005, Rosenstein, 2004]. Yearly and century-scale variations in harvests or resource accessibility

often led to ‘boom and bust’ cycles in overall population, seen in places as far afield as South

America or ancient China [Chu and Lee, 1994, Goldberg et al., 2016].

Yet sufficient shocks to food production, state capacity, or environmental conditions often

led to full-scale collapses in the population and wealth of complex societies. This occurred in

the western Roman Empire beginning in the third century CE. As climate change, plague, and

military weakness disrupted Mediterranean trade networks, estimated per capita wealth dropped

substantially from three times subsistence to near the subsistence level. Elites attempted to main-

tain their relative status in the disruption by imposing serfdom on Commoners and devaluing

citizenship with the Constitutio Antoniniana [Jongman, 2007]. Similar collapses took place in

other ancient societies such as those of Easter Island [Roman et al., 2017] or the Khmer Empire

at Angkor [Evans et al., 2023, Motesharrei et al., 2014]. Collapse was almost never complete or

total. It instead manifested in transitions from high-equilibrium to low-equilibrium states across

time in response to changes in either the Earth or Human systems [Evans et al., 2023, Jongman,

2007].

In light of this history, the world order originating in the post-1750 Industrial Revolution

and particularly the post-1950 Green Revolution has been remarkably stable, as the consistent
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and rapid growth in population and GDP per capita has shown no significant reversals [Mote-

sharrei et al., 2016, United Nations Population Division, 2023]. Yet this may not last. The

ongoing disruption to the Earth System is likely to lead to shortages of critical resources and dis-

ruptions of ecosystem services [Raudsepp-Hearne et al., 2013] as society’s ecological footprint

transgresses several ‘ecological boundaries’ at once [Steffen et al., 2015]. Unexpected weather

events resulting from anthropogenic global warming will add additional strain to systems built

on the assumption of climate stability [Masson-Delmotte et al., 2021, Pörtner et al., 2022]. These

types of shocks have led to recent Earth subsystem models showing a high risk of collapse on a

decadal timescale [Willcock et al., 2023], indicating that our present global society, with a high

equilibrium powered by 200 EJ/yr of usable fossil fuel energy [Energy Institute, 2023], faces

significant existential risk.

In response to these challenges, I and my advisors have developed the second genera-

tion of the Human and Nature Dynamics model, or HANDY2. HANDY2 is meant as a simple

partially-coupled model of the Earth and Human systems that captures the main dynamics of

world population and resource use both before and after the Industrial Revolution. It follows the

seminal first version of HANDY [Motesharrei et al., 2014], which investigated the causes of sim-

ple pre-Industrial societal collapses, and showed how Elite wealth concentration can induce or

worsen them. We have made numerous improvements and additions to HANDY2, which can now

simulate multiple possibilities of collapse in the next two centuries by separately tracking three

types of energy, incorporating technological advancements, and allowing for changing societal

policies. The structure and functionality of HANDY2 has been enhanced via the use of Ensemble

Kalman Inversion (EnKI) [Iglesias et al., 2013] to automatically determine the values of model

parameters, improving accuracy and error estimates in our scenarios of the medium-term future
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to 2200.

1.2 Outline of Dissertation

The following chapters of this dissertation will document the structure and development of

HANDY2, show results we have obtained from the model, and discuss its implications for our

knowledge of past and future resource collapses.

In Chapter 2, we present a brief overview of the original Human and Nature Dynamics

model (HANDY1) and the results in Motesharrei et al. [2014] obtained from it, discussing its

reimplementation in the form of a Julia notebook. We show that each scenario in HANDY1 can

be replicated and is robust to changes in the code used to run the model.

Chapter 3 covers the development of HANDY2 Industrial and the results obtained from

it. Its first sections document the many new additions to the model structure not present in

HANDY1, including the distinction between Regenerating, Nonrenewable, and Renewable en-

ergy resources, as well as variables that track production and efficiency technologies, labor force

allocation, and government policy favoring Renewables investment. We also explain how we

derived real-world historical estimates of population, energy stocks, and energy flows, using data

from the UN Population Division, HYDE, and the Energy Institute’s (formerly BP) Statistical

Review of World Energy [Energy Institute, 2023, Klein Goldewijk et al., 2017, United Nations

Population Division, 2023]. In the last section, we demonstrate in a ‘business as usual’ run of

HANDY2 that continuing current global policies poses a great risk of society undergoing resource

collapse within the next 100 to 200 years. But we show in several other runs how a combination

of three key policy changes—reducing global birth rates, leveling economic inequality, and in-
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creasing investment into Renewable energy—averts collapse and enables a stable and prosperous

future for humanity.

Chapter 4 gives an overview of the Ensemble Kalman Inversion (EnKI) [Iglesias et al.,

2013] technique we use to more accurately estimate parameters in HANDY2. In its basic form,

EnKI attempts to find an unknown set of model parameters u from a known set of observations

y = G(u) + η, model structure G, and a Gaussian error η with fixed covariance Γ. Unlike in

standard Kalman inversion, this is done by searching for solutions within a space A generated

by an ensemble of particles zj0, and minimizing the L2 error of the output y. This is done with

the aid of existing Julia libraries provided by CLiMA [Dunbar et al., 2022]. EnKI is particularly

useful for models like HANDY1 or HANDY2 which have many free parameters, as it does not

directly require the model inverse or derivative, and deals well with local minima that can make

other forms of error minimization difficult.

Chapter 5 documents how we apply EnKI to the HANDY1 model with the aid of the

CLiMA libraries. We demonstrate recovery of HANDY1’s free parameters from noisy pseudo-

observations of a specified Egalitarian, Equitable, or Unequal scenario, in situations with soft

landings to equilibrium and in full type-N (for Nature) or type-L (for Labor) collapses. We

also document the choices made in applying EnKI to HANDY family models. For these experi-

ments in particular, we minimize using a loss function based on the mean-square error of Nature,

Wealth, and Commoner population over the length of the entire model run, add independent mul-

tiplicative noise η to create each pseudo-observation yn, and constrain parameter priors to avoid

unrealistic collapses that take place with unphysical parameter values.

Finally, Chapter 6 presents the results of EnKI parameter estimation for the HANDY2

model. Unlike with HANDY1, we perform loss minimization based on real-world observations
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of population as well as Regenerating, Nonrenewable, and Renewable energy use, and optimize

22 model parameters at once. This allows us to expand on the findings of Chapter 3, creating

scenarios that track the historical record far more closely than could be done manually. We

elucidate how certain HANDY2 mechanisms and dynamics affect model outcomes by comparing

mean estimates of parameter values in a super-ensemble of 50 EnKI runs, made possible by

the stochastic nature of EnKI. Changing policy parameters in the super-ensemble enables us to

test the robustness of HANDY2’s projections of resource collapse by 2200, assuming certain

boundary conditions. In particular, we confirm that the promotion of higher Renewables use is

by far the most important policy mechanism that increases Commoner prosperity and prevents

collapse. We also discuss the implications of HANDY2 for the hypothesis of Pomeranz [2000]

that a ’land shortage’ affecting phytomass availability was the main impetus behind the use of

Nonrenewable coal in Britain and Europe, at the start of the Industrial Revolution.
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Chapter 2: Reproduction of HANDY1

2.1 Model Structure

The original version of HANDY, HANDY1 [Motesharrei et al., 2014], is a minimal model

that simulates 500 to 1000 years of pre-Industrial human activity with only four basic state vari-

ables. Within HANDY1, stocks of Wealth w are produced from Nature y, both represented in

units of ecodollars, by Commoners xC . The Wealth is then consumed by both Commoner and

Elite populations xE . Various scenarios presented in the HANDY paper explore the cycles of

growth and collapse that can occur on these multi-century timescales, resulting from the deple-

tion and replenishment of Nature. HANDY1 uses Regenerating biomass energy as a proxy for

Wealth, consistent with the historical evidence for forests (in North America and Europe) and

crop residues (in East and South Asia) being the main energy source for productive societal ac-

tivities before the Industrial Revolution [Pomeranz, 2000, Smil, 2015, 2017].

We begin by showing the governing equations for the state variables of HANDY1, which

are as follows. (Motesharrei et al. [2014], eq. 3)
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ẋC = βCxC − αCxC (2.1a)

ẋE = βExE − αExE (2.1b)

ẇ = δyxC − CC − CE (2.1c)

ẏ = γy(λ− y)− δxCy. (2.1d)

Specifically, Commoners and Elites in HANDY1 increase in population at a per capita

birth rate given by a constant βC or βE respectively. They die at a variable death rate αC and αE ,

with the overall population growth rate being the difference of the two. Extraction of Nature to

produce wealth is given by the product of Commoner population xC , Nature y, and a depletion

constant δ, and decreases by the sum of Commoner and Elite consumption CC and CE . Finally,

Nature regenerates to a maximum of λ with a logistic function that has a rate proportional to γ,

both constant, and is drawn down by the yearly production of Wealth given above.

The non-constantsCC,E and αC,E in the above formula are given below, in forms equivalent

to those of Motesharrei et al. [2014] (eqs. 4-6).

ω = w/(ρ(xC + κxE)) (2.2a)

CC = min(1, ω)sxC (2.2b)

CE = min(1, ω)κsxE (2.2c)

αC = αmin +max(0, 1− ω)(αmax − αmin) (2.2d)

αE = αmin +max(0, 1− κω)(αmax − αmin). (2.2e)
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Commoner consumption CC is given as the product of the per capita consumption rate ω

(capped at 1), population xC , and the subsistence salary s. Likewise, the commoner death rate

αC is also determined by ω and the constants of maximum death rate αmax and minimum αmin,

reaching the minimum when ω = 1. The formulae for Elites are similar with the addition of an

inequality factor κ, as Elites will continue to consume a disproportionate amount of Wealth, κ

times as much as the Commoners, even as the Commoners starve. Finally, ω itself is determined

by the total wealth w divided by the minimum subsistence wealth ρ times the sum of Commoners

and equivalent Elites.

The above formulae determine a consistent theoretical model with twelve free parameters

and four state variables. While the original authors implemented it in the systems-modeling pro-

gram Vensim, it is straightforward to translate to other programming languages including Python

and Julia. The supplementary data files provide an example of a Jupyter notebook (handy1 -

plot code.ipynb) which replicates the HANDY1 model and plots the results.

2.2 Replication of HANDY1 Results

By using the same parameters as found in Motesharrei et al. [2014], we replicate the sce-

narios and results in the original HANDY paper. Figure 2.1 shows what happens in an Egalitarian

society (as in section 5.1 of Motesharrei et al. [2014]), with no Elites and with various levels of

depletion δ. In the first scenario with the lowest level of depletion (2.1a), the Human system

reaches a point of stability, or soft landing, within about 600 years from the scenario’s start. As δ

increases (2.1a, 2.1c), the model variables begin to oscillate around a steady state. At the highest

levels of depletion (2.1d), a full collapse occurs as the stock of Nature is completely depleted.
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All state variables, including Commoner and Elite population, eventually become zero.

(a) δ = 6.67 ∗ 10−6 (b) δ = 1.67 ∗ 10−5

(c) δ = 2.67 ∗ 10−5 (d) δ = 3.67 ∗ 10−5

Figure 2.1: A graph of state variables from Egalitarian runs of HANDY1 with
increasing depletion δ. The color scheme and units are as in Motesharrei et al.
[2014], but vertical scale is different.

Similar dynamics occur in an Equitable society (section 5.2 of Motesharrei et al. [2014])—

one where there is a small pool of non-workers that consume resources at a rate κ = 1 identical

to that of the Commoners, but do not extract Nature. Figure 2.2 once again shows a progression

from stable equilibrium (2.2a), to oscillatory collapse (2.2b, 2.2c), and then to full collapse (2.2d),

with slightly higher values of depletion δ than in the Egalitarian case.

Conversely, the Human system becomes much more unstable in an Unequal society, where

there are non-working Elites that consume κ = 10 or κ = 100 times more than the Commoners.

Figure 2.3a replicates the type-L (for Labor) collapse scenario from section 5.3.1 of Motesharrei

et al. [2014], where a small amount xE = 10−3 of Elites with very high levels of inequality are
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(a) δ = 8.33 ∗ 10−6 (b) δ = 2.20 ∗ 10−5

(c) δ = 3.00 ∗ 10−5 (d) δ = 4.33 ∗ 10−5

Figure 2.2: A graph of state variables from Equitable runs of HANDY1 with
increasing depletion. The color scheme and units are as in [Motesharrei et al.,
2014], but vertical scale is different.

present at the start of the run. Within 700 years, the Elites consume so much wealth that they

prevent the Commoner population from being able to sustain itself, and both groups ultimately

face total societal collapse by 1000 years from run start.

Figure 2.3b shows a type-N (for Nature) collapse scenario, caused both by overdepletion

and inequality (section 5.3.2 of Motesharrei et al. [2014]). The much higher resource consump-

tion of both Commoners and Elites ensures Nature is consumed much faster than it can regen-

erate, resulting in a swift collapse lasting only 500 years. Elites collapse after the Commoners

as they can access much more of the shrinking stock of Wealth. With these runs, we verify the

main result of HANDY1—that overconsumption and economic inequality can quickly cause the

destabilization and downfall of a theoretical human society powered by Regenerating energy.
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Finally, by reducing both inequality and depletion, and by lowering the Elite birth rate, a

stable equilibrium is possible even in an Unequal society. This is shown in Figures 2.3c and 2.3d.

The first scenario (5.3.3) with low δ shows a soft landing to equilibrium, while the second (5.3.4)

shows oscillatory damping with lower overall carrying capacity. This shows how a few minor

policy changes can entirely prevent collapse in HANDY1.

(a) Type-L collapse (b) Type-N collapse

(c) Unequal soft landing (d) Unequal oscillatory equilibrium

Figure 2.3: A graph of state variables from Unequal runs of HANDY1 with type-
L and type-N collapses (top), as well as runs with lower inequality κ and stable or
oscillatory approaches to equilibrium (bottom). The color scheme and units are as
in [Motesharrei et al., 2014], but vertical scale is different.

The graphs produced in the Jupyter notebook nearly precisely match the Vensim version of

HANDY1 originally shown in Motesharrei et al. [2014], with a few minor technical exceptions.

Most importantly, the notebook uses Euler integration of the state variables with a time step of

0.2 years, which may have slightly different error properties. The notebook also uses double-
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precision variables (Julia type Float64) compared to the single precision of Vensim, which in

certain edge cases can cause a nearly infinitesimal amount of Nature to persist after a resource

collapse and regenerate after a long period. This has no practical effect on the scenarios presented

in the HANDY paper, as they each terminate after 500-1000 years. If warranted, code may be

added to set the state variables of HANDY1 to zero if they cross below a certain threshold. We

make this change in HANDY2 (see Chapter 3). Notwithstanding these minor discrepancies,

we can independently confirm that the implemented results of HANDY1 reflect the theoretical

model dynamics as presented in Motesharrei et al. [2014] for all scenarios in the paper, and that

the model is robust to differences in programming and parameterization. We therefore use this

version of HANDY1 as a foundation for implementing its more complex second generation—

HANDY2.
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Chapter 3: Structure and Results of HANDY2

3.1 Overview of HANDY2 Structure

The original formulation of HANDY1 was tailored to describe one cycle of growth and

collapse in a pre-Industrial society. But this is not the world of today. Instead, the vast increases

in the use of fossil fuels and water since 1800 have greatly transformed the human way of life,

as these have become the primary drivers of productive human activity. Whereas the use of Re-

generating biomass energy peaked at about 20 exajoules (EJ) per year before the introduction of

Nonrenewables [Smil, 2017], the modern use of coal, oil, and gas is now about 200 EJ/yr and

continues to grow rapidly [Energy Institute, 2023]. This trend has only accelerated since the

Green Revolution, when improved crop varieties are now grown rapidly with the aid of artificial

fertilizers—themselves a product of Nonrenewables-intensive mechanisms such as the Haber-

Bosch process [Wang et al., 2021] and mining of phosphate rock throughout the globe [Geissler

et al., 2018]. This has had the twin effects of greatly altering global element cycles [Galloway

et al., 2004, Le Quéré et al., 2015, Steffen et al., 2015, Zeng et al., 2014] and increasing human-

ity’s use of Regenerating energy to 50 EJ/yr [Smil, 2017], as it remains to this day an important

resource input in large parts of the developing world [Smil, 2015, 2017].

These transformative changes can be summarized by the idea (Mote et al. [2020]; Figure

5) that we live in a ‘Full World’ that contrasts with the ’Empty World’ captured in HANDY1.
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No part of the Earth’s environment remains unaffected by human activity. In addition to the

changes discussed above to the global carbon and nitrogen cycles, Earth is now experiencing

unprecedented decreases in the reserves of fossil water [Steffen et al., 2015], increases in the

concentration of greenhouse gases such as carbon dioxide, methane, and chlorofluorocarbons

[Masson-Delmotte et al., 2021, Mote et al., 2020], rapid species extinctions, urbanization and

sprawl disrupting natural habitats, and a global climate crisis that is causing manifold disruptions

to human and animal life [Hansen et al., 2013, Masson-Delmotte et al., 2021, Sodhi and Ehrlich,

2010, Steffen et al., 2015]. This has happened concurrent with an eightfold increase in both

human population and GDP per capita since 1800 [Mote et al., 2020, Motesharrei et al., 2016])

reflecting a greatly improved standard of living for many people even in the face of all of these

challenges. Humans are, more than ever before, an integral component of the Earth System whose

choices and behaviors must be included in our model of today’s environment.

For this reason, we have created the second generation of HANDY, HANDY2. HANDY2

is a model specifically designed to simulate population and energy dynamics over the 500-year

period between 1700 and 2200, with a greater emphasis on Nonrenewable and Renewable re-

sources, and an expanded suite of mechanisms relating to population, capital investment, in-

equality, and technology specifically tailored to the Full World. The model is designed to flexibly

incorporate real observations of population and energy consumption in setting its parameters and

starting conditions, allowing it to accurately track the effects of the Industrial and Green Revo-

lutions, with the aid of automated EnKI parameter estimation. In several near-future scenarios,

HANDY2 shows that current global policies are likely to cause a type-N resource collapse and a

sharp decline in the world’s population. Yet this can be averted by a combination of changes to

decrease birth rates, lower economic inequality, and rapidly adopt Renewable sources of energy.
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3.2 HANDY2 Key Concepts and Sectors

3.2.1 Types of Energy

HANDY2 Industrial introduces a number of key concepts, distinctions, and mechanisms

not included in HANDY1. As HANDY is primarily an energy model, the most important of

these is the difference between three types of energy—Regenerating, Nonrenewable, and Re-

newable Flows. Regenerating energy (subscript R) represents stocks of accessible energy that

replenish themselves and can be depleted on human timescales. Most importantly, this includes

both traditional biomass (e.g. crop residues, firewood, animal dung) [Smil, 2015, 2017], and

industrial-scale ‘modern biomass’ energy (e.g. trash incineration, corn and cellulosic ethanol)

[Energy Institute, 2023]. This energy type is included in HANDY1.

The other two types of energy are new. Nonrenewables (subscript N ) include those stocks

of energy that are not replenished on a human timescale. This is dominated by the burning of

coal, oil, and gas, but also includes nuclear power in the absence of large-scale fuel reprocess-

ing. In HANDY2, we use the sum of coal, oil, and gas energy outputs to represent the yearly

Nonrenewables use. We also subtract these energy outputs from our estimate of the total stock of

‘burnable Nonrenewables’, following the numbers given in McGlade and Ekins [2015]’s paper on

the amount of fossil fuels that must be left in the ground to prevent anthropogenic global warming

from likely exceeding 2.5 to 3 degrees C. This figure tracks the RCP4.5 Representative Concen-

tration Pathway identified in the IPCC’s 5th and 6th Assessment Reports [Masson-Delmotte et al.,

2021, van Vuuren et al., 2011], and represents about 60 ZJ of fossil fuels. More details on the

calculation are included below.
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Finally, Renewable Flows (subscript F ) are defined as those energy sources which do not

have a stock that appreciably accumulates; i.e. no reasonable amount of human activity can

deplete the instantaneously accessible amount. This most notably includes solar and wind power,

which are rapidly expanding their contribution to the world’s electricity generation. Both have an

upper practical extraction limit that is several times greater than the current use of Nonrenewables

[Li et al., 2018, Lu et al., 2009]. Renewable flows also include hydroelectricity, the use of which

has plateaued since 2010 [Energy Institute, 2023]. In many areas, hydroelectric power plants

have limited expansion potential due to their capital-intensive nature [Bogoviz et al., 2020] and

due to habitat and biodiversity loss from the construction of large reservoirs [Palmeirim et al.,

2014].

Regenerating stocks are often confused with Renewable flows in both the public imagina-

tion and policymaking, and promoted as a ‘greener’ alternative to Nonrenewables in the same

way as Renewables are, which has led to many egregious policy failures with negative impacts

on the environment [Raven et al., 2021]. High-profile examples of such failures include Northern

Ireland’s Renewable Heat Incentive scandal [Coghlin et al., 2020], and EU demand for wood

pellets causing large-scale deforestation in North Carolina [Grunwald, 2021].

3.2.2 Extraction, Production, Efficiency, and Use Technologies

Other important concepts are those related to technological change and resource efficiency.

It has long been confirmed by many studies that increases in resource use efficiency counter-

intuitively increase total resource utilization. This is referred to as the Jevons Paradox [York

and McGee, 2016], and appears in both Industrial and pre-Industrial human societies, and in
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the HANDY2 model as well. We distinguish four types of technological and efficiency factors,

which arise from different sources and have different effects on production. Only the first two,

extraction and production technology, are explicitly included in HANDY2.

Extraction technology (ξ) represents the development of better methods to access more and

different kinds of resources. Examples include hydraulic fracturing (fracking) of tight oil [Hein-

berg, 2013], artificial fertilizers used in the Green Revolution that encourage higher plant growth

rates [Smil, 2017], and the buildout of large offshore wind farms from the 1990s onwards [Dı́az

and Guedes Soares, 2020]. This technology directly encourages greater depletion by making it

less costly, and leads to a increase in wealth in real life as in HANDY2.

Production technology (ψ) instead represents the ability to gain more resources from an

existing stock, or otherwise reduce production losses. Production technologies include those as

simple as burning wood in stoves instead of open fires, raising energy efficiency from less than

5% to around 15% [Smil, 2015, 2017], or as complex as combined-cycle natural gas turbines that

now displace coal in electricity grids and regularly reach thermal efficiencies of almost 65% [En-

ergy Information Administration, General Electric, Kwon et al., 2019]. In HANDY2, increased

production technology increases wealth per unit depletion, while indirectly stimulating overall

resource depletion by encouraging increased labor force allocation to the resource.

Next are two types that are not currently in HANDY2: consumption technology (ζ) and

use efficiency (η). Increased consumption technology entails a greater ability for a consumption

sector to use more resources; an example is found in the increasing energy needs of larger houses

and vehicles in the US [Covington, 2023, NBC News, 2022]. Conversely, increased use efficiency

includes what are classically thought of as efficiency technologies meant to use fewer resources,

like low-flow shower heads, LED lighting, fuel-efficient cars, or better-insulated water heaters.
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While those efforts are laudable, use efficiency is subject to the Jevons paradox as it drives the

adoption of consumption technology. This effect has already negated the effectiveness of the US’s

Corporate Average Fuel Economy (CAFE) standards [Whitefoot and Skerlos, 2012]. Because

these two factors cancel each other out, we do not include them in HANDY2.

3.2.3 Labor Force and Investment

HANDY2 includes a mechanism that shifts the use and development of energy resources

between the three types by means of tracking the labor force allocation and accumulated invest-

ment in each resource. At the start of the model run, each resource type has a starting investment

A. The labor force allocation L of each resource type at each timestep is determined by its pro-

portion of the overall investment; this allocation in turn affects the production rate. Then, the

production πR,N,F of each resource type as a proportion of the total production π in turn deter-

mines the allocation of the investment at each time step, out of a total investment pool I whose

size is governed by wealth ω. Said investment is then added to the accumulated total A, subject

to a depreciation rate σ.

This mechanism creates a positive investment feedback loop that is a primary driver of

change over time in HANDY2. If a particular resource has a production rate that is growing

slowly, then it will receive more investment over time. This directly increases the labor force

allocation as the investment accumulates, and indirectly increases the production and extraction

efficiency factors, which in turn increases production. The process continues until the resource

production reaches a new equilibrium with the depletion of stocks, in the case of Regenerating

and Nonrenewable energy, or approaches the maximum F of accessible Renewable flows. As we
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will see in section 3.3, the dynamics and timing of this positive feedback are strongly affected by

investment-related parameters in HANDY2; small changes in the investment threshold ANth can

have large effects on when (or even if) Nonrenewable use grows exponentially within the model.

Governments and policymakers have recently begun attempts to deliberately incentivize the

use of Renewables, in the form of government subsidies for construction of Renewable infras-

tructure [Bistline et al., 2023], taxation of carbon emissions [Hájek et al., 2019, Metcalf, 2021] or

even investment into basic research [Trancik, 2014]. This is represented in HANDY2 by means

of an Ifp Renewables subsidy. After a certain starting year (usually 1990 CE), representing the

recent advent of clean-energy policies, some amount of Nonrenewables investment IN is artifi-

cially transferred to the Renewables investment IR, keeping the total I unchanged. The rate of

transfer depends on the difference in labor force allocation between Nonrenewables and Renew-

ables. Once Renewable flows become established enough, the transfer stops. We thus obtain a

semi-endogenous mechanism to trigger the growth in Renewable flows late in the history of the

model run, which makes sense within the context and structure of HANDY and is in accordance

with the historical record.

3.2.4 Births and Deaths

One of the biggest changes in population dynamics over the period covered by HANDY2

has been the decrease in birth rates across large portions of the world. This trend is one that

began in the rich world in the early 20th century and has since spread to developing countries

by the 21st century. Sweden’s total fertility rate (TFR) stood at 4 children per woman in 1910

before dropping dramatically to the replacement level of 2 by 1930 [Dribe and Scalone, 2014].
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The same decrease occurred in China by 1990, spurred by the One-Child Policy [Yang et al.,

2022], while India has only recently reached a TFR of just above 2 children per women as of

2020 [Pearce, 2021]. Demographers at the UN Population Division [United Nations Population

Division, 2023] thus project much lower fertility rates in the future even where they remain high

currently, such as in sub-Saharan Africa.

However, demographic predictions have been notoriously poor for many years, based on

unfounded assumptions that tend to underestimate overall population growth [Mote et al., 2020].

In addition, while declining world TFR has meant that the relative population growth has peaked

at 2 percent per year by 1960, the absolute population growth remains relatively steady near

its peak of around 80 million per year to the present day (United Nations Population Division

[2023]; see Figure 3.1).

We thus state the question of predicting birth rates to be out of scope for HANDY2 and

instead externally impose a reduction in birth rates based on a set of birth rate policy parameters.

In our baseline model scenario, these parameters are set to cause the birth rates βC,E , constant in

HANDY1, to decline in such a way as to roughly match the historical estimates and projections

of world population. Estimates are derived from HYDE [Klein Goldewijk et al., 2017] and the

[United Nations Population Division, 2023], and projections to 2100 are sourced from the UN

Population Division. In scenarios where we impose a greater population reduction, the policy

parameters are changed further to cause the world population to peak below the UN projection

and slowly shrink afterwards. They are also changed in scenarios where the estimated peak in

world population is higher and later. We consider this a good compromise to avoid excessively

increasing model complexity, while still taking into account population factors important for

projecting the medium-term future.
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Figure 3.1: Relative (dotted) and absolute (solid) population growth per year from
1700 to 2022, derived from population estimates from HYDE [Klein Goldewijk
et al., 2017] and the UN Population Division [United Nations Population Division,
2023]. Arrows mark the turning points of the first Industrial Revolution in 1750
and the Green Revolution in 1950.
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The death rates within the HANDY2 population model are endogenous. As in HANDY1,

death rates are determined by the Commoner wealth ω. However, the minimum death rate at

high ω is now imposed gradually, to eliminate the discontinuities present in HANDY1. This is

discussed further in the next section.

3.2.5 Class Mobility and Inequality

The dynamics of class inequality between Elites and Commoners take on a new and more

important role in HANDY2. In HANDY1, Elites do not perform any production or generate

wealth, but merely consume resources at a constant rate κ greater than that of the Commoners.

HANDY2 introduces the concept of class mobility. For most of world history, while Elites con-

trolled a vastly greater share of a society’s resources than their small numbers would indicate,

membership in the Elite class was always contingent. Losing a war could decimate the land hold-

ings, Regenerating resources, and thus wealth any given Elite could extract [Gat, 2008]. High

birth rates meant wealth either had to be shared between new Elites in the case of partible inheri-

tance, reducing their economic power over the course of several generations, or transferred to one

successor in the case of primogeniture, creating a profusion of landless younger sons who were

at great risk of falling into Commoner status [Christelow, 1996, Kokkonen and Sundell, 2014].

After the Industrial Revolution, a similar process has continued to take place to this day.

While wealth is now largely derived from capital, itself largely a product of Nonrenewable energy

inputs, many people born into wealth fail to maintain it, either through a failure to inherit enough

to compete with others, poor business investments, disputes between Elites, or any number of

other reasons [Harrington, 2017, Hughes, 2004].
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The reverse move—from Commoner to Elite—is far less common. Before the Industrial

Revolution, when the majority of Commoners were subsistence farmers, it was nearly impossible.

A small plot of land simply could not produce enough agricultural wealth, even in a good year,

to directly attain Elite status. Nor could that farmer accumulate wealth as they had little secure

access to credit or banking [Erdkamp, 2005]. Today, becoming an Elite is merely rare. About

70% of billionaires on the Forbes 400 list were born in upper-middle class or (in rare cases)

lower class conditions [Kaplan and Rauh, 2013], leaving only 30% born into Elite status. Yet this

represents only a small handful of people. For the vast majority of the world population, there

is no reasonable chance of rising from Commoner status as the gap between the wealth of Elites

and the rest of society continues to grow at a rapid pace in much of the developed world. This is

particularly true in the United States [Mitchell, 2020, Saez and Zucman, 2016].

In HANDY2, we thus model class mobility as a restricted two-way process. Below a

threshold of wealth ωµ, a fraction of Elites become Commoners each year at a rate governed by

the parameter µM and the wealth of the Commoners. Above the critical value of ωµ, a (small)

fraction of Commoners become Elites at a rate given by 1/κ times the downward mobility. This

represents the greater opportunities for Commoner advancement present in a richer society, but it

may be considerably too generous in practice—even low amounts of upward mobility can cause

sharp Elite growth due to the Elites’ much smaller population.

Of note also is that the downward elite mobility rate µ has a very strong influence on the

distribution of a society’s resource consumption between classes, Commoner population growth,

and overall HANDY2 model results and predictions, which we will discuss in section 3.5. This

sensitivity makes µM a critical parameter to estimate automatically via EnKI, which is covered

at length in Chapter 6.

24



Finally, there is also a mechanism to impose reductions in the inequality κ. We use this

to simulate scenarios in which policies are enacted to reduce wealth accumulation by the Elites,

thereby distributing a larger share of the resource pie to Commoners and increasing their relative

wealth. This is shown in Scenarios 4-6 of HANDY2 discussed in section 3.5; we leave it to

policymakers to determine the specific details of this inequality reduction.

3.2.6 Burnable Carbon, Reserves, and Resources

Nonrenewables are by far the most important resource in HANDY2, but determining their

actual stock size is very difficult. Ongoing fossil fuel exploration continues to find new stocks of

coal, oil, and gas whose sizes may be poorly or not at all known, and existing stocks that were

previously too unprofitable to extract may become economically useful with higher energy prices

or better production technology. For this reason, it is common to categorize fossil fuel stocks into

reserves and resources.

Reserves, more fully proved reserves, “are generally taken to be those quantities [of Nonre-

newables] that geological and engineering information indicates with reasonable certainty can be

recovered in the future from known deposits under existing economic and operating conditions”

[Energy Institute, 2023]. Reserves have a generally well-defined amount and may increase in

quantity over time due to exploration of new deposits or changes in economic conditions. Con-

versely, resources are defined as “The quantity of oil, gas, or coal remaining that is recoverable

over all time with both current and future technology, irrespective of current economic condi-

tions” [McGlade and Ekins, 2015]. This is a poorly defined quantity, and not reported in such

data sources as the Energy Institute (formerly maintained by BP)’s Statistical Review of World
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Energy [Energy Institute, 2023]. The size of resources may even decrease with better knowledge

of fossil fuel distribution or different assumptions about hypothetical future technology. We thus

avoid using this estimate in HANDY2 entirely.

Instead, we focus on a third quantity, that of burnable carbon as defined by McGlade and

Ekins [2015]. This is the quantity of fossil fuels that can be used by humans without exceeding

some climate-related threshold, most commonly a certain global temperature increase above the

pre-Industrial average. Burnable carbon estimates are necessarily an approximation; assumptions

about production efficiency, climate forcing sensitivity, or future technologies such as carbon cap-

ture and storage (CCS) may greatly affect this value. In their paper, McGlade and Ekins [2015]

assume a maximum emissions estimate in line with the Paris conference target of 2 degrees C

above pre-Industrial temperatures. However, we think this value is too small, as global Nonre-

newables use and fossil fuel emissions continue to rise steadily [Energy Institute, 2023]. With

current levels of climate action, emissions are likely to approach the RCP4.5 pathway defined in

the IPCC 5th Assessment Report [van Vuuren et al., 2011], leading to a temperature rise by 2100

of 2.5 to 3 degrees C above pre-Industrial [Masson-Delmotte et al., 2021]. Higher values are less

likely, as coal and oil resources may be overestimated and unable to support continued expansion

of Nonrenewables output until the end of the century [Höök et al., 2010, Laherrère, 2019].

The actual calculation of burnable carbon amounts are straightforward, converting the es-

timates of carbon emissions into the atmosphere from any given RCP [van Vuuren et al., 2011]

into a gigatons of carbon (Gt C) equivalent, and then to energy equivalents (in EJ) following

industry-standard conversion factors [Engineering Toolbox]. The result we obtain is close to the

current estimated value of fossil fuel reserves (see section 3.4 for details). We thus have more

confidence in using this shared value to set the starting stock of Nonrenewables yN in HANDY2.
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3.3 HANDY2 Equations and Parameters

3.3.1 Variables and Parameters

HANDY2 has many more variables and parameters that can be changed between model

runs than HANDY1. They can be roughly divided into four broad categories.

The first are state variables, representing the persistent quantities of the model that receive

increments at each timestep. There are eight in HANDY2, four of which are inherited from

HANDY1: the Commoner and Elite populations xC , xE , the accumulated wealth w, and the Re-

generating stock yR. Four more are new: the Nonrenewables stock yN , and accumulated resource

investment for the three resource types AR, AN , and AF . A special case is the Renewable flows

parameter F , which is a pseudo-stock, governing an important sector of the model’s structure as

a production limit on one of three energy types, but has a dimension of power rather than energy.

As such, we do not call it yF .

The second group consists of eleven parameters estimated at least partially from the empir-

ical record and existing literature; the estimates are described more fully in the following section

3.4. Four are the demographic parameters for birth and death rates αmin, αmax, βC , and βE , also

used in HANDY1. One is the starting inequality κstart, and three are natural resource-related:

nature regeneration γ, nature capacity λstart, and maximum accessible Renewable flows Fbase.

Finally, each resource type has a production technology factor (ψR, ψN , ψF ) that couples deple-

tion to production. A special consideration is that these technology parameters are functions that

can vary with time. ψR in particular has ancillary variables ψR,start, ψR,end, ψR,offset, and ψR,scale

that govern the shape of the logistic function.
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Seventeen more parameters can be tuned as part of the model validation, and have no ex-

isting external constraints. These include the depletion δR, δN , and δF for each resource type, the

Regenerating capacity growth rate λgrowth, and two demographic parameters: s, the subsistence

salary, and ρ, the famine wealth threshold. There is also the class mobility parameter ωµ that

determines the wealth at the onset of mobility, and the maximum mobility rate µM . Nine more

parameters govern the economic model of HANDY2: the thresholds for cumulative accessibility

investment ARth, ANth, AFth, minimum extraction efficiencies ξm,R, ξm,N , ξm,F , the wealth at

investment onset ωi, investment rate J , and investment depreciation rate σ. All except ARth can

be tuned with EnKI parameter estimation, as covered in Chapter 6.

Finally, five parameters are policy knobs whose values can change in different scenarios

to reflect deliberate societal choices. The birth rate policy βfinal and inequality reduction κfinal

represent policies that may be enacted by a society to lower birth rates βC,E or reduce inequality κ.

To govern the shape of the logistic curves of both policies, there exist ancillary parameters βoffset,

βscale, κoffset, and κscale. Next, there are the Renewable flows subsidy parameters IFp,start and

IFp,base. Finally, there is Fpolicy, a function that determines the increase over time in the maximum

amount of accessible Renewable flows.

Table 3.1 summarizes each of the parameters listed above.

Table 3.1: List of variables and parameters used in HANDY2, with units.

Variable Name in code Short description

State variables

xC xc, xcts Commoner population (millions)
xE xe, xets Elite population (millions)
w w, wts Accumulated wealth (EJ)
yR yr, yrts Regenerating resource stock (EJ)
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yN yn, ynts Nonrenewable resource stock (EJ)
AR Ar, Arts Regenerating accumulated investment (EJ)
AN An, Ants Nonrenewable accumulated investment (EJ)
AF Af, Afts Renewable accumulated investment (EJ)

Empirically-constrained parameters

αmin alpha min Minimum death rate (1/yr)
αmax alpha max Maximum death rate (1/yr)
βC beta c Starting Commoner birth rate (1/yr)
βE beta e Starting Elite birth rate (1/yr)
κstart kappa start Starting inequality
γ gamma Nature regeneration rate (1/yr)

λstart lambda start Nature regeneration capacity (EJ)
Fstart F base Maximum accessible Renewables at run start (EJ/yr)
ψR,start psi r start Starting Regenerating production efficiency
ψR,end psi r end Ending Regenerating production efficiency
ψR,offset psi r offset Offset of Regen prod. efficiency increase (yr CE)
ψR,scale psi r scale Timescale of Regen prod. efficiency increase (yr)
ψN psi n Nonrenewables production efficiency
ψF psi f Renewables production efficiency

Other tunable parameters

δR delta r Regenerating depletion rate (1/(106 persons-yr))
δN delta n Nonrenewables depletion rate (1/(106 persons-yr))
δF delta f Renewables depletion rate (1/(106 persons))

λgrowth lambda growth Nature regeneration capacity growth rate (1/yr)
s s Subsistence salary (TJ/person-yr)
ρ rho Famine wealth threshold (TJ/person)
ωµ omega mu Class mobility threshold consumption (TJ/person-yr)
µM mu M Maximum downward class mobility (1/yr)
ARth Arth Regenerating investment threshold (EJ)
ANth Anth Nonrenewable investment threshold (EJ)
AFth Afth Renewable investment threshold (EJ)
ξm,R xim r Regenerating minimum extraction efficiency
ξm,N xim n Nonrenewable minimum extraction efficiency
ξm,F xim f Renewable minimum extraction efficiency
ωi omega i Consumption at investment onset (TJ/person-yr)
J J Investment scaling factor
σ sigma Investment depreciation rate (1/yr)

Policy knobs and ancillary parameters

βfinal final br Final birth rate (1/yr)
βoffset bra offset Time offset of birth rate reduction (years CE)
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βscale bra scale Timescale of birth rate reduction (yr)
κfinal kappa final Final inequality
κoffset kappa offset Time offset of inequality reduction (years CE)
κscale kappa scale Timescale of inequality reduction (yr)
IFp,start ifpstartyear Starting year of Renewables subsidy (years CE)
IFp,base ifp base Base rate of Renewables subsidy
Fpolicy F policy Renewables growth policy factor

Model settings

t fyear Model current time (years CE)
tstart startyear Model start year (CE)

nyear Model run time (yr)
timestep Model timestep (yr)

Internal model quantities

πR prodr, prodrts Regenerating production (EJ/yr)
πF prodn, prodnts Nonrenewables production (EJ/yr)
πF prodf, prodfts Renewables production (EJ/yr)
ξR xir Regenerating extraction efficiency
ξN xin Nonrenewable extraction efficiency
ξF xif Renewable extraction efficiency
ψR psi r Regenerating production efficiency
LR Lr Regenerating labor force allocation
LN Ln Nonrenewable labor force allocation
LF Lf Renewable labor force allocation
I I Total investment (EJ/yr)
Ir I R Regenerating investment (EJ/yr)
In I N Nonrenewable investment (EJ/yr)
If I F Renewable investment (EJ/yr)
Ifp ifp, ifpts Renewables subsidy
ω omega Commoner consumption per capita (TJ/person-yr)
CC Cc Commoner resource consumption (EJ/yr)
CE Ce Elite resource consumption (EJ/yr)
αC alpha c Commoner death rate (1/yr)
αE alpha e Elite death rate (1/yr)
βRC bra c Commoner birth rate reduction
βRE bra e Elite birth rate reduction
µ mu downward, mu upward Class mobility rate (1/yr)
κ kappa Current inequality
λ lambda Nature regeneration capacity (EJ)
F F Maximum accessible Renewables (EJ/yr)
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3.3.2 Equations

The formulae governing the HANDY2 state variables are as follows.

ẋC = βCβRCxC − αCxC + µxE (3.1a)

ẋE = βEβRExE − αExE − µxE (3.1b)

ẏR = γyR

(
1− yR

λ

)
− πR
ψR

(3.1c)

ẏN = −πN
ψN

(3.1d)

ẇ = πR + πN + πF − CC − CE − IR − IN − IF (3.1e)

ȦR,N,F = IR,N,F − σAR,N,F . (3.1f)

These equations are broadly similar to HANDY1, with the new additions described previ-

ously. Commoner and Elite populations are now affected by the birth rate policy parameters βRC ,

βRE , and class mobility µ. Regenerating energy yR replenishes at the rate γ as before (though

γ has slightly different units) and is reduced at the rate of raw Regenerating production. Non-

renewables yN are similarly depleted but do not regenerate. Wealth w increases as the sum of

all production quantities, and is reduced by both consumption and the yearly investment I . Fi-

nally, the accumulated investment rates AR,N,F grow with yearly investment and decrease with

depreciation σ.

31



The final (as opposed to raw) production rates π are:

πR = δRLRxCψRξRyR (3.2a)

πN = δNLNxCψNξNyN (3.2b)

πF = tanh(δFLFxC)ψF ξFF. (3.2c)

As in HANDY1, these are the product of the depletion rate δ, the commoner population

xC , and the resource stock/pseudo-stock yR, yN , or F , but now include the efficiency technology

parameters ψ and ξ as well as the labor force allocation L. Note the presence of the tanh term

in the Renewables production—this serves to cap production at the maximum extraction rate of

flows given by F .

We now examine the investment sector. The total investment I is determined by:

I = JxC max(0, ω − ωi). (3.3)

It is proportional to the population xC , the base investment rate J , and the per capita com-

moner consumption ω over some small threshold ωi. That is usually set as 1/κ as it is the Elites

who drive most investment into new production with their control of capital—and they will con-

tinue doing so even as Commoners starve.

Investment rates are divided amongst the resource types in proportion to their production

π:
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IR =
πR

πR + πN + πF
I (3.4a)

IN =
πN − πNIFp

πR + πN + πF
I (3.4b)

IF =
πF + πNIFp

πR + πN + πF
I. (3.4c)

As mentioned previously, a proportion of Nonrenewables investment equal to IFp of its

total is given to Renewables to represent government policy promoting Renewable flows. IFp

begins at zero, and its yearly change is determined as:

İFp = IFp,base(LN − 2LF ). (3.5)

After the start year given by the parameter Ifp,start, ordinarily 1990, the Renewables sub-

sidy grows for each year that the Nonrenewables labor force is more than twice the Renewables

labor force. Once those proportions reverse, the subsidy shrinks again to zero. IFp is not allowed

to become negative.

Similarly, the labor force allocation L is divided amongst the resource types in proportion

to their total investment AR,N,F . The sum of allocations is equal to one.

LR =
AR

AR + AN + AF

(3.6a)

LN =
AN

AR + AN + AF

(3.6b)

LF =
AF

AR + AN + AF

. (3.6c)
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The extraction technology functions are coupled directly to the investment as well. These

have a complicated form but are very similar to each other: ξR, ξN , and ξF are determined by a

variant of a logistic function with a fixed cap at 1 and a starting value at zero investment of ξm.

The slope is non-zero at zero investment, which represents the fact that even a small investment

with no technology base can increase production a fair amount. Figure 3.2 shows the shape of

the general ξ function, normalized to different Ath values.

ξr = 1/

(
1 +

( 1

ξm,R

− 1
)
exp

(
− AR

ARth

))
(3.7a)

ξn = 1/

(
1 +

( 1

ξm,N

− 1
)
exp

(
− AN

ANth

))
(3.7b)

ξf = 1/

(
1 +

( 1

ξm,F

− 1
)
exp

(
− AF

AFth

))
. (3.7c)

But the production technology functions determining ψR, ψN , and ψF in HANDY2 differ

from one another. ψF is simply a constant. Conversely, ψR is a logistic function similar in form

to those determining birth rates βC,E and inequality κ. The starting value is asymptotically equal

to ψR,start, the end value approaches ψR,end, while ψR,offset determines the midpoint year and

ψR,scale the slope of the change in Regenerating production technology.

ψR = ψR,end −
(
ψR,end − ψR,start

)
/
(
1 + exp

(
(t− ψR,offset)/ψR,scale

))
. (3.8)

The formula for ψN is taken from the estimates for yearly thermal power efficiency pro-

vided by the Statistical Review of World Energy [Energy Institute, 2023]. It is piecewise linear.
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Figure 3.2: Extraction efficiency ξ as a function of normalized investment A
Ath

.
The efficiency approaches a maximum of 1 as investment becomes large.
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ψN =



0.36 if t ≤ 2000

0.36 + 0.04
17(t−2000)

if 2000 < t ≤ 2017

0.40 + 0.05
33(t−2017)

if 2017 < t ≤ 2050

0.45 if t > 2050

(3.9)

Next, we describe the population sector. Consumption CC,E and wealth ω are the same as

in HANDY1, with the major exception that there is no cap on consumption per capita—in line

with what is observed in 20th century data [Our World in Data, World Bank, 2023].

ω = w/
(
ρ(xC + κxE)

)
(3.10a)

CC = ωsxC (3.10b)

CE = ωκsxE. (3.10c)

But the formula for death rates αmin and αmax is substantially different. The death rate

no longer decreases as a piecewise function of ω, reaching a minimum for Commoners at ω =

1. Instead, we use a hyperbolic tangent-based function as with many other new portions of

HANDY2. Death rates decrease steeply when the consumption is small, but more gradually

when it gets large, tending toward an asymptote of αmin in the limiting case of a rich society

(ω → ∞).
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αC = αmax − (αmax − αmin) tanh(ω) (3.11a)

αE = αmax − (αmax − αmin) tanh(ωκ). (3.11b)

As discussed in the previous section, the birth rate policy βRC is a parameter used in cer-

tain scenarios to externally impose the decreases in fertility observed throughout the world and

projected by the United Nations Population Division [2023]. The ancillary parameters govern the

start time of the βRC logistic function (βoffset), its duration (βscale), and its end value (βfinal). In

the Julia code it can also be turned off by the parameter bra switch.

βRC = (βfinal/βC) +
(
(βC − βfinal)/βC

)
∗ 1/

(
1 + exp

(
(t− βoffset)/βtimescale

))
(3.12a)

βRE = (βfinal/βE) +
(
(βE − βfinal)/βE

)
∗ 1/

(
1 + exp

(
(t− βoffset)/βtimescale

))
. (3.12b)

Several equations govern the inequality sector of HANDY2. Inequality κ is regulated by the

policy parameter κfinal; the decrease from its starting value κstart is determined by a log-logistic

function that has similar ancillary parameters, κscale, κoffset to the birth rate policy function. It

takes on a slightly different form to βRC to account for the fact that κ’s effects scale logarith-

mically; hence log(κ) is itself logistic. The inequality reduction may be disabled with the code

parameter kappa switch.

κ = κstart ∗ exp
(
log

(κfinal
κstart

)
/
(
1 + exp

(
(−t+ κoffset)/κscale

)))
. (3.13)
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Next, we have a pair of piecewise linear equations that govern the class mobility. The

rationale behind them is extensively discussed in the previous section. Downward mobility of

elites happens at a rate µ dependent on normalized wealth 1 − ω
ωµ

. If that quantity would be

negative, upward mobility occurs instead but with a rate 1/κ as large.

µ =


µM ∗ (1− ω

ωµ

) if ω
ωµ

≤ 1

µM

κ
∗ (1− ω

ωµ

) if ω
ωµ
> 1.

(3.14)

Finally, two special equations change the maximum size of Regenerating stocks and Re-

newable flows over time. The maximum stock size of Nature, λ, grows exponentially with a

(usually small) rate constant of λgrowth.

λ = λstart ∗ exp
(
(t− tstart) ∗ λgrowth

)
(3.15)

.

Conversely, the maximum accessible Renewable flows can grow over time at a rate set by

Fpolicy, starting from a value of Fbase. The exact formula is somewhat complex but ensures a

smooth transition from a constant starting value to linear growth around the year 2000 CE, when

real-world governments started heavy investment into Renewable flows.

F = Fbase

(
1 + Fpolicy ∗

(t− 2060

80
+

√
1

8
+
t− 2060

80

2))
. (3.16)

In practical implementations of HANDY2, there are also a number of other quantities that

are calculated to aid the creation of graphs and other forms of data visualization, or as practical
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conveniences to determine other model variables. Some of these are returned as outputs in our

Julia implementation of the model. They are not however part of its theoretical core and not

necessary for evaluating HANDY2, so will not be listed in this section. The reader may refer to

our reference Julia implementation (in the supplementary data files) to see them.

3.4 HANDY2 Data and Estimates

As with any model, HANDY2 is only as capable of making projections as the data that de-

termines its inputs. Unfortunately, parameters in several sectors of HANDY2, including the labor

force, investment, and inequality mechanisms, do not have reliable data for the entire model time

period of 1700 to 2020, or are difficult to adequately measure (e.g. who counts as an Elite?).

Nevertheless, there do exist reliable records of energy stocks and flows, as well as world popula-

tion. We use these records to set the starting conditions and parameters in HANDY2. Resource

and population figures at later times also allow us to constrain the unobserved parameters and

keep the model scenarios in line with the historical record—particularly with the aid of EnKI

parameter estimation, as we will cover in Chapter 6.

3.4.1 Estimates of Regenerating and Nonrenewable Stocks, and Renewable

Flows

The three varieties of energy in HANDY2 have reliable historical data with coverage in

most of the model prediction domain from 1800 to 2022, drawn mostly from the two sources of

the Energy Institute [2023] and Smil [2017]. Figure 3.3 shows the estimates of gross energy use

we have obtained, broken down by energy type.
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Figure 3.3: Plot of gross energy use by resource type from 1800 to 2022. The
green line represents Regenerating energy (mostly biomass). Black lines show
Nonrenewable fossil fuels, brown nuclear power, purple hydropower, while or-
ange lines show Renewable solar and wind.
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For Regenerating energy, yearly production can be treated as almost entirely composed of

woody phytomass. Other types of Regenerating energy, such as animals being used for food

or labor, are negligible over this time period. Modern biomass energy and biofuels also have

negligible production before 2000 (below 1 EJ/year), and even afterwards account for at most

5 EJ/yr by 2020 [Energy Institute, 2023]. We thus use the figures in Smil [2017]’s appendix to

estimate traditional biomass, adding them to the estimates of modern biomass from the Energy

Institute [2023] to determine Regenerating production. These values, given every 10 years and in

2015, start at approximately 20 EJ/yr in 1800 and grow to 45 EJ/yr after the Green Revolution by

2000. The table in Smil [2017] stops in 2015; we assume consumption remains constant after that

time. To this day, there are many citizens of less developed nations that use traditional biomass

for energy in their daily life [Smil, 2015, 2017].

Slightly more difficult is the task of estimating the maximum regenerating capacity λ and

the starting amount of Regenerating energy yR. For this, we turn to Smil [2015], whose Table

12.1 estimates that the global woody phytomass stock of 0 CE was about 1000 gigatons of carbon

(Gt C), decreasing to 600 Gt C by 1900 CE. We use a value slightly lower than the average of

these two figures, 750 Gt C, as a starting point for λ. Per Smil’s estimates, trees generally contain

about 50% carbon and on average have a dry energy density of 18 MJ/kg when burned [Smil,

2015], which equates to a phytomass stock in energy terms of 27 zettajoules (ZJ). We thus set the

starting λ and yR to this value.

Next, we look at the use of Nonrenewables. Energy Institute [2023] has excellent break-

downs of energy production and consumption by resource type from 1965 onwards. We simply

add up their figures for gross coal, oil, and gas production to arrive at the total yearly production

of fossil fuels, which we use as the HANDY2 Nonrenewables production. As of 2022, this is
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494.05 EJ/yr. Before 1965, Smil [2017] has figures for coal, oil, and gas production every 10

years from 1800 to 2015. These are given on an net-energy basis, so we divide by the production

efficiency ψN = 0.36 to obtain the gross production. When their data overlaps, from 1970 to

2015, the two sources are in close agreement to within 1%. Nuclear energy, while also Nonre-

newable, is excluded from the total because it is neither a growing source of energy production

today, nor subject to the same production technology ψN constraints or fossil fuel burnable stock

concerns as coal, oil, or gas. We split it out as a separate entry in our supplementary energy data

file.

Calculating the Nonrenewables stock size yN following the burnable carbon methodology

takes a bit more creativity, as this value is not directly listed in our sources. Beginning with the

RCP4.5 pathway [van Vuuren et al., 2011] we use to estimate future carbon use (see discussion

in section 3.2), Rogelj et al. [2014] calculate that it accounts for the use of 720 Pg = Gt C from

2015 to 2100. The conversion between carbon content and energy output of a fossil fuel varies

by type, with natural gas being less carbon-intensive than coal and oil. But given an equal mix

of the three fossil fuels, the average energy output is about 56.5 MJ/kg C [Engineering Toolbox],

resulting in a total energy production over this time period of 40.7 ZJ. We add this to the 19.6 ZJ

burned until 2015, most of it since 1965, [Energy Institute, 2023, Smil, 2017] to obtain a total

burnable Nonrenewables stock of 60.3 ZJ. Depending on the fossil fuel mix or climate sensitivity

to carbon forcing, this value can have a margin of error of 20%; we thus set the value of yN in

HANDY2 to a slightly higher value of 62 ZJ.

It is informative to compare this value to the proved reserves of fossil fuels. As of 2020,

the Energy Institute [2023] gives proved reserve values of 1074 billion tons of coal, 188.1 trillion

cubic meters of natural gas, and 244 billion tons of oil. A conversion to energy equivalents gives
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a total of 49.8 ZJ [Energy Institute, 2023, Engineering Toolbox]. 22.0 ZJ have been burned from

1800 to 2020, for a total reserves-based yN of 71.8 ZJ. As McGlade and Ekins [2015] noted, this

is higher than the Burnable carbon total, but not by much; i.e. HANDY2 assumes that a small

fraction of proved reserves will be left unburnt to meet modest global warming targets.

Finally, we look at the estimates of Renewables production. As with Nonrenewables, the

Energy Institute [2023] has data for hydroelectric, wind, and solar generation, while geothermal

energy in that source is conflated with Regenerating biomass. However, the world’s geothermal

production amounts to less than 1 EJ/yr and can be ignored [US Energy Information Administra-

tion]. These figures are given on an ‘input-equivalent’ basis, assuming incorrectly they have the

same thermal efficiency as Nonrenewables; we reverse this by dividing by ψN . These data are

combined with the table in Smil [2017] to give the total production per year, linearly interpolated

when necessary, for each Renewables type. We then group wind and solar together to estimate

current πF , as their production is rapidly expanding as of 2022. Conversely, hydropower has

reached a peak production of 18 EJ/yr by 2015. Like nuclear power, it is graphed separately

[Energy Institute, 2023].

Determining the maximum accessible Renewable flows Fstart requires some level of spec-

ulation. We begin by restricting the calculation to wind and solar power. While hydroelectricity

has historically been more widely used, it has recently become increasingly controversial in large

parts of the world due to its potential for environmental damage and biodiversity loss when built

in areas such as the Amazon rainforest [Palmeirim et al., 2014] that do not already have dams.

Hydropower has also faced difficulties with large capital costs for construction, and may be un-

dercut in the future by cheaper solar and wind energy [Bogoviz et al., 2020, Smil, 2017]. We

thus ignore it in calculations of Fstart. In particular, wind and solar power are the two Renew-
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able flows with the greatest long-term growth potential, enough to displace Nonrenewables. Lu

et al. [2009] estimate Earth’s wind energy accessible by ground-based turbines as 78 TW, or 2450

EJ/yr. If only 10% of this is accessible, this would by itself be enough to displace half of current

fossil fuel production.

Solar power has even greater potential. A quick calculation gives the incoming solar energy

on Earth’s accessible land area as 15000 TW (4500 ZJ/yr)—which far surpasses all conceivable

future needs [Smil, 2017]. Yet only a small amount of this power is feasibly accessible today. Li

et al. [2018] investigate the climatic effects of a plan to cover 20% of the Sahara in solar panels,

with a total collection area of 1.96 ∗ 1012 m2. Assuming a more modest initial buildout of about

1% of the desert (1011 m2), and an average near-future generation capacity of 60 W/m2, this gives

a power production of 220 EJ/yr, within an order of magnitude of the wind estimate above. We

thus set Fstart in HANDY2 to 80 EJ/yr, with Fpolicy in some scenarios driving an increase to over

350 EJ/yr. Such a scenario seems reasonable in light of the rapid expansion and decreasing cost

of solar power installations [Lal et al., 2017, Louwen et al., 2016, Swanson, 2007].

3.4.2 Population Estimates

As with energy, we use two sources to estimate population in HANDY2. Between 1700

and 2020, the HYDE3.2 dataset maintained by Utrecht University provides population data

[Klein Goldewijk et al., 2017] every 10 years. Interpolation is not necessary for our use case,

as we employ only the available data in our plots and in EnKI parameter estimation. From 1950

onward, we use the United Nations Population Division [2023]’s yearly July 1 estimates of world

population, currently up to date through 2022. The two data sets are in close agreement when

44



Figure 3.4: Population increase over time from 1700 to 2020, using data from
HYDE3.2 [Klein Goldewijk et al., 2017] and the UN Population Division [United
Nations Population Division, 2023]. Dots mark increments of 1 billion humans
on Earth. Arrows point to the Industrial Revolution and Green Revolution, two
events that greatly increased the rate of population growth.

they overlap, in the decades from 1950 onwards, which allows us to form a consistent record.

From the model start date in 1650, the reconstructed population increases from just below 500

million to almost 8 billion in 2022, with an especially rapid increase from 1950 onward. We

therefore set the starting population xC = 500 in HANDY2; one unit of population represents

one million people. Figure 3.4 shows the overall trend.

We use this HYDE and UN-derived record of world population to make reasonable esti-

mates for HANDY2’s starting parameter values. In the baseline scenario, we keep the starting

birth rates βC,E = 0.03 per year the same as in HANDY1 for the sake of consistency. This value

is slightly lower than the crude birth rates of 0.04 to 0.05 per year observed in much of the least
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developed world around the year 1950 [United Nations Population Division, 2023], but it works

well with the retained HANDY1 maximum death rate αmax = 0.07, and new HANDY2 minimum

death rate αmin = 0.005, the approximate lower limit seen in the developed world during the 20th

century [United Nations Population Division, 2023]. We also use the UN’s moderate population

projections to 2100 to guide our initial guess at the birth rate policy parameters. Values for βscale

of 23 years, βoffset of 2021 CE, and βfinal of 0.01 per year match the projections, and are also

displayed on the model results plots. We once again caution that these projections assume a de-

cline in global birth rates to a below-equilibrium level by 2100, and may be substantially too low

as a consequence [Mote et al., 2020].

3.5 Results

We now present the results for the HANDY2 model. Similar to HANDY1 [Motesharrei

et al., 2014], the model parameters can be adjusted to investigate the effect of various policies

on the overall trajectory of population, wealth, and resource use in the model time period. As

HANDY2 is meant to cover industrial society, we focus on the five centuries from 1700 to 2200,

starting the model in 1650 to allow for spinup of state variables.

In the first part of most HANDY2 scenarios, the evolution to 2022 is strongly constrained

by the historical record of resource use [Energy Institute, 2023, Smil, 2017] and population

[Klein Goldewijk et al., 2017, United Nations Population Division, 2023] as described in the

previous section. But we do not have real data in the future. Thus, HANDY2 uses a set of scenar-

ios to show what might happen in a certain situation, given a particular course of action by global

policymakers or the public, or a shift in the global economy to favor one type of energy source
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over another. In this section, we present seven main scenarios in total—including a ’business as

usual’ baseline scenario, three scenarios excluding Nonrenewables and Renewables, and three

scenarios with some combination of a greatly increased use of Renewables, decreased population

growth, and decreased economic inequality compared to the baseline. The first four scenarios

show a high potential for global economic and social collapse by 2200, as Nonrenewables re-

sources are rapidly depleted and not replaced. The last three avoid this collapse, and the last

Scenario 6 with all three changed policy factors shows an outcome with a very high standard of

living among Commoners.

3.5.1 Scenario 1: Baseline

The baseline scenario represents our best guess estimation of the moderate-term future and

its social and economic evolution, assuming the policies and dynamics that are in place today

continue until at least 2100. In particular, we keep inequality κ at its HANDY1 level of 100 over

the entire model run, and assume global birth rates decline by 2100 to βC = 0.008, just below the

replacement level. This results in a global peak population of 10.5 billion, equal to the moderate

projection from the United Nations Population Division [2023]. Nonrenewables use peaks at near

its 2022 level before declining rapidly as burnable carbon is depleted, while Renewables use is

capped at 80 EJ/yr after growing at its present-day rapid pace, as easily accessible sites for solar

and wind energy become more scarce over time after a rapid initial buildout. Parameters in this

baseline scenario were tuned by hand to allow it to display these key features, and to match the

historical record of observations to the year 2022. A full list of the parameters used is given in

Table 3.2.
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The results of the baseline scenario are shown in Figure 3.5 below, displaying both a

stocks plot and flows plot for the scenario. In the stocks plot, the state variables of HANDY2

are represented in solid color, including Commoner population (blue), equivalent Elite popula-

tion (red), Regenerating Nature stocks (green), Nonrenewables stocks (black), and accumulated

wealth (gray). As in HANDY1, the equivalent Elite population is defined as the Elite population

xE times the inequality κ, representing their total consumption and impact on society. Also in-

cluded is the commoner consumption per capita CC/xC (gray dash-dot line). Observed variables

derived from historical data are represented with dotted lines. These include the HYDE/UN ob-

served population (blue dotted line), and the estimate of Nonrenewables stock derived from the

Energy Institute [2023] (black dotted line). The population scale is plotted in billions on the

left. Energy and wealth is shown on the right in units of 1021 or 1019 J respectively; CC/xC is

normalized to units of 108 J/person-yr.

In the flows plot, we show the HANDY2 estimated production of each type of resource with

solid lines. Regenerating energy is in green, Nonrenewables are in black, and Renewables are in

orange. The solid blue line displays the sum of Commoner and Elite populations. Dotted lines

represent the real-world estimates of population (blue), Nonrenewables production (black), Re-

generating production (green), solar and wind Renewables production (orange), and hydropower

(purple), all scaled by usable final energy output. The gray dash-dot line is once again CC/xC ,

while the yellow dotted line is the accessible renewable energy F . The left population scale is in

billions while the right energy scale is in EJ/yr, or 108 J/person-yr for the per capita commoner

consumption.

The baseline scenario shows a striking example of a type-N collapse from insufficient re-

source use. The parameters chosen in the historical part of the model run allow a very close
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(a) Baseline scenario stocks plot

(b) Baseline scenario flows plot

Figure 3.5: Stocks and flows plots for the HANDY2 baseline scenario. In the
stocks plot, solid lines represent state variables of HANDY2, and dotted lines
represent real-world population and resource stocks. In the flows plot, solid lines
represent yearly energy production by resource type, dotted lines show real-world
energy production, and the yellow dash-dot line shows the accessible renewable
energy F . Both plots show commoner consumption per capita CC/xC as the grey
dash-dot line. An overall collapse in the population takes place from 2080.
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match to the observed history of Nonrenewables use and population. By carefully setting the

Nonrenewables investment threshold ANth, the positive feedback in investment, production, and

efficiency technologies for fossil fuel use activates around 1950, exactly when it historically did,

causing it to grow linearly to the present. The population parameters are tuned with similar ef-

fectiveness. Slow growth causes the world population to approach 2.5 billion by the time of the

Green Revolution, which then increases sharply as a massive influx in wealth from greater Nonre-

newables use causes the consumption per capita CC/xC to rise enough to make death rates small.

The Commoner population then peaks at 10.5 billion, following the United Nations Population

Division [2023] projections and confirming our choice of βoffset and βscale. The Elite population

stays relatively low for most of the run due to the overall high maximum level of class mobility

µM , before greatly expanding as the consumption of the Commoners begins to exceed ωµ, and

they move up in social status through the 21st century. We also note that the increased depletion

of Nonrenewables and greater production technology ψR puts pressure on Regenerating stocks,

which reach a minimum of about 10 ZJ in the mid-21st century.

The Renewable production in the baseline scenario (Figure 3.5b) grows from an average of

about 13 EJ/yr today to near the limit given by F , 80 EJ/yr, in 2100. However, the Nonrenewables

production peaks in 2025 and drops steeply after that time, as burnable carbon begins to run out

and labor force allocation and investment begins to shift away from fossil fuels toward Renew-

ables. By 2200, only about 54 ZJ of the starting fossil fuel stock of 62 ZJ is burned—but this

includes most of the easily accessible proven reserves of carbon, leaving only harder-to-access

resources of dubious economic feasibility for future generations.

80 EJ/yr of Renewables energy is simply not enough to replace the 200 EJ/yr of fossil fuels

πN maintaining today’s living standards, so CC/xC starts to greatly decline after 2020, reaching
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a trough by 2100. This modest decrease is enough to sharply elevate Commoner death rates αC

to over 0.015. Combined with lower birth rates, the world population is reduced by over half

its peak level to 4.5 billion in 2200. The situation then begins to stabilize, as the low use of

Renewables restores a moderate standard of living to the survivors. Yet this society has a much

smaller population and industrial base than today, and a very large and rich pool of Elites. In

effect, we observe a modest Type-N collapse, and a return to a moderate-equilibrium society from

today’s high-equilibrium state—showing how long-run economic growth is impossible without

an expanding pool of resources. This outcome is not desirable, and would be difficult to escape

from due to cheap fossil fuels being largely depleted. But it is not a complete collapse of human

society. From examining this baseline scenario of HANDY2 and others later in this chapter, a

complete collapse is unlikely as long as some Renewables exist to maintain energy flows.

3.5.2 Scenarios 2 and 2-1: No Nonrenewables

To validate HANDY2, it is instructive to look at what might have happened in a scenario

where fossil fuels were neither discovered nor exploited. This mirrors the pre-Industrial era of

human society over a short time period, which will be explored further at a later date in its own

branch of HANDY. We implement this Scenario 2 by setting the starting Nonrenewables stock

yN to a value of zero, and the birth rate policy toggle bra switch to false. The latter change

is equivalent to setting βfinal = βC = βE . The results of this are shown in a stocks plot and flows

plot with the same scale as in the baseline scenario.

In this scenario, we see the drastic effects of fossil fuels on the growth of human society

and the economy. Without them, the Commoner and Elite populations grow much more slowly
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(a) Regenerating-only scenario stocks plot

(b) Regenerating-only scenario flows plot

Figure 3.6: Stocks and flows plots for HANDY2 scenario 2, with no use of Non-
renewables. These plots use the same color scheme and scales as in the baseline
scenario, Figure 3.5.
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than they did in Scenario 1, peaking at 3 billion in 2050 due to the increased drawdown of Nature

and the prescribed increase in Regenerating production efficiency. However, the Commoner

consumption per capitaCC/xC never exceeds pre-Industrial levels, and this causes the population

to drop later in the model run and stabilize at about 2.5 billion. Nature clearly does not recover by

the end of the scenario. Without fossil fuels, the limited regeneration rate of woody phytomass

keeps human society in a low-equilibrium state, and this is true even with the technological

possibilities of increased Regenerating energy use made possible in modern times.

We note that the increases of ψR production technology in HANDY2 represent the Green

Revolution of the later 20th century, enabled by massive inputs of Nonrenewable energy inputs

for fertilizers, specialized plant breeding, and the modern supply chain [Smil, 2017]. It is there-

fore instructive to examine a version of Scenario 2 without the increase in ψR, which we prescribe

by setting ψR,final equal to ψR,start. Figure 3.7 shows the results of this modified Scenario 2-1

below.

In this scenario, we see a slow approach to equilibrium as the Commoner population

slightly grows over time, approaching a maximum value of 1.5 billion with a small production

of Regenerating phytomass. Commoner wealth ω remains nearly constant, and Nature does not

become significantly depleted as it does in the baseline scenario or Scenario 2, without the mod-

eled Green Revolution putting pressure on Regenerating stocks. Maximum Regenerating flows

remain near the pre-Industrial value of 20 EJ/yr [Smil, 2017]. This version of Scenario 2-1 seems

to indicate that the pre-Industrial Human system was stable, but this may not be true on a local

level, and is certainly less true with lower values of the class mobility factor µM . At lower values

near µM = 0.04, Elites grow over time, resulting in a slow type-N collapse over the HANDY2

time domain. Such an observation seems to bolster the argument made in Pomeranz [2000] that
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(a) Regenerating-only scenario with flat ψR, stocks plot

(b) Regenerating-only scenario with flat ψR, flows plot

Figure 3.7: Stocks and flows plots for HANDY2 scenario 2-1, with no use of
Nonrenewables and no ψR increase. These plots use the same color scheme and
scales as in the baseline scenario, Figure 3.5.
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scarcity of land and therefore woody phytomass forced people in increasingly economically pro-

ductive areas of the world, such as Great Britain, to seek Nonrenewable coal as to satisfy their

energy needs—which was enough to start the Industrial Revolution. We will revisit this statement

in Chapter 6.

3.5.3 Scenario 3: No Renewables

In this scenario, we revert to the conditions seen in the baseline scenario with its full com-

plement of Nonrenewable resources, but this time excluding all Renewable flows. This is done

by setting δF to 0. We also modify the birth rate policy parameters to ensure a present-day rate

of population growth until 2200—setting βoffset to 2000 CE, βfinal to 0.018 per year, and βscale

to 11 years. We also increase ANth to 328 EJ, to ensure a better match of the population and

resource curves to the historical record. Doing so allows us to see a worst-case collapse scenario

for present-day industrial society, where population growth continues indefinitely into the future

and Renewables are never used. We display this in Figure 3.8, with the same stocks and flows

plots as in the baseline scenario.

The worst-case scenario is quite dire for the Commoners. With nothing to supplant a shrink-

ing reserve of fossil fuels, CC/xC drops more rapidly than in the baseline scenario from 2020

onwards, reaching a minimum by 2120 at near pre-Industrial levels. The population grows rapidly

before the mid-21st century but peaks in 2070 at the same value of 10.5 billion as in Scenario 1,

due to the sharp rise in death rates and increased global poverty. At this point, the Human system

is entirely unsustainable, and undergoes a dramatic type-N/L mixed collapse by the end of the

model run, returning to the low-equilibrium state of Scenario 2. Even more so than in the baseline
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(a) No-Renewables scenario stocks plot

(b) No-Renewables scenario flows plot

Figure 3.8: Stocks and flows plots for HANDY2 scenario 3, with no use of Re-
newables. These plots use the same color scheme and scales as in the baseline
scenario, Figure 3.5.
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scenario, the remaining 3.5 billion people of Earth have no real ability to access Nonrenewables

or Renewables, making a return to present-day standards of living nearly impossible. Such an

outcome is thankfully unlikely, as today’s solar and wind production is instead growing rapidly

at the levels assumed in the baseline scenario.

3.5.4 Scenario 4: Inequality Reduction

We now introduce a scenario with a more positive outcome, which may be obtained by

enacting policies that reduce the consumption of Elites. In the stocks plot of the baseline sce-

nario displayed previously, and in HANDY1 [Motesharrei et al., 2014], one can see that Elite

consumption in a modeled society is similar in scale to the Commoner consumption, even though

the Elite population is only 1/(1 + κ) of the total—at most 1%. In many cases, this uncontrolled

growth of the Elites can lead to a type-L collapse (see Chapter 2). But collapse can be avoided by

limiting Elite wealth accumulation. In this scenario, we start with the same parameters as in Sce-

nario 1 but set kappa switch to true, and thus allow the inequality reduction policy knobs

κoffset = 2100 CE, κscale = 20 yr and κfinal = 10 to become active. The final wealth inequality

κ = 10 is modest by historical standards, yet still not fully egalitarian. Inequality reduction is

imposed mostly in the latter half of the 21st century, as shown in Figure 3.9. All other parameters

are the same as in the baseline scenario.

The results of HANDY2 Scenario 4, as shown in Figure 3.10, are mostly the same as in

the baseline scenario, but Commoners lose less wealth by 2200 in a slower resource collapse.

The final Commoner population at the end of the integration is 6 billion, about 20% higher than

in Scenario 1. Commoner consumption CC/xC is also slightly higher, staying near the model
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Figure 3.9: The level of inequality κ in HANDY2 Scenario 4 over time. It de-
creases from a starting value of κ = 100 in a log-logistic manner, reaching a floor
of κ = 10 by 2150.
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peak level of 6-7.5 GJ/person-yr throughout the run. Elite consumption is much lower after 2100

due to the smaller value of κ—even though Elites are still richer than the Commoners, they are

not so rich as to consume more than about 10% of society’s energy production. However, the

overall shortage of energy from 2050 onwards does not change. Regenerating and Nonrenewable

resources are still depleted at approximately the same rate as in the baseline scenario, and the cap

of 80 EJ/yr of Renewables is only barely enough to restore a moderate equilibrium by 2200. To

do better, industrial society must access more resources.

3.5.5 Scenario 5: Higher Renewables Use

In Scenario 5, we greatly increase the amount of Renewables that are accessible to society

over time compared to the baseline scenario, by setting Fpolicy to 1. This allows the maximum use

of Renewables F to grow from about 80 EJ/yr in 2000 CE to 360 EJ/yr in 2200 CE. The linear

increase in F is postulated to arise as another result of Renewables accessibility technology, with

particularly improved access to solar and wind power. We also impose the inequality reduction

seen in Scenario 4, with the same parameters, i.e. kappa switch remains true. All other

parameters are kept the same, and we plot the results in Figure 3.11.

This small change completely overhauls the dynamics of HANDY2, entirely preventing the

resource collapse that takes place in the preceding Scenarios 1, 3, and 4. The much larger amount

of accessible Renewable flows is almost fully utilized beyond 2070, as it is a now a sector large

enough to attract its own labor force LF and completely replace Nonrenewables without any great

decrease in per capita energy use and thus Commoner wealth. CC/xC remains nearly constant,

with a slight dip near 2070, at about 10 GJ/person-yr. As a result, the world population remains
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(a) Inequality reduction scenario stocks plot

(b) Inequality reduction scenario flows plot

Figure 3.10: Stocks and flows plots for HANDY2 scenario 4, imposing a reduction
in Elite inequality over time to κ = 10. These plots use the same color scheme
and scales as in the baseline scenario, Figure 3.5.
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(a) Higher Renewables use scenario stocks plot

(b) Higher Renewables use scenario flows plot

Figure 3.11: Stocks and flows plots for HANDY2 scenario 5, with Fpolicy set to 1
to allow increased use of Renewables and inequality lowered over time to κ = 10.
These plots use the same color scheme and scales as in the baseline scenario,
Figure 3.5.
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steady at its peak of 10.5 billion from 2070 onward. While the birth rate policy βRC is enough

to stop the population from growing by this time, in line with the UN projections to 2100 shown

on the stocks and flows plots, the Commoner birth and death rates remain close to equal with

each other at about 0.009 per year. Both rates slowly decrease after that time (Figure 3.12).

Another dramatic change in Scenario 5 is the large growth in the number of Elites. Initially, their

equivalent population declines from its present value due to the reduction in κ. But afterwards,

the Commoners become rich enough, and inequality low enough, to support a very high rate of

upward class mobility, almost quadrupling the Elite population from 2100 to 2200. This can

be seen by the difference between the population curves in the stocks and flows plots. When

Commoner population declines slowly in Scenario 5, Commoners are simply becoming Elites

rather than dying.

In Scenario 5, fossil fuels are phased out at a similar rate as in the baseline scenario, not

exhausting the burnable reserves of carbon despite a higher population and energy intensity. We

also see Regenerating consumption remain constant, as the higher Renewables use displaces

Regenerating labor force allocation LR, reducing the extent to which biomass is currently used

in the developing world [Smil, 2017]. Commoner energy needs are instead met by Renewables,

with an investment rate high enough that the production πF utilizes all of the available capacity

F shown by the yellow dash-dot line. We thus see that a larger accessible pool of Renewables

is the single most important change that avoids resource collapse in the 21st century—one that

policymakers can easily take action on by investing in rapid construction of solar and wind energy

infrastructure, large amounts of which are needed to support today’s energy-intensive lifestyle.

In Chapter 6, we note this finding is robust to changes in HANDY2 parameter values that we

obtain from EnKI parameter estimation.
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Figure 3.12: Population growth rate plot for HANDY2 scenario 5. The blue and
red solid lines show the Commoner and Elite growth rate per year, while the blue
dotted line shows the real-world yearly growth rate of population, using HYDE
[Klein Goldewijk et al., 2017] estimates to 1950, United Nations Population Divi-
sion [2023] observations to 2022, and United Nations Population Division [2023]
projections afterwards. The dash-dot blue line represents the Commoner death
rate in HANDY2, while the grey line is the Commoner birth rate. The area be-
tween them shows the natural growth of the Commoner population.
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3.5.6 Scenario 6: Higher Renewables Use and Lower Birth Rates

We can make one further change in Scenario 6, compared to Scenario 5, to increase societal

prosperity even further. This is done by instituting a birth rate policy that causes birth rates to

decline below replacement levels. In particular, we set βfinal = 0.003 and βoffset = 2037

CE, while βscale remains at 30 years. This change may seem small, but it aims to represent

global action by policymakers to reduce fertility more than in the UN’s moderate projection,

by increased promotion of family planning and education over the next 50 years. By 2070, we

estimate these HANDY2 parameters equate to a total fertility rate (TFR) of about 1.7 children

per woman. This is moderately low, yet still substantially higher than fertility rates in many rich

world countries as of 2022 [United Nations Population Division, 2023]. The stocks and flows

plots of Scenario 6 are shown as Figure 3.13.

As with Scenario 5, the rapid takeoff in Renewables output πF in Scenario 6 entirely pre-

vents societal collapse. Renewables grow at a linear rate for almost all of the scenario past 2020,

remaining extremely close to F from 2100 onwards. Nonrenewables production peaks just after

2025 and is eventually almost entirely replaced by Renewables production, while the Regener-

ating output even begins to drop after 2150 due to the decrease in total population. The overall

production of energy is very similar between Scenarios 5 and 6.

It is in the population domain where the lower birth rates demonstrate their effect of in-

creasing Commoner wealth, as fewer people share the same resources. In Scenario 6, the total

world population peaks at only 9.5 billion by 2060, and begins declining slowly to a value of

about 6.5 billion in 2200. Unlike in the baseline scenario, this decrease is entirely due to a lower

birth rate. This can be seen in the population growth plot, Figure 3.14, as death rates remain at
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(a) Higher Renewables use scenario stocks plot

(b) Higher Renewables use scenario flows plot

Figure 3.13: Stocks and flows plots for HANDY2 scenario 6, setting Fpolicy to 1
to allow increased use of Renewables, adopting a stronger policy to lower birth
rates βC , and reducing inequality over time to κ = 10. These plots use the same
color scheme and scales as in the baseline scenario, Figure 3.5.
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present-day levels past the year 2000. Commoner consumption CC/xC reaches a value of 12.5

GJ/person-yr by 2200, far higher than in any other scenario and nearly 1.5 times the baseline

scenario’s value in 2020. Even the total wealth w grows faster than in Scenario 5 due to the

smaller population consuming less. Elite growth also follows a similar pattern as in Scenario 5,

greatly increasing after 2100 due to upward class mobility becoming high at larger values of ω.

This only has a small impact on the overall standard of living due to the low income inequal-

ity. By the end of Scenario 6, Elites make up about 20% of the world population, showing how

the wealth in this rich world is spread far more broadly than in the baseline scenario. Scenario

6 shows the best outcome of any of the HANDY2 scenarios, reaching a high-equilibrium state

where everyone can enjoy a prosperous life. This is made possible by a combination of three

policy changes—increasing the accessibility of Renewable flows, reducing population growth,

and limiting economic inequality.

3.6 Conclusion

HANDY2 successfully extends the domain of applicability of the original HANDY1 model

to the radically different world after the Industrial Revolution. We have designed several mecha-

nisms that improve the predictive accuracy of HANDY2 by capturing the fundamental features of

modern society. In this model, the looming threat of Nonrenewable resource depletion interacts

with labor force and investment dynamics, population growth projections, and class mobility,

among other factors, to shape seven scenarios of the near-term future of humanity. The predictive

value of HANDY2 has been buttressed by extensive evidence from demography, history, eco-

nomics, and the biosciences that explain the choices made in its construction and the parameters
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Figure 3.14: Population growth rate plot for HANDY2 scenario 6. The lines and
scale are the same as in Figure 3.12.

we run it with. Those constraints, alongside plenty of experimentation, have allowed the model

to accurately replicate the growth in world population, fossil fuel consumption, and phytomass

use from 1800 to the present. However, we postulate that all else being equal, these current con-

ditions will likely lead to a type-N ecosystem and Human system collapse by the end of the 21st

century, greatly disrupting the global standard of living.

Collapse can be averted by making three changes—reducing wealth inequality, lowering

global birth rates, and increasing the accessible amount of renewable energy. For instance, wealth

and consumption inequality may be reduced through a global tax on capital above a certain level

of income [Nguyen and Khieu, 2020, Piketty et al., 2022]. Birth rates across the developing world

have already sharply declined, and may be further lowered through efforts by world policymakers

to encourage family planning, bolster economic development, and promote the status and ability
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of women to make their own reproductive decisions [de Silva and Tenreyro, 2017, Piepmeier and

Adkins, 1973]. Large-scale investment in renewable energy has already taken place across the

rich world [Bistline et al., 2023], and even more so in China, where a rapid expansion of solar and

wind capacity has been seen in just the five years preceding 2022 [Energy Institute, 2023]. It is

clear from experience that none of these three policy measures are infeasible to implement. But

they will require significant political will and large-scale coordination with the aim of preventing

resource collapse and ensuring a prosperous future for humanity.

There are some caveats to the current version of HANDY2. It is clear from our experi-

mentation that even small changes to the model’s baseline scenario have significant effects on

the dynamics and overall trajectory of the society it simulates. With certain parameter values

examined in variants of the baseline scenario, the type-N collapse may be mild, or particularly

severe, or even take on aspects of a mixed type-L collapse [Motesharrei et al., 2014] from ex-

treme growth in Elite population. These variations of course greatly affect the interpretation of all

HANDY2 scenarios, and the extent of the action required to avoid bad outcomes for the Human

system. In the following chapter, we will explain one method to estimate hidden true parameters

in complex models, Ensemble Kalman Inversion (EnKI), and we will demonstrate its applicabil-

ity to both HANDY1 and HANDY2 through further examination and optimization of both model

generations.

71



Chapter 4: Overview of EnKI and Parameter Estimation

Throughout the process of developing both HANDY1 and HANDY2, most parameters in

the model were set and fine-tuned by hand, in an attempt to match the observed trends of popula-

tion, wealth, and resource use in the Human system. This process was to some degree successful,

but it shows multiple drawbacks. Testing subtly different values of model parameters is extremely

time-consuming and cumbersome, and there is very little possibility of sampling most of a high-

dimensional parameter space in just a few, or even a few hundred runs of HANDY2. By changing

one parameter at a time, we may end up optimizing the model toward a local minimum which

is unrepresentative of its dynamics in the general case—thereby potentially drawing flawed or

erroneous conclusions from it. Manual optimization also gives us no good estimate of the model

error or its sensitivity to changes in particular parameters, which is extremely important to know

if one is to have confidence in the results and future projections of HANDY2.

For these reasons, we implement the Ensemble Kalman Inversion (EnKI) method of param-

eter estimation, first described in Iglesias et al. [2013], to automatically determine the most likely

parameter values of HANDY2 which best fit the historical observations of Commoner and Elite

population, and Renewable, Nonrenewable and Regenerating energy use. EnKI is based on the

ensemble Kalman filter (EnKF), which sees widespread use in meteorological and oceanographic

data assimilation to determine a future model state from present observations [Evensen and van
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Leeuwen, 1996, Houtekamer and Mitchell, 2001]. The innovation of Iglesias et al. [2013] is

to instead use this method to solve the inverse problem of determining past states and observa-

tions. In their paper, the authors construct the EnKI method by iteratively applying the ensemble

Kalman filter, estimating a model state u from observations y, and show that the estimate lies

within the span of the initial ensemble A. They also note the EnKI process maintains similar

accuracy to least-squares approximations over A while not requiring the derivative of the model

G. Calculating the derivative would be impractical for HANDY and HANDY2. The authors

then give examples of EnKI parameter estimation for various simple models. This is extended

further by the Climate Modeling Alliance (CLiMA) [Dunbar et al., 2022], who provide code and

documentation for estimating state within the Lorenz96 [Lorenz, 2006] model, and a ’Cloudy’

cloud-aerosol model. Other authors have applied EnKF-based parameter estimation to models

in the Earth sciences with similar complexity to HANDY2 [Schöniger et al., 2012]. However,

applying EnKI to population and resource dynamics models like HANDY is to our knowledge

novel, and is demonstrated in Chapters 5 and 6.

4.1 EnKI Mathematics

4.1.1 The Algorithm

In its most basic form, EnKI attempts to find the solution to model inverse problems of the

following type.

y = G(u) + η. (4.1)
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G in this formalism is the forward model whose parameters are to be estimated. Most

commonly, it is realized by a system of differential equations. u is taken as an initial set of

unknowns in some Hilbert space X , while the known set of observations y is in another Hilbert

space Y ; there is also a Gaussian error η with known covariance Γ. In practice, attempting to find

the most accurate realization of u on a high-dimensional space is very difficult. Hence we attempt

to find the solution in the constrained, finite-dimensional space A, incorporating prior knowledge

of the solution in the form of the starting ensemble. The abstract model G is thus realized in the

form of a dynamic model Ξ : Z → Z, where Z = X × Y , the product of the Hilbert spaces,

Ξ(z) =
(

u
G(u)

)
, and artificial dynamics zn+1 = Ξ(zn) arise from repeated applications of Ξ. In

this setting, Iglesias et al. [2013] define observed data as (eq. 3):

yn+1 = H(zn+1) + ηn+1, (4.2)

where H is the projection operator taking Z to Y , and η is a sequence of independent, identically

distributed normal deviates in Y with covariance Γ.

To initialize the ensemble Kalman inversion, one begins by taking an ensemble ψ(j)
j=1 of

observations in X and defining the initial state in Z to be (Iglesias et al. [2013], pg. 4):

z
(j)
0 =

(
ψ(j)

G(ψ(j))

)
. (4.3)

The finite-dimensional space A is then defined as the span of the set of observations z(j)0 , chosen

deliberately to ensure an optimal estimate. The first guess of the model truth is simply the mean

of the starting ensemble. If no prior probability distribution is known, the ensemble becomes a
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truncated basis of X; otherwise with a specified prior, we obtain a Karhunen-Loéve (KL) basis

[Iglesias et al., 2013].

In the EnKI prediction step, the artificial dynamics are first used to evolve the ensemble

and introduce the forward model (Iglesias et al. [2013], eq. 9).

ẑ
(j)
n+1 = Ξ

(
z(j)n

)
. (4.4)

This evolved state is used to obtain the ensemble mean and covariance (Iglesias et al. [2013], eq.

10,11):

z̄n+1 =
1

J

J∑
j=1

ẑ
(j)
n+1 (4.5)

Cn+1 =
1

J

J∑
j=1

ẑ
(j)
n+1

(
ẑ
(j)
n+1

)T − z̄n+1z̄
T
n+1. (4.6)

Next comes the analysis step, where the particles in the ensemble are adjusted to better fit

the data. The Kalman gain Kn is defined as (Iglesias et al. [2013], eq. 12):

Kn+1 = Cn+1H
T (HCn+1H

T + Γ)−1. (4.7)

The ensemble is then updated as follows, where η(j)n+1 are as before independent normal

error vectors with covariance Γ (Iglesias et al. [2013], eq. 14, 15). The right term introduces the

observation innovation at each timestep.

z
(j)
n+1 = (I −Kn+1H)ẑ

(j)
n+1 +Kn+1(y + η

(j)
n+1). (4.8)
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Finally the mean of the ensemble update, un+1, is calculated. If the ensemble has not yet

converged, the update steps are repeated until it does. Convergence can in general be determined

according to the discrepancy principle—EnKI iteration stops when the norm of y − G(un) in

covariance space Γ falls below some constant at least equal to the overall norm of the noise η∗.

This noise is also beneficial to the stability of the error minimization. Adding noise allows the

particles to herd less withinA and so gives a better final approximation of u [Iglesias et al., 2013].

4.1.2 Properties of EnKI

Most importantly, the EnKI iterative process always keeps the particles z(j)n+1 in the same

space A as they were initialized. This follows from the analysis step and Kalman gain being

linearly conservative in any EnKF method, and the EnKI update functions being defined to be

linearly conservative. Iglesias et al. [2013] prove this statement by induction on the time step n

(their Theorem 2.1). This allows those authors to make the following two observations. First, as

the starting ensemble forms a basis of A, any solution p(j)n+1 ∈ A may be expressed as a linear

combination of the ensemble. Second, the minimum EnKI error at any iteration step n cannot be

less than the infimum of the error in A; i.e.:

∥un − u∗∥ ≥ inf
v∈A

∥v − u∗∥, (4.9)

where u∗ is the model truth.

Third, the EnKI solution is usually not much worse than the least-squares minimization

of the error in A, uBA = minu∈A ∥u − u∗∥2Γ. This is confirmed in the numerical experiments

conducted by Iglesias et al. [2013]. In the particularly simple case where the forward model G is

76



linear, as are the operators C and Γ used to calculate the Tikhonov-Phillips regularization of the

least squares solution, the authors show (eq. 41) that in the limit of more ensemble members and

iterations, the EnKI solution asymptotically approaches the least-squares solution.

u1 → uTP = ū+ CG∗(GCG∗ + Γ)−1(y −Gū) (4.10)

This is highly advantageous in the case of simple modelsG, as calculating the least squares

regression requires that the derivative of the forward model exist and can be run in a reasonable

time, while EnKI does not. For more complex cases where the model is non-linear, this equiv-

alence is not necessarily true. But the two solutions are quite close to each other in practice

[Iglesias et al., 2013], with EnKI much faster to iterate. The number of data points usually assim-

ilated with EnKI at each iteration is generally small, so the runtime is dominated by the number

of particles Nens times the number of iterations Niter. These tend to both be much smaller than

the number of dimensions of many practical models G [Iglesias et al., 2013]. Estimating the

model gradient, as needed in any variational method, can itself be a significant mathematical

and programming task which is likely infeasible in the case of HANDY2. We gladly take the

opportunity to avoid it by using EnKI.

4.2 EnKI for Lorenz96

Iglesias et al. [2013] and their subsequent work done as part of CLiMA [Dunbar et al.,

2022] provide several examples of EnKI used in practical Earth system models. They also main-

tain Julia-language libraries that implement EnKI and related algorithms. One particularly in-

structive example is given in lorenz example.jl, whose tools we borrow for HANDY2
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EnKI. This code estimates two parameters in the Lorenz96 [Lorenz, 2006] model: the mean F

and the amplitude of transient oscillations A, given a starting prior estimate of F and A, and ob-

servations of the wind speeds y0 and y1 throughout the Lorenz96 runs. The code then generates

plots of the estimated parameters in both the unconstrained and constrained parameter spaces

(see below).

lorenz example.jl begins by calling the EnsembleKalmanProcesses (EKP)

library, specifying where the output figures are to be saved, and using a fixed random (RNG)

seed for reproducibility. The model settings are then specified, including the run duration and

characteristic timescale τc of Lorenz96. There is also an option to select which output statistics

y∗ to use: a mean y∗ over the entire run duration, or a linear approximation over time. Then the

model truth is specified, including the hidden parameters F and A, and the transient oscillation

frequency ω. The overt parameters are also provided, including zonal model sizeN , starting time

tstart, timestep dt, batch length ts, integration length tfit, and initial perturbation Fp.

The next step is to construct the prior parameter distribution for the ensemble. This is

done by invoking constrained gaussian, which takes as input the prior mean, standard

deviation, and the upper and lower bounds of a specified interval. The function then returns a prior

distribution in constrained space, and a mapping T : U → Φ that transforms the initial specified

normal distribution into a distribution whose support is on that interval. This prevents unphysical

parameters from breaking the model if introduced into the ensemble. A full explanation and

guidance for using constrained distributions is provided at Climate Modeling Alliance [a].

A Boolean flag exists in the code to select whether to prescribe the EnKI covariance Γ or

to learn it from the forward model. In the latter case, Lorenz96 is run once with the true model

parameters, generating a truth run. The average of y0 and y1 within a data collection period
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of length tfit is determined for nsamples windows. These observations are used to construct the

4 × 4 covariance matrix Γ. Otherwise, the mean wind observations over the entire truth run are

adjusted with multiplicative noise of magnitude given by noise level. Γ is computed from

nsamples such noisy samples. In EnKI for HANDY1 and 2, we use somewhat different strategies

to estimate starting covariance, which are discussed further in Chapters 5 and 6.

Code objects are constructed to initialize the EnKI iteration process. An Observation

object is first used to contain the true observations and covariance Γ. Then construct -

initial ensemble constructs the initial ensemble of model parameters u0 from the prior

distributions, the number of ensemble members Nens, and the random seed. An EnKI object

ekiobj is then made using EnsembleKalmanProcess, containing the initial ensemble, the

mean of the observations y, the covariance Γ, and the Inversion() object, with the option

to specify additional parameters such as failure handlers or learning rate schedulers that are not

used for Lorenz96.

At each of Niter iteration steps, get ϕ mean final obtains the ensemble parameters u

from the ekiobj. The Lorenz96 model is then run with those parameters, producing a set g ens

of Nens outputs. update ensemble! then performs the EnKI update algorithm, modifying

the ensemble in-place, which is then used to return the mean square error estimate between the

ensemble mean un and the true parameters u∗. The EnKI error is displayed in terminal output.

At the end of the iteration loop, the mean of the ensemble is displayed as the posterior estimate

for the Lorenz96 parameters u∗ and saved to disk.

Finally, two animated plots are produced. The first plot shows the convergence of the

ensemble toward the Lorenz96 model truth in unconstrained parameter space, using trans-

form constrained to unconstrained to recover the normal distribution of the priors.
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The second plot is the same graph in constrained space. We show the first and final frames of the

second plot in Figures 4.1 and 4.2.

From the plots, it is clear that EnKI works quite well for parameter estimation in Lorenz96.

Within 5 iterations, the ensemble of parameter estimates quickly converges from a wide spread of

initial guesses for F and A to being tightly clustered around the true values of both parameters.

The ensemble mean un is off from the truth by less than 1%. Dunbar et al. [2022] demonstrate

their code works well to recover hidden variables in simple situations where the truth run for a

model is known. We therefore adapt some of this code in Chapter 5 to estimate the key parameters

in HANDY1, after making significant changes to account for our model’s increased complexity.

HANDY2, due to its even more complex structure, lack of known model truth u∗, and existence of

good prior constraints on some of its parameters but not others, is handled separately in Chapter

6.
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Figure 4.1: A plot of the EnKI parameter estimation ensemble in constrained
space after 1 iteration, produced by the lorenz example.jl code from Dun-
bar et al. [2022]. Blue dots show F (horizontal) and A (vertical) parameters for
each ensemble particle. The intersection of the red lines shows the model truth.
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Figure 4.2: A plot of the final EnKI ensemble after 5 iterations, produced by the
lorenz example.jl code from Dunbar et al. [2022]. The plot elements are
the same as in Figure 4.1.
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Chapter 5: HANDY1 Parameter Estimation

We now turn to implementing EnKI parameter estimation for the HANDY family of mod-

els. In Chapter 2, we examined the structure of HANDY1 as published by Motesharrei et al.

[2014], that covers one growth and collapse cycle in a hypothetical pre-Industrial human soci-

ety. It can be seen from their findings that even in a model as simple as HANDY1 with only 12

parameters, small changes in initial and boundary conditions can guide the development of very

different societies. As we further expanded upon in HANDY2 (Chapter 3), low rates of depletion

and inequality lead to stable societies that approach their ecological carrying capacity, while high

rates of either can quickly lead to resource collapse.

With the tools of EnKI, we can ask the reverse question: given the observations of popu-

lation, wealth, and resource use of a society in a HANDY1 scenario, can we recover the model

parameters that gave rise to that scenario? The answer is yes. Subject to certain constraints on

the starting ensemble, we use the parameter estimation algorithm and implementations outlined

in Chapter 4 to create code (handy1 parameter estimation.jl in our supplementary

materials) that finds the parameter values in HANDY1 scenarios to great accuracy. We success-

fully recover the parameters in Egalitarian approaches to equilibrium, as well as Equitable and

Unequal scenarios with type-L and type-N collapses, given pseudo-observations with noise of

the model’s state variables xC , xE , y, and w. We also establish that the EnKI process is more
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fragile for HANDY models than for Lorenz96. There are state transitions in HANDY1 beyond

which any ensemble particle will fail to converge to the model truth. We give examples of those

inversion failures and discuss their overall effect on parameter estimation.

As with Lorenz96, HANDY1 parameter estimation approximates a known model truth that

may not correspond to conditions in the real world. We demonstrate and validate this process

as a stepping stone toward parameter estimation in HANDY2, which approximates an unknown

model truth in a higher-dimensional search space. That process is covered in Chapter 6.

5.1 The EnKI Implementation for HANDY1: Building on Lorenz96

The handy1 parameter estimation.jl code we write to implement EnKI [Igle-

sias et al., 2013] for HANDY1 works very similarly to CLiMA’s Lorenz96 example, but is ex-

tended to account for the differences in our model. Most importantly, because HANDY1 is not

periodic, we cannot simply average the observation signal over time in order to produce us-

able data points for inversion. We are forced to take a different approach by producing a mean

squared error, or loss vector, between the ensemble output and modeled truth for each parameter

i (∥y∗i − yn,i∥22) and using that in the EnsembleKalmanProcesses library [Dunbar et al.,

2022] by optimizing the loss vector to a target of zero. We also determine an assumed covari-

ance Γ based on variability within the truth (or nature) run, perturbed slightly by an estimate of

multiplicative noise.

The code begins by invoking the Julia version of the HANDY2 model. This is identical

to the Jupyter notebook version used in Chapter 2, and returns an array H1Output of the state

variables of the model at each timestep. Then, the parameters and settings for the model truth
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scenario are defined, used in a first pass of HANDY1 which computes the ’true’ observations

y∗. These values can be changed to test parameter estimation efficiency for the various scenarios

defined in Motesharrei et al. [2014] or elsewhere. The random number generator (RNG) seed is

also set to a specific integer to ensure reproducibility of the results. Here, we use the value 42.

Next, the list of parameters to estimate with EnKI, contained in fields of the H1Params

struct, is defined in param names. The other parameters are kept at the true values set in a

particular HANDY1 scenario. For each of these test parameters, a prior distribution needs to

be set using combine distributions and constrained gaussian. As in Lorenz96,

these functions take a prior mean, standard deviation, upper bound, and lower bound; the output

distributions are then packaged into a convenient priors object. Some thought has to be pro-

vided when selecting the upper and lower bounds in order to prevent unphysical model results.

In particular, HANDY1 breaks if the birth rates are not within the range of the minimum and

maximum death rates; i.e. αmin < βC , βE < αmax must be satisfied. If this constraint does not

hold, the population necessarily goes to zero or infinity in the model run and parameter inversion

is not successful. Similarly, extreme values of other parameters can cause particle failure and

consequent loss of dimensionality of the inversion ensemble.

A list of output parameters used to constrain the inversion is then specified. In most cases,

we use observations of all four HANDY1 state variables: Commoner population xC , Elite pop-

ulation xE , wealth w, and Regenerating nature y. These are each vectors y∗i representing the

entire history of the HANDY1 scenario at each time step. To each observation, we then add a

multiplicative independent noise η of mean 0 and standard deviation given by noise level,

usually 0.02, that creates a set of pseudo-observations. That is, for each timestep t and parameter

85



i:

ỹi,t = (1 + η)y∗i,t. (5.1)

The perturbed output pseudo-observations often change greatly over time during the spinup,

growth, and collapse phases of HANDY1, even in runs that converge to an equilibrium. There-

fore, we can use them to estimate the true covariance matrix Γu, with elements Γu(i, j) =

Cov(ỹi, ỹj), providing better results than a priori estimation. This strategy is a continuous ver-

sion of the one used in lorenz example.jl, which breaks the truth run up into nsamples = 20

periods before taking the parameter mean in each of them and using that to calculate covariance.

The standard EnsembleKalmanProcess objects are now instantiated with the initial

ensemble constructed from the ensemble priors, noisy ’model truth’ pseudo-observations, the

covariance matrix Γu, the SampleSuccGauss failure handler, the EKSStableScheduler,

and the RNG seed. To use the loss-based inversion within the code, we set truth sample

to a zero vector. update ensemble! accepts only a single observation vector per ensemble

member and inversion iteration, so it must be the error estimate instead of a list of observations

yt.

As of the latest version, EnsembleKalmanProcess gives an option to use one of sev-

eral learning rate schedulers [Climate Modeling Alliance, b]. In most cases, we use the EKSSta-

bleScheduler [Kovachki and Stuart, 2019]. This stable scheduler takes two parameters: the

first is the numerator α, which determines the learning rate far from the area of convergence,

while the second parameter, the kernel ϵ, determines the learning rate ∆t close to the area of

convergence. Large values of ϵ cause the ensemble to converge more slowly. Specifically, this

learning rate is given as:
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∆t =
α

∥U∥+ ϵ
(5.2a)

U =
(
G(u)− Ḡ(u)

)T
Γ−1
u

(
G(u)− y

)
(5.2b)

where G is the forward HANDY model, and Γu is the covariance matrix at each iteration. For

HANDY1, we choose α = 10 and ϵ = 0.01.

Other schedulers exist that can change learning rate over time, such the DataMisfit-

Controller [Iglesias and Yang, 2021], but we have not tested them with HANDY. In addition,

we invoke the SampleSuccGauss failure handler to replace failed ensemble particles with the

average of the remaining particles. While this reduces the dimension of the search space and

does not resolve underlying model stability issues, it can be useful to prevent inversion runs from

failing when only a few particles diverge.

EnKI iteration begins by creating a handy1ensparams object containing ensemble pa-

rameters for HANDY1, generally different from the truth-scenario parameters. For each iteration,

get ϕ final obtains the list un of ensemble test parameters to be estimated and setfield!

updates each particle’s copy of handy1ensparams with the test parameters. HANDY1 is then

run for each particle, producing the output yt (ensembleoutputs). Some code optimization

took place to ensure this can be done quickly. The mean square loss vector g ens is then cal-

culated for each particle. This is equal to ∥ỹi − yt,i∥22 for each HANDY1 state variable i under

observation. The ensemble is updated with update ensemble!, and the ensemble EnKI er-

ror over all output variables and particles ∥ỹ − yt∥2 is then calculated. Parameter estimation is

continued for Niter iterations; it can also end early if the relative change in the global EnKI error
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between iterations is less than a certain threshold (usually 10−3).

We then produce plots from the ensemble mean output identical to those in Chapter 2. The

posterior parameter estimates are obtained by get ϕ mean final before being used in a final

pass of HANDY1. From the plots, we can see at a glance if the EnKI process produces a scenario

identical to the model truth. If that is the case, we deem the parameter estimation a success. We

also use the plots to analyze what goes wrong in the case of inversion failure.

5.2 Parameter Estimation Results

5.2.1 Egalitarian Scenarios

5.2.1.1 Estimating δ

We begin by estimating parameters for an Egalitarian scenario of HANDY1 (Figure 2.1a

and sections 5.1.1-5.1.3 in Motesharrei et al. [2014]). In this scenario, we set the starting Elite

population xE,start to zero and the baseline depletion δ to 6.67 ∗ 10−6 (see Table 5.1). Since there

are no Elites in an Egalitarian society, we delete xE from our list of output observations in the

parameter estimation code for all Egalitarian runs. All scenarios are run for 600 years with a

timestep of 0.5 years, except when otherwise specified.

EnKI estimation can be done most easily for one parameter at a time. The most obvious

candidate is δ, the depletion rate, as it varies greatly between runs and gives rise to very distinct

dynamics in HANDY1 depending on its value, with stable societies, oscillating equilibria, and

full collapses all possible. We note that δ tends to vary across several orders of magnitude. Thus,

a reasonable prior for estimating δ is the log-normal distribution given by a lower parameter
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limit of 0, an upper limit of ∞, a particular prior mean µp, and a standard deviation σp. We set

σp = 0.2µp to make the starting particle density lower near the model truth.

Estimating the single parameter δ in an Egalitarian society works quite well. We quickly

attain convergence to the scenario truth u∗ across a wide range of starting prior means µp, within

just 10-20 iterations and a wall-clock time between 0.5 and 1 seconds on an M1 MacBook Air.

The radius of convergence extends at least one or two orders of magnitude, from 0.06u∗ ≤ µp ≤

7u∗ in the soft-landing scenario (Figure 5.1), and this works regardless of the true value of δ in

soft-landing runs and full collapses alike. Convergence stability however degrades outside these

bounds. While the particles do not diverge to infinity at very high prior mean depletion δ, they

are instead attracted to a spurious local minimum. It is still evident that HANDY1 is very stable

when it comes to perturbations in δ.

5.2.1.2 Estimating Many Parameters

To further examine the convergence of parameter estimation in the Egalitarian HANDY1

scenarios, we estimate eight of the model’s twelve parameters simultaneously: αmin, αmax, γ,

λ, xC,start, δ, s, and ρ. The Elite-related parameters xE,start, βE , and κ are excluded as they

are not relevant for the Egalitarian run. βC also remains constant since it is difficult to keep

between αmin and αmax as required for model stability. To simplify the estimation, we let all the

prior distributions be log-normal, specifying the parameter bounds as [0,∞). The prior standard

deviation σp is equal to 0.2µp in all runs, and µp is allowed to vary.

The estimation of many parameters is somewhat troublesome, but still works fairly well

with the addition of noise to the observations. When the prior mean µp equals the scenario
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(a) µp = 0.06u∗ (b) µp = 7u∗

(c) µp = 10u∗, δ∗ = 2.67 ∗ 10−5

Figure 5.1: Parameter estimation of δ in the HANDY1 Egalitarian scenario. The
left two figures show estimation for true δ = 6.67 ∗ 10−6, σp = 0.2µp, and labeled
µp. The right figure shows estimation for an oscillatory Rgalitarian run with true
δ = 2.67 ∗ 10−5 and σp = 0.2µp. The plot legend is as in Figure 2.1.

truth u∗, convergence to the true parameter values occurs after about 60-80 iterations. The wall

clock time is about 0.7 seconds. Parameter values approach the truth only approximately and not

exactly—the final EnKI error is within an order of magnitude of 1011. Some variables are learned

more effectively than others, since the final αmin is within 1% of the true scenario value u∗, while

the starting xc is 25% different from the truth. The convergence result is shown in Figure 5.2a

below, with learned parameters in Table 5.1.

Changing the prior mean somewhat reduces the effectiveness of convergence. With a prior

mean of 2.3u∗, or any value above 1.5u∗, the estimation onlu partially converges after 100 itera-

tions, with some model parameters such as δ being estimated at about 1.47 ∗ 10−5, a value about
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2.5 times the model truth. Other parameters like αmin continue to be learned accurately. This

partial success produces a kink in the wealth curve seen in Figure 5.2b.

(a) µp = u∗ (b) µp = 2.3u∗

(c) µp = 0.5u∗

Figure 5.2: Multiple parameter estimation performance in the HANDY1 Egalitar-
ian scenario. The left figure shows estimation for true δ = 6.67∗10−6, σp = 0.2µp,
and µp = u∗. The right figure shows a partial estimation success with µp = 2.3u∗.
The bottom figure shows a successful estimation with µp = 0.5u∗. The legend is
as in Figure 2.1.

Convergence is also somewhat less good when the prior mean is reduced. With µp = 0.5u∗,

the posterior particle mean for most parameters is somewhat lower than u∗ (see Table 5.1). In

this case, αmin is learned less effectively with a final value of only about 0.005 per year, and

the starting value of xC is estimated at only 37.7. The EnKI error stabilizes at about 4 ∗ 1011.

Nevertheless, the scenario still shows soft-landing to equilibrium, just as in the original HANDY1

run (Figure 2.1a, and Motesharrei et al. [2014]). This can be seen in Figure 5.2c below; it appears
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as if many parameter values un can give rise to similar model dynamics.

The HANDY1 model gradient is well behaved for parameter values close to the model truth,

but poorly behaved for extreme values. This is particularly true in the case of the maximum death

rate parameters αmax and the depletion δ, which have a pathological effect on model state if they

get too small or large. As mentioned before, the death rates must satisfy αmin < βC , βE < αmax

in order for HANDY1 to be stable. Larger values of αmin cause immediate population collapse,

while smaller values of αmax lead to unstoppable exponential population growth. These param-

eter values cause HANDY1 to break down and produce extremely large, zero, or even spurious

negative results for other state variables, leading to particle convergence failure. However, using

noise in the EnKI pseudo-observations makes this issue less severe than it would be otherwise.

Table 5.1: List of model truth values u∗ and posterior mean parameter estimates
for HANDY1 Egalitarian runs, with varying prior means µp. All values to 3 sig-
nificant figures.

Variable Name in code u∗ µp = 0.5u∗ µp = 1u∗ µp = 2.3u∗

αmin alpha min 0.01 0.00511 0.0110 0.0106
αmax alpha max 0.07 0.0643 0.0778 0.0674
γ gamma 0.01 0.00665 0.00976 0.0239
λ lambda 100 105 103 98.9

xC,start startcommoners 100 37.7 124 102
δ delta 6.67 ∗ 10−6 4.96 ∗ 10−6 5.91 ∗ 10−6 1.47 ∗ 10−5

s s 0.0005 0.000421 0.000472 0.00117
ρ rho 0.005 0.00413 0.00348 0.00630

5.2.2 Equitable Scenarios

In the equitable scenarios of HANDY1 (Figure 2.2, and section 5.2 in Motesharrei et al.

[2014]), there is a pool of non-working ’Elites’ xE with inequality κ = 1 who take up resources

but otherwise do not contribute to the society. With the exception of that population increasing the
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equilibrium depletion δ, these runs are otherwise identical to the Egalitarian scenarios. It would

thus not be surprising if the results of Equitable scenario parameter estimation were largely the

same as in the Egalitarian case.

However, it becomes clear from our results that multi-parameter estimation functions more

effectively in HANDY1 runs with a single cycle of growth and collapse than in oscillatory runs.

In the latter case, the very sharp rises in y and w at multiple times degrade the EnKI stability of

HANDY1 and lead to poorer convergence. We thus estimate parameters specifically for the full-

collapse case (Figure 2.2d and section 5.2.4 in Motesharrei et al. [2014]) with δ = 4.33 ∗ 10−5

and xE,start = 25. We keep the other parameter priors the same as in the Egalitarian scenario, and

run estimations for δ in isolation and for the same eight parameters as before. Starting xE cannot

be reliably learned in an Equitable run, as elite population xE is always a constant multiple of

commoner population xC . Including xE in the list of outputs y∗ would lead to EnKI failure due

to the ensemble covariance becoming singular.

When estimating δ only, the domain of convergence for µp is much broader than in the

Egalitarian scenario. δ can be reliably estimated after 10-20 iterations, in 0.1 to 1 seconds of

wall-clock time, with starting values of the prior mean ranging from 0.01u∗ to over 400u∗.

In the estimation of several parameters, the results are slightly better than in the Egalitarian

scenario. With µp = u∗ and σp = 0.2µp, parameter convergence is slow but reliable, halting after

about 40 iterations and 0.8 seconds. The EnKI error is about 1.4∗ 108 after 100 iterations, and all

eight parameters are estimated to within an accuracy of better than 10%. As previously, the best

convergence results were found for αmin, accurate to within 1%, and the worst for xC,start and δ.

The radius of convergence is also improved—convergence occurs with 0.2u∗ ≤ µp ≤ 1.7u∗, and

the final EnKI error estimate is consistent within that region. For parameter priors µp > 1.7u∗, the

93



EnKI process fails to converge entirely as αmin begins to exceed βC . We additionally hypothesize

convergence fails due to the highly skewed tails of the log-normal prior distributions. Figure 5.3

shows the final HANDY1 model plots at various µp.

(a) µp = 0.2u∗ (b) µp = 1.7u∗

Figure 5.3: Multiple parameter estimation successes in the HANDY1 Equitable
scenario. All figures show estimation for true δ = 4.33 ∗ 10−5 and σp = 0.2µp,
with µp as shown. The legend is as in 2.1.

Removing the αmin and αmax parameters from the estimation slightly improves the domain

of convergence for µp, as it becomes approximately 0.15u∗ ≤ µp ≤ 2.5u∗. This is broadly

consistent with our hypothesis above and observations from tests done in the Egalitarian scenario.

Overall, Equitable HANDY1 runs with type-N collapses are handled more gracefully by

our parameter estimation code than the soft-landing Egalitarian runs tested in Subsection 5.2.1.

There are several possible reasons why this may be the case. In particular, a small change in

model variables greatly affects the timing of population decline in type-N collapses in a way that

does not occur with other scenario dynamics, spreading the estimation gradient across a wider

area of parameter space. This is beneficial for the use of EnKI in HANDY2 (see Chapter 6), as

its runs are largely also type-N collapses with one peak in population, wealth, and energy use in

a run lasting several centuries.
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5.2.3 Unequal Scenarios

5.2.3.1 Estimating δ

In this section, we repeat the single-parameter estimation of δ for the Unequal scenarios

of HANDY, that contain Elites with an inequality of κ = 100. One examined scenario shows a

type-N collapse (Figure 2.3b and section 5.3.2 in Motesharrei et al. [2014]), with high δ = 10−4

and xE,start = 0.2. Another shows a type-L collapse (Figure 2.3a and Section 5.3.1) with δ =

6.67 ∗ 10−6 and xE,start = 10−3. The type-L collapse scenario is uniquely run for 1000 years to

capture the full collapse cycle. As we now introduce true Elites to the society whose population is

no longer a fixed multiple of the Commoner population, we restore xE to the output observations

used for EnKI. The other parameter priors are the same as in the Egalitarian run.

The addition of Elites does not appreciably affect the wide domain of convergence for the

type-N collapse, but makes the rate of convergence somewhat slower. EnKI takes about 40-60

iterations to reach a value of δ at most 10% from the model truth, with an error estimate near

1.5 ∗ 108. The final value of u∗ does not depend on the starting µp, which shows convergence on

a domain of 0.14u∗ ≤ µp ≤ 200u∗ (Figure 5.4a).

For the type-L collapse scenario, which has a much lower true value of δ and a much higher

peak of Elites late in the run, the parameter estimation is far less stable. While the EnKI ensemble

takes only 20 iterations to converge to u∗ for a wide range of input parameter values, the domain

of convergence is substantially smaller at 0.08u∗ ≤ µp ≤ 8u∗. Of note is that high values of

starting δ, above 8u∗ = 5.33 ∗ 10−5, fail to converge at all (Figure 5.4b). This is peculiar, since

convergence does occur for the type-N collapse scenario with a starting δ two orders of magnitude
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greater at 2 ∗ 10−2. It is likely that the longer integration period and flat dynamics in the type-L

scenario do not provide enough feedback for the parameter estimation to work well with extreme

values of δ. This emphasizes the importance of choosing the right priors, observations, and time

domain for HANDY in EnKI experiments.

(a) µp = 10u∗ (b) µp = 10u∗

Figure 5.4: Parameter estimation of δ in HANDY1 Unequal scenarios. The left
figure shows successful estimation for a type-N collapse scenario with µp = 10u∗.
The right figure shows unsuccessful estimation for a type-L collapse scenario with
µp = 10u∗. The legend is as in Figure 2.1.

5.2.3.2 Multi-parameter Estimation

The estimation of multiple parameters in Unequal HANDY1 societies is done along similar

lines to the Egalitarian and Equitable scenarios. As we now have an estimation input xE derived

from the Elite population, we introduce two new parameters to determine: the inequality κ, and

the starting number of Elites xE,start. This gives a total of ten parameters, still excluding the birth

rates βC and βE . As with the other parameter priors, we specify a support on the upper half-plane

[0,∞). σp remains at 0.2µp for this series of runs.

For the type-N collapse scenario, convergence is successful only in a small range of prior

means satisfying 0.6u∗ ≤ µp ≤ 1.5u∗. In this range, each parameter is estimated to within 5% of
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the model truth u∗ except for κ, which often deviates by up to 50% from u∗ (Table 5.2; Figures

5.5a and 5.5b). For higher values of µp up to 1.9u∗, the parameter estimation converges only

partially to the truth, with over 100% estimation errors in many parameters and an EnKI error

of 2.07 ∗ 1010. Such a run can be seen in Figure 5.5c. We hypothesize that κ tends to be poorly

estimated once it exceeds a value of 10, since it does not greatly affect the value of raw Elite

population xE . A similar proportion of wealth w is taken up by Elites at κ = 100 as at κ = 10 or

even κ = 200, so any minor change inw does not affect the timing of Elite or Commoner collapse

and therefore does not cause the higher EnKI error to disturb parameter estimation convergence.

Removing the estimation of κ predictably reduces the EnKI error for marginal values of µp,

extending the radius of convergence at the low end to about µp = 0.3u∗. However, this change

has little to no effect at high values of µp and is not pursued further.

Table 5.2: List of model truth values u∗ and posterior mean parameter estimates
for HANDY1 Unequal type-N collapses, with varying prior means µp. All values
are given to 3 significant figures.

Variable Name in code u∗ µp = 0.6u∗ µp = 1.2u∗ µp = 1.9u∗

αmin alpha min 0.01 0.0100 0.0100 0.0128
αmax alpha max 0.07 0.0702 0.0707 0.0721
γ gamma 0.01 0.0107 0.0101 0.0181
λ lambda 100 96.6 98.3 77.4

xC,start startcommoners 100 102 100.2 241
δ delta 1 ∗ 10−4 9.47 ∗ 10−5 1.09 ∗ 10−4 5.18 ∗ 10−5

s s 0.0005 0.000447 0.000451 0.000633
ρ rho 0.005 0.0469 0.00477 0.00694

xE,start startelites 0.2 0.208 0.195 0.276
κ kappa 100 161 147 50.3

For multiple parameter estimation in the type-L collapse scenario, we adjust the run length

to 1000 years as in the single-parameter case. Surprisingly, the resulting model inversion is
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(a) µp = 0.6u∗ (b) µp = 1.2u∗

(c) µp = 1.9u∗

Figure 5.5: Multiple parameter estimation successes and failures for a type-N
collapse scenario in HANDY1 with inequality. All figures show estimation for
true δ = 10−4. The top two figures show mostly successful estimations for low
µp as shown. The bottom figure shows the effects of a partial estimation failure at
µp = 1.9u∗. The legend is as in Figure 2.1.

slightly less fragile, but also less effective than in the type-N collapse. The radius of convergence

for prior means is now 0.4u∗ ≤ µp ≤ 3.5u∗, and almost all of the values of µp within that

interval display only partial convergence. EnKI error remains 1011 or above in all runs, and the

convergence process for even µp = u∗ takes the entirety of the Nens = 100 allowed estimation

iterations and over 1 second of real time. Some of the parameters, including αmax, are estimated

with reasonable accuracy (Table 5.3), while others like δ or γ retain errors of over 100% at the

end of all examined runs (Figure 5.6). In particular, the estimates of κ in the type-L collapse

scenario tend to be more accurate than in the type-N collapses, with inversion errors generally
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less than 20% for most runs. This is likely because small variations in κ can advance or delay the

timing of the sharp peak in Elite consumption, altering the estimation fit to the nature run greatly

in a linearizable manner.

Table 5.3: List of model truth values u∗ and posterior mean parameter estimates
for HANDY1 Unequal type-L collapses, with varying prior means µp. All values
are given to 3 significant figures.

Variable Name in code u∗ µp = 0.4u∗ µp = 1u∗ µp = 3.5u∗

αmin alpha min 0.01 0.00844 0.00987 0.0121
αmax alpha max 0.07 0.0679 0.0670 0.0716
γ gamma 0.01 0.00660 0.00947 0.0260
λ lambda 100 101 101 98.1

xC,start startcommoners 100 72.8 87.6 163
δ delta 6.67 ∗ 10−6 4.63 ∗ 10−6 6.25 ∗ 10−6 1.46 ∗ 10−5

s s 0.0005 0.000354 0.000494 0.00115
ρ rho 0.005 0.00397 0.00353 0.00594

xE,start startelites 0.001 0.000351 0.00119 0.00497
κ kappa 100 115 80.8 66.3

(a) µp = 0.4u∗ (b) µp = 3.5u∗

Figure 5.6: Multiple parameter estimation for a type-L collapse scenario in
HANDY1 with inequality. All figures show estimation for true δ = 6.67 ∗ 10−6

and xE,start = 0.001. Convergence was partially successful at µp = 0.4u∗ (left)
and µp = 3.5u∗ (right), and at all values in between, with an EnKI error of over
1011 in both runs. The legend is as in Figure 2.1.

In both single-parameter and multi-parameter estimation, the EnKI process seems to ex-

perience difficulty processing the long run time and high spike of Elite population seen in the

reference type-L collapse. But the strong signal of Elite collapse timing better conditions the
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multiple parameter estimation, as critical collapse parameters like κ, xE,start, and αmax are al-

lowed to vary among the ensemble particles. We mercifully encounter less estimation fragility

with the predominantly type-N and mixed type-N/L collapses seen in HANDY2 parameter esti-

mation.

5.2.4 Soft Landings in an Unequal Society

For a final experiment, we estimate the parameters of the soft-landing Unequal scenario

of HANDY1 (Figure 2.3c; section 5.3.3 in Motesharrei et al. [2014]), starting with a prior mean

equal to the type-N Unequal scenario truth. This soft-landing run differs significantly in its

starting conditions and evolution from the other scenarios we have examined above. In particular,

the birth rates βC and βE differ from each other and from their usual values of 0.03 per year, and

the starting populations of Elites and Commoners are much larger. For this reason, we add βC

and βE to the parameter estimation, using a log-normal prior for each with support on the non-

negative reals [0,∞). We keep σp = 0.2µp. To speed convergence, we reduce the noise level

parameter η to 0.002, set the EKSStableScheduler parameters to α = 20 and ϵ = 10−3, and

extend the run time to Niter = 500 iterations. The other parameter priors are identical to those

used for the type-N collapse scenario.

The estimation run with all 12 parameters of HANDY1 is largely successful. The posterior

estimate slowly converges to the soft-landing scenario by 500 iterations and 3 seconds of clock

time, with a final EnKI error of 6.62 ∗ 1011 and an output model that reaches a stable equilibrium

as in the nature run (Figure 5.7a). But the posterior parameter estimates differ somewhat from

the truth. Parameters like λ which start close to u∗ remain close with up to 10% error, while
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other parameters like the birth rate are estimated as βC = 0.0553 and βE = 0.0365 per year.

These values are somewhat divergent from the respective true values of 0.065 and 0.02 per year.

Convergence is sometimes impeded by a numerical instability present in the Nature stock y which

disrupts the learning process of EnKI. At other times, this has no effect. Unlike in HANDY2,

reducing the time step does not solve the issue.

Restricting parameter estimation to subsets of the HANDY1 parameters is even more effec-

tive. Estimating βC and βE alone is completely successful when setting a prior for each bounded

on [0, 0.07 = αmax], and ineffective otherwise. Both parameters are learned within 50 EnKI

iterations to within 0.01% of their true values (Figure 5.7b). Estimating the ten parameters which

are not the birth rates is also somewhat effective, but convergence often depends on the random

initial ensemble state and only partially approaches the scenario truth.

(a) All parameters (b) βC , βE only

Figure 5.7: Successful estimation of birth rates βC and βE in the HANDY2 Un-
equal soft-landing scenario. The left subfigure shows EnKI estimation with all 12
HANDY1 parameters, starting from a prior mean µp with true parameter values
for a type-N collapse run. The right subfigure shows estimation restricted to βC
and βE alone, with other parameters fixed at their true values. The legend is as in
Figure 2.1.

The above results show that reliable parameter estimation of birth rates is possible but

difficult in HANDY1. In particular, issues exist for scenarios with unusual values of βC and βE .
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In order to improve convergence, stability-improving modifications to the model structure and

better extraction of observations may be needed. The difficulty of estimating birth rates is one of

several reasons why we did not change βC or βE in the HANDY2 parameter estimation, instead

treating it as a policy measure. We instead opted to use other mechanisms, such as class mobility,

to constrain Commoner and Elite population growth.

5.3 Conclusion

The EnKI parameter estimation method described in Iglesias et al. [2013] and Dunbar et al.

[2022] has been adapted successfully for HANDY1. Estimation of certain parameters that can

vary greatly between scenarios and have well-defined behavior, like δ, is fast and effective across

a wide range of initial conditions and prior means. Yet the estimation of most or all parameters

within a scenario is somewhat slower and more fragile. Certain dynamics in HANDY1 give rise to

unstable behavior when parameters are set to unusual values, easily causing particle divergence

to zero-population attractors or causing Regenerating nature yN to briefly go negative. This

generally occurs for prior means µp differing by a factor of more than about two from the model

truth u∗. Some parameters like the birth rates βC , βE are difficult to estimate, as each particle

must satisfy αmin < β < αmax to maintain stability. But these can still be determined effectively

in certain circumstances, as with the Unequal soft-landing scenario shown in Figure 2.3c. Issues

with the stability of EnKI are also worse for certain types of oscillatory Equitable scenarios or

type-L Elite-driven collapses. But the method remains largely robust in most cases, and is even

more stable for the most common HANDY1 scenarios that lead to either equilibrium soft landings

or type-N collapse.
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The occasional instability of parameter estimation in HANDY1 raises questions about its

effectiveness in the more complex HANDY2 model. However, we believe these problems do not

impact the use case of HANDY2. In particular, good starting estimates for the prior means µp of

HANDY2 parameter values already exist in the form of the Chapter 3 manually-optimized sce-

narios. These help us confirm that the EnKI inversion results do not generally differ much from

our expectations. We also perform HANDY2 parameter estimation on scenarios with a dramatic

upward trend in population and resource use from 1800 to 2020—a pure type-N collapse situation

where EnKI performs best. And the more noisy nature of real-world observations compared to

artificial pseudo-observations adds robustness by preventing the inversion from becoming easily

trapped by model instabilities [Iglesias et al., 2013]. Finally, we will perform multiple estimation

runs with different pseudorandom seeds, giving a broader picture of the HANDY2 parameter

space and preventing a single ensemble failure thwarting the entire process. With these thoughts

in mind, Chapter 6 describes the EnKI implementation for HANDY2.

103



Chapter 6: HANDY2 Parameter Estimation

6.1 Overview

In chapter 3, we presented several scenarios of HANDY2 which successfully captured the

growth in population, energy use, and GDP per capita from 1800 to 2020, and outlined several

scenarios for the future direction of human society to 2200 that depend on the actions taken by

global policymakers. However, HANDY2 has quite a few free parameters. Tuning their values

by hand does not make it clear which model configuration is best supported by the historical

record. The wide range of model outcomes also makes it difficult to know the overall probability

of worrisome outcomes for humanity in the baseline or increased-renewables scenarios. It is clear

that a better method of exploring the large parameter space would be beneficial.

We therefore introduce EnKI parameter estimation to HANDY2 to solve these problems.

Unlike in HANDY1, we estimate parameters based on the distance to real-world observations of

Renewable, Nonrenewable, and Regenerating energy use, and population, from 1800 to 2020. By

starting with parameter priors from existing scenarios already close to true observations, we can

track their convergence to develop better estimates for tunable parameters we have had difficulty

estimating in practice, such as µM , s, or ρ. We evaluate the impact of these choices on the overall

evolution of the HANDY2 scenarios to 2200, and discuss them in the context of economics and

history. We also examine the limitations of the parameter estimation approach for HANDY2,
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including the lack of accurate observations and concerns with convergence instability, and show

where the EnKI process may work better with externally determined constraints.

Finally, we run the baseline HANDY2 scenario many times to build an ensemble of 50

different posterior estimates of the critical model variables. We run this ensemble to 2200, and

change its policy parameters analogously to the other HANDY2 scenarios discussed in section

3.5, in order to more robustly examine the possibility for socially optimal outcomes given the

three key policy measures of encouraging Renewable energy, decreasing economic inequality and

lowering birth rates discussed there. The results from this superensemble confirm the analysis

of the manually-tuned scenarios—combining all three changes almost always prevents a type-N

resource collapse.

6.2 Adapting EnKI for HANDY2

To perform parameter estimation on all or most parameters of the HANDY2 model, we

use the handy2 parameter estimation.jl code adapted from the HANDY1 EnKI esti-

mation in Chapter 5. The preamble of the code begins by calling the authoritative Julia copy of

HANDY2, contained in a function that takes in the parameters and variables used in the model

(Table 6.1) and returns a HANDY2Output structure with the state variables of the model at each

timestep.

The EnKI estimation process functions similarly to the one presented in section 5.2, and

we present a summary below highlighting key differences where applicable. First, the initial-

guess scenario is defined, used for display purposes and to state the values of fixed HANDY2

parameters. Presently, it is identical to the baseline Scenario 1 defined in subsection 3.5.1, whose
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parameter values are given in Table 3.2. Various parameter estimation settings are also defined

here, including the RNG seed for the model run, the names of the output variables y∗ to be

learned, the number of ensemble particles Nens and iterations Niter to use (usually 50 and 500

for this application), and the choice of learning rate scheduler.

We then specify each variable to be learned and construct prior distributions for those vari-

ables. Ideally, we would seek to learn every variable in HANDY2 that may be tunable or weakly

empirically constrained, while excluding those variables that represent deliberate policy changes,

often altered in the non-baseline HANDY2 scenarios. We are able to use most such parameters

in the estimation. However, there are some we must exclude because they cause the estimation

to become unstable or lead to particle divergence. Specific details are in subsection 6.2.1 below.

We next extract the true values of output state variables y∗ from the real-world datasets of

population and energy use detailed in Chapter 3.4. These data from the United Nations Population

Division [2023], Klein Goldewijk et al. [2017], Smil [2017], and the Energy Institute [2023]

are read from the same CSV file used to produce the values in HANDY2 figures, and provide

values for the five inversion output parameters xC , xE , yR, yN , and yF . Unlike in the HANDY1

parameter estimation, there is no external estimate of wealth w that can be used to estimate the

HANDY2 output. Some post-processing is done on the observations to make them comparable to

the HANDY variables. xC is divided by 104 to make the baseline error for population comparable

in size to the other errors, and is thus expressed in units of 107 people. yN is multiplied by

ψN to obtain the extractable fossil fuel consumption, for comparison with HANDY2, and yF

is multiplied by ψF . This is not done for ψR, so as to maintain consistency with the manual

estimation used for the baseline scenario. Finally, xE is an artificial output variable constructed

by multiplying the commoner population xC by 1/κ, in order to better estimate Elite-related
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parameters; we use that value to approximate the historical number of very rich Elites being

about 1% of the total world population. (See discussion in subsection 3.2.5.)

The outputs yinit from the initial guess scenario, with population xC , xE divided by 10 for

error normalization, are used to construct the baseline loss ∥yinit − y∗∥2, individually computed

for each output variable. This is used for display purposes only and as a diagnostic tool to

compare the baseline scenario estimation error to results of the EnKI estimation process.

In the HANDY1 estimation, a covariance matrix Γ was constructed from a nature run. We

do not have model truth when estimating variables from real-world data. We therefore instead

use the initial ensemble loss to create the covariance. After constructing Nens ensemble parti-

cles from the already-defined parameter priors using construct initial ensemble and

transform unconstrained to constrained to sample the prior space, we simply run

HANDY2 once for each particle to get outputs y0, and calculate the error ∥y0 − y∗∥2 for each

particle and parameter. Γ is then calculated straightforwardly from this list of errors.

As before, the EnKI iteration begins by constructing the EnsembleKalmanProcess

object with the initial ensemble, the zero ’truth vector’ used to do error minimization, the co-

variance Γ, Inversion(), the RNG seed, the learning rate scheduler, and the SampleSuc-

cGauss failure handler. As in HANDY1 EnKI, the EKSStableScheduler [Kovachki and

Stuart, 2019] is used to dynamically adjust the learning rate throughout the run. This is extremely

beneficial for maintaining particle stability throughout the inversion process, by keeping a low

learning rate until the parameter estimation gets reasonably close to the observations. Significant

experimentation was required to determine the optimal values of both stable scheduler parame-

ters; we determined them to be 100 for the numerator α and 0.1 for the kernel ϵ.

The EnKI iterations largely proceed the same way as for HANDY1. A number N ens
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of test particles uz,i are drawn from the parameter distribution at each iteration, then are run

through the HANDY2 model to produce an output mean square loss (gmean)
2 = ∥yz,i − y∗∥22 for

each output variable and an EnKI error ∥yz − y∗∥2 over all output variables. The ensemble is

then updated using update ensemble! with the error vector. In addition, several summary

statistics are printed. We display the EnKI error of the ensemble at each iteration as well as

the RMS error gmean, which can be compared to the baseline scenario error estimate to track

the progress of the parameter estimation. The EnKI updates stop after N iter iterations are

complete, or when the EnKI error stops changing. This is defined as a difference in relative

error in successive iterations below the threshold value (here 10−3), with an absolute error below

another user-defined value (here 2 ∗ 103). As convergence tends to be quite slow for HANDY2,

we usually set Niter to 500 iterations.

At the end of the EnKI process, we obtain the posterior mean estimate of the parameters ui

with get ϕ mean final, then save them to an output file alongside the initial estimate uinit.

These parameters are then used to run a final pass of HANDY2 that produces the posterior mean

output yi, used in the HANDY2 plotting code to create the usual stocks, flows, and birth rate plots

as shown in Section 3.5.

To examine a broader parameter space during the estimation process, we run the EnKI

code with many different random seeds, producing different posterior estimates and HANDY2

scenarios on each run. The estimation attempts that fail to converge to the observed truth, around

25-30% of all starting conditions, are discarded, and the remaining output scenarios obtained

from the lowest positive integer seeds are collected in a model ensemble of 50 members. We

use this model ensemble to rerun the six HANDY2 scenarios from section 3.5, modifying the

policy parameters altered in each scenario in order to examine their robustness under various
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initial conditions.

The output of the HANDY2 parameter estimation process, discussion about the parameter

values obtained from it, and the ensemble runs for the Chapter 3 scenarios are presented in the

next section of this chapter.

6.2.1 Learned Parameters and Starting Priors

Here, we list the 22 parameters learned in HANDY2 parameter estimation, and their prior

distributions as implemented in the code, going in the order presented in Table 3.2. Of the starting

state variables we estimate only xE . This is the one starting value which is neither strongly

constrained by observations, nor irrelevant to the later model evolution. The Elite population is

only weakly constrained in 1650 as we have few good records or definitions of how many people

were part of the world’s rich at this time. xE also strongly affects the later number of Elites

throughout the run. xC , yR, and yN are well-characterized; we extensively discuss the reasons

these parameters are set at their values in Section 3.4. Starting w, AR, AN , and AF do not affect

the model. The starting accumulated investment values are just placeholders used to set the initial

labor force allocation, and are not used elsewhere. The initial wealth w is set at zero to prevent

early sharp spikes in wealth-related parameters that can destabilize HANDY2. In both cases,

parameter estimation would not be particularly useful.

Of the empirically-constrained parameters, we estimate αmin, αmax, κstart, γ, and λstart.

These are all parameters which have at best weak empirical constraints and which would be

quite useful to characterize with EnKI. Those variables that are excluded are βC , βE , Fstart, the

production efficiencies ψN , ψF , and parameters related to ψR. The birth rates suffer the same
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estimation limitations as with HANDY1. It is difficult to constrain them within the minimum

and maximum death rates while learning both at the same time and retaining particle stability.

We also use the birth rates in HANDY2 as part of a birth rate policy knob. It is thus clearer to

maintain both values at 0.03 per year to ensure that birth rate policies make sense in the EnKI

ensembles. The latter justification also applies to Fstart, which couples closely to the Renewable

policy knobs. The production efficiencies ψN and ψF are externally specified to agree with the

values from Energy Institute [2023]. Finally, changing the values of the ψR parameters causes

particle stability issues; they are also kept outside the estimation to be consistent with the other

ψ values.

Of the remaining tunable parameters, all are included in the estimation with the exception

of ARth. These are the values that have no direct external constraints, and where parameter

estimation has the highest benefit. In many cases, the values used in the baseline scenario are

based on those inherited from HANDY1, educated guesses, or manually tuned—the automated

EnKI process makes this work much more efficient. ARth was excluded because of its extremely

wide range and high baseline value of 107; when introduced to the estimation, it often quickly

diverges to extreme values because of its negligible effect on the HANDY2 model output. For

this reason it can safely be excluded.

The model settings are kept the same as in Chapter 3 except for the timestep, which is re-

duced to 0.1 years. This helps eliminate a numerical instability present when integrating HANDY

with certain unusual parameter combinations. No HANDY2 settings are learned in the estima-

tion.

Of the 22 parameters, the prior means µp are set identically to the values of the baseline

scenario, to ensure the particles are close to a ’known good’ estimate of the parameter truth iden-
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tified by hand, and to avoid the issues with particle collapse outside of small parameter domains

identified in Chapter 5. Likewise, the prior standard deviations are set to values approximately

one third to one half of the parameter means. Some σp values for parameters with small numerical

values are on the high end of this range, which avoids a bug in the CLiMA libraries that prevents

constrained parameter distributions from being initialized. These values represent a good com-

promise between model novelty and adherence to the baseline scenario, and are more stable than

those used in Chapter 5.

The lower and upper limits for each parameter prior are also set by hand. Lower limits for

most priors are zero, as all parameters are assumed to be non-negative real numbers in the design

of HANDY2; this helps prevent particle collapse. The exception is αmax whose lower limit is

0.03 to prevent it from ever being lower than the birth rates βC , βE . Upper limits are set at rea-

sonably high values that prevent the underlying particle distributions from undergoing excessive

divergence. In most cases where the parameter priors can be assumed to be approximately nor-

mal, the upper limits are the common-sense bounds on the range: 1 in the case of variables that

must lie on [0, 1] such as ξ, 0.3 or 0.5 in the case of other small variables, and values about 5-10

times the parameter mean for larger-valued parameters. αmin has an upper bound of βC,E = 0.03

to retain model stability. Variables such as δR,N,F or κ that are approximately lognormal have ∞

as an upper bound, which creates a log-normal prior distribution.

The full list of prior means, standard deviations, lower bounds, and upper bounds for all

estimated variables is given in Table 6.1.
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6.3 Results

6.3.1 Convergence Dynamics

EnKI parameter estimation works well to recover plausible values for the HANDY2 pa-

rameters that fit the observed data of population and energy use. When we ran the code for small

positive RNG seeds between 1 and 69, we found that 50 of 69 runs, 72.5% of the total, display

satisfactory convergence to the true observations u∗, as measured by the EnKI error being below

5 ∗ 103 after 500 iterations. The convergence is rather slow at first. Even the fastest-converging

runs do not approach the truth until after 50-100 iterations, and some of the slowest that did

successfully converge (e.g. seed 3) found the truth region less than 50 iterations from the end

of the run. As shown in Figure 6.1, most particle states begin outside of the convergence region

with an EnKI error of about 108, slowly declining to 107 often with some irregularity. But once

the truth is approached, the convergence is rapid. Error quickly drops to 103 within an order of

magnitude, although it is often very erratic at first before the posterior estimate reaches a stable

local minimum.

There is some variability among the ensembles that do not converge to the true observa-

tions. Most commonly, non-converging ensembles have EnKI error that stays near 107 to 108,

and simply fail to follow the weak model gradient toward the region of convergence. More rarely,

a few ensembles have their parameter values diverge, causing the mean error to increase rapidly

until total particle collapse. Another type of convergence instability happens in certain cases

when the ensemble finds the convergence region—the high sensitivity of the estimation loss to

timing in Nonrenewables and population growth can cause the covariance matrix update to be-
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Figure 6.1: A plot of the EnKI error of 10 converging HANDY2 parameter es-
timation runs, with iteration number on the x-axis and EnKI error on the y-axis.
Each color represents a different starting random seed. Convergence is stopped
early if the error is below 2 ∗ 103 and does not relatively change by more than
0.1% per iteration.
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come singular, or the ensemble update to overshoot into the high or moderate error region with

a much lower learning rate. In one singular instance, convergence failed as the ensemble found

a numerical instability in the HANDY2 Euler integration. This is much less likely with a low

timestep of 0.1 yr than at the higher timestep used in the baseline scenario.

The greater than 70% success rate of convergence is remarkable considering the evident

instability of HANDY1 parameter estimation in unusual starting conditions. This success is for

two reasons. The introduction of real-world observations with more complex noise definition-

ally produces more realistic output dynamics, and a more robust EnKI update across multiple

starting particle states. This reduces the risk of collapse in particle dimensionality that often

happened with estimates in HANDY1. Additionally, we found that adjusting the learning rate

over time with the EKSStableScheduler [Kovachki and Stuart, 2019] is even more effective

in HANDY2 than in HANDY1. Without it, most particles end up diverging quickly from the

observation truth due to excessive learning rate at low errors, leading to ensemble collapse in

well over half of runs. While originally implemented for the related Ensemble Kalman Sampler

(EKS) method [Garbuno-Inigo et al., 2020], dynamically changing the learning rate is extremely

useful in many practical EnKI applications such as HANDY2 due to the dramatically different

environment close and far from the true observations. It is even possible that the learning rate is

not reduced enough near the observation truth, due to the evident inversion instability upon initial

particle convergence. Further experiments will be required to establish if this is the case.
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6.3.2 Examining Sample Runs

Posterior estimates from the successful parameter estimation runs produce HANDY2 sce-

narios that confirm many of the findings we have seen in Chapter 3. Figures 6.2, 6.3, and 6.4

show the stocks and flows plots respectively for runs with seed values 1, 2, and 3. One can im-

mediately determine that the curves of Nonrenewable production and population agree far more

closely with the real-world data than in the manually estimated baseline scenario (subsection

3.5.1; Figure 3.5). The Commoner population in each run follows a smooth upward trend, peak-

ing in 2060 to 2080 at a value of about 11-12 billion. This is a notably higher value than in the

United Nations Population Division [2023] moderate scenario, an indication that their projections

may need to be revised upwards [Motesharrei et al., 2016]. Resource collapse still happens as

in the baseline scenario, with the Commoner population dropping by half to 6.5 billion, and the

Elite population following a very similar growth curve to the Commoners in accordance with the

xE parameter truth imposed on the run evolution. Note that the proportion of equivalent Elites

varies greatly between runs, since κstart is poorly constrained by the observations. The raw num-

ber of Elites xE is correctly estimated at close to 0.01 times that of the Commoners xC . Unlike in

the baseline scenario, higher values of ωµ generally prevent a large-scale rise in Elite populations

during the peak of Commoner consumption CC/xC . This is likely more realistic in the far future.

In all three sample runs, the maximum of Nonrenewables use occurs in about 2030-2040,

more accurate than in the baseline scenario which predicts a peak in 2020. The results still

necessarily align with the rapid fossil fuel use reductions necessary to keep within the RCP4.5

concentration pathway [Masson-Delmotte et al., 2021, van Vuuren et al., 2011]. Because of the

later decline in Nonrenewables, these runs in general use more of the 62 ZJ of burnable carbon
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yN , leaving far less usable for future humanity. Renewable energy hits the cap of F = 80 EJ/yr

at about the same rate in the EnKI runs as in the baseline, almost exactly in accordance with the

measured values of energy use through 2022. In some runs, this occurs implausibly quickly in

combination with much higher δF , leading to minor destabilization of the Commoner population,

Elite population, and wealth curves in the time period of this jump. A few runs (not shown)

demonstrate a much more gradual uptake of Renewable flows, and even a decline past 2100 as

Commoner population starts to collapse.

These resource changes do not broadly affect the overall trend of the Commoner per capita

consumption. The general trend is for CC/xC to rise from its pre-industrial value to reach a

peak at or just after the year 2020, when the energy inputs from Nonrenewables and Renewables

are greatest. A dip follows, causing the population collapse observed in most runs, and a slight

recovery occurs after 2100 as population drops. In all, this is in line with the baseline scenario.

However, the absolute value of CC/xC changes dramatically from run to run, governed by the

values of s which are poorly constrained by the estimation output—some scenarios show an

average consumption of 5-10 GJ/person-yr, while others may show values as low as 2 or as high

as 15 GJ/person-yr. This seems to be mainly an issue of scaling rather than structural dynamics, as

the effect of consumption on birth rates and elite attrition remains more or less the same between

scenarios. External observations of per capita energy consumption will likely be necessary to

further constrain s.

Finally, consumption of Regenerating energy in each run follows the estimates of Smil

[2017] closely, with a slow ramp in use after the Industrial Revolution, a peak in the 2000-2020

period, another drop as the global economy and population partially collapses to 2100, followed

by a slight increase at the end of the century. Nature stocks correspondingly decline, reaching
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a minimum by 2050 to 2100 before recovering slightly by the end of the run. This is in line

with historical estimates of global phytomass from Smil [2015], and constitutes a very plausible

projection for the medium-term future.

Overall, the parameter estimation runs successfully capture the present-day state of the

global population and economy in HANDY2, to a much better degree than the manual estimations

done in Chapter 3. Their findings are still in accordance with our previous evaluations of the

baseline scenario to 2200 and conventional wisdom. However, some constraints or additional

data may need to be added to the EnKI y∗ to account for the more unusual features of these runs.

6.3.3 Parameter Estimates

Table 6.2 shows the values of the estimated parameters in the three sample runs shown

previously, as well as the arithmetic or geometric (for δR, δN , δF , and κstart) means, and standard

deviations of the parameters across all 50 estimation runs. What is notable is that each of the pa-

rameters often converge to very different values in each run. Some of the parameters, such as the

starting wealth inequality κstart, or the threshold for investment ωi, are only weakly constrained

by the observations and show a broad range of possible values, including the manually-estimated

value used in HANDY2. Others such as λstart have relatively strong constraints, and converge

across scenarios to values similar to those we identified in Chapter 3, raising our confidence

that they make sense in the context of the model dynamics. Still others such as δN converge

to values consistently different to those of the base run, and it seems in those cases that the

parameter-estimated values are more appropriate for HANDY2. Below we will discuss each of

the parameters in detail.
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(a) Stocks plot

(b) Flows plot

Figure 6.2: Plots of the results from a HANDY2 scenario obtained via EnKI pa-
rameter estimation, with random seed 1. The stocks plot is on the left, and the
flows plot is on the right. Legends and labels are as in Figure 3.5.
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(a) Stocks plot

(b) Flows plot

Figure 6.3: As in Figure 6.2 but with random seed 2.
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(a) Stocks plot

(b) Flows plot

Figure 6.4: As in Figure 6.2 but with random seed 3.
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6.3.3.1 Population Parameters

The mean estimates for the death rates αmin and αmax are notably lower and higher respec-

tively than the values of 0.005 and 0.07 per year in the baseline scenario. It seems as if the model

functions better with a wider range of death rates across Commoner wealth ω, with the usual val-

ues of αmax in particular around 0.11 per year giving rise to a steeper drop in model population

during model collapses. This may seem high compared to what is historically observed, but is

in line with the peaks in total death rate seen during famine events, at a rate of about 0.07 to

0.08 per year according to the United Nations Population Division [2023]. The minimum death

rate being lower at around 0.003 per year makes sense as well. In HANDY2, this value is an

asymptotic lower bound, so the minimum death rates actually observed in the model are about

0.005 to 0.01 per year, in line with the lowest crude death rates observed in the world [United

Nations Population Division, 2023] and the lower limit used in HANDY1.

The Elite population parameters κstart, xE,start, ωµ, and µM are also interesting. The first

two are very poorly constrained, and the baseline values of 100 and 5 (million people) lie squarely

in the ensemble’s distribution of values. For κstart, with values ranging from about 1.58 to 6.77 ∗

105, this spread seems to be because of not observing the equivalent Elite population, as discussed

above. In particular, using the equivalent Elites κxe as a parameter output would fix this issue.

The starting Elite population xE is also highly variable, but is inversely related to the values of

µM ; higher values of the class mobility require a higher starting number of Elites to match the

estimation target of 1% of the Commoner population.

Conversely, ωµ and µM are strongly constrained and tightly linked to each other, addressing

one of the major problems of hand-tuned HANDY2—providing a robust justification for the class
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mobility parameters. In nearly all of the runs, ωµ exceeds the 1.5 value in the baseline scenario but

is below 2.5. We are reasonably confident that values near the mean of 2.12 are the correct setting

that keeps the Elite growth rate and population curve at a sensible level throughout HANDY2

scenarios, while preventing excessive rates of upward mobility being introduced to the model.

The values of µM cluster tightly near the average of 0.06 per year, with a few upper outliers

around 0.20 per year. They are also reasonably correlated to the output xE , and this greatly raises

our confidence in the baseline value of 0.06 per year derived from extensive investigations by

hand. We determine that these two parameter values are not at all arbitrary, but arise from the

structure of Elite population movements across a wide range of initial model conditions, staying

relatively constant even as other model quantities can differ greatly between scenarios.

6.3.3.2 Regenerating Quantities

Parameters in the model related to Nature are also some of the most tightly constrained by

the EnKI process and are quite consistent with the baseline estimates. The value of the regenera-

tion rate γ is substantially higher on average, about 0.086 per year, compared to the baseline 0.04,

but many scenarios show lower values that are equally consistent with the observations of global

phytomass stocks and consumption. The higher values do contribute to the greater recovery of

phytomass seen in the preceding estimation scenarios. In most runs, λstart is very close to our

derived estimate of 27 ZJ for baseline HANDY2, discussed in section 3.4. We therefore validate

the data collated by Smil [2015] in the context of our model. λgrowth is however largely irrelevant

to the estimation. Most runs show values near or equal to 0, and only a few runs show values

even near our manual estimate of 4 ∗ 10−4 per year. Growth in Nature capacity over time seems
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to be largely irrelevant in industrial society.

Values of the Regenerating depletion rate δR vary substantially between runs. This pa-

rameter’s geometric mean is about 1.5 ∗ 10−4 with the standard deviation being much higher,

overlapping our baseline estimate. It is genuinely interesting that the production of phytomass

is only weakly constrained by observations. This may be due to the low use of Regenerating

resources compared to Nonrenewables, making them less important as a factor constraining the

population, or more likely due to variations in δR being compensated by changes in the extrac-

tion efficiency ξm,R to give a relatively constant production rate. There also seems to be little

correlation between δR and λ.

6.3.3.3 Nonrenewable and Renewable quantities

The average value of δN in the estimation scenarios is very consistently higher than in the

baseline scenarios, averaging 2.57 ∗ 10−6 per million persons per year, with a standard deviation

one tenth the size at 2.20 ∗ 10−7. This strongly suggests that our initial value of 2.30 ∗ 10−6 is

too low, causing a premature decline in fossil fuel production not seen in reality and avoided in

the previously shown estimation scenarios. Higher values were initially not used in our manual

tuning because of excessive Nonrenewables use in the early part of the run around 1800-1900. Yet

this was not at all an issue with EnKI—the simultaneous optimization of many variables allows

for other parameters such as the starting extraction technology ξm,N or investment threshold

ANth to be changed in the context of δN , showing the power of EnKI in validating results that

exogenously capture the historical growth of fossil fuel use.

ANth varies greatly between runs, and is often a bit lower than our baseline estimate of 315
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EJ. But this is expected in light of it being the main parameter affecting the timing of Nonrenew-

ables growth. Its value is thus tightly regulated by the other estimated parameters.

For the Renewables side of HANDY2, the mean δF of 8.5 ∗ 10−4 per million persons per

year is consistent with our observations but highly variable between runs. This is due to the

limited history of Renewable flows use providing only weak constraints on their overall growth

rate. It is as yet unclear what the speed of solar and wind buildout will be by 2040, as it strongly

depends on external policy measures that are outside the scope of the model’s endogenous pro-

jections. It does still appear that the higher values in a few parameter estimation runs lead to a

rate of growth likely too fast to be realistic. Similarly, AFth is largely a timing variable that can

take on very different estimated values depending on other model features. The baseline value of

12 EJ is correct in the context of other baseline scenario parameters.

6.3.3.4 Wealth-related Parameters: s and ρ

The values of the subsistence salary s and the famine wealth threshold ρ take on a wide

range of values throughout the 50 estimation scenarios, greatly affecting the dynamics of the

model runs as well as the absolute magnitude of parameters like Commoner and Elite consump-

tion CC , CE . The mean value of s, 0.00511 TJ/person-yr, is close to the baseline scenario value

but with significant variation. The mean value of ρ is conversely higher than the baseline value at

0.08 TJ/person. Both values strongly affect the population growth rate in all stages of the model,

so they must either compensate or be compensated by other population growth parameters, par-

ticularly the Commoner death rate αC and to a lesser extent the various investment thresholds. It

appears as if the estimates in HANDY1 and manually-tuned HANDY2 are just one of many that
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are reasonable in the context of the model structure, and can produce consistent model output.

What is also interesting is that the mean ratio of ρ to s is about 21.1 years, though with

significant variance. This ratio represents the average wealth accumulation by a Commoner with

respect to their yearly wage. HANDY1 assumes a ratio of 10, which is in line with the minimal

ability of peasants to store wealth in a preindustrial society [Erdkamp, 2005]. In the industrial

world with easy access to banks, investment, and stores of wealth and finance, a higher value

seems to be called for, and the parameter estimation results seem to confirm this hypothesis.

6.3.3.5 Investment Mechanisms

The parameter estimates of extraction technology ξm,R, ξm,N , and ξm,F are each highly vari-

able between model runs, seemingly without any particular consistency and weakly constrained

due to the opacity of the investment mechanism. Of these, the mean value of ξm,N is the best con-

strained and closest to the baseline estimate at 0.251, which thus seems to be a validated initial

guess. The original sketch of HANDY2 used 0.1, which is lower than any value observed in the

50 scenarios. ξm,R conversely has a mean of 0.196 that is about twice the initial estimate. This

is intriguing but not surprising—especially when considering that it is effectively equal to ξR

due to the very high ARth value not being included in the parameter estimation. It does however

indicate that the extraction of Regenerating energy in HANDY2 may be higher than previously

anticipated. ξm,F has a mean value of 0.086, above the baseline estimate of 0.05 but still lower

than for the other two extraction technology parameters. The baseline value is still reasonable in

light of this parameter’s high variability.

Of the final three parameters, ωi shows a mean of 0.026 but with many runs having values
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extremely near zero. It seems that any small value of the starting investment threshold, roughly

near 1/κ, suffices to construct a plausible HANDY2 scenario. J is more tightly constrained,

with a mean of 0.0093 and standard deviation of 0.004; the global investment rate is the primary

control of the speed at which extraction technology develops, and it is mostly insensitive to

other model dynamics. Our hand-tuned guess of 0.01 is consistent with the estimation. The

accumulated investment attrition rate σ shows a scenario mean of 0.017 per year, though with a

distribution very skewed toward higher values. Investment attrition is not a major mechanism in

HANDY2, so the exact value does not particularly matter.

6.4 Ensemble HANDY2 Runs

The ensemble of 50 parameter estimation runs discussed above was trained with policy

parameters representing the baseline scenario of HANDY2. In each of the three runs shown

so far, we have confirmed the basic finding of the manually-tuned model presented in Chapter

3—that our current projections of Nonrenewable and Renewable resource depletion will cause a

moderate type-N collapse by 2200. But to more reliably test the model, we can create a super-

ensemble. We run HANDY2 with each of the 50 sets of parameters found via estimation, while

changing policy parameters in line with the six other scenarios of Chapter 3. This serves as

an independent test of validity of these scenarios, and is also instructive to see how changes in

societal policies, such as a decrease in birth rates, greater use of Nonrenewables, or reduction

in inequality, affect HANDY2 when there is a wider array of unusual initial conditions. It also

allows us to qualitatively estimate the likelihood of societal collapse or survival through 2200.
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6.4.1 Scenario 1: Baseline

To this end, we begin by presenting a baseline stocks plot, Figure 6.5a and flows plot,

Figure 6.5b, for the super-ensemble subset containing 48 of the 50 EnKI estimation runs. Runs

4 and 46 were excluded because of numerical instability in certain later scenarios and extreme

Regenerating outlier status respectively. The results confirm what was seen in the first three

scenarios of manually-estimated HANDY2. A type-N collapse occurs in most of the ensemble

by 2200, following the depletion of Nonrenewables and the drawdown of Nature. Commoner

population drops by at least 50% from its peak value with little variance between runs, and Nature

in all but one run is severely depleted by 2100. The uptake of Renewable energy is fairly rapid

in almost all of the ensemble, but is not enough to prevent per capita commoner consumption

CC/xC from falling well below its 2020 peak value.

6.4.2 Scenarios 2 and 2-1: No Nonrenewables

In scenario 2 without Nonrenewables but with an increase in ψR following the Green Rev-

olution (Figures 6.6a and 6.6b), we again confirm our findings from Chapter 3. Regenerating

energy alone, even at modern day consumption levels, cannot sustain today’s rates of population

growth. In all but one run, we see a global population peak of about 2.5-3 billion people, which

slowly decreases to 2200. When they do exist in large numbers, Elites gradually increase their

wealth at the expense of the Commoners, preventing Commoner consumption from ever going

above subsistence levels. Even though Nature is substantially drawn down, there is enough Re-

generating energy to maintain a low-equilibrium steady state similar to what was observed in the

centuries preceding the widespread use of fossil fuels.
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We note once again that the Green Revolution and consequent increase in ψR was made

possible through fossil-fuel inputs [Smil, 2017]. Thus the scenario 2-1 ensemble (Figures 6.7a,

6.7b) omits the increase in ψR. Unlike in the manual estimation scenario, the average of runs

shows Commoner population reaching a low equilibrium of 1-1.5 billion people, with a steady

consumption of Regenerating energy near 20 EJ/yr. These are quite close to the values of popu-

lation and phytomass consumption seen at the eve of the Industrial Revolution—and shows even

more how fossil fuels are necessary to support a large Human system. Interestingly, the stocks

plot does not show an overall depletion of yR with time; i.e. our simulations indicate that the ’land

shortage’ of Pomeranz [2000] was not global, but limited instead to a few high-development re-

gions like Great Britain that intensively used their phytomass stocks.

6.4.3 Scenario 3: No Renewables

In this scenario (Figures 6.8a, 6.8b), we apply modifications to the ensemble that set δR

to 0 and change the birth rate policy to a projection above the replacement level, but unlike

in Section 3.5, we keep ANth at its estimated value. Almost all runs show a full and dramatic

collapse in the Commoner and Elite populations alike, with xC dropping 80% from its peak value

of 11-12 billion by the end of the run, and xE shrinking similarly due to strong Elite downward

mobility. Commoner consumption CC/xC in the 22nd century is below even its pre-industrial

level, indicating population decline due to a mass starvation event just as in the manually-tuned

scenario. Regenerating Nature recovers somewhat from its very low levels in some runs by 2200,

but this is small comfort for a society forced to return to a low-equilibrium state ravaged by global

heating and without access to easily-obtained Nonrenewables. This situation is one thankfully

130



rendered unlikely due to the rapid buildout of solar and wind power in many areas of the world.

6.4.4 Scenario 4: Inequality Reduction

In this scenario (Figures 6.9a, 6.9b), we turn kappa switch on and thereby impose a re-

duction (or slight increase in some runs) of the wealth inequality κ to 10 by 2200. This reduction

is plotted as Figure 6.10. The scenario dynamics are otherwise very similar to the baseline: world

population peaks at a value of 11-12 billion by 2100, before declining by about half in almost all

runs due to resource scarcity by 2200. Commoner consumption is not significantly higher than

it is for Scenario 1; in most cases, it matches the 2020-era peak by 2200 instead of exceeding

it. This is likely because κ is already significantly smaller than 100 in many parameter-estimated

runs. There is simply not enough Elite wealth accumulation to transfer to the Commoners in

these instances. In addition, the slightly higher wealth means that the EnKI runs on average have

slightly less regeneration of Nature yR even after the partial type-N collapse, posing long-run

sustainability issues. It is clear that for this ensemble, mitigating inequality alone will not suf-

ficiently address the issue of resource exhaustion, while it may do so for ensembles with higher

average κ. More societal change is still necessary.

6.4.5 Scenario 5: Higher Renewables Use and Inequality Reduction

As with the hand-tuned Scenario 5, increasing the use of Renewables is the single most

important policy change that prevents resource collapse (Figures 6.11a, 6.11b). SettingFpolicy to 1

ensures a steadily growing rate of Renewables use in every ensemble run, and almost all maintain

a steady global population from about 2080 onwards, now controlled largely by the birth rate
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policy parameters rather than by insufficient income to survive. Following a brief dip in wealth

ω during the transition from fossil fuels to Renewables, per-capita Commoner consumption rises

steadily in most runs to end up slightly above the peak levels of the 21st century. In many

runs, there is even enough wealth to allow Commoner upward mobility—something that does

not happen in the super-ensemble’s Scenario 1. We can thus say with confidence that large-scale

investment in solar and wind power will likely ensure a prosperous future for humanity.

The depletion of Regenerating resources and slow rise by the end of the model integration

is similar to that of the manually-tuned scenario, and slightly slower than in the super-ensemble

baseline. But a minority of ensemble runs show a more rapid decrease in the Nonrenewables

consumption past 2030, reaching a value of less than 25 EJ/yr by 2100. This is enough to limit

the total burned carbon in HANDY2 to less than 50 ZJ, leaving a small stock of fossil fuel reserves

in the ground. While climate change is not simulated in HANDY2, these outcomes would likely

limit global warming to somewhat less than 2.5 degrees C above pre-industrial levels [Masson-

Delmotte et al., 2021, van Vuuren et al., 2011], further reducing the overall disruption incurred

by the Human System.

6.4.6 Scenario 6: Higher Renewables Use, Inequality Reduction, and Lower

Birth Rates

In the final set of parameter estimation runs (Figures 6.12a, 6.12b), we combine all three

proposed policy changes—a decrease in societal inequality, greater use of Renewables, and lower

overall birth rates—to produce the most socially optimal outcome. The results are in line with

what was seen in Chapter 3. Per-capita commoner consumption increases steadily past 2100
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CE and reaches values that allow very rapid upward class mobility by 2200. But the decline

in Commoner population in Scenario 6 is far less than in the manually tuned run, with a final

population mean of 8 billion people. Only one ensemble run undergoes a total collapse, and all

the others show a population in 2200 of well over 5 billion, with some particles even maintaining

a steady state population of 12 billion Commoners. This is likely due to the lower minimum

death rates αmin obtained via the EnKI process. Consequently, the society is not quite as well-off

as it may otherwise be, and there is room for improvement in overall wealth if birth rates are

reduced further. While less effective with this particular super-ensemble, birth rate policy is still

an effective tool to ensure global prosperity.

As in Scenario 5, about 20% of the ensemble runs burn less than 50 ZJ of their starting

Nonrenewables stock yN , potentially mitigating climate risk. Nature yR recovers slightly more

by the end of the run in Scenario 6, but still less so than in the manually tuned scenario.

6.5 Conclusion

The EnKI parameter estimation process [Dunbar et al., 2022, Iglesias et al., 2013] is an

effective means of determining the hidden internal state of many types of models, and we have

successfully applied it to HANDY2. By numerically inverting observations of Commoner and

Elite population and energy consumption to constrain the value of 22 parameters, the high di-

mensionality of HANDY2 is no longer an obstacle to a better understanding of its phase space.

Careful timestepping techniques like the EKSStableScheduler [Kovachki and Stuart, 2019]

ensure that over 70% of EnKI runs converge to the the observation truth within 500 iterations,

with far more accuracy then the hand-tuned baseline scenario in Chapter 3, capturing key de-
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tails such as the later peak date of fossil fuel use and the overall proportion of Elites in society.

Running the estimation process multiple times creates an ensemble of 50 runs with many distinct

boundary conditions, which we use to analyze where our initial estimates of model parameters

were correct (as with s and λstart), and where they were incorrect and a different value may have

been appropriate (as with δN , αmax, or the class mobility wealth threshold ωµ).

The resulting HANDY2 ensemble was also used successfully to simulate the other scenar-

ios of Chapter 3, and despite never being trained on them, changes in several different policy

parameters did not destabilize more than two runs in total. The results from the EnKI super-

ensemble largely confirm results from the manually-tuned scenarios, with some minor differ-

ences. For instance, global population in the hypothetical Regenerating-only Scenario 2 was

found to be stable over time with moderate depletion levels, while reducing the inequality κ in

Scenario 4 does not cause the Commoners to become much richer if κ is low to begin with. We

also see some intriguing emergent properties in certain unusual runs, such as a steeper drop in

fossil fuel consumption that occurs in Scenarios 5 and 6 if Nonrenewables are replaced more

rapidly by greater amounts of Renewables. We now have greater confidence that the present-day

use of Renewable energy is not enough to prevent a severe type-N resource collapse within the

next two centuries. But this can be almost certainly averted with even a linear increase in Renew-

ables use at the present-day rate. Societal affluence can be improved even further by reducing

overall birth rates through family planning, and by decreasing high levels of inequality.

EnKI parameter estimation is not perfect, but has several minor issues likely resolvable

through more careful selection of parameter priors or output variables for the inversion. For

instance, the wealth inequality κ and subsistence salary s is poorly learned in many ensemble

runs. In the first case, this may be fixed by adding pseudo-observations of equivalent Elites
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instead of raw Elites, and in the second case, by adding a historical estimate of global per capita

energy consumption for years when that data is available. The EnKI process was also unable

to learn the starting values of birth rates βC , βE at the same time as the death rates αmin and

αmax because of model instability. One potential fix is to transform β into a parameter on the

domain [0, 1], corresponding to [αmin, αmax] on the unconstrained space. This will require some

minor changes to the HANDY2 code. The estimation convergence rate of only about 70-75% is

also a persistent weakness of our EnKI implementation. More testing, debugging, and careful

selection of inversion hyperparameters may be required to improve this figure, and we may wish

to replace HANDY2’s Euler integrator with one such as the Runge-Kutta method (RK4) that

is more numerically stable. Further work along these lines is planned to refine and improve

HANDY2, making it an even more effective basic model of the Earth and Human systems, with

deep implications for the medium-term future outlook of global civilization.
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(a) Stocks plot

(b) Flows plot

Figure 6.5: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 baseline scenario (Scenario 1), obtained via EnKI pa-
rameter estimation. Each solid and dash-dot line represents the super-ensemble
mean values for HANDY2 output variables, with the legends and labels for each
line the same as in Figure 3.5. Each vertically shaded interval extends one sample
standard deviation from the ensemble mean. The yellow dash-dot line is the ac-
cessible renewable energy F .
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(a) Stocks plot

(b) Flows plot

Figure 6.6: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 scenario without Nonrenewables (Scenario 2), obtained
via EnKI parameter estimation. This plot uses the same color scheme and scale as
Figure 6.5.
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(a) Stocks plot

(b) Flows plot

Figure 6.7: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 scenario without Nonrenewables or increasing ψR (Sce-
nario 2-1), obtained via EnKI parameter estimation. This plot uses the same color
scheme and scale as Figure 6.5.
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(a) Stocks plot

(b) Flows plot

Figure 6.8: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 scenario without Renewables (Scenario 3), obtained
via EnKI parameter estimation. This plot uses the same color scheme and scale as
Figure 6.5.
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(a) Stocks plot

(b) Flows plot

Figure 6.9: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 scenario with reduction of inequality κ (Scenario 4),
obtained via EnKI parameter estimation. This plot uses the same color scheme
and scale as Figure 6.5.
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Figure 6.10: The level of inequality κ over time for EnKI parameter estimation
ensembles with inequality reduction (Scenario 4). Values of κ converge in a log-
logistic manner to a value of κ = 10 by 2150.
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(a) Stocks plot

(b) Flows plot

Figure 6.11: Stocks and flows plots for a super-ensemble of 48 randomly-
seeded members in the HANDY2 scenario, with higher use of Renewable flows
(Fpolicy = 1) and reduction of inequality κ (Scenario 5), obtained via EnKI pa-
rameter estimation. This plot uses the same color scheme and scale as Figure 6.5.
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(a) Stocks plot

(b) Flows plot

Figure 6.12: Stocks and flows plots for a super-ensemble of 48 randomly-seeded
members in the HANDY2 scenario, with aggressive reduction in birth rates βC ,
higher use of Renewable flows (Fpolicy = 1), and reduction of inequality κ (Sce-
nario 6), obtained via EnKI parameter estimation. This plot uses the same color
scheme and scale as Figure 6.5.
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