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Over the last two centuries, the impact of the Human System has grown dra-

matically, becoming strongly dominant within the Earth System in many different

ways. Consumption, inequality, and population have increased extremely fast, es-

pecially since about 1950, threatening to overwhelm the many critical functions and

ecosystems of the Earth System. Changes in the Earth System, in turn, have im-

portant feedback effects on the Human System, with costly and potentially serious

consequences. However, current models do not incorporate these critical feedbacks.

We argue that in order to understand the dynamics of either system, Earth Sys-

tem Models must be coupled with Human System Models through bidirectional

couplings representing the positive, negative, and delayed feedbacks that exist in

the real systems. In particular, key Human System variables, such as demograph-

ics, inequality, economic growth, and migration, are not coupled with the Earth



System but are instead driven by exogenous estimates, such as United Nations pop-

ulation projections. This makes current models likely to miss important feedbacks

in the real Earth–Human system, especially those that may result in unexpected

or counterintuitive outcomes, and thus requiring different policy interventions from

current models. The importance and imminence of sustainability challenges, the

dominant role of the Human System in the Earth System, and the essential roles

the Earth System plays for the Human System, all call for collaboration of natural

scientists, social scientists, and engineers in multidisciplinary research and modeling

to develop coupled Earth–Human system models for devising effective science-based

policies and measures to benefit current and future generations.

The official UMD Press Release for the Modeling Sustainability paper is avail-

able at:

https://umdrightnow.umd.edu/news/its-more-just-climate-change

Existing studies of freshwater systems generally focus on hydrological flows

without considering impacts from human feedbacks on these natural flows. However,

the human system has become the major driver of changes in freshwater systems.

The Coupled Human–Climate–Water model (COWA) is a minimal dynamic model

that aims to capture these bidirectional positive, negative, and delayed feedbacks.

The results show remarkable differences between simulation outputs of two-way and

one-way coupled models, showing that projecting both human and natural sys-

tem variables without feedbacks over long periods of time yields unrealistic results.

COWA shows that Carrying Capacity is not static but rather evolves in response to

the dynamic interactions and feedbacks in a changing system of many human and

https://umdrightnow.umd.edu/news/its-more-just-climate-change


natural factors. COWA allows to determine the Water Carrying Capacity (WCC)

of a region, i.e., the level of population and water consumption that a region’s nat-

ural hydrological regime can support over the long term. Additionally, it shows

that implementing effective water management policies — such as recycling and

conservation technologies — can expand WCC of a region. An unexpected result of

including bidirectional coupling is that expanding reservoir size and water collection

capacity produces short-term population growth without expanding WCC, but be-

cause groundwater stocks are depleted more rapidly, it leads to an earlier and steeper

collapse of the water resources and population. Lack of a dynamic understanding of

a system can lead to the opposite conclusion about its behavior. COWA shows the

critical importance of long-term policies for sustaining water resources, especially

when demand rises and when estimates of available groundwater or potential for

contamination of freshwater sources are highly uncertain. Significant signals of po-

tential collapse (or unsustainability) can be missed if we limit the horizon to short

term and neglect bidirectional feedbacks.

Physical systems with time-varying internal couplings are abundant in na-

ture. While the full governing equations of these systems are typically unknown

due to insufficient understanding of their internal mechanisms, there is often in-

terest in determining the leading element. Here, the leading element is defined as

the sub-system with the largest coupling coefficient averaged over a selected time

span. Previously, the Convergent Cross Mapping (CCM) method has been em-

ployed to determine causality and dominant component in weakly coupled systems

with constant coupling coefficients. In this study, CCM is applied to a pair of cou-



pled Lorenz systems with time-varying coupling coefficients, exhibiting switching

between dominant sub-systems in different periods. Four sets of numerical experi-

ments are carried out. The first three cases consist of different coupling coefficient

schemes: I) Periodic–constant, II) Normal, and III) Mixed Normal/Non-normal. In

case IV, numerical experiment of cases II and III are repeated with imposed tempo-

ral uncertainties as well as additive normal noise. Our results show that, through

detecting directional interactions, CCM identifies the leading sub-system in all cases

except when the average coupling coefficients are approximately equal, i.e., when

the dominant sub-system is not well defined.

Wind and solar farms offer a major pathway to clean, renewable energies.

However, these farms would significantly change land surface properties, and, if

sufficiently large, the farms may lead to unintended climate consequences. In this

study, we used a climate model with dynamic vegetation to show that large-scale

installations of wind and solar farms covering the Sahara lead to a local temperature

increase and more than a twofold precipitation increase, especially in the Sahel,

through increased surface friction and reduced albedo. The resulting increase in

vegetation further enhances precipitation, creating a positive albedo–precipitation–

vegetation feedback that contributes ∼80% of the precipitation increase for wind

farms. This local enhancement is scale dependent and is particular to the Sahara,

with small impacts in other deserts.

The official UMD Press Release for the Sahara paper is available at:

https://umdrightnow.umd.edu/news/large-scale-wind-and-solar-farms-sahara-

would-increase-rain-and-vegetation

https://umdrightnow.umd.edu/news/large-scale-wind-and-solar-farms-sahara-would-increase-rain-and-vegetation
https://umdrightnow.umd.edu/news/large-scale-wind-and-solar-farms-sahara-would-increase-rain-and-vegetation
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Preface

I start this dissertation with a review of the key components of the Human

System, the various impacts of the Human System on the Earth System, and the

important feedbacks of the Earth System on the Human System. We discuss the

current state of the models that project the future of the planet and humanity, and

are used to inform policymakers nationally and internationally. We argue that due

to lack of feedbacks that exist in reality, these current models are likely to miss

important signals that could determine the fate of humanity and our planet. We

propose a framework to couple the Earth and Human System models with bidirec-

tional feedbacks. We argue that Dynamic Models would be the natural choice for

developing the core of such models, and Input/Output Models could be coupled to

the dynamic core of the models to provide detailed information about the economic

system, especially trade and virtual trade. Finally, we propose to employ advances

in Data Assimilation to estimate and constrain model parameters from observa-

tions and to quantify uncertainty for key variables and propagation of uncertainties

through various components of the coupled system. This rather long discussion

was published as an interdisciplinary review paper Motesharrei et al. [2016], which

constitutes the first paper of my dissertation.

In the second paper of the dissertation, I present a partial implementation of

our proposed framework for bidirectional coupling of the Earth and Human System

models. The Coupled Human–Climate–Water model (COWA) includes bidirectional

feedbacks between the Human and Freshwater Systems. An Earth System Model
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(ESM) and a River Routing Module (RRM) provide the necessary precipitation,

evaporation, and river flow time-series for COWA. The model is validated in the

Phoenix Active Management Area (AMA) Watershed with the observations going

back as far as 1900. The output from COWA is compared with the output from

a similar model with only one-way couplings between the Human and Freshwater

Systems. The comparison clearly demonstrates inherent incapability of one-way

coupled models to capture non-trivial dynamics that exist in reality in the two-way

coupled systems. Most importantly, COWA shows decisions that seem to be benefi-

cial, and even essential, in the short term could seriously endanger the sustainability

of the whole system in the long term. An analysis of various scenarios shows the key

role that policies play in preventing catastrophes and reaching a sustainable state.

In the third paper of this dissertation, I present a method based on the the-

ory of dynamical systems to detect the dominant driver in a coupled dynamical

system. This work is based upon Sugihara et al. [2012], which introduced the Con-

vergent Cross Mapping (CCM) method for identifying the dominant driver in a

weakly–coupled dynamical system. We extend the work of Sugihara et al. [2012] by

developing the CCM method further and applying it to strongly–coupled dynamical

systems. This method would be useful for quantifying the uncertainties in modeled

feedbacks between different sub-systems of a coupled system. An example would be

the forcing between global temperature and atmospheric concentration of CO2 [van

Nes et al., 2015].

In the fourth paper of this dissertation, I discuss the climate and broader

societal impacts of large-scale wind and solar farms in the African Sahara. Our
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two-way coupled climate–vegetation model simulations show that average rainfall

increases on average by 150% in the Sahara, and up to 500 mm/year in the Sa-

hel. This surprisingly strong increase are due to strong feedback mechanisms be-

tween climate and land surface. The first feedback mechanism is the land surface

roughness–precipitation–vegetation feedback that was discovered by Y. C. Sud in

1985. The Sud feedback applies to wind farms. The second feedback mechanism

is the Albedo–Precipitation–Vegetation feedback that was discovered by Jule Char-

ney in 1975, and applies to both solar and wind farms. One more time, feedbacks

lead to dynamics that are beyond perception of human mind. It again shows the

importance of including key feedbacks between various physical or human systems

when we create models. This paper was published in 2018 September 7 issue of the

Science magazine [Li et al., 2018]

The work in this dissertation extends beyond a single discipline. Therefore, it

is inevitable to introduce tools and methods from various areas of research: mathe-

matics, physics, dynamical systems, atmospheric science, public policy, system dy-

namics, geography, demography, economics, dynamic modeling, etc. This is evident

from the wide variety of expertise of my co-authors in Motesharrei et al. [2016] and

Li et al. [2018]. We hope to show the interconnections between these methods and

important problems that can only be addressed with such a toolset. Work presented

in this dissertation is a new exploration in that direction. Naturally, it is just the

beginning of a long road to understanding a wide range of global environmental and

social problems, which will hopefully allow proposing and assessing a set of collective

solutions to ensure sustainability of the environment and prosperity of humanity.
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Chapter 1: Introduction

As apparent from its title, the focus of this dissertation is proposing a novel

framework to couple Earth–Human Systems with bidirectional feedbacks, a partial

implementation of the model in COWA and the introduction of Water Carrying

Capacity as an example of Carrying Capacity in two-way Coupled Earth–Human

Systems, a demonstration of the importance of renewable energy sources, and a

study of their beneficial impacts on local climate due to climate–vegetation feedbacks

in the Sahara.

Chapter 2 is a fairly detailed description of the key components and variables

of the human system that interact bidirectionally with many variables of the Earth

System. This chapter is a paper that I co-authored [Motesharrei et al., 2016] with

a team of twenty distinguished scientists from multiple disciplines. In this paper,

we argue that Population, Inequality, and Consumption are three key variables of

the Human System that must be included endogenously in models that are used to

inform environmental, economics, and climate policies. The paper explains that the

Earth System (e.g., atmosphere, ocean, land, and biosphere) provides the Human

System (e.g., humans and their production, distribution, and consumption) not only

the sources of its inputs (e.g., water, energy, biomass, and materials) but also the
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sinks (e.g., atmosphere, oceans, rivers, lakes, and lands) that absorb and process its

outputs (e.g., emissions, pollution, and other wastes).

The paper describes how the rapid growth in resource use, land-use change,

emissions, and pollution has made humanity the dominant driver of change in most

of the Earth’s natural systems, and how these changes, in turn, have critical feedback

effects on humans with costly and serious consequences, including on human health

and well-being, economic growth and development, and even human migration and

societal conflict. However, the paper argues that these two-way interactions (“bidi-

rectional coupling”) are not included in the current models. The study explains that

increases in economic inequality, consumption per capita, and total population are

all driving this rapid growth in human impact, but that the major scientific mod-

els of Earth–Human System interaction do not bidirectionally (interactively) couple

Earth System Models with the primary Human System drivers of change such as

demographics, inequality, economic growth, and migration.

Chapter 3 describes an implementation of the framework discussed in Chapter

2. The HANDY model [Motesharrei et al., 2014] constituted the core of my previ-

ous dissertation [Motesharrei, 2014]. HANDY includes some of the key bidirectional

couplings that we propose in Motesharrei et al. [2016], but HANDY is a minimal

model that is best suited for conducting “thought experiments”. Thought experi-

ments are quite essential to understand the underlying mechanisms of the system,

and to detect the key factors that influence the dynamics of the system, especially

over the long term. Therefore, building, and experimenting with, a minimal model

is the best strategy to study new phenomena and investigate unexplored behaviors

2
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Figure 1.1: The similar evolution of world population and the atmospheric con-

centration of greenhouse gases over the past 10,000 years strongly suggests that

human population is the driver. Note the abrupt acceleration after the Industrial

Revolution (1750), and especially after the Green Revolution (1950), which required

massive use of fossil fuels [Fu and Li, 2016].

of the systems. Moreover, minimal models are easier to understand, and perfect for

educating students as well as the public.

In the real systems, however, we have many more variables and couplings,

hence an attempt to capture changes of all those variables in the real system with a

minimal model would be impossible. Of course, trying to represent all the variables

and parameters in the real system requires infinite complexity of the model, and

hence such an attempt would be futile by definition. Therefore, we must consider

a trade-off between feasibility and complexity to build a model that can be vali-

dated for the major variables of a system, yet its complexity and computational
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requirements are reasonable and manageable.

The Coupled Human–Climate–Water Model (COWA) that I present in Chap-

ter 3 is such a model. COWA was the logical second step (after HANDY) towards

implementing the framework described in the first chapter [Motesharrei et al., 2016].

To be able to validate the model, we chose Phoenix Active Management Area (AMA)

Watershed as our case study. Phoenix AMA Watershed is an example where freshwa-

ter resources are well managed, and past observations have been carefully recorded

for many decades, providing an excellent source for the required long-term time-

series to validate the model.

We have also built and validated a one-way coupled Human–Climate–Water

model to compare and contrast its results to COWA’s. An immediate conclusion was

that one-way coupled models cannot capture any non-trivial evolution of the sys-

tem, and can produce unrealistic projections. Consequently, we can miss important

signals about the future — signals that may determine the fate of our environment

and our species — if we rely on one-way coupled models for long-term projections.

COWA results include several surprising findings. The most surprising finding

for us was the scenario where the freshwater storage and collection infrastructure

expands over time (see Section 3.7.4). While an otherwise informed common sense

tells us that expanding these infrastructures would always be a good decision, the

scenario presented in Fig. 3.13 shows the long-term threat to the sustainability of

the system. Population and freshwater consumption can grow very rapidly but at

the cost of depleting Groundwater, resulting in a steeper collapse of the system, and

many decades earlier. A decision that is seemingly beneficial in the short term can
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be detrimental in the long term. This is a counter-intuitive outcome that cannot be

understood and predicted under any other framework.

A key measure that we develop in Chapter 3 for sustainability of freshwa-

ter system is Water Carrying Capacity (CC). Water CC is determined by multiple

variables and factors of both the natural and the human systems. This should be

contrasted to the traditional notion of Carrying Capacity as a predetermined pa-

rameter that is set by the modeler. Rather, we show that Water CC is a dynamic

variable that could be calculated via simulations, and responds to changes of envi-

ronmental and human system conditions. Finding a closed-form, analytical formula

for Carrying Capacity is perhaps possible for a minimal system such as HANDY

Motesharrei et al. [2014]. But a theoretical solution might be impossible for more

complex systems such as COWA that aim to include, and validate, many variables

of the real system. Hence the importance of numerical simulations to determine

the future of Water CC under different policy choices. Nevertheless, we succeeded

find a closed-form analytical expression for the Water CC in COWA via theoretical

computations. An interesting result that we had not envisioned before was the case

of a very large recycling capacity (RM), where Water CC becomes independent of

RM . Theoretical computations brought to our attention that it is a possibility, and

we confirmed this theoretical prediction through experiments.

In Chapter 4, we develop further the Cross Convergent Mapping (CCM)

method [Sugihara et al., 2012] to allow detecting the leading variable in a strongly

coupled dynamical system. We test our method with two Lorenz 63 systems [Lorenz,

1963] coupled with time-varying coefficients that would cause the leading sub-
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systems to switch their dominance. We show that CCM can capture the leading

subsystem under a wide set of coupling schemes: constant, periodic, Normal, and

mixed Normal/non-Normal. We even show that CCM is robust under temporal

uncertainties and additive normal noise. This method could be a valuable tool

when modeling the feedbacks between coupled sub-systems of a dynamic system.

One imminent application was to determine the dominant driver between global

temperature and atmospheric CO2 concentration [van Nes et al., 2015]

In Chapter 5, we investigate local climate impacts of large-scale wind and solar

farms in the African Sahara and the neighboring Sahel region. The African Sahara

is the largest desert in the world, with an area of 9.2 million square kilometers (US =

9.8). Due to its large surface area and proximity to equator, the Sahara has a great

supply of solar and wind energy. It is close to sub-Saharan Africa and the Middle

East, two of the driest regions in the world with fastest rates of population growth.

The Sahel region, in particular, is one of the poorest regions in the world, with a

projected population of over 600 million people by 2100. Large scale installations

of solar panels and wind farms in this desert can produce 78 TW and 3 TW of

electricity. To compare, world average power consumption is currently 18 TW. This

energy will allow the economy to grow sustainably. Additionally, availability of clean

energy can help with desalinating seawater and transporting it to the regions that

suffer most from severe freshwater scarcity. Finally, availability of freshwater leads to

improvement and expansion of agriculture and food availability. Moreover, increased

precipitation will help to expand the current agriculture, which is predominantly

rainfed, and increased vegetation will help with expanding livestock production. All
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of these effects could have major implications for bringing the region out of water

and food scarcity and poverty.

The Sahara is sparsely inhabited, therefore, solar and wind farm installations

will have minimal competition with natural and other human land uses like agri-

culture. This makes Sahara an ideal location for building massive solar and wind

farms.

The first order effect of replacing fossil fuels with renewables as our source of

energy would be reducing anthropogenic greenhouse gas emissions and the result-

ing climate change. The anthropogenic climate change is a subject that has been

widely studied over the past several decades [Hansen et al., 2013]. However, large

installations of solar and wind farms would change the land surface properties, and

that could also result in climate change, which we find to be beneficial in this case.

The mechanism would be friction–precipitation–vegetation for the wind farms and

albedo–precipitation–vegetation feedback for both solar and wind farms. For the

first time in our paper, we studied climate effects of large-scale renewable farms us-

ing a climate model that is coupled with vegetation through bidirectional feedbacks

[Li et al., 2018].

Again, feedbacks can have fundamental impacts on the behavior of systems,

and they are not confined to natural systems [Motesharrei et al., 2016, 2014]. In Li

et al. [2018], we show that including these climate vegetation feedbacks is responsible

for 80% of the precipitation increase for the wind farms, which means the effect

would have been 5 times smaller had we not included this important feedback.

Our experiments for the combined solar and wind farms show that the precip-
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itation can increase from 0.24 to 0.59 mm/day over the Sahara, and from 2.23 to

3.57 mm/day over the Sahel. This increase in precipitation of up to 500 mm/year is

quite significant. This shows the importance of including key feedbacks in the mod-

els, and in particular, including the dynamic vegetation feedbacks in the climate

models. As usual, feedbacks lead to surprising outcomes beyond what human mind

is capable of perceiving.

Increase in rainfall will increase the vegetation growth. The vegetation cover

fraction goes from 0.46 to 0.53, leaf area index goes from 0.64 to 1.12 m2/m2, and

root carbon from 0.095 to 0.103 kgC/m2. This is one side of the feedback. But

when vegetation cover increases, surface albedo decreases, which will in turn further

increase the vegetation through the vegetation–precipitation–albedo feedback.

The original idea behind our paper [Li et al., 2018] came to Professor Eugenia

Kalnay about 10 years ago, inspired by the work of her PhD advisor Jule Charney

at MIT. 1 The albedo–precipitation–vegetation feedback was originally proposed by

Charney in 1975 to explain the extreme reduction of rainfall and drought in the

Sahel [Charney, 1975].

The friction–precipitation–vegetation feedback was proposed by Sud and Smith

in 1985 to explain how reduction in land surface roughness can lead to further re-

duction of rainfall [Sud and Smith, 1985]. Professor Kalnay suspected that solar

panels might trigger the Charney mechanism but in the opposite direction, since

they would reduce the albedo effectively, and wind farms might trigger the Sud

mechanism in the opposite direction, since they increase the surface friction. We

1Charney is considered to be the father of modern dynamic meteorology.
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confirmed these hypotheses in our paper through simulations with a bidirectionally

coupled climate–land model [Li et al., 2018].

The Sahara is quite dry and its surface is covered with little vegetation. The

additional rainfall and vegetation would certainly provide a much needed relief to

this dry, bare desert.

We conducted additional experiments to investigate impacts in other deserts

of the world. See Fig. S8 in the Supplementary Materials of the paper. The impacts

seem to be much smaller in other world deserts because of their smaller area and

scattered distribution. Also, albedo of the Sahara sand is about 0.4, which is higher

than other world deserts, because the Sahara sand has a brighter color. This leads

to a stronger change in effective albedo when solar panels are installed, and after

vegetation cover increases.

We also conducted experiments for farms of smaller scales. Our results show

that covering only the northwest quadrant of the Sahara would have almost the

same precipitation and vegetation benefits as covering the whole Sahara (see Fig.

S9 in the Supplementary Materials. Therefore, the impact depends on the specific

location and scale of these installations. Nonetheless, the impact would increase with

the size of wind/solar farms. A few studies have reported the impacts of the smaller

scale wind and solar farms on local climate based on observations and models, for

example, Zhou et al. [2012]; Roy et al. [2004]; Armstrong et al. [2016].

As we state in the paper, further studies with higher-resolution and more

advanced climate models is necessary to more accurately investigate the local climate

impacts of smaller farms.
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There has been much research that shows satisfying the global energy demand

via renewable sources is a realistic possibility [Jacobson et al., 2015]. From the

perspective of total demand for energy, covering only 20% of the Sahara with solar

panels would produce about 80 TW of electricity, more than 4 times the current

global demand. Implementing such large-scale solar and wind farms has become

increasingly possible but requires proper planning and visionary decision-making,

plus co-operation of policymakers, companies, stakeholders, and people. It also

requires development of energy storage technologies and large-scale storage facilities.

But the obstacles, if any, are political and/or financial, not technological. We hope

that all these local and global actors and stakeholders could co-operate to and make

this kind of project a reality. This could be the best chance for sustaining life on

this planet while improving the quality of life for everyone.
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Chapter 2: Modeling Sustainability: Population, Inequality, Con-

sumption, and Bidirectional Coupling of the Earth and

Human Systems

Over the last two centuries, the impact of the Human System has grown dra-

matically, becoming strongly dominant within the Earth System in many different

ways. Consumption, inequality, and population have increased extremely fast, es-

pecially since about 1950, threatening to overwhelm the many critical functions and

ecosystems of the Earth System. Changes in the Earth System, in turn, have im-

portant feedback effects on the Human System, with costly and potentially serious

consequences. However, current models do not incorporate these critical feedbacks.

We argue that in order to understand the dynamics of either system, Earth System

Models must be coupled with Human System Models through bidirectional cou-

plings representing the positive, negative, and delayed feedbacks that exist in the

real systems. In particular, key Human System variables, such as demographics,

inequality, economic growth, and migration, are not coupled with the Earth System

but are instead driven by exogenous estimates, such as UN population projections.

This makes current models likely to miss important feedbacks in the real Earth–

Human system, especially those that may result in unexpected or counterintuitive
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outcomes, and thus requiring different policy interventions from current models.

The importance and imminence of sustainability challenges, the dominant role of

the Human System in the Earth System, and the essential roles the Earth System

plays for the Human System, all call for collaboration of natural scientists, social

scientists, and engineers in multidisciplinary research and modeling to develop cou-

pled Earth–Human system models for devising effective science-based policies and

measures to benefit current and future generations. 1

Significance Statement

The Human System has become strongly dominant within the Earth System

in many different ways. However, in current models that explore the future of hu-

manity and environment, and guide policy, key Human System variables, such as

demographics, inequality, economic growth, and migration, are not coupled with

the Earth System but are instead driven by exogenous estimates such as United Na-

tions (UN) population projections. This makes the models likely to miss important

feedbacks in the real Earth–Human system that may result in unexpected outcomes

1This chapter was published following peer-review as: Safa Motesharrei, Jorge Rivas, Eugenia

Kalnay, Ghassem R. Asrar, Antonio J. Busalacchi, Robert F. Cahalan, Mark A. Cane, Rita R.

Colwell, Kuishuang Feng, Rachel S. Franklin, Klaus Hubacek, Fernando Miralles-Wilhelm, Take-

masa Miyoshi, Matthias Ruth, Roald Sagdeev, Adel Shirmohammadi, Jagadish Shukla, Jelena

Srebric, Victor M. Yakovenko, and Ning Zeng. Modeling sustainability: population, inequality,

consumption, and bidirectional coupling of the Earth and Human Systems. National Science

Review, 3(4):470–494, December 2016.
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requiring very different policy interventions. The importance of humanity’s sustain-

ability challenges calls for collaboration of natural and social scientists to develop

coupled Earth–Human system models for devising effective science-based policies

and measures.

Highlights

1. The Human System has become strongly dominant within the Earth System

in many different ways.

(a) Consumption, inequality, and population have increased extremely fast,

especially since about 1950.

(b) The collective impact of these changes threatens to overwhelm the via-

bility of natural systems and the many critical functions that the Earth

System provides.

2. Changes in the Earth System, in turn, have important feedback effects on the

Human System, with costly and serious consequences.

3. However, current models, such as the Integrated Assessment Models, that

explore the future of humanity and environment, and guide policy, do not

incorporate these critical feedbacks.

(a) Key Human System variables, such as demographics, inequality, economic

growth, and migration, are instead driven by exogenous projections, such

as the UN population tables.
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(b) Furthermore, such projections are shown to be unreliable.

4. Unless models incorporate such two-way couplings, they are likely to miss

important dynamics in the real Earth–Human system that may result in un-

expected outcomes requiring very different policy interventions.

5. Therefore, Earth System Models must be bidirectionally coupled with Human

System Models.

(a) Critical challenges to sustainability call for a strong collaboration of both

earth and social Scientists to develop coupled Earth–Human System mod-

els for devising effective science-based policies and measures.

(b) We suggest using Dynamic Modeling, Input–Output Models, and Data

Assimilation to build and calibrate such coupled models.

Description of Sections

Section 2.1 describes major changes in the relationship between the Earth Sys-

tem and the Human System, and key Human System factors driving these changes.

Section 2.2 provides examples of fundamental problems in the exogenous projections

of key Human System factors used in current models. Section 2.3 describes examples

of changes in the Earth System that may impact the Human System seriously, as

well as missing feedbacks from the Earth System onto the Human System. Section

2.4 argues for the need to bidirectionally couple both systems in order to model

the future of either system more realistically, and proposes practical methods to
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implement this coupling.

One sentence Summary: In order to project future of both Earth and

Human Systems more realistically, we must couple their models bidirectionally.

2.1 Dominance of the Human System within the Earth System

Humans impact the Earth System by extracting resources and returning waste

and pollution to the system, and simultaneously altering land cover, fragmenting

ecosystems, and reducing biodiversity. Planet Earth has been the habitat of humans

for hundreds of thousands of years. Human life depends on the resources provided by

the Earth System: air from the Earth’s atmosphere; water from the atmosphere and

rivers, lakes, and aquifers; fruits from trees; meat and other products from animals;

and over the past 10,000 years, land for agriculture, and metals and other minerals

from the Earth’s crust. Until about 200 years ago, we used renewable biomass as the

major source of materials and energy, but over the course of the past two centuries,

we have instead become heavily dependent on fossil fuels (coal, oil, and natural gas)

and other minerals for both materials and energy. These nonrenewable resources

made possible both of the revolutions which drove the the growth in consumption

per capita and population: the Industrial Revolution and the Green Revolution.

Our relationship with our planet is not limited to consuming its resources. Waste is

an inevitable outcome of any production process; what is produced must return to

the Earth System in some form. Waste water goes back to the streams, rivers, lakes,

oceans, or into the ground; greenhouse and toxic gases go into the atmosphere, land,
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and oceans; and trash goes into landfills and almost everywhere else.

The level of this impact is determined by extraction and pollution rates, which

in turn, are determined by the total consumption rate. Total consumption equals

population multiplied by average consumption per capita, both of which are recog-

nized as primary drivers of human environmental impact. Using Gross Domestic

Product (GDP) per capita as a rough measure of consumption per capita, the ex-

tent of the impact of the Human System on the Earth System can be estimated

from the total population and the average consumption per capita. This can be also

seen from the defining equation for GDP per capita, i.e., GDP per capita = GDP

/ Population. One may rewrite this equation as GDP = Population × GDP per

capita. By taking variations, we get:

δGDP

GDP
=
δPopulation

Population
+
δGDP per capita

GDP per capita
(2.1)

This equation simply means that the relative change in the total GDP is

comprised of two components, i.e., the relative changes in population and GDP per

capita. A graphical demonstration of this decomposition can be seen in the inset of

Fig. 2.1.
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Population and GDP per capita (in the main graph) from 
year 1 to 2010 AD. The total human impact is their product.

Inset: Annual Growth of Total Consumption (Total GDP)
from 1950 to 2010 as the sum of contributions from
Population Growth and GDP per capita Growth.

Figure 2.1: World population and GDP per capita from year 1 to 2010 AD. The
total human impact is their product. The inset shows the relative annual change of
each between 1950 and 2010 [Maddison, 2001; Bolt and van Zanden, 2014; United
Nations, 2013c]. Their averages were 1.69% and 2.21%, respectively, out of a total
of ∼4% (average annual change in GDP). Therefore, growth in population and con-
sumption per capita have both played comparably important roles in the remarkable
increase of human impact on planet Earth. This ∼4% total growth corresponds to
doubling the total impact every 17 years. Note that the contribution from popu-
lation growth has been relatively steady, while the contribution from the relative
change in GDP per capita has been much more variable from year to year (even
negative for some years). See Eq. (2.1) for a description of the mathematical for-
mula used to generate the inset. Data from Maddison [2001], with updates from the
Maddison Project, 2013 (for the underlying methodology of the updates see Bolt
and van Zanden [2014]). Population data for the inset from United Nations [2013c].
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The rapid expansion of the human system has been a remarkably recent phe-

nomenon (see Fig. 2.1). For over 90% of human existence, world population re-

mained less than 5 million. After the Agricultural Revolution, it still took about

10,000 years to reach one billion, around the year 1800. About a century later the

second billion was reached, around 1930. Thereafter, in less than a century, five

billion more humans were added (within a single human lifetime). The peak in the

rate of growth occurred in the 1960s, but because of the larger total population, the

peak in absolute growth has persisted since the early 1990s [United Nations, 2015b].

To go from 5 to 6 billion took about 12 years (1987–1999), and from 6 to 7 billion

also took about 12 years (1999–2011). The decline in the rate of growth over the

past few decades has not significantly reduced the absolute number currently added

every year, ∼80 million (e.g., 83 million in 2016), equivalent to the population of

Germany [Christenson, 2002; United Nations, 2013b].

A similar pattern holds for GDP per capita, but with the acceleration of growth

occurring even more recently (see Fig. 2.1) and with the distribution of consumption

becoming much more unequal. Thus, until the last century, population and GDP

per capita were low enough that the Human System remained a relatively small

component of the Earth System. However, both population and GDP per capita

experienced explosive growth, especially after ∼1950, and the product of these two

growths — total human impact — has grown from relatively small to dominant in

the Earth System.

Contrary to popular belief, these trends still continue for both population

and consumption per capita. The world is projected to add a billion people every
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13–15 years for decades to come. The current UN medium estimate expects 11.2

billion people by 2100, while the high estimate is 16.6 billion.2 Similarly, while the

highest rates of growth of global per capita GDP took place in the 1960s, they are

not projected to decline significantly from their current rates (so that estimates of

annual global growth until 2040 range from 3.3% (IMF and IEA) to 3.8% (US EIA),

implying a doubling time of about 20 years). While there has been some reduction

of the energy- and emissions-intensity of economic growth in wealthy countries, one

has to be cautious about extrapolating recent improvements, as small as they may

be, because these “improvements” have been at least partly due to the outsourcing

of energy-intensive sectors to poorer countries [Sathaye et al., 2011; Feng et al.,

2011a; Davis and Caldeira, 2010; Weber et al., 2008; Yu et al., 2013; Peters, 2008;

Peters et al., 2011, 2012; Le Quéré et al., 2014; Muñoz et al., 2009; Bruckner et al.,

2012; Wiedmann et al., 2015], and because there are basic physical limits to further

efficiency improvements, especially in the use of water, energy, food, and other

natural resources [Turral et al., 2010; Ruth, 1993, 1995a,b, 2006].

Two major factors enabled this demographic explosion. First, advances in

public health, sanitation, and medicine significantly reduced mortality rates and

lengthened average life-span. Second, the rapid and large-scale exploitation of fossil

fuels [Krausmann et al., 2009] — a vast stock of nonrenewable resources accumulated

by Nature over hundreds of millions of years that are being drawn down in just a

few centuries — and the invention of the Haber–Bosch process to use natural gas

2In fact, the 2015 Revision has already raised the global total in 2100 by 360 million to 11.2

billion just from the last estimate published in 2013 [United Nations, 2015b].
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to produce nitrogen fertilizer [Smil, 2004; Erisman et al., 2008] enabled increasingly

higher levels of food and energy production. All these factors allowed fast growth

of the human system [Warren, 2015; Smil, 1999]. For example, between 1950 and

1984, the production of grains increased by 250% due to the use of fossil fuels

for fertilization, mechanization, irrigation, herbicides, and pesticides [Kendall and

Pimentel, 1994]. These technological advances, together with the development of

new seed varieties, are referred to as the “Green Revolution” that allowed global

population to double in that period [Ramankutty et al., 2002].

Technological advances also allowed for the rapid increase in consumption per

capita (see Fig. 2.1). This increase was made possible by a dramatic expansion in the

scale of resource extraction, which, by providing a very large increase in the use of

inputs, greatly increased production, consumption, throughput, and waste. During

the fossil fuel era, per capita global primary energy and per capita global materials

consumption have significantly increased over time. Despite tremendous advances

in technological efficiencies, world energy use has increased for coal, oil, gas, and

electricity since 1900, and global fossil fuel use per capita has continued to rise over

the last few decades. There is no empirical evidence of reduction in use per capita,

nor has there been an abandonment or long-term decline of one category through

substitution by another. The same applies to global per capita use of materials

for each of the major materials categories of minerals — industrial, construction,

materials for ores, and materials derived from fossil energy carriers. Thus, while

the rate of materials intensity of GDP growth has declined (very slowly: 2.5 kg/$

in 1950, 1.4 kg/$ in 2010), the per capita rate continues to increase. The only

20



materials category whose per capita use has remained relatively stable is biomass

[Krausmann et al., 2009; Schaffartzik et al., 2014], probably reflecting the physical

limits of the planet’s regenerating natural resources to continue to provide humans

with ever-growing quantities of biomass [Seppelt et al., 2014; Cleveland and Ruth,

1998]. (See Motesharrei et al. [2014] for a conceptual model of regenerating natural

resources.)

The rapidly growing size and influence of the Human System has come to

dominate the Earth System in many different ways [Crutzen, 2006; Rockström et al.,

2009; Barnosky et al., 2012; Crutzen, 2002]. Estimates of the global net primary

production (of vegetation) appropriated by humans range as high as 55%, and the

percentage impacted, not just appropriated, is much larger [Rojstaczer et al., 2001;

Imhoff et al., 2004; Haberl et al., 2007; Lauk and Erb, 2009; Zeng and Yoon, 2009;

Zeng et al., 2014; Liu et al., 2015; Haberl et al., 2011; Foley et al., 2005; Krausmann

et al., 2013; Assessment, 2005]. Human activity has also had a net negative effect

on total global photosynthetic productivity since the most productive areas of land

are directly in the path of urban sprawl [Imhoff et al., 2000]. Human use of biomass

for food, feed, fiber, fuel, and materials, has become a primary component of global

biogeochemical cycles of carbon, nitrogen, phosphorous, and other nutrients. Land-

use for biomass production is one of the most important stressors on biodiversity,

while total biomass use has continued to grow and demand is expected to continue

growing over the next few decades [Krausmann et al., 2008a]. Global food demand

alone has been projected to double or more from 2000 to 2050 due to both rising

population and rising incomes [Tilman et al., 2011]. Most agriculturally usable
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land has already been converted to agriculture [Tilman et al., 2002]. Most large

mammals are now domesticated animals [Kareiva et al., 2007; Lyons et al., 2004].

Soils worldwide are being eroded, fisheries exhausted, forests denuded, and aquifers

drawn down, while desertification due to overgrazing, deforestation, and soil erosion

is spreading [Scholes and Scholes, 2013; Vitousek et al., 1997b; Döll et al., 2014;

Aeschbach-Hertig and Gleeson, 2012]. Deforestation, in turn, affects local climate

through evapotranspiration and albedo [Li et al., 2015, 2016a]. Since climate change

is expected to make subtropical regions drier, desertification is expected to further

increase, especially due to bidirectional albedo-vegetation feedback [Zeng and Yoon,

2009].

At the same time, greenhouse gases from fossil fuels, together with land-use

change, have become the major drivers of global climate change [Hansen et al., 2013;

Ciais et al., 2013; Crutzen, 2002]. Atmospheric levels of carbon dioxide, methane,

and nitrous oxide not only exceed pre-industrial concentrations by about 40%, 150%,

and 20%, respectively, they are now substantially above their maximum ranges

of fluctuation over the past 800,000 years3 [Ciais et al., 2013] while total carbon

dioxide emissions continue to grow at a rapid rate [Marland et al., 2012]. Arctic

sea ice, Antarctic and Greenland ice sheets, global glacier mass, permafrost area,

and Northern Hemisphere snow cover are all decreasing substantially, while ocean

surface temperatures, sea level, and ocean acidification are rising [Ciais et al., 2013].

Arctic sea ice is decreasing at an average rate of 3.0 ± 0.3 m2 per metric ton of CO2

emissions, and at the current emissions rate of 35 gigaton per year could completely

3In some estimates, as much as 10 to 15 million years for carbon [Tripati et al., 2009].
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disappear by 2050 during Septembers [Notz and Stroeve, 2016]. The rate of ocean

acidification, in particular, is currently estimated to be at least 100 times faster than

at any other time in the last 20 million years [Rockström et al., 2009].

The Human System dominates the global nitrogen cycle, having produced a

20% rise in nitrous oxide (N2O) in the atmosphere, now the third largest contribu-

tor to global warming, and a tripling of ammonia (NH3) in the atmosphere due to

human activities [Galloway et al., 2004]. In total, human processes produce more

reactive nitrogen than all natural processes combined [Canfield et al., 2010; Rock-

ström et al., 2009; Gruber and Galloway, 2008; Howarth et al., 2012; Vitousek et al.,

1997a; Holtgrieve et al., 2011], altering the global nitrogen cycle so fundamentally

that Canfield et al. [2010] estimate the closest geological comparison occurred about

2.5 billion years ago. Nitrogen and phosphorus fertilizer runoff, along with nitrogen

oxides from fossil-fuel combustion (which is then deposited by rain over land and

water) are causing widespread eutrophication in rivers, lakes, estuaries, and coastal

oceans, and creating massive Dead Zones, with little or no oxygen, which are increas-

ing in number and size in coastal waters and oceans globally, killing large swaths of

sea life and damaging or destroying fisheries. This may be compounded further by

potentially dangerous positive feedbacks between hypoxia, ocean acidification, and

rising sea temperatures [Cai et al., 2011; Carstensen et al., 2014; Rabotyagov et al.,

2014; Melzner et al., 2012; Rockström et al., 2009; Vaquer-Sunyer and Duarte, 2008;

Ekstrom et al., 2015; Canfield et al., 2010; Tilman et al., 2001].

Human activities also dominate many regional hydrological cycles [Molle et al.,

2010; Vörösmarty et al., 2000; Grasby, 2004; Molden, 2007; Meybeck, 2003; Gor-
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don et al., 2008; Wagener et al., 2010; Barnett et al., 2008], with more than half

of all accessible surface freshwater being used by humans, to such an extent that

some major rivers are being so excessively depleted that they sometimes no longer

reach the sea, while some major inland fresh and salty water bodies, such as Lake

Chad, Lake Urmia, Lake Poopó and Aral Sea, are drying up. In many of the princi-

pal aquifers that support the world’s agricultural regions and in most of the major

aquifers in the world’s arid and semi-arid zones, groundwater extraction is occurring

at far greater rates than natural recharge. This includes aquifers in the US High

Plains and Central Valley, the North China Plain, Australia’s Canning Basin, the

Northwest Sahara Aquifer System, the Guarani Aquifer in South America, and the

aquifers beneath much of the Middle East and northwestern India [Famiglietti, 2014;

Konikow, 2013; Castle et al., 2014; Famiglietti and Rodell, 2013; Voss et al., 2013;

Famiglietti et al., 2011; Rodell et al., 2009; Scanlon et al., 2012]. Climate change can

increase the frequency and severity of extreme weather events, such as hot and cold

temperature extremes, heat waves, droughts, heavy precipitation, tropical cyclones,

and storms [Mei and Xie, 2016; Wuebbles et al., 2013; Cai et al., 2015, 2014; Meehl

and Tebaldi, 2004; Easterling et al., 2000]. In addition, more impervious surfaces

together with other land cover changes increase runoff significantly, hence intensify-

ing the adverse impacts of extreme hydrological events [Arnold and Gibbons, 1996;

Di Baldassarre et al., 2009; Scanlon et al., 2006].

Many other socioeconomic trends and their impacts on the Earth System have

accelerated synchronously since the 1950s with little sign of abatement [Steffen et al.,

2015, 2006]. For example, human processes play a major role in virtually every
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major metal cycle, leading to atmospheric and direct contamination of terrestrial

and aquatic environments by trace-metal pollutants. Coal combustion is the major

source of atmospheric Cr, Hg, Mn, Sb, Se, Sn, and Tl emissions, oil combustion

of Ni and V, and gasoline combustion of Pb, while non-ferrous metal production is

the largest source of As, Cd, Cu, In, and Zn [Pacyna and Pacyna, 2001]. Surface

mining has also become a dominant driver of land-use change and water pollution

in certain regions of the world, where mountaintop removal, coal and tar sands ex-

ploitation, and other open pit mining methods strip land surfaces of forests and

topsoils, produce vast quantities of toxic sludge and solid waste, and often fill val-

leys, rivers, and streams with the resulting waste and debris [Palmer et al., 2010].

All of these trends can have an impact on other species, and while the exact causes

are difficult to establish, current animal and plant species extinction rates are es-

timated to be at least 100 times the natural background rate [Regan et al., 2001;

Vitousek et al., 1997b; Mace et al., 2005; Kolbert, 2014]. Furthermore, ecosystems

worldwide are experiencing escalating degradation and fragmentation, altering their

health and provision of important ecosystem functions and services for humans and

other species. Rates of deforestation and agricultural expansion have accelerated

in recent years with extensive new infrastructure providing conduits for settlement,

exploitation and development. Even within the remaining habitat, fragmentation

is causing rapid species loss or alteration, and is producing major impacts on bio-

diversity, regional hydrology, and global climate, in particular in tropical forests,

which contain over half of Earth’s biodiversity and are an important driver in the

climate system. Ongoing worldwide habitat fragmentation, together with anthro-
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pogenic climate change and other human pressures, may severely degrade or destroy

any remaining ecosystems and their wildlife [Laurance et al., 2002; Laurance, 2004;

Hanski et al., 2013; Lewis et al., 2015; Gibson et al., 2013; Powell et al., 2015; Bier-

regaard et al., 1992; Laurance et al., 1997; Ferraz et al., 2003; Laurance et al., 2000].

For example, the Living Planet Index, which measures biodiversity based on 14,152

monitored populations of 3,706 vertebrate species, shows a staggering 58% decline

in populations monitored between 1970 and 2012 [WWF, 2016]. Continuation of

these trends could result in the loss of two thirds of species populations by 2020

(only 4 years from now) compared to 1970 levels (i.e., in just half a century).

Thus, the Human System has fundamentally impacted the Earth System in a

multitude of ways. But as we will show, these impacts on the Earth System also

feed back onto the Human System through various factors and variables: human

health, fertility, well-being, population, consumption, economic growth, develop-

ment, migration, and even producing societal conflict. Rather than incorporate

these feedbacks, current models simply use independent projections of these human

system variables, often in a highly unreliable way.

2.2 Inequality, Consumption, Demographics, and Other Key Human

System Properties: Projections vs. Bidirectional Coupling

These large human impacts on the Earth System must be considered within

the context of the large global economic inequality to realize that current levels

of resource extraction and throughput only support societies at First World living
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standards for about 17% of the world’s current population [United Nations, 2015b].

The majority of the world’s people live at what would be considered desperate

poverty levels in developed countries, the average per capita material and energy

use in developed countries is higher than in developing countries by a factor of 5 to 10

[Krausmann et al., 2008a], and the developed countries are responsible for over three

quarters of cumulative greenhouse gas emissions from 1850 to 2000 [Baumert et al.,

2005]. To place global resource-use inequality into perspective, it would require

global resource-use and waste production at least 2 to 5 times higher than it is now

to bring the average levels of the 82% of the world’s people living in developing

countries up to the average levels of developed countries today [Krausmann et al.,

2008a]. The near-tripling in CO2 emissions per capita in China from just 1990

to 2010 demonstrates the similar potential increases that could take place in the

less developed world if this economic disparity is reduced [Balatsky et al., 2015].

Despite making China a focus of global concern because it became the single largest

energy user and carbon emitter, China’s 2010 per capita energy use (1.85 tonnes of

oil equivalent) was actually still below the world average (1.87 toe) [OECD, 2014;

Lawrence et al., 2013]. The rest of the developing world, with the potential to reach

similar levels of per capita emissions, has more than three times China’s population.

Furthermore, China’s 2010 per capita carbon emissions (6.2 metric tons) were still

only about a third of the US (17.6 metric tons) [Bank, 2014a], indicating much more

growth can still occur [Balatsky et al., 2015].

However, overall inequality in resource consumption and waste generation is

greater than what these comparisons between countries demonstrate since resource
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consumption within countries is skewed towards higher income groups. In some

countries, the Gini coefficient for carbon emissions (e.g. 0.49 in China and 0.58 in

India [Hubacek et al., 2016]) is actually higher than the Gini coefficient for income

(0.42 and 0.34 in 2010, respectively [Bank, 2014b]). Rather than disaggregating

resource consumption within countries, using national per capita GDP calculations

and projections provides a distorted understanding of the distribution and charac-

teristics of resource-use and waste generation. Consumption patterns and associ-

ated per capita shares of resource-use and pollution differ enormously, and using a

consumption-based calculation rather than a national territorial production-based

approach demonstrates even further the extent of global economic and environmen-

tal inequality: About 50% of the world’s people live on less than $3 per day, 75% on

less than $8.50, and 90% on less than $23 (US$ at current Purchasing Power Parity).

The top 10%, with 27.5 tons CO2 per capita, produce almost as much total carbon

emissions (46% of global total) as the bottom 90% combined (54%) with their per

capita carbon emission of only 3.6 tons CO2. [Hubacek et al., 2016; Lawrence et al.,

2013]. (See Fig. 2.2).
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Figure 2.2: Global inequality in carbon emissions.

Furthermore, even if per capita emissions stabilize or decline in the developed

countries, population growth in these wealthy countries will remain a major driver

of future increases in resource-use and emissions. While some consider population

growth a serious issue only in very poor countries, large population growth is still

projected for some of the wealthiest countries today. For example, US, Canada,

Switzerland, Sweden, Norway, Australia, and New Zealand are each projected to

grow by about an additional 40 to 80%. The US, one of the highest resource-use per

capita countries in the world (e.g., with an energy consumption per capita 4 times
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that of China and 16 times that of India in 2010 [Lawrence et al., 2013]), is projected

to grow in population by about 50% from both natural increase and immigration,

generating a very large increase in total resource-use and waste generation for the

US alone.

Population growth in the developed countries is likely to be much higher than

the UN estimates project because these estimates include arbitrary projections of

very low future immigration from less developed countries. For example, while

Africa’s population is projected to rise over 6-fold from 366 million in 1970 to 2.4

billion in 2050, the UN’s projection of annual net emigration from Africa remains

about constant until 2050, at ∼500,000, similar to the average from 1970 to 2000,

thus the projected percentage emigrating declines sharply. (For comparison, be-

tween 1898 and 1914, ∼500,000 people emigrated each year just from Italy alone,

when its population was only 30-35 million.) Then, from 2050 to 2100, the annual

net emigration is arbitrarily projected to smoothly decline to zero, even as Africa’s

projected population continues rising to over 4 billion [United Nations, 2013b]. How-

ever, recent international migration has increased on average with global population

[Abel and Sander, 2014] and net migration to the developed countries has increased

steadily from 1960 to 2010 [United Nations, 2013b] and more explosively recently.

Thus, the UN projection of emigration seems unrealistically low, both relative to

its increasing population and in the context of a rapidly aging, and supposedly

shrinking, population in the developed countries, as well as recent migration pat-

tern alterations following conflicts and associated social disruptions. The United

Nations High Commissioner on Refugees (UNHCR) estimates that by the end of
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2015, a total of 65.3 million people in the world were forcibly displaced, increasing

at a rate of about 34,000 people per day. There are 21.3m refugees worldwide, with

more than half from Afghanistan, Syria, and Somalia [UNHCR, 2016]. Yet this

figure only reflects refugees due to persecution and conflict but does not include

refugees as a result of climate change, famines, and sea level rise. Net migration in

2015 to Germany alone was 1.1m [DESTATIS, 2016].

The UN’s 2012 projections of migration for other regions are similarly arbitrary

and unrealistic. Net annual emigration from Latin America is projected to decline

from nearly 1.2 million in 2000-2010 to about 500,000 by 2050, and then decline

to zero by 2100. Net annual immigration to Europe rose from 41,000 in 1960-

1970 to almost 2 million in 2000-2010, and explosively today due to increasing

social strife, and yet, the UN’s projection for 2010-2050 is a continuous decline

in net immigration down to only 900,000 by 2050, and then a decline to zero by

2100 [United Nations, 2013b]. Even the UN Population Division itself admits, “We

realize that this assumption is very unlikely to be realized but it is quite impossible

to predict the levels of immigration or emigration within each country of the world

for such a far horizon” [United Nations, 2013b].

A model that uses these UN population projections incorporates these arbi-

trary and unrealistic assumptions into their projections, undermining its reliability.

This is one reason why it is essential to project demographic variables endogenously

within the models. One result of such unrealistically low projections of future mi-

gration to the developed countries is to produce lower estimates of future total

emissions of the developed countries, which means the developed countries are not
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required to make as much effort today to lower their own emissions. In order to

limit the total increase in average global temperatures within the context of current

climate change negotiations over carbon budgets, there is a maximum total amount

of carbon that can be emitted globally, thus carbon emissions must be apportioned

across countries and across time. Lower estimates of migration to developed coun-

tries means lower estimates of emissions in the future in developed countries, which

means the developed countries are not required to make as much effort today to

lower their own emissions [Stanton, 2011].

Furthermore, the UN projections of a relatively stable population for the whole

of the developed world depend on dramatic, and highly unlikely, declines projected

in a handful of key countries. Japan, for example, must decline by 34%, Germany

by 31% and Russia by about 30% for the projected stability in total developed

country population to be born out. These dramatic declines appear highly unlikely

given that countries like Japan and Germany have not yet declined by more than

about 1% [United Nations, 2013b], and already their governments have enacted a

series of policies to encourage higher birth rates. In fact, there is evidence for the

efficacy of various family policies in the recent fertility rebounds observed in several

developed countries [Luci-Greulich and Thévenon, 2013]. Similarly, Russia, which

saw its fertility rate plunge after 1989 (reaching a low of 1.19 in 1999 from 2.13 in

1988), enacted pro-natalist policies and liberalized immigration. The fertility rate

has since rebounded, and the population decline reversed in 2009.

In addition, countries often highlighted for their low birth rates, like Italy

and Spain, are not projected to decline by even 1% for decades. Small increases
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in fertility and/or immigration could extend that period for decades longer. Even

without those increases in fertility or immigration, the total population of developed

countries is not projected by the UN to peak until about 2050, and trajectories

beyond that are very difficult to predict given their high dependence on future

policies.

Despite widespread talk of population decline, it is important to emphasize

that the only countries in the world to have experienced any declines beyond about

1% have all been associated with the special circumstances of the collapse of the

former Soviet Bloc (and some microstates, such as a few island nations), and even

in these cases, migration has played a major role in population changes. This is

even true within Germany, where the only Länder (provinces) which have declined

significantly in population are all from the former East Germany.

Since population is stabilizing in some countries, it is often thought that the

human population explosion of the 20th century (growing by a factor of about 4) is

over, and since rates of growth have been declining, family planning and population

growth is no longer a concern. However, the UN projections of a stabilization in

global population [United Nations, 2013b] are so far into the future (after 2100)

that the projections are unreliable [Warren, 2015] and global stabilization itself is

highly uncertain [Heilig et al., 2010]. In fact, alternate projection methodologies

suggest with much more certainty that stabilization is unlikely to occur [Gerland

et al., 2014]. Furthermore, even the UN projections are based on large assumed

decreases in fertility rates in much of the world. If those projected decreases in

fertility rates are off by only 0.5 births per woman (an error of less than 10% in
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many high fertility countries), the date at which the world reaches 11 billion will

occur 5 decades earlier and will raise the global total population by 2100 to nearly

17 billion and still rapidly growing [United Nations, 2013b].

Current projections should be understood in the context of past projections

that have overestimated fertility declines. For example, the 1999 UN projections

significantly overestimated the time it would take to add the next billion people

[United Nations, 1999]. Worse still, the 2015 estimate for the world’s total popula-

tion in 2100 [United Nations, 2015b] has gone up by over 2 billion just since the 2004

estimate [United Nations, 2004]. Even the 2010 UN projections had to be revised

upwards in 2012 because previous estimates of total fertility rates in a number of

countries were too low, and in some of the poorest countries the level of fertility

appears to have actually risen in recent years [United Nations, 2013b; Lesthaeghe,

2014; NAS, 2016], and the 2012 estimates have again been revised upwards in 2015

[United Nations, 2015b]. To put all this in perspective, the 2004 estimates projected

a peak in world population of 9.22 billion, but in the 2015 projection, 9.22 billion

will be reached as early as 2041, and will still be followed by at least another 6

decades of growth.

Past mistaken projections reflect the use of highly questionable assumptions

about fertility rate declines in developing countries [Heilig et al., 2010] that tend to

reproduce a “natural” decline following the trajectory of more developed countries.

Yet the empirical record shows that reductions (or increases) in fertility rates re-

flect a complex range of sociodemographic, economic, and policy conditions [Potts,

1997; Campbell et al., 2006; Lutz et al., 2014; Luci-Greulich and Thévenon, 2013;
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Campbell et al., 2013; Bongaarts, 2016; Potts, 2014]. If those conditions are not

present, the projected declines will not necessarily occur, as can be seen in countries

like Niger (7.4 births per woman in 1970, 7.6 in 2012) [PRB, 2014; Potts et al.,

2011]. Needless to say, the use of demographic projections with overestimated fer-

tility declines again produces underestimated projections of future resource-use and

emissions.

Even with these assumptions of large fertility declines in the projections, each

additional billion humans added will not be spread evenly across the planet. The

vast majority of the growth will be concentrated in countries that today continue

to have very high rates of fertility (about 25 countries above 5, 45 above 4, and 65

above 3). These countries are also the lowest-income countries in the world, with

the lowest resource-use per capita, which means that the majority of population

growth is taking place precisely in regions with the highest potential for growth in

resource-use per capita over the coming decades [Lawrence et al., 2013], and the

growth of the total impact is the product of the two. For example, the lowest-

income continent, Africa, which had 230 million people in 1950 and over a billion

in 2010 (a four-fold increase in one lifetime) is currently on track to add another 3

billion in the next 85 years (another four-fold increase in one lifetime). Nigeria, by

itself, is projected to reach almost 1 billion people. These high projections already

assume very large decreases in fertility rates from their current average levels of

approximately 5 children/woman in Sub-Saharan Africa. (Without this projected

decrease in fertility rates, Africa alone would add 16 billion rather than 3 billion

more people by 2100 [United Nations, 2013b].) The UN medium range projections
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show that the developing world (not including China) will grow by an additional 2.4

billion people in just the next three and a half decades, and a total of an additional

4 billion by 2100. Due to these uneven population growth rates, about 90% of the

world’s population will be living in today’s less developed countries, with most of

the growth in the poorest of these countries [United Nations, 2013b].

Poorer populations are expected to be more heavily impacted by climate

change and other mounting environmental challenges despite having contributed

much less to their causes [Ruth and Ibarrarán, 2009; IPCC, 2001, 2007; Group,

2014]. International and internal migration is increasingly being seen as an impor-

tant component of adaptation and resilience to climate change and a response to

vulnerabilities from other environmental risks. Given the aging social structures

in some parts of the world, policies that support increased migration could be im-

portant not only for environmental adaptation, but also for the realization of other

socioeconomic and demographic goals. Thus, migration will help both the sending

and receiving countries. Of course, given the scale of projected population growth,

migration alone is unlikely to be able to balance the regional disparities.

Current projections of future resource-use and greenhouse gas emissions used

in the Intergovernmental Panel on Climate Change (IPCC) reports and Integrated

Assessment Models (IAMs, discussed further in Section 2.3) also depend heavily

on a continuation of high levels of global economic inequality and poverty far into

the future. Projections that global resource-use and emissions will not rise very

much due to rapid population growth in the poorest countries are based on the

assumption that those countries will remain desperately poor by the standards of
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developed countries. (This assumption again provides the added benefit for today’s

wealthy countries that the wealthy countries have to make less effort today to reduce

their own emissions. Given total global carbon emissions targets, projections of low

economic growth in poor countries translate into less stringent carbon reduction

requirements in wealthy countries [Raupach et al., 2014; Stanton, 2011].) However,

China’s recent rapid rise in emissions per capita shows this is a potential future path

for the rest of the developing world. To argue otherwise requires assuming that

today’s developing countries will remain in desperate poverty, and/or will adopt

technologies that the developed countries themselves have yet to adopt. Real world

CO2 emissions have tracked the high end of earlier emissions scenarios [Friedlingstein

et al., 2014], and until the currently wealthy countries can produce a large decline

in their own emissions per capita, it is dubious to project that emissions per capita

in the less developed countries will not continue on a trajectory up to the levels of

currently wealthy countries.

The scientific community has urged limiting the global mean surface temper-

ature increase relative to pre-industrial values to 2°C. The economic challenges of

staying on a 2°C pathway are greater the longer emission reductions are postponed

[Iyer et al., 2015]. Given the role that developed countries have played historically

in the consumption of fossil fuels, and their much higher per capita carbon emissions

today, it is imperative that the developed countries lead the way and establish a

successful track record in achieving such reductions. Thus, it is positive that at

the United Nations Framework Convention on Climate Change (UNFCCC) Con-

ference of the Parties (COP21) in Paris in December 2015, governments crafted an
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international climate agreement indicating their commitments to emissions reduc-

tion for the near term (to 2025 or 2030). Most importantly, the US committed to

reduce economy-wide greenhouse gas (GHG) emissions below 2005 levels by 26–28%

in 2025, and the EU has committed to reduce 2030 GHG emissions relative to 1990

by 40% (excluding emissions from land-use changes). Assuming that the goals of

the Intended Nationally Determined Contributions (INDCs) are fulfilled, the results

in Fawcett et al. [2015] and Iyer et al. [2015] show that a successful Paris agreement

on near-term emissions reductions will be valuable in reducing the challenges of the

dramatic long-term transformations required in the energy system to limit global

warming to 2°C. The Paris framework will succeed even further if it enables devel-

opment of subsequent pathways leading to the required additional global emissions

reductions.

As we will show, all of these points raise the critical issue of the accuracy and

reliability of the assumptions underlying the projections of key Human System vari-

ables, such as inequality, population, fertility, health, per capita GDP, and emissions

per capita. These are the central elements in many of the standard models used to

explore the future of humanity and the environment, such as various Integrated As-

sessment Models used to guide policy, and models used by the IPCC whose output

guides international negotiations on energy use and emissions. Common to these

models is their deficiency in capturing dynamic bidirectional feedbacks between key

variables of the Human System and the Earth System; instead, they simply use

independent projections of Human System variables in Earth System models.
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2.3 Human System threatens to overwhelm the Carrying Capacity

and Ecosystem Services of Earth System.

Economic theories that endorse limitless growth are based on a model of the

economy that, in essence, does not account for the resource inputs and waste ab-

sorption capacities of the environment, and the limitations of technological progress

and resource substitutability. In other words, these theories essentially model the

economy as a perpetual motion machine [Daly, 1996]. But in the real world, eco-

nomic activity both consumes physical material and energy inputs and produces

physical waste outputs. The Earth System performs the functions (“ecosystem ser-

vices”) of providing both the Sources of these material and energy inputs to the

human economy, as well as the Sinks which absorb and process the pollution and

waste outputs of the human economy. See Figs. 2.3 and 2.4 [Daily, 1997; Kareiva

et al., 2011; Assessment, 2005; Daly, 1996; Daily et al., 2009]. Since the scale of

the Human System has grown dramatically relative to the Earth System’s capacity

to provide these ecosystem services, the problems of depletion and pollution have

grown dramatically.

39



 
 

Factors:  
Population, Affluence, Technology, Policies 
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   Lakes, Land  
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 Energy 
 Coal, Oil, Gas,  
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Materials 
Water, Biomass,  
 Soils, Minerals,  
   Chemicals, 
         etc. 

  

 Outputs 
  Emissions 
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      Wastes 
         Garbage, Toxics,  
         Wastewater,  
         Nuclear, etc. 

  Land-Use Δ 
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Human System-Earth System Relationship 

The Human System is within the Earth System:  
- ES provides the sources of the inputs to HS. 
- HS outputs must be absorbed by ES sinks. 

However, current models are not bidirectionally coupled. 

Figure 2.3: Relationship of the Human System within the Earth System, not sepa-

rate from it (after Daly and Farley [2003]). The Earth System provides the sources

of the inputs to, and the sinks that absorb the outputs of, the Human System.
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Capacity of ES sources was large relative to HS inputs. 

HS outputs were small relative to absorption of ES sinks.

Now, HS inputs and outputs are so large relative to the ES, 

they threaten to deplete its sources and overwhelm its sinks.

Figure 2.4: Growth of the Human System has changed its relationship with the

Earth System and thus both must be modeled interactively to account for their

feedback on each other.

Herman Daly has pointed out that the magnitude and growth rates of resource

input and waste output are not sustainable: “We are drawing down the stock of

natural capital as if it was infinite” [Daly and Farley, 2003]. For example, the rapid

consumption of fossil fuels is releasing vast stocks of carbon into the atmospheric

and ocean sinks at a rate about a million times faster than Nature accumulated

these carbon stocks. As another example, millions of metric tons of plastic enter

the oceans every year and accumulate throughout the world’s oceans, especially in

all subtropical gyres [Jambeck et al., 2015; Cózar et al., 2014]. Furthermore, while

certain sectors of global society have benefited from the growth of the past 200 years,
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the environmental consequences are global in their impact, and the time scale of

degradation of the resulting waste products (e.g., emissions, plastics, nuclear waste,

etc.) is generally much longer than they took to produce or consume. Contrary to

some claims within the field of Economics, physical laws do place real constraints

on the way in which materials and energy drawn from the Earth System can be

used and discharged by the Human System [Georgescu-Roegen, 1971; Ruth, 1993,

2006; Cleveland and Ruth, 1997]. To be sustainable, human consumption and waste

generation must remain at or below what can be renewed and processed by the Earth

System.

It is often suggested that technological change will automatically solve hu-

manity’s environmental sustainability problems [Solow, 1974; Nordhaus et al., 1973;

Simon, 1981]. However, there are widespread misunderstandings about the effects

of technological change on resource-use. There are several types of technological

changes, and these have differing effects on resource-use. While some changes, such

as in efficiency technologies, can increase resource-use efficiency, other changes,

such as in extraction technologies and consumption technologies, raise the scale of

resource extraction and per capita resource consumption. In addition, absent policy

effects, even the increased technological efficiencies in resource-use are often com-

pensated for by increases in consumption associated with the “Rebound Effect”

[Polimeni et al., 2008; Greening et al., 2000; Ruth, 2009; Smil, 2008]. Furthermore,

advances in production technologies that appear to be increases in productivity are

instead very often due to greater energy and material inputs, accompanied by greater

waste outputs. While the magnitude and even the sign of the effect of technological
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change on resource-use varies greatly, the empirical record shows that the net effect

has been a continued increase in global per capita resource-use, waste generation,

and emissions despite tremendous technological advances.

While per capita emissions of developed countries appear to be stabilizing

when measured within the country of production, this is largely due to the shift

in the location of energy-intensive manufacturing to developing countries, and es-

timates of developed countries’ per capita emissions measured based on their con-

sumption show that they continued to grow [Peters et al., 2011; Davis and Caldeira,

2010; Weber et al., 2008; Yu et al., 2013; Feng et al., 2011a; Peters, 2008; Peters

et al., 2012; Le Quéré et al., 2014; Sathaye et al., 2011]. Even if today’s industri-

alized societies can stabilize their resource-use (at probably already unsustainable

levels), large parts of the world are in the midst of this industrial transition and the

associated technological regime shift from agrarian to industrial society that greatly

increases per capita resource-use and waste production [Krausmann et al., 2008b;

Schaffartzik et al., 2014]. The effect of technological change can be observed in the

transition from agrarian to industrial society. This industrialization raised agricul-

tural yields largely due to increasing inputs, thereby allowing rapid human system

expansion, but it also generated a societal regime shift that greatly increased per

capita resource-use and waste generation [Krausmann et al., 2008b]. For example,

from just 1971 to 2010, total primary energy use per capita in Korea increased by a

factor of 10, from 0.52 to 5.16 tonnes of oil equivalent (toe) [OECD, 2014]. Therefore,

technological advancement can add to the problems of global sustainability, rather

than solve them. The question is not only whether technology can help solve envi-
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ronmental sustainability challenges, but also what policies and measures are required

to develop the right technologies and adopt them in time. Technological advances

could, and should, be part of the solutions for environmental and sustainability

problems, for example, by transitioning to renewables, increasing use-efficiency, and

fostering behavioral changes to cut resource-use and emissions, particularly in the

high resource-using countries. But these technological solutions do not just happen

by themselves; they require policies based on scientific knowledge and evidence to

guide and support their development and adoption.

An important concept for the scientific study of sustainability is Carrying

Capacity, the total consumption — determined by population, inequality, and per

capita consumption — that the resources of a given environment can maintain over

the long term [Catton, 1980; Daly and Farley, 2003]. One can generalize the defi-

nition of Carrying Capacity (CC) to any subsystem with different types of natural

resources coupled with sociodemographic variables. For example, the subsystems

for water, energy, and agriculture — each coupled bidirectionally to human sociode-

mographic variables and to each other — result in Water CC, Energy CC, and

Agriculture CC. Water CC can be defined as the level of population that can be

sustained at a particular per capita consumption and a given level of water sources

and supply in the area under study. In general, this level depends on both human

and natural factors. For example, Water CC is determined by the natural flow

rate of water into and out of the area, precipitation and evaporation, withdrawal

rate from water sources, dispensing technology, recycling capacity, etc. Moreover,

Water, Energy, or Agriculture CC in a certain area can be imported from other
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regions to temporarily support a larger population and consumption [Feng et al.,

2011a; Würtenberger et al., 2006; Rees, 1996]. Recent literature has emphasized the

integrated nature of agricultural, energy, and water resources, and modeling the in-

teractions of these subsystems is essential for studying the food-energy-water nexus

[Bazilian et al., 2011; Waughray, 2011; Hussey and Pittock, 2012; Dale et al., 2011;

Khan and Hanjra, 2009]. In order to understand and model either Human or Earth

Systems, we must model all these natural and human subsystems interactively and

bidirectionally coupled.

Consumption of natural resources by a population beyond the rate that nature

can replenish overshoots the Carrying Capacity of a given system and runs the risk of

collapse. Collapses in population are common in natural systems and have occurred

many times in human societies over the last 10,000 years. A recent study focusing on

the many collapses that took place in Neolithic Europe concluded that endogenous

causes, i.e., overrunning Carrying Capacity and the associated social stresses, have

been the root cause of these collapses [Shennan et al., 2013; Downey et al., 2016].

To study key mechanisms behind such collapses, Motesharrei et al. [2014]

developed a two-way coupled Human and Nature Dynamic model, HANDY, by

adding accumulated wealth and economic inequality to a predator-prey model of

human-nature interaction. The model shows that both economic inequality and

resource over-depletion can lead to collapse, in agreement with the historical record.

Experiments presented in that paper for different kinds of societies show that as

long as total consumption does not overshoot the Carrying Capacity by too much,

it is possible to converge to a sustainable level. However, if the overshoot is too
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large, a collapse becomes difficult to avoid (see Fig. 2.5).

Collapses could also happen due to rapid decline of Carrying Capacity (CC) as

a result of environmental degradation. Droughts and climate change can decrease

natural capacities and regeneration rates, which in turn lead to a decline of CC.

(Motesharrei et al. [2014] describe how to model these factors for a generic system,

termed Nature Capacity and Regeneration Rate, and how they determine CC.)

The resulting gap between total consumption and CC can lead to conflicts and

the ensuing collapses. For example, see recent literature that shows the impacts of

climate change on conflicts [Hsiang et al., 2011; Kelley et al., 2015; Hsiang et al.,

2013], a potential precursor to collapses.

Modern society has been able to grow far beyond Earth’s carrying capacity

by using nonrenewable resources such as fossil fuels and fossil water. However,

results from the model show that an unsustainable scenario can be made sustainable

by reducing per capita depletion rates, reducing inequality to decrease excessive

consumption by the wealthiest, and reducing birth rates to stabilize the population

[Motesharrei et al., 2014]. The key question is whether these changes can be made

in time.
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Figure 2.5: Example results from Motesharrei et al. [2014].

Current models of climate change include sea level rise, land degradation,

regional changes in temperature and precipitation patterns, and the consequences for

agriculture, but without modeling the feedbacks that these significant impacts would

have on the Human System, such as geographic and economic displacement, forced

migration, destruction of infrastructure, increased economic inequality, nutritional

sustenance, fertility, mortality, conflicts, and spread of diseases or other human

health consequences [Ruth and Ibarrarán, 2009; Guzmán et al., 2009].

For example, nearly all features of the hydrologic system are now impacted by

the human system [Wagener et al., 2010] with important feedbacks onto humans,

e.g., snowpack decline due to climate change [Barnett et al., 2008] reduces water

availability; agricultural processes further affect water availability and water quality

[Gordon et al., 2008]; land use changes can reduce groundwater recharge [Scanlon

et al., 2006], and thus many populations face both reduced water availability and
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increased flood frequency and magnitude [Di Baldassarre et al., 2009]. Moreover,

increases in the frequency and magnitude of extreme weather events can impact

agriculture and ecosystems [Rosenzweig et al., 2001; Easterling et al., 2000].

Furthermore, chemicals used in hydraulic fracturing, which involves cracking

shale rock deep underground to extract oil and gas, can contaminate groundwater

resources [Vaidyanathan, 2016; Jackson et al., 2015; DiGiulio and Jackson, 2016].

In addition, the injection of wastewater from oil and gas operations for disposal into

deep underground wells is also altering the stresses of geologic faults, unleashing

earthquakes [Shirzaei et al., 2016]. For example, “Until 2008 not a single earthquake

had ever been recorded by the U.S. Geological Survey from the Dallas-Fort Worth

(DFW) area. . . Since then, close to 200 have shaken the cities and their immediate

suburbs. Statewide, Texas is experiencing a sixfold increase in earthquakes over

historical levels. Oklahoma has seen a 160-fold spike in quakes. . . In 2014 the state’s

earthquake rate surpassed California’s.” [Kuchment, 2016].

Changes in the structure and functions of the ecosystem can also pose impor-

tant threats to human health in many different ways [Myers et al., 2013]. Climate,

climatic events (e.g., El Niño), and environmental variables (e.g., water temperature

and salinity) can play a fundamental role in the spread of diseases [Colwell, 1996;

Lipp et al., 2002; Pascual et al., 2000; Lobitz et al., 2000]. A recent report by the

United States Global Change Research Program illustrates how climate change could

affect human health through various processes and variables such as temperature-

related death and illness, air quality, extreme events, vector borne diseases, water-

related illness, food safety and nutrition, and mental health and wellbeing [Crimmins
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et al., 2016]. This USGCRP report states that “Current and future climate impacts

expose more people in more places to public health threats. . . Almost all of these

threats are expected to worsen with continued climate change.”

Environmental catastrophes can result in the decline of national incomes for

a few decades [Hsiang and Jina, 2014], and higher temperatures can severely affect

human health [Romeo Upperman et al., 2015] and reduce economic productivity

[Hsiang, 2010]. This effect is in addition to the well-established reduction in agricul-

tural yields due to higher temperatures [Schlenker and Roberts, 2009; Peng et al.,

2004; Lobell et al., 2011; Lobell and Field, 2007; Schlenker and Lobell, 2010; Moore

and Lobell, 2015]. Climate could also be a strong driver of civil conflicts [Hsiang

et al., 2011, 2013; Burke et al., 2009; Kelley et al., 2015; Ban, 2007]. Environmental

change is also a known trigger of human migration [Myers, 2002; Feng et al., 2010b;

Barbieri et al., 2010]. These, in turn, will significantly increase the unrealistically

small future migration projections described in Section 2.2. In fact, climate change

alone could affect migration considerably through the consequences of warming and

drying, such as reduced agricultural potential, increased desertification and water

scarcity, and other weakened ecosystem services, as well as through sea level rise

damaging and permanently inundating highly productive and densely populated

coastal lowlands and cities [Houghton et al., 1992; IPCC, 2001, 2007; Stern, 2007].

Furthermore, the impacted economic activities and migration could then feed back

on human health [Ruiz et al., 2000]. Bidirectional coupling is required to include

the effects of all of these feedbacks.
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2.4 Bidirectional Coupling of Human System and Earth System Mod-

els is Needed. Proposed Methodology: Dynamic Modeling, Input–

Output Models, Data Assimilation

Coupled systems can reveal new and complex patterns and processes not evi-

dent when studied separately. Unlike systems with only unidirectional couplings (or

systems that just input data from extrapolated or assumed projections), systems

with bidirectional feedbacks often produce nonlinear dynamics that can result in

counterintuitive or unexpected outcomes [Liu et al., 2007]. Nonlinear systems often

feature important dynamics which would be missed if bidirectional interactions be-

tween subsystems are not modeled. These models also may call for very different

measures and policy interventions for sustainable development than those suggested

by models based on exogenous forecasts of key variables.

The need for bidirectional coupling can be seen from the historical evolution

of Earth System modeling. In the 1960s, atmospheric scientists developed the first

mathematical models to understand the dynamics of the Earth’s climate, starting

with atmospheric models coupled to simple surface models (e.g., Manabe et al.

[1965]). Over the following decades, new components such as ocean, land, sea-ice,

clouds, vegetation, carbon, and other chemical constituents were added to make

Earth System Models (ESMs) more physically complete. These couplings needed

to be bidirectional in order to include feedbacks [Manabe et al., 1965]. The im-

portance of accounting for bidirectional feedbacks is shown by the phenomenon of
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El Niño-Southern Oscillation (ENSO), which results from the coupled dynamics of

the ocean-atmosphere subsystems. Until the 1980s, atmospheric and ocean mod-

els were unidirectionally coupled (in a simple, “one-way” mode): the atmospheric

models were affected by sea surface temperatures (SST) but could not change them,

and ocean models were driven by atmospheric wind stress and surface heat fluxes,

but could not change them. Such unidirectional coupling could not represent the

positive, negative, and delayed feedbacks occurring in nature that produce ENSO

episodes. Zebiak and Cane [1987] developed the first prototype of a bidirectional

coupled ocean atmosphere model. This model, for the first time, allowed prediction

of El Niño several seasons in advance [Cane et al., 1986]. Similarly, improving the

modeling of droughts requires bidirectional coupling of the atmosphere and land

submodels (see, for example, Koster et al. [2009]). Most current climate models

have since switched to fully coupled atmosphere-ocean-land-ice submodels. This

example shows that we can miss very important possible outcomes if the model fails

to consider bidirectional feedbacks between different coupled components of systems

that the model represent. Since the Human System has become dominant, it is es-

sential to couple the Earth and Human Systems models bidirectionally in order to

simulate their positive and negative feedbacks, better reflecting interactions in the

real world.

It is important to note that such interactions take place not just at a global

scale but also at the ecosystem and local habitat scales. Ecosystems at the re-

gional and local scales provide critical habitat for wildlife species, thus preserving

biodiversity, and are also an essential source of food, fiber, and fuel for humans,
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and forage for livestock. Ecosystem health, composition, function, and services are

strongly affected by both human activities and environmental changes. Humans

have fundamentally altered land cover through diverse use of terrestrial ecosystems

at the local scale, which then impact systems at the global scale. Additional changes

have taken place as a result of climate change and variability [Melillo et al., 2014].

Further human pressures are projected to have additional repercussions for species

survival, biodiversity, and the sustainability of ecosystems, and in turn feedback on

humans’ food security and economic development [Rosenzweig et al., 2001]. Thus,

a key challenge to manage change and improve the resilience of terrestrial ecosys-

tems is to understand the role that different human and environmental forces have

on them, so that strategies that target the actual drivers and feedbacks of coupled

components of change can be developed and implemented. Understanding how ter-

restrial ecosystems function, how they change, and what limits their performance is

critically important to determine their carrying capacity for accommodating human

needs as well as serving as a viable habitat for other species, especially in light of

anticipated increase in global population and resource-consumption for the rest of

this century and beyond. Biodiversity and ecosystem services in forests, farmlands,

grazing lands, and urban landscapes are dominated by complex interactions between

ecological processes and human activities. In order to understand such complexity

at different scales and the underlying factors affecting them, an integrated Human-

Earth systems science approach that couples both societal and ecological systems

is needed. Humans and their activities are as important to the changing compo-

sition and function of the Earth system as the environmental conditions and their

52



natural variability. Thus coupled models are needed to meet the challenges of over-

coming mismatches between the social and ecological systems and to establish new

pathways toward “development without destruction” [Laurance, 2004; Hanski et al.,

2013; Lewis et al., 2015; Gibson et al., 2013; Powell et al., 2015; Bierregaard et al.,

1992; Laurance et al., 1997; Ferraz et al., 2003; Laurance et al., 2000].

This coupling process has taken place to a certain extent, but the coupling does

not include bidirectional feedbacks between the Human and Earth Systems. Energy

and Agriculture sectors have been added to Earth System Models (ESMs) creating

comprehensive “Integrated Assessment Models” (IAMs). There are now several

important, advanced IAMs, including MIT’s IGSM, US DOE’s GCAM, IIASA’s

MESSAGE, the Netherlands EAA’s IMAGE, etc.4 [Prinn et al., 1999; Sokolov

et al., 2005; Edmonds et al., 1994; Calvin et al., 2013; Nakicenovic and Riahi, 2003;

Bouwman et al., 2006]. However, in the IAMs, many of which are used in producing

the IPCC reports, population levels are obtained from a demographic projection like

the United Nations’ population projections discussed in Sections 2.1 and 2.2, which

do not include, for example, impacts that climate change may have on the Human

System [Nobre et al., 2010].

In today’s IAMs, tables of projected demographic and socioeconomic vari-

4MIT: Massachusetts Institute of Technology; IGSM: Integrated Global System Modeling frame-

work; US DOE: United States Department of Energy; GCAM: Global Change Assessment Model;

IIASA: International Institute for Applied Systems Analysis; MESSAGE: Model for Energy Sup-

ply Systems And their General Environmental impact; EAA: Environmental Assessment Agency;

IMAGE: Integrated Modelling of Global Environmental Change.
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ables determine changes in resource-use and pollution/emission levels, which in turn

can determine Earth System variables such as atmospheric temperature. However,

changes in resource levels, pollution, temperature, precipitation, etc. estimated by

the IAMs cannot, in turn, impact levels of these Human System variables and prop-

erties because they are exogenous to the IAMs. This is true even for the scenarios

of the IPCC, which are constructed without full dynamic coupling between the

human and natural systems. Although there are certain IAMs that include some

couplings within human subsystems, critical feedbacks from natural systems onto

demographic, economic, and human health variables are missing, so that the cou-

pling between human subsystems and the Earth System in most current modeling is

unidirectional, whereas in reality, this coupling is bidirectional [Nobre et al., 2010].

Without including such coupled factors, the independent projections of popu-

lation levels, economic growth, and carbon emissions could be based on inconsistent

or contradictory assumptions, and hence could be inherently incorrect. For exam-

ple, the United Nations’ population projections assume fertility declines in today’s

lowest-income countries that follow trajectories established by higher income coun-

tries. However, the economic growth projections and, therefore, per capita carbon

emission projections, assume today’s poorest countries will not grow close to any-

where near the level of today’s wealthy countries. The 45 lowest income countries are

projected to grow to about $6,500 GDP per capita by 2100 [Stanton, 2011] but the

average GDP per capita of today’s high-income countries is about $45,000. Rather

than relying on projections, the demographic component of any coupled model must

include the factors that contributed to the demographic transition in other coun-
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tries, such as education, family planning, health care, and other government policies

and programs [Cohen, 2008; Potts and Marsh, 2010; Lutz et al., 2014; Sulston et al.,

2012].

Projections of key variables in a realistic model should not be based on mech-

anistic time-extrapolations of those variables but rather on the intrinsic internal

dynamics of the system. Specifically, key parameters of the Human System, such

as fertility, health, migration, economic inequality, unemployment, GDP per capita,

resource-use per capita, and emissions per capita, must depend on the dynamic vari-

ables of the coupled Human–Earth system. Not including these feedbacks would be

like trying to make El Niño predictions using dynamic atmospheric models but with

sea surface temperatures as an external input based on future projections indepen-

dently produced (e.g., by the UN) without feedbacks.

Furthermore, the use of GDP as a key measure and determinant in these future

projections is itself highly problematic, because it is a very weak measure of human

well-being, economic growth, or societal prosperity [Costanza et al., 2014]. GDP

neither accounts for the value of natural capital nor human capital, ignores income

and wealth inequality, neglects both positive and negative externalities, and only

captures social costs and environmental impacts to the extent that prices incorporate

them. Any economic activity, whether deleterious or not, adds to GDP as long as

it has a price. For example, labor and resources spent to repair or replace loss due

to conflicts or environmental damages are counted as if they add to — rather than

subtract from — total output. Alternative measures, such as the Genuine Progress

Indicator (GPI), the Sustainable Society Indicator (SSI), the Human Development
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Index (HDI), and the Better Life Index (BLI) of the Organization for Economic

Co-operation and Development, have been developed [Talberth et al., 2007; Van de

Kerk and Manuel, 2008; Anand and Sen, 1994]. These measures show that, especially

since the 1970s, the large increases in GDP in the developed countries have not been

matched by increases in human well-being. Integrated and coupled Human–Earth

system models will allow for the development of much more accurate and realistic

measures of the actual productivity of economic activity and its costs and benefits

for human well-being. Such measures will allow for the valuation of both natural

and human capital and for defining and developing sustainability metrics that are

inclusive of the wealth of natural and human capital. They will also bring together

the current disparate debates on environment/climate, economics, demographics,

policies, and measures to put the Human-Earth System on a more sustainable path

for current and future generations.
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Figure 2.6: Schematic of a Human-Earth System with Drivers and Feedbacks.

To address the above issues, the development of coupled global Human-Earth

System frameworks that capture and represent the interactive dynamics of the key

subsystems of the coupled human-nature system with two-way feedbacks are ur-

gently needed. The global Human-Earth System framework we propose, and repre-

sent schematically in Fig. 2.6, combines not only data collection, analysis techniques,

and Dynamic Modeling, but also Data Assimilation, to bidirectionally couple an

Earth System Model containing subsystems for Global Atmosphere, Land (includ-

ing both Land-Vegetation and Land-Use models) and Ocean and Ice, to a Human
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System Model with subsystems for Population Demographics, Water, Energy, Agri-

culture, Industry, Construction, and Transportation. The Demographics subsystem

includes health and public policy factors that influence key variables such as fertility,

disease, mortality, and immigration rates, while the Water, Energy, Agriculture, In-

dustry, Construction, and Transportation subsystems include cross-national input-

output modeling to provide the consumption-based resource-input and waste-output

“footprint” accounting analyses missing from the territorial-based methods.

Input-output (IO) analysis can account for the flows of resource-inputs, inter-

mediate and finished goods and services, and waste-outputs, along the production

chain [Miller and Blair, 2009; Murray and Wood, 2010]. By accounting for the

impacts of the full upstream supply chain, IO analysis has been used in life-cycle

analysis [Hendrickson et al., 1998] and for linking local consumption to global im-

pacts along global supply chains [Hubacek et al., 2014; Davis and Caldeira, 2010;

Lenzen et al., 2012; Peters et al., 2011]. IO models can be extended with environ-

mental parameters to assess different environmental impacts from production and

consumption activities, including water consumption [Feng et al., 2011a,b; Guan

and Hubacek, 2007], water pollution [Guan and Hubacek, 2007, 2008], carbon diox-

ide emissions [Feng et al., 2010a; Hertwich and Peters, 2009; Guan et al., 2009],

land use and land cover change [Weinzettel et al., 2013; Hubacek and Sun, 2001; Yu

et al., 2013], and biodiversity [Lenzen et al., 2012]). Such models have been devel-

oped and applied at various spatial and temporal scales. Since emissions embodied

in trade have been growing rapidly, resulting in an increasing divergence between

territorial-based and consumption-based emissions, territorial measures alone can-
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not provide a comprehensive and accurate analysis of the factors driving emissions

nor the effectiveness of reduction efforts [Barrett et al., 2013]. IO models can provide

these consumption-based calculations and have been employed to identify and quan-

tify key drivers for emissions and energy consumption (such as population growth,

changes of consumption patterns, and technical progress [Feng et al., 2012; Guan

et al., 2008, 2009]) as well as the environmental impacts of social factors (such as

urbanization and migration) reflecting consumption patterns of different categories

of households with high spatial detail [Baiocchi et al., 2010; Hubacek et al., 2014].

IO analysis can also be used for simulating potential future states of the economy

and the environment (e.g., Duchin [1994]), through dynamically updating techno-

logical change and final demand, or employing recursive dynamics to explore explicit

scenarios of change.

The need for global Earth System frameworks coupled to population drivers

has been recommended since the 1980s, in the pioneering report by the Earth System

Sciences Committee of the NASA Advisory Council, chaired by Francis P. Brether-

ton [NASA, 1988]. While Earth System components and needed feedbacks were

described and interaction of the Earth System and the Human System was shown

in the report, multiple subsystems of the Human System and feedbacks between

those subsystems and with the Earth System were not fully included. The coupled

framework proposed here includes the major subsystems and components of the

Human System as well as their major feedbacks and risks, and explicitly recognizes

policies as a major driver of the full system.

Earth System models have long been based on integrating their dynamical
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equations numerically (e.g., numerical weather prediction models used by Weather

Services). For Human Systems, Dynamic Modeling is also a powerful tool that

scientists have successfully applied to many systems across a range of economic,

social, and behavioral modeling [Hannon and Ruth, 2009; Ruth and Davidsdottir,

2009; Ruth and Hannon, 2012; Hannon and Ruth, 2014; Ruth, 1993]. The ability of

dynamic models to capture various interactions of complex systems, their potential

to adapt and evolve as the real system changes and/or the level of the modelers’

understanding of the real system improves, their ability to model coupled processes

of different temporal and spatial resolutions and scales, and their flexibility to in-

corporate and/or couple to models based on other approaches (such as agent-based

modeling, stochastic modeling, etc.) render them as a versatile and efficient tool

to model Coupled Earth–Human Systems [Costanza and Ruth, 1998; Hannon and

Ruth, 1994; Meadows, 2008; Sterman et al., 2012]. Since Earth System models are

already dynamic, a Dynamic Modeling platform would be a natural choice to model

coupled Earth–Human Systems.

Fig. 2.7 is a schematic showing an example of a model to couple energy and

water resources at the local and regional scales to human population. Many of the

variables in such a model are affected by processes at the global scale, while decisions

are often made at a local scale. Choosing variables from the subsystems depends on

the specific goals of the model. Reconciling various scales spatially or temporally

can be done through downscaling, aggregating, and averaging for variables defined

at smaller scales. Moreover, the human system strongly influences consumption

even at these smaller local scales. For example, Srebric et al. [2015] show that not
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only population size but also behavior of people at the community scale strongly

affects local energy consumption. This example shows that coupled human system

models are needed at various scales to project consumption patterns, especially for

energy and water. 5
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Figure 2.7: An example of a model schematic integrating water and energy resources

with human population and health at the local and regional scales, coupled to an

Earth System Model at the global scale.

A major challenge in implementing such a framework of a coupled Earth–

5We thank the anonymous Reviewer No. 2 for emphasizing the importance of coupling across

various scales, and for many other helpful comments.
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Human System is that it requires tuning many parameters to approximately repro-

duce its past observed evolution. This task has become easier over the last decade

with the development of advanced methods of Data Assimilation commonly used in

atmospheric sciences to optimally combine a short forecast with the latest meteoro-

logical observations in order to create accurate initial conditions for weather forecasts

generated several times a day by the National Weather Services (e.g., [Kalnay, 2003;

Anderson, 2001; Hunt et al., 2007; Lorenc, 2003; Whitaker and Hamill, 2002]). The

most advanced methods (known as 4D-Var and Ensemble Kalman Filter) are able to

go over many years of observations using a dynamic forecasting model and estimate

the optimal value of model parameters for which there are no observations (e.g.,

Annan and Hargreaves [2004]; Liu et al. [2014a,b]; Kang et al. [2011, 2012]; Annan

et al. [2005]; Evensen [2009]; Ruiz et al. [2013]).

Uncertainty is another important challenge in producing future behavior and

scenarios with models. This problem has been addressed successfully in meteorology

by using, instead of a single forecast, an ensemble of typically 20-200 model forecasts

created by adding perturbations in their initial conditions and in the parameters used

in the models. These perturbations are selected to be compatible with estimated un-

certainties of the parameters and initial conditions [Toth and Kalnay, 1993; Tracton

and Kalnay, 1993; Buizza et al., 1993, 1999]. The introduction of ensemble forecast-

ing in the early 1990s provided forecasters with an important measure of uncertainty

of the model forecasts on a day-to-day and region-to-region basis. This made it pos-

sible to extend the length of the US National Weather Service’s weather forecasts

made available to the public from 3 days to 7 days (e.g., Kalnay [2003]). A similar
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approach, i.e., running ensembles of model projections with perturbed parameters,

could be used with coupled Earth–Human System models to provide policymakers

with an indicator of uncertainty in regional or global projections of sustainability

associated with different policies and measures. Calibration and tuning of coupled

Human–Earth System models, as indicated above, could take advantage of optimal

parameter estimation using advanced Data Assimilation, rather than following the

more traditional approach of tuning individual parameters or estimating them from

available observations.

Our proposed framework, together with Data Assimilation techniques, allows

developing, testing, and optimizing measures and policies that can be implemented

in practice for early detection of critical or extreme conditions that will lead to

major risks to society and failure of supporting systems and infrastructure, and aid

in the estimation of irreversible thresholds or regime-shifting tipping points [Nobre

and Borma, 2009; Lenton et al., 2008; Schellnhuber, 2009]. Moreover, it allows for

detecting parameters and externalities (such as inadequate measures or policies) that

may play a significant role in the occurrence of catastrophes and collapses [Scheffer

et al., 2001; Scheffer and Carpenter, 2003; Ruth et al., 2011; Downey et al., 2016]. By

adjusting the values of those parameters found to be influential through numerical

experiments and simulations, short-term and long-term policy recommendations

that can keep the system within optimum levels or sustainable development targets

(e.g., Millennium Development Goals or the Post-2015 Development Agenda) can

be designed and tested. This approach would allow policies and measures that have

been found to be successful in specific cases to be modeled under different conditions
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or more generally.

There are numerous examples of policies successfully tackling many of the chal-

lenges identified in this paper. For example, the province of Misiones, Argentina,

with policies for forest protection and sustaining local incomes, stands out by hav-

ing very high, remotely-sensed values of NDVI (vegetation index) compared to the

neighboring regions [Izquierdo et al., 2008]. The state of Kerala, India, despite a

very low GDP per capita (under $300 until 1990s), through policies expanding ac-

cess to education and medical care, enjoys higher life expectancy, lower birth rates,

lower inequality, and superior education compared to the rest of India [Jeffrey,

1992; Singh, 2011; Susuman et al., 2016]. Formal primary, secondary, and tertiary

education can also reduce societal inequalities and improve economic productivity

[Sulston et al., 2012; Lutz et al., 2014; Cohen, 2008; Lutz and Kc, 2011]. Education

itself can also be offered in other forms. For example, education through mass me-

dia can be influential for changing long-term cultural trends and social norms, as

can be seen in the successful attempt to reduce fertility rates in Brazil using soap

operas [La Ferrara et al., 2012]. There have also been other extremely successful

non-coercive family planning policies, e.g., in Thailand, Mexico, and Iran [Pritchett,

1994; Potts, 1997; Potts and Marsh, 2010; Vahidnia, 2007; Roudi-Fahimi, 2002; Lutz

et al., 2010; Abbasi-Shavazi et al., 2009; Bongaarts, 2016]. A recent paper in PNAS

[O’Neill et al., 2010] showed that slowing population growth could provide 16–29%

of the emissions reductions needed by 2050 and by 37–41% by 2100, and a study by

Wire [2009] shows family planning is four times as efficient as adopting low-carbon

technologies for reducing carbon in the atmosphere and ocean.
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Successful local and regional policies on air quality include California sharply

reducing NO2 in Los Angeles by 6.0 ± 0.7 % per year between 1996 and 2011 through

strict policies on vehicular emissions [Hilboll et al., 2013]. Maryland succeeded in

reducing SO2 emissions per unit energy produced from power plants by ∼90% [He

et al., 2016]. Regulations have reduced levels of SO2 and NO2 over the eastern US

by over 40% and 80%, respectively, between 2005 and 2015. Over a similar period

in India, these levels grew by more than 100% (SO2) and 50% (NO2), showing the

possible dangers ahead absent effective policies [Krotkov et al., 2016].

Effective policies and measures are needed for all sectors of the Human–Earth

System Model described above [Brundtland et al., 2012; Sulston et al., 2012]. A

dynamical model of such systems should be capable of testing the effects of various

policy choices on the long-term sustainability of the system [Ruth et al., 2011].

The track record until recently on climate change shows policy inaction is

both dangerous and can be very costly [Ruth, 2010; Stern, 2007; Sterman et al.,

2012]. Anthropogenic climate change driven by carbon emissions, water vapor, and

surface albedo was theorized as early as the 19th century, and an empirical warming

trend was measured by the 1930s. Scientists came to understand the fundamental

mechanisms of climate change by the 1950s and 60s (e.g., Budyko [1961]; Manabe

and Wetherald [1967]). The first international scientific Conference on the Study of

Man’s Impact on Climate was held in 1971 and issued a report warning about the

possibilities of melting polar ice, reduced albedo, and other unstable feedbacks that

could lead to accelerated climate change “as a result of man’s activities” [Matthews

et al., 1971]. By 1979, a US National Academy of Sciences panel, chaired by Jule
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Charney, issued a report confirming the findings of climate change models [Charney

et al., 1979], and over the course of the 1980s the empirical evidence confirming

ongoing climate change grew very rapidly. In 1988, James Hansen testified before the

US Congress about the near certainty of climate change. The first IPCC Assessment

Report was completed in 1990, and the Fifth in 2014, with each report successively

warning of the increasingly grave consequences of our current trajectory. The latest

report warns that without new and effective policies and measures, increases in

global mean temperature of 3.7 to 4.8°C are projected by 2100 relative to pre-

industrial levels (median values; the range is 2.5 to 7.8°C) [IPCC, 2014]. Other

national and global institutions have also warned of the disastrous consequences

of such warming (e.g., Melillo et al. [2014]). As a recent World Bank assessment

[Group, 2014, p. xvii] states, “The data show that dramatic climate changes, heat

and weather extremes are already impacting people, damaging crops and coastlines

and putting food, water, and energy security at risk. . . The task of promoting human

development, of ending poverty, increasing global prosperity, and reducing global

inequality will be very challenging in a 2°C [increase] world, but in a 4°C [increase]

world there is serious doubt whether this can be achieved at all. . . the time to act is

now.” Scientists have also long warned about the consequences of climate change for

international security (e.g., Sagdeev and Eisenhower [1990]; Brown [1989]; Barnett

[2003]).

And yet, despite a long history of scientific warnings, the many current ecolog-

ical and economic impacts and crises, the future risks and dangers, the large number

of international meetings and conferences on the urgent need for climate policies and

66



measures, and the adoption of some national and regional climate policies, growth in

global CO2 emissions from fossil fuels and cement has not only remained strong but

is actually accelerating. The average annual rate of growth from 2000–2009 (∼2.9%)

was almost triple the rate of the previous two decades, 1980–1999 (∼1.1%), while the

most recent years, 2010–2012, have been even higher (∼3.4%) [Boden et al., 2013;

Peters et al., 2011].

The sobering fact is that very little has been accomplished in establishing ef-

fective carbon reduction policies and measures based on science. The development

and implementation of policies promoting sustainable technologies for the future

(e.g., renewable energy sources) becomes even more challenging because of interven-

tion and obstruction by a number of vested interests for continued and expanded

use of their existing non-renewable technologies and resources (e.g., some in the

coal, oil, and gas industries). This is further complicated by some political rejection

of science-based future climate projections and unwillingness to consider alterna-

tive economic development pathways to lowering the emission of carbon dioxide and

other greenhouse gases from the Human-Earth systems. However, the commitments

to reduce carbon emissions by the vast majority of the world’s countries in the recent

agreement from the COP21 in Paris could signify a major policy turning point.

With more than 180 countries, covering ∼90% of global emissions, having

committed to submit Intended Nationally Determined Contributions (INDCs), the

Paris framework forms a system of country-level, nationally-determined emissions

reduction targets that can be regularly monitored and periodically escalated. While

analysis [Fawcett et al., 2015] of the INDCs indicates that, if fully implemented,
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they can reduce the probability of reaching the highest levels of temperature change

by 2100 and increase the probability of limiting global warming to 2°C, achievement

of these goals still depends on the escalation of mitigation action beyond the Paris

Agreement. Even if the commitments are fulfilled, they are not enough to stay

below the 2°C pathway [Kintisch, 2015; Iyer et al., 2015; Fawcett et al., 2015], but

the Paris framework is an important start for an eventual transformation in policies

and measures. Thus, the INDCs can only be a first step in a deeper process, and

the newly created framework must form an effective foundation for further actions

on emissions reductions.

One of the anonymous reviewers pointed out that the failure of policymakers

to react sufficiently to the scientific understanding of global warming is paralleled

by a similar failure with regards to scientific knowledge about population trajecto-

ries. Family planning policies have been pushed off policy agendas for the last few

decades, and the subject of population has even become taboo. There are numerous

non-evidence-based barriers that separate women from the information and means

necessary to plan childbirths. The total fertility rate remains high in many countries

not because women want many children but because they are denied this information

and technologies, and often even the right to have fewer children. Access to family

planning information and voluntary birth control is a basic human right and should

be treated as such by international institutions and policy frameworks. Similarly,

there is also an urgent need for improved educational goals worldwide. While these

goals are repeatedly supported by both researchers and policymakers, policy imple-

mentation continues to be lacking. As a recent report by the Royal Society explains,

68



improved education (especially for women) and meeting the large voluntary family

planning needs that are still unmet in both developed and developing countries are

fundamental requirements of future economic prosperity and environmental sustain-

ability. This again emphasizes the critical need for science-based policies [Sulston

et al., 2012; Lutz et al., 2014; Cohen, 2008; Brundtland et al., 2012; NAS, 1986;

NAS and Society, 1992; NAS, 1963; Turner, 2009; NAS, 1999, 1971, 1993].6

The importance and imminence of sustainability problems at local and global

scales, the dominant role that the Human System plays in the Earth System, and

the key functions and services the Earth System provides for the Human System

(as well as for other species), all call for strong collaboration of earth scientists,

social scientists, and engineers in multidisciplinary research, modeling, technology

development, and policymaking. To be successful, such approaches require active in-

volvement across all disciplines that aim to synthesize knowledge, models, methods,

and data. To take effective action against existing and potential socio-environmental

challenges, global society needs scientifically-based development of appropriate poli-

cies, education that raises collective awareness and leads to actions, investment to

build new or improved technologies, and changes in economic and social structures.

Guided by such knowledge, with enough resources and efforts, and only if done in

time, human ingenuity can harness advances in science, technology, engineering, and

policy to develop effective solutions for addressing the challenges of environment and

climate, population, and development. Only through well-informed decisions and

6We thank anonymous Reviewer No. 1 for guiding us to add all the important points in this

paragraph and the associated citations.
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actions can we leave a planet for future generations in which they can prosper.
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Chapter 3: COWA:

a Two-way Coupled Human–Climate–Water Model

to explore water management options

Existing studies of freshwater systems generally focus on hydrological flows

without considering impacts from human feedbacks on these natural flows. However,

the human system has become the major driver of changes in freshwater systems.

The Coupled Human–Climate–Water model (COWA) is a minimal dynamic model

that aims to capture these bidirectional positive, negative, and delayed feedbacks.

The results show remarkable differences between simulation outputs of two-way and

one-way coupled models, showing that projecting both human and natural sys-

tem variables without feedbacks over long periods of time yields unrealistic results.

COWA shows that Carrying Capacity is not static but rather evolves in response to

the dynamic interactions and feedbacks in a changing system of many human and

natural factors. COWA allows to determine the Water Carrying Capacity (WCC)

of a region, i.e., the level of population and water consumption that a region’s nat-

ural hydrological regime can support over the long term. Additionally, it shows

that implementing effective water management policies — such as recycling and

conservation technologies — can expand WCC of a region. An unexpected result of
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including bidirectional coupling is that expanding reservoir size and water collection

capacity produces short-term population growth without expanding WCC, but be-

cause groundwater stocks are depleted more rapidly, it leads to an earlier and steeper

collapse of the water resources and population. Lack of a dynamic understanding of

a system can lead to the opposite conclusion about its behavior. COWA shows the

critical importance of long-term policies for sustaining water resources, especially

when demand rises and when estimates of available groundwater or potential for

contamination of freshwater sources are highly uncertain. Significant signals of po-

tential collapse (or unsustainability) can be missed if we limit the horizon to short

term and neglect bidirectional feedbacks.

Significance Statement

A novel understanding for the Carrying Capacity of the system emerges thanks

to Human–Climate–Water feedbacks modeled in COWA. Water Carrying Capacity

is a simple yet powerful measure that allows monitoring, and planning for, the

viability of the system decades in advance.

Highlights

1. The Human System and its impact on the Earth System have grown rapidly

since 1750, and explosively after 1950. The Human System has become the

dominant driver of changes in the natural environment.

2. Current models that are used to project the future of the Human System and
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the Earth System do not model bidirectional Human–Earth feedbacks. Hence

significant signals that may determine the fate of the environment and our

species can be missed.

3. The Coupled Human–Climate–Water Model (COWA) includes bidirectional

feedbacks between the Human and Freshwater systems, hence allowing to cap-

ture nonlinear, non-trivial behavior of these systems.

4. A comparison of results from COWA with a one-way coupled Human–Climate–

Water Model shows the inherent inability of one-way coupled models to cap-

ture major, non-trivial, long-term changes in the Human–Nature systems.

5. Groundwater depletion is severe in many watersheds around the world and

in the US, e.g., Central Valley and High Plains. But COWA shows vision-

ary policies in Phoenix AMA have saved over 40 cubic kilometers (ckm) of

groundwater in this watershed over the past three decades.

6. Because of modeling bidirectional couplings, COWA can estimate the Water

Carrying Capacity (WCC) for the region through simulations. WCC depends

on multiple variables in both the human and natural systems, and provides a

simple, clear measure for sustainability of the freshwater system in a region.

7. COWA can test the impact of groundwater withdrawal restriction policies in

the long term. Without such policies, consumption can overshoot its sustain-

able levels and lead to a catastrophic collapse of the system.
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8. COWA can also simulate the result of uncertainties in groundwater estimates,

which could be exacerbated by potential contaminations, e.g., due to fracking.

9. Developing water recycling capacity and improving water consumption effi-

ciency are shown to increase WCC. But without policies to restrict groundwa-

ter withdrawal, they cannot prevent an overshoot of the WCC and therefore

the resulting collapse.

10. Increasing the freshwater storage and withdrawal capacity allows consumption

to increase at a faster rate and reach a peak sooner. But that would result

in a steeper collapse of the system several decades earlier. This is a surpris-

ing, counter-intuitive result that cannot be predicted and understood without

including bidirectional feedbacks in the model.

11. Due to accelerated loss of groundwater and accelerated droughts due to climate

change, the system may reach its peak by 2050, much earlier than expected.

Developing policies for resilience requires long-term analysis performed by bidi-

rectionally coupled models.

12. WCC can be calculated for various scenarios by simulating with COWA. WCC

can simplify the complexities of the full system for policymakers and allow

them to propose, design, develop, and test efficient, effective policies.

13. By building up resilience of the system and implementing evidence-based,

long-term policies, we show that the system can smoothly converge to WCC,

hence ensuring a safe, prosperous future for the environment, economy, and
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people.

3.1 Introduction

Over the last two centuries, the impact of the Human System has grown dra-

matically, becoming strongly dominant within the Earth System in many different

ways. Both population and per capita consumption have grown rapidly, especially

since about 1950, putting tremendous pressure on natural resources [Fu and Li, 2016;

Ceballos et al., 2017; Motesharrei et al., 2016; Sulston et al., 2012]. The changes in

the Earth System have important feedback effects on the Human System. However,

current models that project the future of resources and humanity do not include

such feedbacks that exist in reality. To address this problem, we followed the frame-

work proposed in Motesharrei et al. [2016] to develop a model for Freshwater and

Human Systems that includes bidirectional feedbacks.

Over the past few decades, an increase in global water resource awareness

[United Nations, 1992, 2003; Food and Agriculture Organization, 2007; World Bank,

2008a,b; United Nations, 2009; UNEP, 2012; Food and Agriculture Organization,

2013; United Nations, 2013a, 2015a] has driven national concern [ACE, 2016; GAO,

2012; DOE, 2016; EPA, 2010] for regional freshwater sustainability and sparked a

wave of studies at the local level as well. However, there has been no clear consen-

sus over how to move forward, only that collaboration and communication among

sectors will be necessary. This recent push to further understand complexities of the

hydrological system has made it increasingly apparent that sustaining the quality
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and quantity of our freshwater resources, in the midst of increasing human popula-

tion and climate uncertainties, has become a complex and challenging management

problem.

As a result of the basic need of freshwater for survival, water resources are

typically considered a common good, and its use a human right. However, the

sustainability of this good, and therefore the future exercising of this right, has

been called into question. It has been suggested that the issue of available freshwater

for human use has been underestimated in previous research [Rodell et al., 2018].

Furthermore, water scarcity is a widespread problem, already impacting two-thirds

of the global population, likely to be exacerbated with the uncertainties associated

with climate change [Mekonnen and Hoekstra, 2016]. This widespread scarcity,

combined with an underestimated perception of water resources, can lead to a highly

stressful and potentially dangerous situation [Udall and Overpeck, 2017].

As we write in our Modeling Sustainability paper [Motesharrei et al., 2016],

human activities dominate many regional hydrological cycles [Molle et al., 2010;

Vörösmarty et al., 2000; Grasby, 2004; Molden, 2007; Meybeck, 2003; Gordon et al.,

2008; Wagener et al., 2010; Barnett et al., 2008], with more than half of all accessible

surface freshwater being used by humans, to such an extent that some major rivers

are being so excessively depleted that they sometimes no longer reach the sea, while

some major inland fresh and salty water bodies, such as Lake Chad, Lake Urmia,

Lake Poopó and Aral Sea, are drying up. In many of the principal aquifers that

support the world’s agricultural regions and in most of the major aquifers in the

world’s arid and semi-arid zones, groundwater extraction is occurring at far greater
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rates than natural recharge. This includes aquifers in the US High Plains and Central

Valley, the North China Plain, Australia’s Canning Basin, the Northwest Sahara

Aquifer System, the Guarani Aquifer in South America, and the aquifers beneath

much of the Middle East and northwestern India [Famiglietti, 2014; Konikow, 2013;

Castle et al., 2014; Famiglietti and Rodell, 2013; Voss et al., 2013; Famiglietti et al.,

2011; Rodell et al., 2009; Scanlon et al., 2012]. In addition, the increase of impervious

surfaces and other land cover changes increase runoff significantly, hence intensifying

the adverse impacts of extreme hydrological events [Arnold and Gibbons, 1996;

Di Baldassarre et al., 2009; Scanlon et al., 2006].
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Figure 3.1: Groundwater depletion is severe in many watersheds around the world.

The fast depletion in Central Valley and High Plains in the US is shown here. This

should be contrasted with Phoenix AMA, where effective policies not only slowed

growth in consumption and prevented GW depletion but allowed GW to increase.

We further describe in Motesharrei et al. [2016] that nearly all features of the

hydrologic system are now impacted by the human system [Wagener et al., 2010],

with important feedbacks onto humans, e.g., snowpack decline due to climate change

[Barnett et al., 2008] reduces water availability; agricultural processes further affect

water availability and water quality [Gordon et al., 2008]; land use changes can re-

duce groundwater recharge [Scanlon et al., 2006], and thus many populations face
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both reduced water availability and increased frequency and magnitude of floods

[Di Baldassarre et al., 2009]. Furthermore chemicals used in hydraulic fracturing,

which involves cracking shale rock deep underground to extract oil and gas, can con-

taminate groundwater resources [Vaidyanathan, 2016; Jackson et al., 2015; DiGiulio

and Jackson, 2016].

Traditionally, studies regarding freshwater systems primarily focus on natu-

ral hydrological flows, while more recent studies regarding sustainability primarily

focus on the balancing of uncertain future human demands upon natural supplies.

However, the impact of human feedbacks on natural water flows is often not consid-

ered and, thus, the notion of the human system as a major driver of changes in the

freshwater system and associated sustainability is frequently ignored.

Despite such important impacts of the Human System on the Freshwater Sys-

tem and vice versa, current models of the Freshwater System often focus on the

physical and natural dynamics of the hydrologic system. Even in models where the

Human System impact on the Freshwater system is considered, for example, Global

Climate Change Assessment Model (GCAM) [Kim et al., 2016], the feedback from

the Freshwater System on the Human System is not modeled.

3.2 Method

Following the framework proposed in Motesharrei et al. [2016], we developed

the coupling scheme shown in Fig. 3.2. By modeling bidirectional feedbacks between

Human System, Water Resources, and Climate, COWA allows a new understanding
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of their complex interplay, and the resulting non-trivial dynamics. The resulting

vision into the dynamics of the system that spans several decades, and up to a few

centuries, helps with addressing the sustainability challenges of freshwater resources.

O
ther R

egions

Coupled Human–Climate–Water Model (COWA)
Earth System
(e.g. NCAR CESM and UMD/ICTP ESM)

(Region n) {Case Study: Phoenix AMA}Human System

Land (Region n)

Arable land

Grassland

Forest
Energy

Water
(Oceans, 
Seas, 
Rivers,
Lakes, 
Aquifers, 
Glaciers, 
etc)

Desert

Waste Water

Surface Water:
(Rivers, Lakes, etc)

Temp, Wind, 
CO2, Rain, etc

Population
Variables:
(Region n)

Population 
Demographics

Water/capita
.

Enough?

Irrigation

Trade

Migration

If not,  
em

igrate

Industry

Pastures

Cropland

R
iver Inflow

 and R
iver O

utflow
 of R

egion n Groundwater
(Basins, sub-basin, 
underground flow,

etc.)

House-
holds

Fresh 
Water
Supply

N
atural G

W
  R

echarge

U
se E

fficiency

A
quifer

D
epletion

C
ollection E

fficiency

Global Atmosphere

(Virtual    Water
Imports &  Exports
using the   UMD       

Input - Output        
Economic  Model)

Net 
Water 

Demand

Pipeline D
istribution 

Freshw
ater T

reatm
ent

D
istributed 
W

ater
Sectors:

Water 
Recycling
Policies

Run
off

R
iver &

 Lake
D

epletion

Consumed 
Water

Waste
Water 

Treatment
Runoff Runoff

Policy-Dependent 
Sources of Water from 

Outside of Region n Policy-
Dependent
Recharge

Technologies &
 Policies

water/sector
.

UMD-RRM
River-Routing Model:

Inflows/Outflows
of Region n

Water Pollution

Legend

Other effects 
Waste Water Flows
Freshwater Flows

Surface
Water
Pollution

Waste
Water

Aquifer
Pollution

.

Desalination

Precipitation 

Evaporation 

Non-potable water usesRooftop Rainwater Collection

Leaks

Not Yet Implemented
Out of Region n

Leaks

(e
.g

. U
M

D
’s

 V
E

G
A

S 
&

 S
L

A
N

D
 m

od
el

s)

N
atural G

W
 D

ischarge

(General Circulation Model, 
e.g. CAM or SPEEDY)

D
esalination

Policy-
Dependent
Recharge

(e.g. Central Arizona Project)

Figure 3.2: A schematic of the Coupled Water Model, including the Earth System

Model (ESM) and the River Routing Module (RRM).

The Coupled Human–Climate–Water model, COWA, is a dynamic model used

to study various effects of the human system on water resources and water sup-

plies over time, and the feedbacks of these water resources on the human system.

COWA includes demographic characteristics of the human system, such as popula-

tion, growth rate, regional net migration, and water demand per capita, as well as
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the influence of human decisions on the management of water systems. An Earth

System Model (ESM) and a River Routing Module (RRM) provide exogenous in-

puts into COWA to provide climatic (i.e., precipitation and evapotranspiration)

and hydrologic (i.e., river inflow and river outflow) flows. By coupling the ESM

and RRM to COWA, we can simulate future availability of water supplies under

changing climate and water policies.

Our model shows that Water Carrying Capacity (CC) is a result of the dynamic

interaction of several factors, both natural and human: The flows of water (which

are the net sum of precipitation, evaporation, and inflows and outflows above surface

and underground), population, minimum threshold of per capita consumption, the

unequal distribution of water consumption, water recycling, consumption efficiency

technology, system leakages, and other distributional properties and characteristics

of the freshwater system. We note that the stock of GW does not determine the

Water CC because GW recharge is taking place very slowly, rendering GW effectively

a nonrenewable stock of water, and because the recharge is emanated from the flows

of water. Therefore, CC is not static due to this dynamic interplay of various natural

and human factors. This complexity has led some scholars to argue that CC cannot

be estimated for humans and therefore they conclude that we should abandon efforts

to do so [National Research Council, 2014; Cohen, 1995]. In response, this paper and

our model show that CC is not only a critical concept for sustainability research and

planning, but also that it can be estimated even though it is dynamic and created

by the complex interaction of several factors. Here, with COWA, we show how CC

can be estimated for water.
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3.3 Modeling Approach

The four primary state variables in COWA are Population, x, Surface Water

Sources, yS, Groundwater Sources, yG and (stored) Freshwater Supply, z. Popula-

tion is controlled by the death rate, α, birth rate, β, and net immigration rate, I.

Death rate is not constant but increases as water consumption per capita decreases

below a threshold value. Immigration rate is proportional to the consumption per

capita, and becomes negative if it drops below a certain threshold, Cth, due to wa-

ter scarcity. Surface water stock, yS, is controlled by several flows: river inflow, Φ,

river outflow, Ψ, precipitation, P , evapotranspiration, E, withdrawal of water from

surface water sources into the freshwater supply, WS, groundwater recharge, G, leak

to sources, Λ, flow of non-recycled water to sources, N , and runoff to sources, Ω.

Groundwater stock, on the other hand, has only one incoming flow, groundwater

recharge, G, and one outgoing flow, withdrawal of groundwater into the freshwater

supply, WG. Freshwater supply is controlled by three inflows, withdrawals, WS+WG,

and recycling, R, and two outflows, supply collection, K, and leakage, L. Rooftop

collection rate, Γ, is directly available for consumption and therefore, is deducted

from the total precipitation when calculating net inflow of water to (surface water)

sources.

COWA couples natural and human water flows and stocks. COWA inputs the

physical/natural hydrological flows as exogenous variables by coupling with natural

system models: an Earth System Model (ESM) and a River Routing Model (RRM).

ESM and RRM provide data for four key hydrological flows that drive the model:
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(1) precipitation, P , (2) evapotranspiration, E, (3) river inflow, Phi, and (4) river

outflow, Psi. A full description of the ESM and RRM used for generating these

exogenous input data can be found in Supplementary Information.

The key interactions and flows between state variables of COWA are shown in

Fig. A.1.

State Variables of COWA

Groundwater

PopulationFreshwater 
Supply

Surface 
Freshwater

Natural GW Recharge

Surface Water Withdrawal

Precipitation
(ESM inputs)

Evapotranspiration
(ESM inputs)

River Inflow
(RRM inputs)

River Outflow
(RRM inputs)

Recycled 
Water

Groundwater
Withdrawal

Births/Deaths
Migration

Consumption

Policy-driven 
External Flows

Human–Freshwater Feedbacks
Natural Flows of Water
Human-controlled Flows of Water

Collection
from Supply

Policy-driven 
Local RechargeTotal

Artificial 
Recharge

Exogenous Inputs

ESM: Earth System Model
RRM: River Routing Model

RRM River Flows include 
Natural GW Discharge. 

Figure 3.3: A schematic of the state variables of COWA, including the flows among

them as well as the linkages to the Earth System Model (ESM) and the River

Routing Model (RRM). Hard Caption: Red arrows show feedbacks while blue arrows

show flow of water.

The equations governing state variables of COWA can be summarized as:
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

ẋ = βx− αx+ I(t)

ẏS = Φ(t) + P (t)−Ψ(t)− E(t)−WS(t) + Ω(t) + Λ(t) +N(t)−G(t)−O(t)

ẏG = G(t)−WG(t)−GC(t) +O(t) + A(t)

ż = WS(t) +WG(t) +R(t)−K(t)− L(t)

(3.1)

A full description of the functions and parameters in (3.1) can be found in SI.

𝛼𝑚

𝐶/𝐶𝑡ℎ

𝛼𝑀

𝛼

1

(a) Death rate as a function of con-

sumption per capita and demand per

capita. HARDCAPTION: Note that the

minimum threshold of consumption per

capita, Cth, is directly proportional to

demand per capita, δ.

-1

1

𝐼

𝐼𝑏

𝐶/𝐶𝑡ℎ

(b) Immigration rate as a function of

consumption per capita. If consump-

tion is above its threshold level, there is

immigration into the region. However,

when it drops below the threshold value,

people start to emigrate from the region.

Figure 3.4: Feedbacks between the Freshwater consumption and population growth.
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1

1

𝑊

𝑊𝑀

𝑦/𝑛𝐷

Figure 3.5: Withdrawal rate as a function of available freshwater sources, y, ef-

fective demand, D, and number of reserve months, n. The latter parameter is a

strong policy knob with important implication for sustaining water sources. By

choosing a large n, we can insure long-term availability of water, however, it implies

a mandatory reduced consumption for the short-term in the event of a drought.

Fig. 3.5 an important mechanism in COWA that, as we will show below, can

play a critical role in preventing fast, catastrophic declines of population and con-

sumption when freshwater becomes scarce, particularly when the stock of Ground-

water is depleted. For Groundwater, a typical value of n = 60 months, i.e., 5 years

can be chosen. But to achieve a soft, smooth landing to the level of Water Carrying

Capacity, we need to keep enough water for many decades, say, 50–100 years in the

groundwater stocks. This is demonstrated in 3.7.5, 3.7.6, and 3.7.8.
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3.4 Theoretical derivation of Water Carrying Capacity for COWA

Carrying Capacity (CC) for a coupled human–natural system is a complex

variable that is determined by multiple human and natural system factors. It is

important to emphasize that Carrying Capacity is a not a predetermined value but

rather is produced by the dynamics of the system. For a minimal model, such

as HANDY [Motesharrei et al., 2014], with only a few equations, it is possible to

calculate the Carrying Capacity theoretically given the parameters and governing

equations of the system. However, for a more complex system, a theoretical calcu-

lation of Carrying Capacity becomes more daunting. It might be even impossible in

certain cases to find a closed-form analytical expression for Carrying Capacity. This

is why it is important to determine the value of Carrying Capacity under various

conditions through simulations. This is only possible if the bidirectional feedbacks

between the key Human System variables and Natural System components are mod-

eled.

Here we derive an analytical formula for Water Carrying Capacity as deter-

mined by the endogenous dynamics of COWA.

To begin, let us assume that the system has reached a near-equilibrium state.

The system will not reach a full equilibrium since the natural flows, such as pre-

cipitation, vary all the time due to natural variability. However, we can assume an

average value for such flows, and the system will vary around the equilibrium point

established by these averages.

When the system has reached its near-equilibrium state, the rate of the change
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of the state variables tend to zero. From Eq. (3.1), we have:



ẋ = βx− αx+ I(t) = 0

ẏS = Φ(t) + P (t)−Ψ(t)− E(t)−WS(t) + Ω(t) + Λ(t) +N(t)−G(t)−O(t) = 0

ẏG = G(t)−WG(t)−GC(t) +O(t) + A(t) = 0

ż = WS(t) +WG(t) +R(t)−K(t)− L(t) = 0

(3.2)

Substituting for α and I(t) from Table A.2 (and Figs. 3.4a and 3.4b), the first

equation of (3.2) becomes:

β − αM + (αM − αm)
C

Cth
+ Ibr

( C
Cth
− 1
)

= 0. (3.3)

We can solve this equation for C/Cth by introducing a dimensionless parameter

ξ that incorporates birth, death, and immigration rates:

ξ :=
Ibr + αM − β
Ibr + αM − αm

. (3.4)

Note that ξ is analogous to the dimensionless variable η defined in Eq. 7 of the

HANDY paper [Motesharrei et al., 2014]. (In COWA, η represents the parameter

“transfer efficiency”, as explained in Table A.3.) As immigration Ibr → 0, η of

HANDY approaches ξ defined above in Eq. (3.4).

Substituting for C and Cth from Table A.2 and rearranging Eq. (3.3) we obtain:
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K

µ
δ

τ
x

= ξ. (3.5)

Denoting Water Carrying Capacity as χ, and assuming no rooftop rainwater

collection (Γ = 0) for simplicity, we can rearrange Eq. (3.5) to derive an equation

for Water Carrying Capacity in terms of the collection rate, K:

χ =
K

µξ
δ

τ

. (3.6)

We will proceed by attempting to determine K from the remaining three equa-

tions of 3.2. First, let us denote the average net natural flow of water into the system

by F :

F :=< P − E + Φ−Ψ >, (3.7)

where < . > denotes time average over a long period of time. For the near-

equilibrium state, reservoir overflow O → 0, and groundwater recharge G becomes

negligible. Moreover, as yG → 0, groundwater contamination also becomes negligi-

ble, i.e., GC = 0. Finally, let us denote the average bonus flows by A =< A(t) >.

In reality, A = 0 after a long time, however, we will keep it in the computations

below to be able to theoretically calculate its impact on Water Carrying Capacity.

Therefore, we obtain from the remaining three equations of 3.2:
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

F + Ω + Λ +N −WS = 0

A−WG = 0

WS +WG +R− L−K = 0

(3.8)

Note that in (3.8), we have dropped the dependence on time, t, since we can

take time-averages for all the functions in 3.2 in the near-equilibrium state.

We now have to combine and simplify the three equations in (3.8). The second

equation gives WG = A, which can be substituted into the third equation, therefore

reducing (3.8) to two equations. We will use the equations in Table A.2 to replace

Ω, Λ, N , R, and L. The tricky step here is to choose the recycled water rate, R,

correctly. There will be two possibilities: if the maximum recycling capacity, RM ,

is small, then R will be capped by RM , i.e., R = RM . If, on the other hand, RM

happens to be very large, then R will be constrained by the maximum available

water for recycling, i.e., R = Σ. In the latter case, since all the consumed water

that has gone to sewer would be recycled, there will be no nonrecycled water left,

i.e., N = ν(Σ − R) = 0. In the former case, N = ν(σK − RM). We must consider

each case separately.

First, let us continue the calculations for the first case, R = RM . This will

be more probable in most situations, since there are few places in reality where the

recycling capacity dominates the natural flow rate of freshwater into the region. The

computation goes as the following:
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
WS = F + ω(1− σ)K + λ

1− η
η

K + ν(σK −RM)

WS = K +
1− η
η

K − A−RM

(3.9)

By eliminatingWS between the two equations and some further simplifications,

we obtain:

K =
F + A+ (1− ν)RM

λ− ω + σ(ω − ν) + η−1(1− λ)
. (3.10)

Repeating the similar computation for large RM , where R = Σ, we obtain

after simplification:

K =
F + A

(1− ω)(1− σ) + (1− λ)(η−1 − 1)
. (3.11)

Combining Eqs. (3.10) and (3.11) with (3.6), we obtain the analytical form of

the Water Carrying Capacity, χ, as well as χ+ for when RM is very large:

χ =
F + A+ (1− ν)RM

λ− ω + σ(ω − ν) + η−1(1− λ)
· τ

µδξ
. (3.12)

χ+ =
F + A

(1− ω)(1− σ) + (1− λ)(η−1 − 1)
· τ

µδξ
. (3.13)

The χ+ for large recycling capacity was a case that we had not envisioned in our

experiments, and only considered it when attempting to derive Water Carrying

Capacity theoretically. We then confirmed this theoretical derivation with numerical

experiments with COWA.
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3.5 Model Validation

It is best practice to use hydrological boundaries, as opposed to administrative

boundaries, when modeling systems concerning hydrological processes. Therefore,

for the purpose of this research, the COWA model was applied to the Phoenix Active

Management Area (AMA) located in south-central Arizona. This region surrounding

the city of Phoenix consists of seven groundwater sub-basins (i.e., West Salt River

Valley, East Salt River Valley, Hassayampa, Fountill HIll, Rainbow Valley, Lake

Pleasant, and Carefree basins), five major natural river systems (i.e., Agua Fria,

Gila, Salt, Verde, and Hassayampa rivers), one major artificial surface water system

(i.e., the Central Arizona Project (CAP)). Phoenix AMA includes portions of three

counties, i.e. Maricopa, Yavapai, and Pinal counties. Furthermore, the Phoenix

region has experienced one of the largest population growth rates in the past two

decades in comparison to other major U.S. metropolitan areas, as well as some of the

worst water scarcity conditions, alongside with intensive and proactive conservation

efforts within Arizona as well as across state lines.

These characteristics of the Phoenix region allow us to carry out an in-depth

study of natural and human dynamics impacting the balance of the hydrologic cycle

in the presence of extensive human interference. Furthermore, the existence of a long

history of water records provides an opportunity to minimize data gaps. Applying

the model to this region allows “thought experimentation” of the impact of various

policy decisions concerning current practices, implementation of new practices or

the impacts of climate change (i.e., changes in precipitation or evaporation rates)
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on current or new practices. Such scenarios are simulated, analyzed, and discussed

in the following sections. However, we first use observed values to make a goodness-

of-fit analysis of simulated behaviors to validate the model and provide evidence of

the model’s ability to capture dynamic trends of the real system.

A map of the Phoenix Active Management Area can be found in Fig. A.2
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3.5.1 Validation of COWA (the two-way coupled Human–Climate–

Water model)
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(a) Validation of COWA for the three

state variables Population, Groundwa-

ter, and Surface Water using available

past observations.
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(b) Validation of the one-way coupled

model for the three state variables Popu-

lation, Groundwater, and Surface Water

using available past observations.

Figure 3.6: COWA and the one-way coupled Human–Climate–Water model are two

separate models, with different model structures and optimal parameters, therefore,

they have to be validated separately. Capturing the past trend of Groundwater with

the one-way model is more difficult due to lack of feedbacks. Population in the one-

way model is an exogenous driver, hence the perfect fit. Surface water varies on a

much smaller time scale due to variation in precipitation and natural flows (surface

and subsurface), and is hence more difficult to validate with a model whose major

skill is in capturing long-term trends.
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COWA is validated by comparing the time-series for three main state vari-

ables as a result of model simulation against past observations. Validations are

constrained by availability of data. Population data has been available since 1900,

hence validation is shown between 1900 and 2015. The errors are rather small.

The Population stock, x, is simulated (see (3.1)) in units of people (ppl) and

is computed for each one month time step in the model from 1900–2100. There-

fore, regional monthly population data from 1900–present was needed to make the

comparison of simulated to observed population stocks. The data came from the

U.S. Census Bureau’s (USCB) State Population Estimates and Demographic Com-

ponents of Change: 1900 to 1990, supplemented for more recent years with USCB’s

Counties Population Totals Tables: 2010-2016 and County Intercensal Tables: 2000-

2010.

Groundwater is validated between 1947 and 2013. Note that there is an erro-

neous sudden drop in the ”observed” value in 1994, which seems to be due to either

a measurement error or a reporting error. 1

In order to determine historically observed groundwater in volumetric units

(i.e., cubic kilometers, ckm) per time step (i.e., months, mo), we used the Water-

level Change and Storativity method [Konikow, 2013]. The water level data used in

the approximation was obtained from the Arizona Department of Water Resources’

(ADWR’s) database, the Groundwater Site Inventory (GWSI).

Surface Water is more difficult to validate because changes in Surface Water

occur over much shorter time scales, and at a much higher frequency, compared

1We have notified Arizona Department of Water Resources about this irregular data point.
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to Groundwater. COWA’s strength is in capturing trends that emerge as a result

of coupling with the Human System, and hence its excellent skill at decadal time

scales. But changes in Surface Water could be even significant over daily time

scales. Therefore, we show the running average time-series for the Surface Water

in Fig. 3.6. Although the difference between simulated and observed time-series is

larger compared to Groundwater or Population, the comparison is reasonable, i.e.,

COWA can capture the trends in Surface Water change.

Similarly to observed groundwater values, the observed surface water values

would need to be in volumetric (ckm) units at monthly temporal intervals. In order

to approximate these values, this research used monthly mean river flow and total

monthly reservoir storage data from the the USGS Surface Water Monthly Statistics

database and the Arizona Department of Water Resources Phoenix AMA Master

Water Budget Historical Template for total annual CAP deliveries.

First, all major river systems within the Phoenix regions were identified, in-

cluding five natural (i.e., Hassayampa, Gila, Agua Fria, Verde, and Salt rivers), as

well as one artificial (i.e., Central Arizona Project, CAP) surface water system. For

each natural river system, the river gauge station most upstream yet still within the

boundaries of the Phoenix regions was the designated inflow point, while the most

downstream station (within the region’s boundaries) was designated the point of

outflow. The geographical locations and USGS identification numbers of each river

station used in these estimation are depicted in Fig. A.2
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3.5.1.1 Validation of the one-way coupled version of COWA

The validation process is repeated here for the model with only one-way cou-

plings of population and per capita consumption to freshwater resources. The val-

idation for one-way and two-way models has to be carried out differently because

they have essentially different model structures. Thus, the choice of parameters

to produce these validation results differ. The Population variable in the one-way

model exactly matches the observed population, since it is an exogenous variable

read into the model.

The error for Groundwater for the one-way model could not be reduced to

a level comparable to that of the two-way coupled model, and there are larger

differences especially after 1980, probably because the variations in the level of

Groundwater because feedbacks cannot be captured in a one-way coupled simulation

scheme. The observed surface water, whose variations occur at a much finer time

scale compared to groundwater, is reproduced with a similar level of error as in the

coupled model.

3.6 One-way coupled model vs. COWA (Two-way coupled model)

In Section 3.1, we discussed the importance of feedbacks in the coupled models.

In this section, we first compare the simulation output of COWA with the output of

its one-way coupled counterpart, and discuss their fundamental difference. Note that

in the one-way coupled model, the feedback from the water system on population

change and immigration does not exist. Instead, population projection is derived
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from an independent statistical demographic projection as an exogenous variable to

drive the model, as is done in most existing models. By comparing the one-way

coupling standard practice and the two-way coupling of our model, we show that

the standard one-way coupling produces unrealistic projections, because essential

feedbacks found in reality are not modeled. We continue by analyzing a series of

different scenarios from COWA.
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Figure 3.7: A comparison of the one-way coupled model vs. COWA. The collapse

of the Population in COWA is a behavior that the one-way coupled model, due

to its structure, cannot produce, because it is missing the bidirectional feedbacks

that exist in reality. HARDCAPTION: Without two-way feedbacks, the one-way

coupled model cannot predict a collapse of Population. (arrows to one-way and

COWA (two-way) population lines)

To show the fundamental difference of one-way vs. two-way coupling, we show

in Fig. 3.7 the 200-year projections produced by both models. As can be seen, after

about 2150, Population in the two-way coupled model differs fundamentally from

that in one-way model, i.e, from the independently projected population used to
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exogenously drive the one-way model. The statistically projected population in the

one-way coupled model continues to grow. However, when feedbacks are introduced

in the two-way coupled model, the population growth slows, and eventually reverses,

because the freshwater resources that are necessary for growth to be maintained

become insufficient. Population declines and eventually stabilizes to the level of

Carrying Capacity around 2215, and is maintained at Carrying Capacity by the

natural flows beyond that point. Note that this shows that Carrying Capacity is set

by these flows of water and not by the available stocks of water. In fact, a large stock

of Groundwater, absent strict withdrawal restriction policies, allows Population to

grow to several times its Carrying Capacity, but then this high population level

cannot be maintained since the stock of Groundwater is depleted and the remaining

flows are too small to maintain the high level of consumption. This also highlights

that if water consumption is greater than the available flows, Groundwater stocks

are essentially a non-renewable resource which do not determine the Water Carrying

Capacity. This is a very important point that is not widely understood or recognized.
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3.6.1 Population Projections: Made with COWA vs. statistical, de-

mographic projections
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Figure 3.8: A comparison of the Population projections produced by COWA vs. de-

mographic projections. The collapse of the Population in COWA is a behavior that

statistical extrapolation models, inherent to their design, cannot produce, because

it is a result of bidirectional feedbacks missing in static models.

A collapse of the population is a non-trivial, nonlinear behavior that cannot be

produced by any static projection. The only way to produce this behavior is for the
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model to include the two-way interactions that exist in reality between the freshwater

resources, consumption level, migration, and population growth. Therefore, it is

crucial to use a model that includes bidirectional feedbacks with the key Human

System variables if we aim to make long term projections, and use the models to

propose, develop, and test various policies.
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3.7 Scenarios
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Figure 3.9: A summary of various simulation scenarios from COWA.
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An essential purpose of modeling is to be able to test the various effects of

different policy interventions on the dynamics of a system. Here we use COWA

to evaluate the impact of various water management policies in the long run. We

compare each scenario to the base run, as shown in Fig. 3.7.

3.7.1 Removal of “Bonus” Flows
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Figure 3.10: Here we show the hypothetical situation that bonus flows from the Cen-

tral Arizona Project (CAP) and Incidental Recharge never existed. The rebound

of Groundwater levels that started in early 1980s would have never happened with-

out these intervention policies and the associated infrastructures that were built to

direct these bonus flows into the region.

Here we have a prime example of successful past water management policies

producing a recovery of the declining natural resources of a region. The difference
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between Groundwater in the scenario shown in Fig. 3.10 with the base run is due to

successful projects that began with insightful long-term water management policies.

3.7.2 Consumption Technology
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Figure 3.11: Improving the technology for more efficient consumption of freshwater

will allow more consumption with the same amount of resources. This results in a

higher Water Carrying Capacity proportional to the efficiency improvements and a

faster population growth and decline. However, improvements in water use tech-

nologies do not change Freshwater resources relative to the base run. Note that we

do not consider the Rebound Effect in our model.
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There are many types of technology. Technological advances in Extraction,

Production, Consumption, and Efficiency can affect lifetime of resources positively

or negatively [Motesharrei et al., 2016]. Therefore, it is important to accurately

define the type of technology when we discuss the impact of the technological change

on a system.

Here, we consider efficiency and conservation improvements to Consumption

Technology in COWA. Examples of these would be using efficient toilets and show-

erheads, or changing from flood irrigation to drip irrigation.

Improvements in consumption technology increases Water CC, but it does not

change the Groundwater or Surface Water levels compared to the base run. This is

because effectively, a technological change allows more total consumption, hence a

higher Population, to subsist with the same amount of resources.

It is important to emphasize that we do not model the Rebound Effect (Jevons

paradox) [citations from our other papers] here. In the presence of the Rebound

Effect, the effect of of introducing such efficiency technologies will be lower than ex-

pected, as people will increase their consumption patterns as freshwater availability

improves. In many cases, the Rebound Effect can more than cancel out the increase

in efficiency.
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3.7.3 Wastewater Recycling
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Figure 3.12: By recycling wastewater, we can reduce the reliance on Groundwa-

ter, hence slowing its depletion and improving the Water Carrying Capacity of the

region.

Recycling is a major way to boost freshwater availability. It has been used

successfully in many water-scarce regions of the world.

As seen in Fig. 3.12, recycling enhances Water CC in the long run. It also

increases the peak population, and can postpone the population decline by slowing

the depletion of Groundwater. Its impact is equivalent to increasing the natural
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flow.

3.7.4 Infrastructure Improvements: Reservoir Capacity and Ground-

water Withdrawal Capacity
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Figure 3.13: By expanding the reservoir capacity and increasing the groundwater

withdrawal capacity, the increased availability of water allows for faster growth in

water consumption, and hence faster growth in population. But that comes at the

expense of more rapidly depleting groundwater, hence leading unexpectedly to a

sooner, steeper collapse of the system.

107



The results of this scenario show a striking contrast between the effects of in-

creasing wastewater recycling and water-efficient technologies on the one hand, and

increasing Reservoir Capacity or Groundwater withdrawal capacity on the other. By

increasing both the Reservoir Capacity and the withdrawal rate from the ground-

water — and absent strict withdrawal restriction policies — Population can grow at

a much faster pace and to a much higher level. Thus one might at first think that

building and expanding these water infrastructures can be a helpful improvement

to the region’s Water Carrying Capacity. However, by ignoring the impact on the

freshwater resources, the “improvement” would drive the system to a much sooner

and steeper collapse. This happens because the fast growth comes at the expense

of over-depleting groundwater, an effectively non-renewable resource stock. While

increasing the water storage infrastructure does not improve the Carrying Capacity,

it can increase the resilience of the system to temporary drought conditions.

Thus, the model results emphasize a striking finding that may seem counter-

intuitive at first: neither increasing reservoir capacity nor increasing water with-

drawal capacity can increase the water Carrying Capacity of a region. This is be-

cause the natural water supply factors determining Carrying Capacity are the flows

of water, which are the net sum of the precipitation, evaporation, and river inflows

and outflows (above surface and underground) of a region (plus any “bonus” flows).

The human factors determining the water Carrying Capacity of a region are pop-

ulation growth rates, minimum threshold of per capita consumption, the unequal

distribution of water consumption, water recycling, consumption efficiency and con-

servation technologies, and leakages. In contrast, the stock of Groundwater is not
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a determinant of the Water CC of a region. Groundwater is essentially a natural

reservoir for water, filled by recharge (which itself comes from flows or wastewater

treatment) and depleted by withdrawals, both of which can be heavily influenced

by deliberate policies. If the water withdrawal is higher than the recharge, the stock

will be depleted. Increasing reservoir size reduces the time to depletion (i.e., the

exhaustion of the Groundwater stock). Thus, building infrastructure that enhances

accessing more water within a region does not increase that region’s water CC, but

instead actually accelerates its depletion. Similarly, while building greater reservoir

capacity can increase resilience in the system to manage short periods of drought,

it does not increase the region’s final water carrying capacity. In fact, as the model

shows, it too can reduce the time to depletion as a result of higher levels of consump-

tion by encouraging population growth and per capita consumption. The results of

this scenario show a striking contrast between the effects, on the region’s Water Car-

rying Capacity, of increasing wastewater recycling and water-efficient technologies

versus increasing Reservoir Capacity or Groundwater withdrawal capacity. Here we

have an example of a significant surprising result that could be easily missed if we

do not consider the bidirectional feedbacks between the Human System and the

natural resources. This shows the importance of taking into account these two-way

interactions before making major policies and decisions that may impact the system

in the long term.

109



3.7.5 Large Uncertainties in Estimates of Groundwater
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could mean reaching critically low levels

of Groundwater 40–60 years earlier.
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(b) Stricter groundwater withdrawal re-

striction policies could prevent a catas-

trophic state of groundwater depletion

and population collapse.

Figure 3.14: The impact of large uncertainties in the estimates of Groundwater.

Groundwater plays a major role in the dynamic of the system and the growth

of consumption. However, existing estimates of the total volume of groundwater are

highly uncertain. Here we consider two scenarios where the actual groundwater is

not as abundant as the estimates that form the basis for the base run.

In Fig. 3.14a, we show what happens if our initial estimates of groundwater

are off by 50%, which is in the range of uncertainty for the volumetric estimates of

groundwater. Obviously, the result is that the near total depletion (reaching close

to zero) of groundwater takes place 30–40 years earlier, which leads to a population

collapse much earlier. Also, the peak population decreases by about 10–15 million
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people (25–30% lower peak).

The results in Fig. , with the addition of strict GW withdrawal restriction poli-

cies, also show that such extreme depletion of groundwater levels can be avoided by

introducing stricter groundwater withdrawal restriction policies. A policy requiring

that at least 50 years of current demand be kept in the ground, instead of just 5

years, can assure that the final groundwater levels would not reach catastrophically

low levels. These restrictions can also avoid the sharp decline from the peak pop-

ulation, which happens in the absence of such policies after groundwater resources

reach a very low level, and thus a major demographic, economic, and environmental

crisis can be avoided.
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3.7.6 Groundwater Contamination
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(a) A major depletion of groundwater

could mean reaching the critically low

levels of groundwater several decades

earlier since we could lose access to a ma-

jor portion of this freshwater resource.
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striction policies could prevent a catas-
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and population collapse.

Figure 3.15: The impact of a major contamination, which can occur either suddenly

(shown above) or over a longer period of time. The overall result, i.e., losing access

to major portion of groundwater resources, would be almost the same.

Another scenario we consider is contamination of groundwater at some point

in the future. This corresponds, for example, to a massive chemical contamination

as a result of a hydraulic fracturing operation.

In reality, the contamination can happen gradually over many years, suddenly

over a short period of time, or a combination of the two scenarios. It would be diffi-

cult to foretell how contamination is going to take place at any certain geographical
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location. Moreover, groundwater treatment could partially restore the lost stock of

groundwater. The combined effect of sudden or gradual contamination, plus pos-

sible treatment, is a partial loss of the stock of groundwater. Therefore, we model

the contamination as a sudden decline of the GW stock, with the loss equal to a

portion of the total GW stock at the contamination year. This allows for simpler

and clearer experiments about the potential future contamination scenarios. Need-

less to say, it would be trivial to adjust the model to implement the gradual change

and treatment; however, the end result would not be substantially different.

The eventual effects are similar: earlier decline of Groundwater leads to earlier

decline of Population, as well as a lower peak value. In Fig. 3.15b, administering

stricter withdrawal policies would save the system in a similar fashion as in the

previous scenario.
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3.7.7 A scenario with multiple realistic challenges
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Figure 3.16: The prospects of continuous growth for another century and reaching

a relatively large peak population is only possible because of a very large stock of

“fossil” water (Groundwater). Taking into account the large uncertainty in volu-

metric estimates, as well as possibility of a major contamination in the near future

completely changes that picture. Here we show that picture, adding the increased

droughts due to climate change, as well as the end of bonus flows (CAP) from out-

side the region starting in 2020. Under such conditions, population will reach a peak

by mid-century, and will continue to shrink because of decreases in precipitation and

natural flows. Most importantly, this figure shows how Water Carrying Capacity

changes as a function of precipitation. 115



In Fig. 3.16, we see how a combination of various factors can cripple the

system within a few decades. Such a scenario is certainly possible, therefore the

need for well-designed policies to build resilience and longevity into the system.

Designing a resilient system requires understanding factors that can bring about this

state, and developing long-term policies that ensure these factors cannot devastate

the system. These policies should include stricter withdrawal restrictions, building

infrastructure for recycling water, preventing leaks in the system, and improving

water consumption efficiency.
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3.7.8 Preventing Collapses with long-term policies
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Figure 3.17: Future collapses that may happen with major depletion of Freshwater

sources, especially Groundwater, could be avoided by enacting policies that protect

the system in the long run. Hard Caption: Policies can prevent the catastrophic

outcome observed in the base run. But making such long-term policies requires a

long-term (multiple decades) thinking framework, whereas most current policies are

driven by short-term goals.

By designing policies with the long-term health of the system in mind, an

overshoot of the Water Carrying Capacity that can otherwise take place could be
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avoided. Instead, the system could smoothly converge to its Carrying Capacity

without experiencing any steep, catastrophic changes.

3.7.9 Water Carrying Capacity from COWA simulations

Baserun
Baserun

Baserun
Baserun

Baserun

Baserun

Baserun

- In
cidental

+ Recylcing
+ Technology

+ CAP
@ 2x Demand

@ mu=1

Figure 3.18: Calculation of the Water Carrying Capacity with COWA for the study

region under various scenarios. Indefinite CAP assumes that the diversion of water

from the Colorado River to Arizona will continue forever at its present rate.

To compare the impact of the various policies in the long run, we show a

comparison of the Carrying Capacity as changed by each management option. We
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also show the impact on the Carrying Capacity of the “bonus” policy flows, i.e.,

the artificial and extra-regional sources of water added to the region’s water supply

due to earlier policymaking (the Central Arizona Project, which brings water into

the region from outside, and what is called ”Incidental Recharge”, which refers to

policy-driven recharge from several sources, including agricultural irrigation water

and treated wastewater which is redirected to replenish GW stocks. ). For each

management option scenario in the figure, the different bars show the Water CC

depending on different policy scenarios. The last bar shows the Water CC if people

can accept half the current minimum “threshold consumption per capita” (µ). This

shows how critical this parameter is in determining Water CC: as people can tolerate

higher level of water scarcity (corresponding to lower µ), the natural flows can

sustain a larger number of people. Note that a lower mu could also represent moving

water-intensive economic activities out of the region and importing the virtual water

instead.

3.8 Discussion

It is important to remember that Groundwater depletion, even if there is GW

still available, can greatly increase the expense of obtaining it due to the fact that it

is at much deeper levels. As the water table declines, the cost and the capital equip-

ment required increases, as existing wells run dry and have to be drilled deeper, and

pumping equipment has to be upgraded and replaced with more expensive equip-

ment that can draw water from a much deeper source. The situation in California’s
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Central Valley is a good example of this, where wells have to be dug incredibly deep,

new capital equipment has to be installed in order to reach the declining water level

in the wells. In fact, many well-users end up with dry wells and when accessing the

water at lower levels becomes cost-prohibitive they are forced to move due to lack

of water.

The stock of Groundwater and the built infrastructure for storage of Fresh-

water are analogous to each other in that neither increases the Water Carrying

Capacity of the region but they can improve the resilience of the region to drought

conditions. With a larger stock of Groundwater compared to available water in the

reservoir, built infrastructure can shield against drought over a shorter time period

while groundwater can do that over the longer time scales. Since Groundwater

stocks are generally much larger than many years of surface flows, their availabil-

ity can encourage higher consumption and unsustainable growth (absent restriction

policies like in Phoenix AMA).

Another empirical fact demonstrated by COWA, which we emphasize in this

paper, is the fundamental importance of policies forto water resource management,

and that these policies can be quite successful. Conversely, the lack of policies,

particularly long-term policies, can jeopardize a region’s sustainability, and even re-

sult in disastrous outcomes. In contrast to many other basins, such as the US High

Plains and Californias Central Valley, groundwater stocks in the Phoenix AMA have

not been declining. The fundamental reasons for this success in groundwater man-

agement in the Phoenix AMA are the public water management policies explicitly

designed to reduce groundwater withdrawals and instead artificially recharge the
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groundwater stocks. These usage and recharge policies are combined with policies

to encourage higher efficiency in water use, reduced leakage and waste, and a tran-

sition away from higher-water intensity to lower-water uses in economic activities

and in residential design.

In Arizona, groundwater had been pumped for decades from aquifers at higher

rates than it was naturally recharged back into the underground stocks, significantly

depleting many of the aquifers. As early as the 1950s, groundwater depressions had

developed due to well extraction exceeding natural recharge, hence depleting ground-

water stocks. In order to meet the challenges of this imbalance, state and local gov-

ernments responded with policies to artificially recharge groundwater stocks using

both artificial flows from outside the region as well as diversion of treated wastew-

ater back into the aquifers. These groundwater recharge policies use Percolation

Basins (depressed areas of land specifically designed to hold water over a permeable

substrate causing the water to percolate back into the ground to recharge groundwa-

ter stocks) and Injection Wells (wells constructed for the purpose of injecting water

back into the aquifer). Water use policies have also been designed to encourage the

use of renewable flows for direct usage rather than rely on non-renewable stocks for

direct usage.

Artificial recharge has become a critical component of Arizonas water supply

management, driven by the need to meet the targets of the 1980 Groundwater

Management Code and many other state and local statutes and policies, including

the Underground Water Storage and Recovery program established in 1986 and

the Underground Water Storage, Savings, and Replenishment Act, enacted in 1994
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by the Arizona Legislature. The recharge management policies and programs are

administered by Arizona Department of Water Resources. The Phoenix AMA is

mandated to combine efficient water uses with decreased groundwater withdrawals

to be replaced by the increased use of renewable water supplies in order to reach

“safe-yield” levels by the year 2025.

These policies are designed to store current excess flows of water underground

through artificial recharge in order to replenish over-withdrawal and ensure an ad-

equate supply for the future. Both the geology and desert environment of Arizona

makes artificial recharge of water underground both practical and cost-effective.

The current excess flows that are used for this artificial recharge themselves are

also a product of other policies and programs. Arizona is allotted 1.85 km3/yr di-

verted from the Colorado river system located outside the basin and channeled to

the basin through the Central Arizona Project (CAP) by 540 km of artificial canals

and pumping stations [ADWR, 2010]. According to US Census Bureau, 2010 popu-

lation in Arizona was about 5 million, and is projected to double by 2030. Further,

in a 2017 Census study, Maricopa county (which accounts for 80% of the Phoenix

AMAs surface area) was found to be the fastest growing county in the entire nation

[USCB, 2017]. Without these past policies, Arizona would not have been able to

sustain the population it currently has, much less an expanded population in the

future.
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System Models, all with guidance from HW, NZ, and EK. KCG and SM validated

COWA. SM, JR, and EK designed the COWA experiments. KCG and SM ran the
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SM, JR, KCG, and FZ drafted the manuscript. All co-authors contributed to the

discussion of the results and improving the manuscript.
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Chapter 4: Causality Analysis: Identifying the Leading Element in

a Coupled Dynamical System

Physical systems with time-varying internal couplings are abundant in na-

ture. While the full governing equations of these systems are typically unknown

due to insufficient understanding of their internal mechanisms, there is often in-

terest in determining the leading element. Here, the leading element is defined as

the sub-system with the largest coupling coefficient averaged over a selected time

span. Previously, the Convergent Cross Mapping (CCM) method has been em-

ployed to determine causality and dominant component in weakly coupled systems

with constant coupling coefficients. In this study, CCM is applied to a pair of cou-

pled Lorenz systems with time-varying coupling coefficients, exhibiting switching

between dominant sub-systems in different periods. Four sets of numerical experi-

ments are carried out. The first three cases consist of different coupling coefficient

schemes: I) Periodic–constant, II) Normal, and III) Mixed Normal/Non-normal. In

case IV, numerical experiment of cases II and III are repeated with imposed tempo-

ral uncertainties as well as additive normal noise. Our results show that, through

detecting directional interactions, CCM identifies the leading sub-system in all cases

except when the average coupling coefficients are approximately equal, i.e., when
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the dominant sub-system is not well defined. 1

4.1 Introduction

Identifying the leading [sub–]system from a pair of coupled dynamical systems

using only time–series is challenging when nothing or little is known of the un-

derlying dynamics. The definitive approach to detect causal relationships between

components of a system is to fully identify the underlying physical mechanisms and

governing equations. However, in most cases we only have a partial knowledge about

the internal physical mechanisms. In these cases we must resort to observed data

to establish the existing causal relationships.

In linear systems, lead time of the driver (or equivalently, latency of the re-

sponse) may indicate a causal relationship, which hence could be identified by [linear]

lag–correlation analysis. In a nonlinear system, however, there may be no persis-

tent lead–lag between the two signals, due to feedback loops between the variables.

Therefore, a simple linear lag–correlation analysis may not reliably determine the

correct causal relationship in a general nonlinear system [Chatfield, 2013]. For ex-

ample, Figure 4.1 shows lead–lag switching between two coupled variables. If one

considers short intervals of the time–series and take lead time and high correlation

as the indicators of causation, an incorrect conclusion about the causal relation-

ship between the variables will be made. In this condition, one can analyze the

1This chapter was published following peer-review as: Amir E. BozorgMagham, Safa Moteshar-

rei, Stephen G. Penny, and Eugenia Kalnay. Causality Analysis: Identifying the Leading Element

in a Coupled Dynamical System. PLoS ONE, 10(6):e0131226, June 2015.
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signal phases to establish temporal precedence and exploit the phase slope index to

estimate the flow direction of information flux [Nolte et al., 2008].

time

Figure 4.1: An example of lead–lag switching between two signals of a

nonlinear system. Observation of the leading signals, shown by the colored ar-

rows, in short intervals may result in an incorrect conclusion about the cause–effect

relationship. (The time–series in this figure are generated by (4.9).)

The concept of information transfer has been used as an indication of causal-

ity. A practical measure of information transfer is the transfer entropy [Schreiber,

2000] which distinguishes directional communications between variables of a system.

This probabilistic measure has been used in a variety of fields such as neuroscience

[Vicente et al., 2011; Ding et al., 2006], the study of chemical processes [Bauer et al.,

2007] and cellular automata [Lizier et al., 2008]. A more general form of the transfer

entropy that has an augmented time–delay parameter can detect the propagation

time in addition to the asymmetric information transfer between observed signals

[Wibral et al., 2013].

Before establishing the general notion of information transfer [and transfer en-

126



tropy], a practical definition of causality was proposed by Wiener [Wiener, 1956] and

later adopted and formalized in terms of linear autoregression by Granger [Granger,

1969, 1980]. Later, it was shown that Granger causality can be considered in the

context of information transfer, and is equivalent to transfer entropy for Gaussian

variables [Barnett et al., 2009]. Although the standard [linear] Wiener–Granger

method was first introduced for economic systems, the method and its extended

nonlinear versions gained widespread use in other fields like neuroscience and finan-

cial market [Hlavkov-Schindler et al., 2007; Bressler and Seth, 2011; Barnett and

Seth, 2014; Chen et al., 2004; Marinazzo et al., 2008; Hiemstra and Jones, 1994].

According to Wiener–Granger causality definition, a candidate driver is among the

drivers of a response signal if the response prediction error increases significantly by

removing the candidate driver data from the universe of all drivers. More precisely,

given sets of interdependent variables X and Y, it is said that “X causes Y” if, in an

appropriate statistical sense, X assists in predicting the future of Y beyond the de-

gree to which Y already predicts its own future [Barnett et al., 2009]. The Granger

method is a forward method as it uses the driver data to predict the response. An

important characteristic of the Granger method is that it requires the signals to be

separable and have non–zero entropy rates [Cover and Thomas, 2012]. In a sepa-

rable system it is possible to separate a candidate driver’s data from other factors,

thus enabling prediction to be conducted using data sets including and excluding

the candidate driver. Separability is a restrictive conditions since many observed

signals of interest are from deterministic nonlinear systems with interdependence

and feedbacks between state variables, resulting in mixed information from different
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sources.

Although the transfer entropy and Granger causality provide valuable statis-

tical information about the observed signals and their asymmetric connectivity, the

true causal relationship between variables of a system can only be identified by

intervention, i.e., perturbing the candidate cause variable to investigate its direct

influence on the response variable. Information flow was proposed as a quantitative

measure of intervention. This Bayesian probabilistic measure quantifies the distri-

bution of a response variable as a result of “imposing” conditions. However, there

are some practical limitations for applying this measure and detecting real causal

relationships in realistic systems. For example one may need to know about the

structure of causal links of a network or the underlying rules of the causal interac-

tions which are the purpose of a causality study (the back–door adjustment criterion

was proposed to solve this problem in certain condition) [Pearl, 2000; Ay and Polani,

2008; Lizier and Prokopenko, 2010].

Sugihara et al. [2012] investigated the problem of causality from a new per-

spective, proposing the Convergent Cross Mapping (CCM) method for determinis-

tic nonlinear systems with smooth manifolds. The fundamental idea of the CCM

method is that if Y is causally influenced by X, then Y has signatures of X such that

the historical record of Y can reliably estimate the state of X. Therefore, a better

estimate of the driver variable, X, shows stronger causal influence on the response

variable, Y.

It is important to note that: (i) unlike Granger causality that uses prediction

as its fundamental basis, the CCM method is not based on prediction of a variable,
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(ii) the CCM method does not apply Bayesian probability, the core concept of the

transfer entropy and information flow measures, and (iii) true causality can only be

established using interventions and all other methods, including CCM, Granger and

information transfer, just deliver a ”best guess”.

Sugihara et al. [2012] showed that CCM can identify unidirectional and bidi-

rectional causation, and dominant driver, in weakly coupled nonlinear systems with

constant coupling coefficients. They presented successful applications of the CCM

method in ecology, biology and geoscience [Sugihara et al., 2012; Deyle et al., 2013;

van Nes et al., 2015]. Our study is motivated by the need to identify the dominant

constituent in systems that are speculated to have time–varying interconnections

such that switching happens between the dominant elements in different time pe-

riods. As an example we may refer to the challenging problem of identifying the

driver–response or dominant variables of the global climate system from geophysi-

cal records of greenhouse gases such as CO2 concentration and temperature proxy

[Monnin et al., 2001; Caillon et al., 2003; Shakun et al., 2012]. For this purpose, we

consider coupled systems that (i) have variable coupling parameters in sequential

periods, and (ii) the larger coupling coefficient is not fixed for a specific sub–system.

Thus, we may observe switching between the dominant sub–systems during succes-

sive periods. We investigate whether CCM can identify the leading sub–system 2

from a pair of coupled sub–systems under different conditions of our interest. To do

that, we perform numerical experiments with different [linear] coupling schemes of

2The leading sub–system is defined as the system with a larger average coupling coefficient over

specified intervals of the time–series assuming that the coupled systems have the same time scales.
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Lorenz system [Lorenz, 1963] with asymptotic synchronization [Yang et al., 2006].

We consider periodic–constant (case I), normally distributed (case II), and mixed

normally/non–normally distributed (case III) coupling coefficients. We also inves-

tigate the CCM results in presence of temporal uncertainties and additive noise

(case IV). Our results indicate that CCM can identify the leading sub–system, ex-

cept when the average coupling coefficients are approximately equal and the leading

sub–system is not well-defined.

This article is organized as follows. Section §4.2 covers mathematical details

of the CCM method, and section §4.3 describes the coupling schemes. In section

§4.4 we show results of the numerical experiments. In section §4.5 we summarize

and discuss our findings.

4.2 Method

In the CCM method, it is assumed that a response signal has signatures from

its driver so that the approximate behavior of the driver can be estimated (or recov-

ered) from the response signal. Thus, a better estimate of the driver shows stronger

causal influence on the response variable. To implement the CCM method, we use

the concept of one–to–one mapping between the original smooth manifold of the

[full] system and the compact reconstructed phase spaces (shadowing manifolds)

of the observed signals [Takens, 1981; Sauer et al., 1991]. If the two observed sig-

nals belong to a same dynamical system, by considering the original manifold as

an interface, it is known that there is a one–to–one mapping between the two re-
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constructed phase spaces. If the dimension of the reconstructed phase spaces are

selected based on the false neighborhoods method criteria [Cao, 1997], arbitrary

nearby points on the driver’s reconstructed phase space map to nearby points on

the original attractor. Because of causal influence of the driver, the nearby points

on the original manifold stay close on the reconstructed phase space of the response

signal. The stronger causal influence of the driver on the response, the closer would

be the mapped points of the response signal on its shadowing manifold [Sugihara

et al., 2012].

In this section, we assume without loss of generality that x(t) is the driver and

y(t) is the response. The time–series x(t) and y(t) are sampled at equally spaced

times ∆t, 
xn = x(t) = x(t0 + (n− 1)∆t)

yn = y(t) = y(t0 + (n− 1)∆t)

(4.1)

where n = 1, 2, · · · , N , and N is the total number of data points in each

time–series. We set t0 = 0 to simplify the notation. We use [x(t), y(t)] and [xn, yn]

notations interchangeably.

CCM uses the time–delay coordinates to reconstruct the phase spaces of the

L-point windows from the time–series x(t) and y(t) [Deyle and Sugihara, 2011]. The

L-point windows are defined as
W i,L
x = {xi, xi+1, · · · , xi+L−1}

W i,L
y = {yi, yi+1, · · · , yi+L−1}

(4.2)

for i = 1 to i = N + 1− L and Lmin 6 L 6 Lmax. We define Lmin and Lmax below.

The L-point windows sweep the entire time–series x(t) and y(t) (see Fig. 4.2a).
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We use the average mutual information measure I, a nonlinear generalization

of the correlation function, to select the time lags τ as an integer multiple of ∆t.

This measure shows the average amount of information about a signal at t+ t′, i.e.,

s(t+ t′), when s(t) is observed

I(t′) =
N∑
n=1

P (s(t), s(t+ t′)) log2

[
P (s(t), s(t+ t′))

P (s(t)), P (s(t+ t′))

]
, (4.3)

where P (s(t), s(t + t′)) is the joint probability of measuring s(t) and s(t + t′). We

choose τ where the first minimum of I(t′) occurs [Takens, 1981; Fraser and Swinney,

1986; Abarbanel, 1996].

We employ the false neighborhood method to determine the embedding dimen-

sion, E. The correct embedding dimension prevents self overlapping of the projected

manifold. Therefore, “if E is qualified as an embedding dimension by the embedding

theorem [Takens, 1981; Sauer et al., 1991], then any two points which stay close in

the E-dimensional reconstructed space will be still close in the (E + 1)-dimensional

reconstructed space. Such a pair of points are called true neighbors, otherwise, they

are called false neighbors” [Cao, 1997].

By these two parameters, i.e., τ and E, we generate the time–delay coordinates

as well as the reconstructed phase space resembling the original manifold of the

attractor. The E-dimensional time–delay coordinate vectors corresponding to W i,L
x

and W i,L
y are shown as

mi,L
x (t) = [x(t− (E − 1)τ), · · · , x(t− τ), x(t)]

mi,L
y (t) = [y(t− (E − 1)τ), · · · , y(t− τ), y(t)]

(4.4)
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for t = (i− 1)∆t+ (E − 1)τ to t = (i+ L− 2)∆t. Limits of t are chosen such that

the first/last component of mi,L vectors corresponds to the first/last point of W i,L

windows. The reconstructed phase spaces are


M i,L

x =
{
mi,L
x (t)

}
M i,L

y =
{
mi,L
y (t)

} (4.5)

each containing L− (E − 1)(τ/∆t) vectors.

After reconstructing the phase spaces, sufficient numbers of nearest neighbor

points are selected for each E-dimensional vector in M i,L
y , referred to as a Y–central

point, Yc (see Figure 4.2b). The neighbor points are denoted by Yj, ordered by their

distance, dj, to Yc, from nearest to farthest. Therefore Y1 is the nearest neighbor to

Yc. The number of selected neighbor points should be equal or larger than E + 1

so the simplex method can represent the dynamics on an E-dimensional manifold

[Farmer and Sidorowich, 1987]. This requirement specifies Lmin = (E + 2) + (E −

1)(τ/∆t). We use the corresponding contemporaneous points of the Yj in Mx,

denoted by Xj, to calculate the position of a single point that represents them, X̂.

We define the exponentially decaying weights based on the distances between the

Yc and its neighbor points, dj, as
uj = exp

(
− ‖dj‖
‖Yc − Y1‖

)
ωj =

uj∑
uj

(4.6)

where ‖·‖ is the Euclidean norm. The position of the representative point in Mx is

calculated as
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L point windows

Mx My

a) b)

YjXj

Figure 4.2: (a) Two time–series x(t) and y(t) and a schematic of the L-

point windows with different lengths sweeping the whole span of the

time–series. (b) A schematic of the reconstructed phase spaces of the L-point

windows corresponding to two time–series. For each E-dimensional Y–central point,

Yc, in the response reconstructed phase space, My, a sufficient number of nearest

neighbor points are selected (empty circles, Yj, right) and their distances, dj, to Yc

are determined. For each neighbor point its contemporaneous point in the driver

reconstructed phase space, Mx, is determined (empty circles, Xj, left). The weighted

average of these points, X̂, is compared with Xc, the true contemporaneous point

in Mx corresponding to Yc. The CCM coefficient, ρ(L), is defined as the correlation

coefficient between X̂ and Xc, averaged over all possible L-point windows.

X̂ =
∑

ωjXj. (4.7)

The set of these recovered points,
{
X̂
}

is the recovered phase space. If x(t) and

y(t) are dynamically coupled,
{
X̂
}

should be strongly correlated to Mx = {Xc},

where Xc is the correspondent point to Yc (see the star and black filled circle in
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Fig 4.2b). In addition, as L increases, the density of the points in the reconstructed

phase space increases, hence the distances between the nearest neighbors shrink.

Thus, X̂ converges to a vicinity of Xc that becomes smaller as the causal effect of

the driver increases. Therefore, the CCM coefficient, ρ(L), as a measure of causal

relationship between the [candidate] driver and the response signal is defined as

the correlation coefficient between X̂ and Xc, averaged over all possible L-point

windows,

ρX̂|My
(L) =

〈
cov(X̂,Xc)

σX̂σXc

〉
L

. (4.8)

Providing a causal relationship between the signals, ρ converges to a constant

equal or less than one. Note that 〈·〉L indicates averaging over all L-point windows,

and X̂ | My emphasizes that X̂ is estimated given My. If we study the opposite

roles, that is y(t) as the driver and x(t) as the response, the CCM coefficient would

be shown by ρŶ |Mx
. In section §4.3 we simplify this notation by setting ρX̂|Y = ρX̂|My

and ρŶ |X = ρŶ |Mx
.

It is important to note that: (i) the CCM method can investigate causal re-

lationship over any window of the time–series that contains sufficient information

about the attractor of the dynamical system. In case of nonstationary signals, the

CCM results during the considered time interval are presumably valid if the original

manifold and the reconstructed phase spaces do not have significant changes, that

is near–stationary condition holds. A general case of nonstationary signals analysis

with the CCM method is left for future work. (ii) CCM only considers the past
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data and does not attempt to predict the signals. Therefore, CCM could be ro-

bustly applied to chaotic systems, where predictions may rapidly diverge from the

true/observed states. (iii) The identified causal relationship by the CCM method

is not exclusive, i.e., the identified driver might be one of the many drivers of the

system. Therefore, in systems with multiple variables the CCM method can be

applied and repeated for different combination of candidate driver and response sig-

nals. (iv) Our results (not shown here) show that the CCM method is not sensitive

to increases in the embedding dimension if that parameter is chosen with respect to

the results of the false neighborhood method. By increasing the embedding dimen-

sion beyond what is prescribed by the false neighborhood method, computation cost

increases because the search process for the nearest neighbors should be performed

in a larger space dimension but the CCM results remain almost unchanged because

the extra dimensions do not add new information. In addition, the CCM results

are not sensitive to small changes of τ if that embedding parameter remains in the

vicinity of the first minimum of the average mutual information measure.

4.3 Experiment design with coupled Lorenz systems

In order to study the applicability of the CCM method to [strongly] coupled

systems with variable coupling coefficients, we apply it to a pair of identical Lorenz

systems [Lorenz, 1963], LX and LY , coupled with different coupling schemes. We

choose to study synchronized dynamical systems, in which the coupling is canoni-

cally between two identical [sub-]systems coupled simultaneously with a linear cou-
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pling term where the dominant element is clearly identified by its larger coupling

coefficient. Study of synchronized dynamical systems has expanded beyond the

canonical case to included “generalized synchronization” [Hunt et al., 1997], in which

the two systems differ. Other work in synchronized dynamical systems has studied

“lagged synchronization” [Pecora et al., 1997]. Since this application of the CCM

method is new, we choose to focus on the canonical representation of the prob-

lem and allow for similar extensions in future work to address these more complex

variations of the general problem.

The general form of LX and LY is given by (4.9).

LX


ẋ1 = σ (x2 − x1) + kµµ (y1)

ẋ2 = x1 (ρ− x3)− x2

ẋ3 = x1x2 − βx3

LY


ẏ1 = σ (y2 − y1) + kηη (x1)

ẏ2 = y1 (ρ− y3)− y2

ẏ3 = y1y2 − βy3

(4.9)

The parameters of the Lorenz–63 systems are (σ, ρ, β) = (16, 45.92, 4) through-

out this paper. µ and η are the coupling coefficients, and kµ and kη are the binary

on–off switches. Variations of the coupling coefficients, activation of the on–off

switches, and duration of successive periods are discussed in section §4.4.

We investigate whether CCM can distinguish the leading system by detecting

the difference between the CCM coefficients ρX̂|Y and ρŶ |X . We probe one signal

from each system, x1(t) and y1(t) in the following experiments. When the two
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systems are strongly correlated, for example, due to a strong feedback loop, ρX̂|Y

and ρŶ |X are close to each other for large L’s. Thus, one must investigate small

differences between ρX̂|Y and ρŶ |X .

A brief description of the four experiments is as follows. In case I, LX and

LY are coupled by a periodic on–off switching mechanism and constant coupling

coefficients during all periods. We cover 100 different combinations of coupling

coefficients. In case II, both coupling coefficients in all periods are normal random

variables with specified mean and standard deviation. In case III, one of the coupling

coefficients is a normal random variable and the other one is from a Weibull (skewed

non–normal) distribution [Rinne, 2008]. In case IV, we consider the original pairs

of signals from cases II and III and impose relative temporal shifts (representing

temporal uncertainties) and also additive Gaussian noise. It is notable that, in all

cases, due to bidirectional coupling in system (4.9), we observe quite high degree of

correlation between the probed signals x1(t) and y1(t), unless the two systems have

different amplitudes and scales, as in the case of the ocean–atmosphere model [Peña

and Kalnay, 2004].

As discussed in section §4.2, by increasing the length of the L-point windows

ρ(L) converges to a constant provided that the two signals are dynamically con-

nected. In our experiments, convergence of ρ(L) over the range L = 25 to 500 is

tested. We observe negligible variations in the CCM coefficients for L > 300. To

be on the safe side, we choose L = 500 to report all the CCM coefficients. This

choice of L is equivalent to 0.5 time unit since we sample the signals 1000 times per

non–dimensional time unit.
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4.4 Experiment results

Below we present the results of four sets of numerical experiments with the

system (4.9).

4.4.1 Case I: Coupled Lorenz systems, periodic–constant coupling

coefficients

In this case, coupling coefficients µ and η assume constant integers 1 to 10,

resulting in 100 combinations, during 10 consecutive periods of the time–series, each

spanning 10 non–dimensional time units. The switching mechanism is controlled by

kµ and kη, such that in odd periods kµ = 0 and kη = 1 and in even periods kµ = 1

and kη = 0 as described in (4.10).


(η, µ) = int[1 : 10]× int[1 : 10]

kη = 1 odd periods, 0 even periods

kµ = 0 odd periods, 1 even periods

(4.10)

Figure 4.3a shows ρŶ |X at L = 500 for different values of µ and η and random

initial conditions. We observe similar patterns in ρŶ |X and ρX̂|Y (not shown here)

such as vertical and horizontal bands. For example, we see a blue horizontal band

near µ = 1 in Fig. 4.3a. Showing that the influence of LY on Lx is small. Therefore,{
Ŷ
}

(the recovered phase space of LY from LX), is poorly correlated to My (the

reconstructed phase space of LY ), hence the small values for ρŶ |X on the band.

Another observed pattern is the high values of ρ in the regions with the strongest

139



coupling between the two sub–systems (high µ and η), showing the large mutual

influence between the two systems.
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Figure 4.3: Case I. (a) ρŶ |X at L = 500 over the range of µ and η given by (4.10)

and for random initial condition. (b) Difference between the CCM coefficients,

∆ρ = ρŶ |X − ρX̂|Y , at L = 500 over the specified range of µ and η.

To address the main question of this study we investigate ρŶ |X − ρX̂|Y . We

expect that if LY is the leading sub–system, then ρŶ |X is larger than ρX̂|Y and

similarly, ρX̂|Y is larger than ρŶ |X if LX is the dominant sub–system. Referring to

Fig. 4.3b, when µ > η we observe that ρŶ |X > ρX̂|Y (upper diagonal of Fig. 4.3b)

and when η > µ , ρX̂|Y > ρŶ |X (lower diagonal of Fig. 4.3b).

This numerical experiment with 100 combinations of coupling coefficients shows

that even when ρ values are close to each other (ρŶ |X ≈ ρX̂|Y ), CCM can capture

the leading system through small differences between the CCM coefficients, except

for µ ≈ η where neither system is leading.
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4.4.2 Case II: Coupled Lorenz systems, normally distributed cou-

pling coefficients

In section §4.4.1, we studied CCM’s capability to identify the leading system

in coupled systems with periodic constant coupling coefficients. A more general

and realistic case is a system with randomly distributed coupling coefficients and

with random period’s length. Therefore, in this section we choose the coupling

coefficients from normal distributions. Note that these coefficients are constant

during each period. In equation (4.9) we set η = ηN and µ = µN where subscript

N stands for normal random variables. We set the mean and standard deviation

of the coupling coefficients such that the ratio of the averaged coupling coefficients

ηN/µN covers the approximate range (0.5, 5). The switching coefficients, kη and kµ,

are kept on for all periods in order to have bidirectional communication between the

two sub–systems. We also choose the duration of each period, Ti, from a normal

distribution as described in (4.11).



kη = 1, kµ = 1 for all periods

η = ηN = N (5.5, 2)

µ = µN = N (α, 2) | α ∈ int[1 : 10]

Ti = N
(
T = 10, σ = 2

)
| i ∈ int[1 : 20]

(4.11)

Again, to address the main question of this study we investigate the difference

between the CCM coefficients, ∆ρ = ρX̂|Y − ρŶ |X , at L = 500 as a function of

ηN/µN , where ηN and µN are the mean values of ηN and µN over the entire time–

141



series. Fig. 4.4a shows that the difference between the CCM coefficients is negative

for (ηN/µN) < 1 and positive for (ηN/µN) > 1. We also observe a close to linear

relationship between ηN/µN and the difference between the CCM coefficients (∆ρ)

in the considered range of the coupling coefficients.
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Figure 4.4: Case II. (a) The difference between the CCM coefficients, ∆ρ = ρX̂|Y −

ρŶ |X , at L = 500 as a function of the ratio of the averaged coupling coefficients,

ηN/µN . (b) Monte Carlo simulation of 1000 independent realizations of (4.11) to

calculate ∆ρ at L = 500 as a function of ηN/µN . ηN and µN are the mean values of

ηN and µN over the span of the time–series. Quadrants are shown by the bold lines.

We extend this analysis using the Monte Carlo method. We generate 1000

independent realizations of the coupled system for each α ∈ int[1 : 10] (thus, we

have 10,000 individual data points) and calculate the difference between the CCM

coefficients at L = 500. As we observe in Figure 4.4b, ∆ρ is negative for almost

all realizations when (ηN/µN) < 1 and positive when (ηN/µN) > 1. Note that the

distribution of the points on two sides of (ηN/µN) = 1 depends on the definitions

of ηN and µN in (4.11).
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The placement of the data points on the first and the third quadrants in Figs.

4.4a and 4.4b shows that CCM can determine the leading system when the coupling

coefficients are normally distributed except when ηN ≈ µN which means that the

leading sub–system is not well–defined.

Referring to (4.8), ρ(L) is obtained by averaging over all possible L-point

windows. Thus, one might be concerned whether the difference between ρ values,

i.e., ∆ρ = ρX̂|Y − ρŶ |X , is statistically significant and meaningful. To address this

concern we perform a non–parametric one–sample Kolmogorov–Smirnov test for all

data points of Fig. 4.4a. Results of this test, for ρX̂|Y and ρŶ |X , fail to reject the null

hypothesis that the data in vector ρs comes from a standard normal distribution at

0.1% significance level. Next, a group t-test show that for all the data points the

obtained t values exceed the required minimum corresponding to a critical p–value

of 0.01 and therefore we can say that the differences are significant at that level. For

example for the smallest absolute value of ∆ρ in that figure, the calculated t value

equals 3.16 which is larger than 2.58 corresponding to 0.01 critical p–value. These

numerical values correspond to the sample size of the L-point windows at L = 500.

Therefore, we can reject the null hypothesis (no significant difference between the

mean value of ρ).
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4.4.3 Case III: Coupled Lorenz systems, normally and non–normally

distributed coupling coefficients

For numerical experiments §4.4.1 and §4.4.2, we considered constant and nor-

mally distributed coupling coefficients, respectively. In case II, the difference be-

tween the two coupling coefficients is also a normal variable because both coeffi-

cients are normal variables. In case III to further generalize our study, we break

the symmetry of the coupling coefficients by choosing one of them from a normal

and the other from a non–normal random distribution. By this selection, the differ-

ence between the coupling coefficients is not a normal variable. We set η = ηN as in

§4.4.2 but choose µ = µWb from Weibull distributions [Rinne, 2008]. As before, each

time–series consists of twenty periods with normally distributed length (during each

period, the coupling coefficients are constant). The current setting is summarized

in (4.12).



kη = 1, kµ = 1 for all periods

η = ηN = N (5, 2)

µ = µWb = Weibull(α, 1.2) | α ∈ int[1 : 11]

Ti = N
(
T = 10, σ = 2

)
| i ∈ int[1 : 20]

(4.12)

Parameters of the Weibull distribution are chosen in order to have sufficient

values of ηN/µWb both below and above one. The same reasoning also applies

to setting (4.11) of experiment case II. Figure 4.5 shows the asymmetric Weibull

probability density function for the parameters of (4.12).
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Figure 4.5: Weibull probability density function for α ∈ int[1 : 11] and shape

factor equal to 1.2 in 4.12.

Similar to cases I and II we investigate the ∆ρ = ρX̂|Y − ρŶ |X as a function

of ηN/µWb at L = 500 (see Fig. 4.6a). Similar to Fig. 4.4a, we observe that

∆ρ is negative for (ηN/µWb) < 1 and is positive for (ηN/µWb) > 1 that supports

our expectation about the ability of the CCM method to distinguish the leading

sub–system.

We employ the Monte Carlo method to generate 1000 independent realizations

of the coupled Lorenz systems with setting (4.12) (thus, we have 11,000 individual

data points). Then we calculate ∆ρ for each realization at L = 500, shown in

Fig. 4.6b. We again observe that ∆ρ is negative for (ηN/µWb) < 1 and positive

for (ηN/µWb) > 1 except for a small fraction of points around ηN/µWb ≈ 1 where

essentially the leading system is not well–defined. Therefore, CCM can distinguish

the leading sub–system in a coupled system with normal/non–normal coefficients,

except when the two sub–systems have almost equal coupling coefficients. We also

note that in both cases II and III, detection of the leading sub–system is more
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Figure 4.6: Case III. (a) ∆ρ = ρX̂|Y − ρŶ |X at L = 500 as a function of ηN/µWb.

(b) 1000 independent realizations of (4.12) and the corresponding ∆ρ at L = 500

as a function of ηN/µWb . ηN and µWb are the mean values of ηN and µWb over the

span of the time–series. Quadrants are shown by the bold lines.

reliable for larger values of (η/µ).

Here in contrast to the case II, we notice a nonlinear relationship between ∆ρ

and ηN/µWb, i.e., the rate of change of ∆ρ decreases rapidly as ηN/µWb increases.

Thus, we see a faster saturation in Figure 4.6 compared to Figure 4.4. Also, non–

symmetric distribution of the data points around the vertical line ηN/µWb = 1 in

Fig. 4.6b is due to the range of ηN/µWb according to (4.12), which has a longer tail

on the right hand side (ηN/µWb > 1). If we plot −∆ρ = ρŶ |X−ρX̂|Y vs. µWb/ηN , we

would see a similar trend as in Fig. 4.6b, although some ranges are non overlapping

due to asymmetric distribution of the coupling coefficients.

Similar to case II, we repeat the statistical one–sample Kolmogorov–Smirnov

and t-test for ∆ρ values of Fig. 4.6a. In this case, except one data point, which

is the closest one to the vertical axis ηN/µWb = 1, all other data points have t
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values larger than the required minimum corresponding to a critical p–value of 0.01.

Therefore we can say that the differences are significant at that level and reject the

null hypothesis.

4.4.4 Case IV: Coupled Lorenz systems, temporally shifted and noisy

signals

In this section, we investigate the ability of the CCM method for detecting the

leading system in the presence of chronological uncertainties (temporal uncertainty

between the two time–series) and also additive Gaussian white noise. We simulate

the chronological uncertainties by relative shifting of the two time–series. We take

the signals from case II and III and apply relative shifts of 2.5 and 5% of the full

length of the time–series.

For the additive Gaussian white noise we consider a normal random variable

with zero mean and standard deviation of 5 and 10% of the standard deviation of

the original signals of cases II and III. By this choice, the signal–to–noise ratios

(SNR) are equal to 400 and 100 respectively, that show moderate noise levels.

As before, we compute ∆ρ with respect to the ratio of the averaged coupling

coefficients, i.e. (η/µ), for different conditions. Results of the experiments with

chronological uncertainties and additive noise (see Figs. 4.7 and 4.8) show the same

features of Figs. 4.4a and 4.6a. For example ∆ρ is negative when (η/µ) < 1 and

positive when (η/µ) > 1 with few exceptional data points in each figure that are close

to (η/µ) = 1. Also, we observe almost linear distribution of the data points in Figs.
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4.8a and 4.8a similar to the results of case II, Fig. 4.4a, and nonlinear distribution

of the data points in Figs. 4.8b and 4.8b similar to case III, Fig. 4.6a. These results

show that the CCM results are robust to the imposed temporal uncertainties and

additive white noise especially for larger ratio of the coupling coefficients.
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Figure 4.7: Case IV. The experiments with temporal uncertainties. (a) ∆ρ

at L = 500 as a function of ηN/µN for shifted signals of case II. (b) ∆ρ at L = 500

as a function of ηN/µWb for shifted signals of case III. Quadrants are shown by bold

lines.

4.5 Summary

There is general interest in determining causal relationship between variables

of a physical system. Therefore, establishing a method for causality analysis is of

paramount importance [Pearl, 2000]. Linear lead–lag analysis is commonly applied

to underpin causal relationship when there are some evidences about the internal

mechanisms of the system. But quite frequently, two signals show inconsistent lead–

lag behavior in different time windows due to nonlinearities of the system. Therefore,
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Figure 4.8: Case IV. The experiments with two levels of additive Gaussian

noise. (a) ∆ρ at L = 500 as a function of ηN/µN for signals of case II. (b) ∆ρ at

L = 500 as a function of ηN/µWb for signals of case III. Quadrants are shown by

bold lines.

this method can not conclusively determine causality over the full time span of

observed signals. Introducing Granger causality [Granger, 1969] was a turning point

in that field. Granger proposed his practical method based on Wiener’s definition

of causality that is founded on the idea of predictions of a variable both with and

without a candidate driver. If forecast is significantly improved when the information

of candidate driver is included in the set of predictors, the Granger method concludes

that the candidate signal is a driver. The concept of information transfer and

transfer entropy as a measure of directional communication between elements of

a system [Schreiber, 2000] was an important achievement that opens the door to

many practical causality investigations. Later, it was found that Granger causality

and transfer entropy are equivalent for Gaussian variables [Barnett et al., 2009].

Although information transfer measures provide important understanding about
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the directional interconnections of a system, they do not identify true instantiated

causal relationship in a system. It was shown that interventional methods and

information flow are the appropriate concept and measure to identify micro–level

causal relationships [Lizier and Prokopenko, 2010].

Sugihara et al. [2012] proposed a new idea about causality analysis applicable

to deterministic nonlinear systems based on cross convergent mapping between shad-

owing manifolds. They successfully applied the CCM method to analyze causality

in weakly coupled systems with constant coupling coefficients.

This study was inspired by identifying the leading element in systems that

are speculated to have time–varying internal connections with probable change of

dominant sub–system in different periods (e.g., the global climate and the earth sys-

tem that has several interconnected sub–systems). For the first time, we addressed

applicability of the CCM method to coupled systems with time–varying coupling

coefficients and switching between dominant elements in different periods. We con-

ducted four sets of numerical experiments: I) periodic–constant coupling coefficients,

II) normally distributed coupling coefficients, III) mixed normally and non–normally

distributed coupling coefficients and IV) imposed temporal uncertainties and addi-

tive noise to the observed time–series of cases II and III. We investigated whether

the CCM method can identify the leading sub–system that has a larger average

coupling coefficient over the entire span of the time–series.

Our main conclusions are:

1. If the averaged coupling coefficients are not approximately equal, i.e., η 6≈ µ,
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and a leading system exists, then the CCM coefficient of the leading system

is significantly larger than the CCM coefficient of the system with a smaller

average coupling coefficient.

2. If the ratio of the average coupling coefficients is close to one (η/µ ≈ 1), the

leading system is not well–defined and the CCM method is not applicable.

3. The CCM results are quite robust to temporal uncertainties and also moderate

level additive Gaussian noise.

4. For normally distributed coupling coefficients (case II), a [close to] linear re-

lationship between ∆ρ and the ratio of the average coupling coefficients is

observed (in the range of the selected coefficients).

5. For mixed normally and non–normally distributed coupling coefficients (case

III), a nonlinear relationship between ∆ρ and the ratio of the average coupling

coefficients is observed (in the range of the selected coefficients).

According to these observations, we conclude that when the ratio of the average

coupling coefficients is not close to one, the CCM method can detect the leading

sub–system in a set of two coupled systems with time–varying coupling coefficients

— even in the presence of chronological uncertainties or additive Gaussian noise. We

anticipate the CCM method can be applied in atmospheric science, biology, ecology,

epidemiology, and sociology.
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Chapter 5: Climate model shows large-scale wind and solar farms in

the Sahara increase rain and vegetation

Wind and solar farms offer a major pathway to clean, renewable energies.

However, these farms would significantly change land surface properties, and, if

sufficiently large, the farms may lead to unintended climate consequences. In this

study, we used a climate model with dynamic vegetation to show that large-scale

installations of wind and solar farms covering the Sahara lead to a local temperature

increase and more than a twofold precipitation increase, especially in the Sahel,

through increased surface friction and reduced albedo. The resulting increase in

vegetation further enhances precipitation, creating a positive albedo–precipitation–

vegetation feedback that contributes ∼80% of the precipitation increase for wind

farms. This local enhancement is scale dependent and is particular to the Sahara,

with small impacts in other deserts. 1

1This chapter was published following peer-review as: Yan Li, Eugenia Kalnay, Safa Moteshar-

rei, Jorge Rivas, Fred Kucharski, Daniel Kirk-Davidoff, Eviatar Bach, and Ning Zeng. Climate

model shows large-scale wind and solar farms in the Sahara increase rain and vegetation. Science,

361(6406):1019–1022, September 2018.
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Editor’s Summary: More energy, more rain

Energy generation by wind and solar farms could reduce carbon emissions and

thus mitigate anthropogenic climate change. But is this its only benefit? Li et

al. conducted experiments using a climate model to show that the installation of

large-scale wind and solar power generation facilities in the Sahara could cause more

local rainfall, particularly in the neighboring Sahel region. This effect, caused by a

combination of increased surface drag and reduced albedo, could increase coverage

by vegetation, creating a positive feedback that would further increase rainfall.

Main Text

Limiting global warming to 2°C is essential for mitigating excessive damages

from climate change [McGlade and Ekins, 2015; Shindell et al., 2016; Seneviratne

et al., 2016]. Major global efforts and long-term policies are needed to attain the

corresponding level of decarbonization [Motesharrei et al., 2016; Jakob et al., 2014;

Millar et al., 2017]. Renewable energy sources such as wind and solar power have

become viable options (7) because of their abundant supply and wide availability

on Earth [MacDonald et al., 2016; Barthelmie and Pryor, 2014]. Extracting a small

fraction of the solar and wind energy available on Earth would be more than enough

to meet the total global demand of energy in all forms. This opens the possibility of

powering the world entirely with wind and solar energy, which is possible and has

been discussed in the literature [Miller et al., 2011; Hu et al., 2016; Lu et al., 2009;
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Marvel et al., 2013].

To substitute for the fossil fuels that currently still dominate worldwide elec-

tricity generation, as well as transportation, heating, and industrial energy demands,

more large-scale wind and solar farms would need to be installed throughout the

world. The installed wind turbines and photovoltaic panels would cover the land

and modify land surface properties (in particular, surface roughness and albedo,

respectively) and, if large enough, could have unintended consequences on local and

regional climate [Roy et al., 2004; Hernandez et al., 2014; Zhou et al., 2012]. Previ-

ous modeling studies have shown that large-scale implementation of wind and solar

farms can produce significant climate change at continental scales [Hu et al., 2016;

Keith et al., 2004]. However, in those studies, vegetation is prescribed rather than

dynamic — that is, either vegetation types and properties do not respond to the

changing climate caused by the large wind and solar farms or the vegetation changes

do not feed back onto climate. The lack of vegetation feedbacks could make the mod-

eled climate impacts very different from their actual behavior [Wang and Eltahir,

2000a,b], as vegetation dynamics [e.g., albedo, evapotranspiration, roughness, and

leaf area index (LAI)] have been proven to play a key role in the land-climate inter-

action [Zeng et al., 1999]. Vegetation feedbacks can either enhance or suppress the

initial climate changes triggered by land change [Kucharski et al., 2013; Zeng and

Yoon, 2009].

In our study, we used a climate model with dynamic vegetation to investigate

the climate impacts of large-scale wind and solar farms installed in the world’s

largest deserts. We primarily focused on the effect of such large wind and solar
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farms in the Sahara region (including the most arid parts of the Arabian Desert)

and the neighboring Sahel region for several reasons: (i) The Sahara is the largest

desert in the world and has a great supply of solar and wind energy. (ii) The

Sahara is sparsely inhabited, and thus the development of wind and solar farms

would have minimal competition for land surface area against natural and other

human land uses, such as agriculture [Hernandez et al., 2014]. (iii) The Sahel is a

transition region between desert and wooded savanna and, as such, is highly sensitive

to land changes [Wang and Eltahir, 2000a,b; Charney, 1975]. (iv) Both regions are

near Europe and the Middle East, areas with enormous current energy demand,

and sub-Saharan Africa, which has a large projected growth in energy demand

(see supplementary text). (v) Massive investment in solar and wind generation

could promote economic development in the Sahel, one of the poorest regions in the

world, as well as provide clean energy for desalination and provision of water for

cities and food production [Battisti and Naylor, 2009]. The wind and solar farms

simulated in this study would generate approximately 3 and 79 TW of electrical

power, respectively, averaged over a typical year (see supplementary text).

Our results show that the effects of the large-scale wind and solar farms in the

Sahara are most significant locally — i.e., at or near the locations of wind and solar

farms — with limited remote impacts (Fig. 1). The wind farm causes significant

regional warming on near-surface air temperature (+2.16 K), with greater changes

in minimum temperature than maximum temperature (+2.36 versus +1.85 K) (fig.

S1). This asymmetric temperature impact has been reported in both empirical

[Zhou et al., 2012] and modeling studies [Roy et al., 2004; Vautard et al., 2014].
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The greater nighttime warming takes place because wind turbines can enhance the

vertical mixing and bring down warmer air from above to the lower levels, especially

during stable nights [Roy et al., 2004; Roy and Traiteur, 2010]. Wind farms also

increase precipitation as much as +0.25 mm/day, averaged over areas with wind

farm installations, which results in the doubling of precipitation compared with the

control experiment (0.24 mm/day), particularly in the Sahel region, which features

an average increase of +1.12 mm/day (table S1). This is because the increased

surface friction reduces wind velocity and the associated Coriolis force, which leads

to a more dominant pressure gradient force toward the Saharan heat low that is

enhanced by the warming induced by wind farms. This produces surface conver-

gence and upward motion as well as moisture convergence and higher humidity (figs.

S3 to S5). The increase in precipitation, in turn, leads to increases in vegetation

cover fraction (+0.084), LAI (+0.50 m2/m2), and root carbon (+0.08 kgC/m2) that

further reduce surface albedo (figs. S2 and S5). These changes together trigger a

positive albedo–precipitation–vegetation feedback (21, 22). Additionally, the recov-

ered vegetation increases evaporation, surface friction, cloud cover (fig. S3), and

consequently, precipitation. The increased evaporation, which partially compen-

sates the increased net surface solar radiation, also plays an important role in local

precipitation enhancement (21). A slight cooling is observed in the wetter Sahel re-

gion because recovered vegetation increases evaporation and decreases sensible heat

flux. As expected, the increased drag at the surface due to wind turbines reduces

wind speed by ∼36% (fig. S1).

Impacts of solar farms on temperature and precipitation are markedly sim-
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Figure 5.1: Impacts of wind and solar farms in the Sahara on mean near-surface

air temperature (kelvin) and precipitation (millimeters per day). The impacts of

wind farms (A and B), solar farms (C and D), and wind and solar farms together

(E and F), respectively, are shown. Only areas where changes are significant at

the 95% confidence level (t test) are displayed on the map. Gray dots denote the

location of wind and/or solar farms. At the bottom of each plot, the number after

∆ represents the changes in climate (in either kelvin or millimeters of precipitation

per day) averaged over areas covered by wind and solar farms.

ilar to those of wind farms in terms of spatial patterns. This is because solar

panels directly reduce surface albedo and thus trigger a similar positive albedo–

precipitation–vegetation feedback to that of wind farms, and this feedback leads to

temperature and precipitation increase. The resulting warming is stronger in max-

imum temperature (+1.28 K) than in minimum temperature (+0.97 K) because
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albedo reduction mainly affects net radiation during daytime (fig. S1). Compared

with the control experiment, a 50% increase in precipitation (+0.13 mm/day) is

observed in solar farm locations in the Sahara, and an increase of +0.57 mm/day is

recorded in the Sahel (table S1). Unlike the wind farm experiment, the solar farm

experiment produces very little change in wind speed (fig. S1).

When wind and solar farms are deployed together in the Sahara, changes in

climate are enhanced. The precipitation in the Sahara increases from 0.24 mm/day

in the control run to 0.59 mm/day in the case of combined wind and solar farms, a

∼150% increase, whereas the temperature increase (+2.65 K) is only slightly larger

compared with that for the solar farm alone. Although the absolute amount of pre-

cipitation change averaged over the entire Sahara is low from these experiments (up

to +0.35 mm/day for the combined wind and solar farms), it should be emphasized

that the precipitation impact is not uniform across space. The most substantial

precipitation increase occurs in the Sahel, with a magnitude of change between

+200 to +500 mm/year (table S1), which is large enough to have major ecological,

environmental, and societal impacts.

Our simulations show that both the wind and solar farms in the Sahara con-

tribute to increased precipitation, especially in the Sahel region, through the posi-

tive albedo–precipitation–vegetation feedback. This positive feedback is established

through different mechanisms for wind and solar farms. For wind farms, the higher

surface roughness strengthens low-level convergence, leading to precipitation in-

crease in the Sahara [Sud and Smith, 1985]. For solar farms, the decreased albedo

associated with solar panels (i.e., the lower effective albedo of solar panels compared
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with the sand in the Sahara) results in more absorption of solar radiation and, hence,

surface warming, which leads to low pressure at the surface, as well as convergence,

rising motion, and consequently, more precipitation [Charney, 1975; Charney et al.,

1977]. The precipitation increase induced by either wind or solar farms, in turn,

increases vegetation cover and LAI, leading to further reduction in albedo and in-

crease in roughness, both of which help organize the moisture convergence that

drives the change in precipitation. These friction–precipitation–vegetation feed-

backs (wind farms) and albedo–precipitation–vegetation feedbacks (wind and solar

farms) are known as the Sud [Sud and Smith, 1985] and Charney mechanisms [Char-

ney, 1975; Charney et al., 1977], respectively. To quantify the contribution of these

two mechanisms, we carried out additional wind farm experiments in which both

mechanisms are present that can separate the climate changes induced by the ini-

tial roughness and the subsequent albedo changes due to vegetation feedback (Fig.

2). We found that for the temperature change, roughness and vegetation feedback

contribute almost equally (+1.00 versus +1.16 K). The roughness-induced warming

occurs because wind reduction weakens the near-surface vertical turbulence trans-

port [Wang and Prinn, 2010]. In contrast, for precipitation change, 80% of the

increase (+0.20 mm/day) comes from vegetation feedback, whereas roughness plays

only a secondary role, except as an initial trigger. These results suggest that the

absence of vegetation feedback in the model [Wang and Eltahir, 2000a,b] would con-

siderably underestimate the temperature and precipitation impacts of the large-scale

wind farms in the Sahara.

Although wind and solar farms both enhance precipitation in our experiments,
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Figure 5.2: Relative contributions of roughness change (Rough) and vegetation feed-

back (Veg) in the climate impacts of wind farms in the Sahara. Contributions in the

temperature (A, C, and E) and the precipitation (B, D, and F) impacts are shown.

The wind farm impact is produced by the initial roughness of wind turbines and the

subsequent albedo changes due to vegetation feedback. At the bottom of each plot,

the number after ∆ represents the changes in climate (in either kelvin or millimeters

of precipitation per day) averaged over areas covered by wind farms.

solar farms will not necessarily always increase precipitation through albedo changes.

The direction of precipitation change is largely determined by the sign of the albedo

change before and after a solar farm is installed. More specifically, it depends on

the conversion efficiency of the solar panel and the background environment albedo.

The precipitation increase in our solar farm experiments is due to the relatively

low conversion efficiency of the panels (15%, typical current conversion efficiency for
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photovoltaic panels), which results in albedo decrease (See Supplementary Materi-

als). However, if solar panel efficiency and the associated effective albedo are high

enough to lead to an albedo increase relative to the background environment (as,

for example, a 45% efficiency would), the climate impact would be surface cooling

with precipitation suppression (fig. S6), similar to the impact of overgrazing in the

desert [Charney, 1975]. Assuming an intermediate conversion efficiency higher than

15% for solar panels (e.g., 30% efficiency) results in negligible albedo change and,

thus, insignificant climate impacts (fig. S6).

In this study, we used a model running at a relatively coarse spatial resolution

to simulate the impact of wind and solar farms. However, the model has been shown

to be capable of capturing the large-scale impacts from changing albedo, roughness,

and vegetation responses [Zeng et al., 1999; Kucharski et al., 2013; Zeng and Yoon,

2009; Li et al., 2016a] and has skills comparable to those of other higher-resolution

models in simulating modern climate and multidecadal variability in this region in

multiple model intercomparison projects [Scaife et al., 2009; Xue et al., 2016]. Still,

uncertainties remain in the magnitude of climate response and the strength of vege-

tation feedbacks. The complexity of a global model also limits its ability in capturing

the impacts on synoptic and mesoscale weather processes. It is not clear if all of our

findings are directly applicable to wind and solar farms with a size much smaller

than the model grid. Nevertheless, the temperature impacts of wind and solar farms

in our study (i.e., the warming effect of wind farms and the albedo-dependent im-

pact of solar panels) are consistent with those reported in studies conducted at the

local scale [Millstein and Menon, 2011; Taha, 2013]. For the precipitation change,
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the impact is more uncertain due to its region-specific and scale-dependent nature.

We addressed these uncertainties by designing additional experiments (see Supple-

mentary Materials). We found that expanding the wind and solar farms from the

Sahara to the world’s other deserts does not significantly increase the climate impact

(fig. S7). The most significant impact is still concentrated in the Sahara and the

surrounding regions, whereas the impact is not significant in many other deserts, due

to their scattered geographical distributions, smaller sizes, and weaker changes in

albedo (fig. S8). Even in the Sahara, the wind and solar farms impacts also depend

on their specific location and spatial distribution, with uneven impacts when de-

ployed with different spatial configurations (i.e., the “checkerboard” and “quarter”

wind farm experiments represented in fig. S9). Therefore, to assess the impacts of

smaller-scale wind and solar farms installed at specific locations, further studies are

required, especially those using more advanced global and regional climate models

with higher spatial resolutions [Vautard et al., 2014].

Our results obtained from experiments performed with a climate model sug-

gest that, for installations of wind and solar farms with current conversion efficiency

in the desert at a scale large enough to power the entire world, the impacts on

regional climate would be beneficial rather than detrimental, and the impacts on

global mean temperature are still small compared with those induced by CO2 emis-

sion from fossil fuels [Seneviratne et al., 2016; Hu et al., 2016]. If carefully planned,

these farms could also trigger more precipitation, largely because of a previously

overlooked vegetation feedback. This highlights that, in addition to avoiding an-

thropogenic greenhouse gas emissions from fossil fuels and the resulting warming,
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wind and solar energy could have other unexpected beneficial climate impacts when

deployed at a large scale in the Sahara, where conditions are especially favorable

for these impacts. Efforts to build such large-scale wind and solar farms for elec-

tricity generation may still face many technological (e.g., transmission, efficiency),

socioeconomic (e.g., cost, politics), and environmental challenges, but this goal has

become increasingly achievable and cost-effective [Wu et al., 2017] (supplementary

text). These results indicate that renewable energy can have multiple benefits for

climate and sustainable development and thus could be widely adopted as a primary

solution to the challenges of global energy, climate change, and environmental and

societal sustainability [Motesharrei et al., 2016].
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Chapter 6: Conclusion and Future Directions

In this dissertation, I presented a suite of mainly published research papers

that employ methods from various fields of science, including Systems Science and

Dynamic Modeling, to investigate the effects of feedbacks in coupled systems. The

problems we investigated aim to address the sustainability challenges of the environ-

ment and society, especially the grand challenges of the Energy–Water–Food Nexus

[Biggs et al., 2015; Bazilian et al., 2011; Conway et al., 2015].

Chapter 5 showed extremely beneficial precipitation and vegetation impacts

of large-scale wind and solar farms in the Sahara. Their beneficial impacts on

rainfall are summarized below in Figures 6.1 and 6.2. Such innovative solutions

offer promising directions for addressing sustainability and climate challenges that

our planet and society are facing.

Potential future directions for the work presented in this dissertation could be

to:

1. develop the Energy Model, based on the framework established in HANDY2

(see Appendix C;

2. include the aerosol feedback in the coupled Climate–Vegetation model to in-

vestigate the effect of this feedback on the Sahara wind and solar farms results;
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Figure 6.1: Summary of beneficial rain impacts of large-scale wind and solar farms

in the Sahara. Average precipitation in the Sahara increases from 0.24 to 0.59

mm/day, and in the Sahel increases from 2.23 to 3.57 mm/day [Li et al., 2018].

3. include the effect of additional vegetation cover on land surface friction;

4. continue the Sahara simulations to find whether these wind and solar farms

might be able to trigger the return of the Sahara to its “Green Sahara” state

[Brovkin et al., 1998];
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Figure 6.2: Summary of relative change in precipitation as a result of large-scale

wind and solar farms in the Sahara. In the tropical region to the southeast of Sahel

where absolute decreases in precipitation can be up to 2 mm/day (see Fig. 6.1), the

relative precipitation change is negligible [Li et al., 2018].

5. develop a dynamic model for Agriculture and Food production, distribution,

and consumption;

6. develop a macroeconomic model for each of these sectors;

7. couple UMD–ICTP climate–vegetation model, COWA (Water), Energy, and

Agriculture models, together with macroeconomic model, initially for one re-
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gion;

8. eventually couple the full model for multiple regions to include trade (and

virtual trade) and investigate the sustainability of each sector, and the full

Earth–Human System, in each region, country, and globally.

Recent research has integrated biodiversity into a coupled human population

and natural resource model with feedbacks, highlighting the dangers of delayed ac-

tion to preserve the ecosystems [Lafuite and Loreau, 2017; Lafuite et al., 2017, 2018].

Henderson and Loreau [2018] developed a minimal dynamic model to investigate the

effects of feedbacks among agricultural land use, human population, and biodiver-

sity. Another group of researchers have, for the first time, developed a dynamic

human population model for an advanced ESM, Community Earth System Model

(CESM) [Navarro et al., 2017, 2018].

A key goal of such scientific and modeling effort is to detect signals about the

health and stability of these systems years and decades before potential catastrophes

endanger their survival. Work presented in this dissertation aims to show possible

explorations in that direction. Naturally, it is just a beginning of a long, curvy

path to understand and address a wide range of global environmental and social

problems, and to explore possible innovative solutions, such as massive wind and

solar farms. These models will allow us to propose, design, test, and improve science-

based policies that direct the system onto a sustainable path — to ensure a healthy

environment and a prosperous, productive life for current and future generations.

169



Appendix A: Supplementary Information for COWA: a Two-way Cou-

pled Human–Climate–Water Model to explore water

management options

A.1 Further thoughts and notes by Jorge Rivas and Safa Motesharrei

Another major finding emphasized in this paper is that our model shows that

public policies are fundamental to water resource management and furthermore that

these policies can be very successful. [See notes about Somalia. The Somalia case

shows that the lack of policies can be disastrous.]

Draft of Brief paragraph on Arizona water policies and the sources of success:

In contrast to other basins, such as California’s Central Valley list others

where groundwater stocks have declined substantially, groundwater stocks in the

Phoenix AMA have not been declining. The fundamental reasons for the success

of groundwater management in the Phoenix AMA are the public water manage-

ment policies explicitly designed to reduce groundwater withdrawals and artificially

recharge groundwater stocks. Artificial recharge is a means of storing currently

available excess water supplies to be used in the future. Artificial recharge has be-
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come a critical component of Arizona’s water supply management, driven by the

need to meet the targets of the 1980 Groundwater Management Code and many

other state and local statutes and policies, including the Underground Water Stor-

age and Recovery program established in 1986 and the Underground Water Storage,

Savings, and Replenishment Act (UWS), enacted in 1994 by the Arizona Legisla-

ture. The recharge management policies and programs are administered by Arizona

Department of Water Resources.

These policies are designed to store current excess flows of water underground

through artificial recharge in order to replenish over-withdrawal and ensure an ad-

equate supply for the future. Both the geology and desert environment of Arizona

makes artificial recharge of water underground both practical and cost-effective. The

current excess flows that are used for this artificial recharge themselves are also a

product of other policies and programs. Arizona is allotted X quantity of water,

through the CAP, which is diverted from the Colorado river system located outside

the basin and channeled to the basin by X kilometers of artificial canal.

Brief overview Paragraph of the policies:

Without these past policies, Arizona would not be have been able to sustain

even the population it currently has, much less an expanded population in the fu-

ture. For decades in Arizona groundwater was pumped from aquifers at higher

rates than naturally recharged back into the underground stocks, significantly de-

pleting many of the aquifers. As early as the 1950s groundwater depressions had

developed due to well extraction exceeding natural recharge depleting groundwater

stocks. In order to meet the challenges of this imbalance, state and local govern-
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ments responded with policies to artificially recharge groundwater stocks using both

artificial flows from outside the region as well as diversion of treated wastewater back

to into the aquifers using artificial recharge. The water is artificially recharged us-

ing Percolation Basins (depressed areas of land specifically designed to hold water

over a permeable substrate causing the water to percolate back into the ground to

recharge groundwater stocks) and Injection Wells(wells constructed specifically for

the purpose of injecting water back into the aquifer). Water use policies have also

been designed to encourage the use of renewable flows for direct usage rather than

rely on non-renewable stocks for direct usage. These recharge and usage policies are

combined with policies to encourage higher efficiency in water use, reduced leakage

and waste, and a transition away from higher-water intensity to lower-water uses

in economic activities and in residential design. The Phoenix AMA is mandated

by these policies to combine efficient water uses with decreased groundwater with-

drawals to be replaced by the increased use of renewable water supplies in order to

reach safe-yield levels by the year 2025.

Compare with the San Joaquin valley per capita water usage rates (and maybe

compare with average for the US).

Another example of how important policies are: Explain in the text of the

paper that governments have created the infrastructure and policies that divert a

certain amount of water from other regions to Arizona (“CAP” and “incidental”)

and that furthermore Arizona has enacted policies and infrastructure that use this

excess water to recharge GW levels. This is a very successful policy that is the

opposite of what is happening most elsewhere in the world where GW levels are
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being rapidly depleted (citations to literature).

Compare California’s rapidly declining GW levels with Arizona’s increasing

GW levels. This emphasizes how different policies can produce such different results

in two neighboring states, and also that the California water situation is unsustain-

able.

Also, if possible, it would help to show a comparison of % of California water

obtained from GW vs. from SW, and compare this with the Arizona %s. This

would also address whether the recent return of precip to Calif “solves” the water

crisis or whether California is essentially living off of GW depletion, which cannot

go on for ever.

If the California Central Valley per capita usage rates are significantly higher

than Arizona, then it would be really interesting to run the Arizona COWA model

with California Central Valley per capita usage rates to show how important reduc-

ing per capita rates has been for Arizona and also how important this is for the

effects in the future if they used as much per capita as Calif (i.e., GW depletion and

population decline much sooner). In fact, it might be interesting to try to obtain

California Central Valley water usage rates (where Ag-water usage is very high),

and also run the Arizona model using those. This would show how much sooner

the limits would be reached if per capita rates in Arizona were those of a high-Ag

region. Also, Ariz and Calif are right next to each other, and both are relatively

water-scarce regions, so they are meaningful comparisons (i.e., it’s not as if we were

comparing Arizona with Bangladesh or the Amazon).

This shows that water is a local spatial scale issue. Looking at averaged data
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for a larger region could be misleading, and becomes almost meaningless at large

scales, such as the whole US.

Including all these California comparisons will dramatically increase the im-

portance, relevance and urgency of the implications of the model and will also make

the paper a natural step towards doing the California model. It will also point out

that although the precipitation returned to California, the water crisis is not over.

If Arizona is not a high Agricultural producing state, then we are essentially

modeling a human consumption water model, whereas in most places Ag is the main

consumer of water. Compare with Calif.

Also: Is it the case that Arizona used to produce more high-water using Ag

but that it has shifted away from that and this has played a role in reducing per

capita consumption? [we should find out]. If so, we should point this out too.

The important implication of this is to point out that Arizona is importing part

of its water usage through its imports of Ag products (i.e., they are exporting their

water footprint). This is not possible everywhere because food has to be produced

somewhere.

Storing excess flow in reservoirs (above or below ground) does not increase the

long-term Water Carrying Capacity of the region. But In cases like Somalia, it does

significantly increase the resilience of the region to severe short- to medium-term

droughts.

In conflict-ridden regions such as Somalia, underground reservoirs would be

less susceptible to destruction.

(These last two points will go into the short Nature/Science paper for Somalia.)
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Add that Phoenix AMA does not have a large Ag sector, as opposed to Central

Valley. This means it receives virtual water imports via its food imports.

Going deeper in the ground for water becomes more expensive with depth,

hence many of the farms in CA, and even a whole town, went bankrupt due to the

expense of reaching the lower GW depths.

In the Phoenix AMA, Ag water consumption has gone down despite growing

population. But that means the water is being virtually imported through food

products.

This reduction in per capita consumption is not reproducible in other areas

because the reduction is dependent on the fact that urbanization in the Phoenix

AMA has displaced the most water intensive economic activity, i.e., Ag activity.

Other points raised by Lenny Konikow: Higher costs and lower withdrawal

rates as the wells go deeper. As GW goes lower, the withdrawals are automatically

curtailed due to the increased difficulty.

Tragedy of the Commons (or Prisoner’s Dilemma) explains the lack of incen-

tives for the farmers to conserve GW, since neighboring farms will take the GW

regardless.

Fights between states, e.g., Mississippi and Alabama, Colorado and Arkansas,

over water rights.
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A.2 Introduction

Over the last two centuries, the impact of the Human System has grown dra-

matically, becoming strongly dominant within the Earth System in many different

ways. Both population and per capita consumption have grown rapidly, especially

since about 1950, putting tremendous pressure on natural resources. The changes in

the Earth System have important feedback effects on the Human System. However,

current models that project the future of resources and humanity do not include such

feedbacks, even though they exist in reality. Following the framework proposed in

Motesharrei et al. [2016], we have developed a model by coupling Freshwater and

Human Systems with bidirectional feedbacks.

The Earth’s natural freshwater resources are expected to meet the supply needs

of the natural environments and human societies surrounding them. The perceived

value of water by its users is much higher in rain-fed, water-scarce or undeveloped

regions, where readily accessible potable water is limited, while the perceived value

is much lower in water-rich or developed regions, where water accessibility is less

difficult. Regardless of its perceived value, water resources are intrinsically valu-

able as water is a fundamental necessity for many important natural functions (e.g.,

climate, weather, soil dynamics, photosynthesis, etc.), basic human needs (e.g., hy-

giene, sanitation, hydration, etc.), and societal development needs (e.g., energy pro-

duction and cooling, irrigation, manufactured goods production, recreational uses,

etc.). Sustained access to freshwater can dictate the success or collapse of a natu-

ral environment or human society. Therefore, the sustainable management of the
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regional water supply has huge implications on human well being and productivity.

In order to efficiently, effectively and responsibly control water supply, it is

necessary to understand paths and flows of the supply/demand system which strad-

dles both natural and human elements. However, the natural-human water system

is a very complex system and therefore, simplified models can help assess applied ex-

periments with such complex systems which would otherwise be unimplementable.A

simplification of complex systems may lessen the model’s ability to capture point-

by-point precision, allows for the ability to realistically capture long-term behavioral

trends. Further, model experimentations provide insight towards the system’s reac-

tions to hypothetical scenarios of changes in policy or climate. The bidirectionally

coupled natural-human modeling structure shows significantly different projections

for population growth than uncoupled model projections, suggesting further analysis

of current modeling practices.

A.2.1 Problem Statement

Over the past few decades, an increase in global water resource awareness

[United Nations, 1992, 2003; Food and Agriculture Organization, 2007; World Bank,

2008a,b; United Nations, 2009; UNEP, 2012; Food and Agriculture Organization,

2013; United Nations, 2013a, 2015a] has driven national concern ( cite GAO, EPA,

DOE, ACE) for regional freshwater sustainability and sparked a wave of studies at

the local level as well (cite 1, 2, 3, 4). However, there has been no clear consensus over

how to move forward, only that collaboration and communication among sectors will
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be necessary. This recent push to further understand complexities of the hydrological

system has made it increasingly apparent that sustaining the quality and quantity of

our freshwater resources, in the midst of increasing human population and climate

uncertainties, has become a complex and challenging management problem.

As a result of the basic need of freshwater for survival, water resources are

typically considered a common good, and its use, a human right. However, the

sustainability of this good and therefore the future exercising of this right, has been

called into question. It has been suggested that the issue of available freshwater for

human use has been underestimated in previous research. And further that water

scarcity is a widespread problem, already impacting two-thirds of the global popu-

lation and likely to be exacerbated with the uncertainties associated with climate

change [Mekonnen and Hoekstra, 2016].

A system perspective of vital human resources (i.e., food, energy, water) has

shed some light on the interconnectedness of both our natural earth system and

our built human systems, bringing issues like the Food-Water-Energy Nexus and

Integrated Water Resource Management (IWRM) to the forefront of local, national

and international discussion.

We need to develop an understanding of the integrated dynamics of the ma-

jor components influencing the coupled natural-human water system within water

management, policy, and society in general.

178



A.2.2 Scientific contribution

Water-efficient technologies [Water, 2009; Inman and Jeffrey, 2006; Deng et al.,

2006], better pipe quality [EPA, 2010; Colombo and Karney, 2002], water recycling

and reuse [Bryck et al., 2008; Toze, 2006; Sala and Serra, 2004; Anderson, 2003],

and rooftop rainwater collection [Steffen et al., 2013; Li et al., 2010] should all be

very useful for sustaining the water supply [EPA, 2013]. However, full adoption

and responsible implementation of these solutions requires significant investment

unlikely to be available under current economic pressures. Also, the solutions may

have different cost-to-benefit ratios in different regions. For example, if in a certain

region the pipelines are in good condition, so that leakage is not a major concern,

available funding might be better invested in building water recycling facilities. One

goal of this research is to find the efficiencies of different water-saving strategies

under different policy scenarios in order to determine the most sustainable water

management decisions.

Computer models provide us with a powerful tool to simulate the outcomes

under different sets of conditions. So far, few studies have used computer models to

test the efficiency of different water policies. One example is a recent research on

water use in South Florida, in which Ahmad and Prashar [2010] applied a complex

system dynamics model to study certain factors in the regional water management.

Ahmad and Prashar used only the water levels in one lake from 1980-2005, so their

results may not hold if the precipitation regime changes in future. Furthermore, a

highly complex model with quite a few parameters requires a huge body of data for
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tuning that may not be available. Consequently, it may be difficult to replicate such

work for another region. These potential shortcomings motivate us to establish a

framework applicable to different regions, using a minimal, efficient model. Such

a model provides an opportunity to carry out many experiments that can help to

understand more efficient ways of conserving water resources.

We have built our coupled water model with the following components: The

University of Maryland (UMD) Earth System Model (ESM), is used to conduct an

offline run for the region of interest with the monthly observational datasets from

the Climate Research Unit (CRU). A River-Routing Module (RRM) is developed

and coupled with the UMD ESM. From the runoff output information for each

model grid, total river inflow and outflow for the region of interest is calculated.

Then the simulated precipitation, evaporation and river inflow and outflow rates

are fed into COWA. By doing so, natural water resource stock can be approximated

and the efficiency of different water-conserving options can be evaluated. Some of

these options include implementing water-efficient technologies, fixing pipeline leaks,

increasing the water recycling capacity, and introducing long-term water withdrawal

policies.

The Coupled Human-Water-Climate (COWA) model is verified with the avail-

able historic data for the Phoenix Region from several sources, including US Cen-

sus Bureau, USGS National Water Information System, USGS Instantaneous Data

Archive, and ADWR Groundwater Site Inventory and extracted data from the

records available at the US National Archives.

The results can help policymakers to choose priorities for adaptation/mitigation
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water policies that can lead to effective investment of limited funds. In our future

works, we will explore the possibility of applying the model to other regions, such

as the State of California, the Potomac River Basin, the Fertile Crescent (e.g., Iraq,

Syria, Lebanon, Jordan and Israel/Palestine) and eastern Africa (e.g., Somalia)

where water problems are crucial and there is little data available.

The goal of this research is to model and then analyze the impacts of different

policy factors on both the human system, through changes in population stocks,

and the natural system, through changes in ground and surface water stocks, when

they are considered to be coupled and endogenously linked.

A.3 Modeling Approach

COWA was developed by a group of interdisciplinary academics (i.e., atmo-

spheric, hydrologic, geographical, and public policy sciences). The goal of the model

was to explore the dynamics of the human system when freshwater resources are

treated as a required, yet, restricted driver of growth and, likewise, to explore the

dynamics of the natural system when total water demands are a function of pop-

ulation. Therefore, both natural and human water systems are represented and

integrated with bi-directional feedbacks between them to simulate the duality of the

real system’s dynamics.

Section A.3.1 provides a general description of modeling techniques used in

this research as well as discussion of strengths and weaknesses associated with these

choices. The Section A.3.2 provides an overview of the model’s purpose through a
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brief account of the model conceptualization process.

A.3.1 Technique

To conduct this research, we utilized the UMD Earth System Model (ESM)

and a River Routing Module (RRM) as exogenous inputs into the Coupled Human-

Climate-Water (COWA) model to provide certain climatic (i.e., precipitation and

evapotranspiration) and hydrologic (i.e., river inflow and river outflow) flows. The

model framework is illustrated in Fig. 3.2. Detailed information regarding the ESM

and RRM used in this research can be found in the Appendix. COWA is a sys-

tem dynamics (SD) model used to study various effects of the human system on

the water resources and water supplies over time. COWA includes demographic

characteristics of the human system, such as population, growth rate, regional net

migration, and water demand per capita, as well as the influence of human decision

on the management of water systems. By coupling the ESM and RRM to COWA,

we can simulate future availability of water supplies under changing climate and

water policies.

The system dynamics (SD, ref) approach to modeling allows users to simulate

changes to stocks and flows over time given certain inter-relationships and poten-

tial feedbacks or delays, inherent or hypothetical, within the real system. With its

initial intent to assist in the optimization of industrial flows, then finding applica-

tions in urban planning, most recently, SD modeling has become very popular for

the purpose of socioeconomic and natural resource sustainability modeling. The SD
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approach to modeling is a powerful tool for analyzing complex and dynamic systems

with many changing parts, allowing for better understanding of these systems by

its users. Vensim ®is a SD modeling and simulation software created by Ventana

Systems. The Vensim Professional version 5.10x3 is the system dynamics tool used

in this research. It was chosen on the basis of its ability to detect inconsistencies, its

flexibility with data modification and its relatively simple graphical user interface

(GUI). Vensim facilitates identifying errors by highlighting variables with conflicting

units or illogical governing equations and allows for on-the-fly changes to variables

quantities with the use of the SyntheSim instrument. The SyntheSim tool provides

a slide bar below each parameter, allowing the user to adjust selected values while

simultaneously viewing the changes to the system through interactive graphs. Ven-

sim also provides the option for various graphical outputs including bar, line, and

sensitivity graphs, as well as a table of the simulated time series data output for each

variable, a catalog of all variables/parameters, their explanations, defining equations

and calibration values in document format. Unfortunately, Vensim does have some

inconvenient limitations such as its restricted ability to customize graphical out-

put and its inability to model spatial variation. However, these limitations can be

resolved through supplemental use of the other modeling tools and programming

languages (e.g., R, Python/GIS, AnyLogic, etc.).
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A.3.2 Conceptualization

COWA (The COupled human-climate-WAter model) is a minimal model for

the natural-human water system. COWA is coupled to an Earth System Model

(ESM) and a River Routing Module (RRM). Other than ESM and RRM, the model

has only four primary stocks: Population, Surface Water Sources, Groundwater

Sources, and Freshwater Supply.

The purpose of this model was to simulate the feedbacks between the natural

environment’s regeneration and use of freshwater resources and the human inter-

ferences of those natural processes. This model was designed to help gain insight

into which human actions would have most significant impacts on sustaining our

natural freshwater resources for both human and natural demands and, ideally, to

help determine what is the best course of action for responsibly managing our water

supplies for generations to come.

A.4 Model Description

In this version of COWA, consumption of water by different sectors of the

economy and society is combined into a single flow, Consumption. A main feature

of COWA is that Population is endogenously coupled to the water system through

bi-directional feedbacks. This coupling can produce results that would be otherwise

be impossible to obtain if population is treated as an exogenous variable.

One can use COWA to run “thought experiments” on the lifetime of Sources

/ Supply under various assumptions for climatic and human behavior, including
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changes to recycling capacity, pipeline leakage, and dispensing technology. There

are certain parameters in the model that are determined through policies. Therefore,

effects of various policies can be studied with COWA.

The four key state variables in COWA are Population, x, Surface Water

Sources, yS, Groundwater Sources, yG and (stored) Freshwater Supply, z. (These

four variables do not account for the state variables in the Earth System Model and

the River Routing Model.) Population is controlled by the death rate, α, birth rate,

β, and immigration rate, I. Death rate is not a constant but increases as consump-

tion per capita decreases below a threshold value. Immigration rate is proportional

to the consumption per capita, and becomes negative if consumption drops below a

certain threshold. Surface water stock, yS, is controlled by several flows: river inflow,

Φ, river outflow, Ψ, precipitation, P , evapotranspiration, E, withdrawal of water

from surface water sources into the supply, WS, groundwater recharge, G, reservoir

overflow, O, leak to sources, Λ, flow of non-recycled water to sources, N , and runoff

to sources, Ω. Groundwater stock, yG, receives three incoming flows, groundwater

recharge, G, reservoir overflow, O, and artificial recharge, A, and has two outgoing

flows, withdrawal of groundwater into the supply, WG, and groundwater contamina-

tion, GC . Freshwater supply, z, is controlled by three inflows, withdrawals, WS+WG,

and recycling, R, and two outflows, supply collection, K, and leakage, L. Rooftop

collection rate, Γ, is directly available for consumption and therefore, is deducted

from the total precipitation when calculating net inflow of water to (surface water)

sources.

While P , E, Γ, Φ, and Ψ are exogenous variables (or time series) for COWA,
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WG, WS, K, R, L, Λ, Ω, N , and Σ are all functions of other model parameters and

variables. Model parameters are demand per capita, δ, technology factor, τ , transfer

efficiency, η, assurance factor, θ, maximum withdrawal capacity, WM , maximum

groundwater withdrawal rate, WGM , maximum recycling capacity, RM , maximum

surface water, ySM , and maximum capacity of supply, zM . There are also four

coefficients which are bounded between 0 and 1: consumptive to sewer, σ, leak to

sources, λ, runoff to sources, ω, and non-recycled to sources, ν. It is assumed that

a portion λ of the leaked water returns to sources with a time delay TL.

Total demand, ∆(t) is given by:

∆(t) = δx(t). (A.1)

Effective demand is given by the total demand divided by the technology factor:

D(t) =
∆(t)

τ
=
δ

τ
x(t). (A.2)

It can be seen that τ = 1 represents the base technology, τ > 1 indicates a water

saving technology, and τ < 1 refers to an inefficient water dispensing technology.

Transfer efficiency, η, is defined through the equation:

K(t) = η
(
K(t) + L(t)

)
. (A.3)

This equation essentially shows that only a factor η of the total water withdrawn

from the freshwater supply, K+L, is consumed and the rest is wasted through leaks.

Therefore, leakage rate and consumption rate are directly related through η:

L(t) =
1− η
η

K(t). (A.4)
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Net water that is available for recycling is the sum of the consumption to

sewer rate, Σ(t) = σ(K(t)+Γ(t)). Flows that determine the Supply level, i.e., (two)

withdrawals, consumption, leakage, and recycling can then be expressed as follows:



WS(t) = min

(
θS
yS
∆t
, θO

zM − z
∆t

,WSM

)
×min

(
1,

yS
nSD

)

WG(t) = min

(
θG
yG
∆t
, θO

zM − z
∆t

,WGM

)
×min

(
1,

yG
nGD

)

K(t) = max

(
0,min

(
D(t), θKη

z(t)

∆t

)
− Γ

)

L(t) =
1− η
η

K(t)

R(t) = min

(
θO
zM − z

∆t
,Σ(t), RM

)

(A.5)

The consumed water that does not go to sewer, (1−σ)(K+Γ), flows to runoff

and a portion of it, Ω, goes to sources. Moreover, a portion of the water that has

gone into the sewer but has not been recycled, N , goes back to the sources. These

three flows are therefore defined by:
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

Λ(t) = λ · L(t− TL)

Ω(t) = ω(1− σ)(K(t) + Γ(t))

N(t) = ν (Σ(t)−R(t))

Σ(t) = σ (K(t) + Γ(t))

(A.6)

In addition to the withdrawal from groundwater, WG(t), defined in (A.5), the

following flows determine the changes in Groundwater:



G(t) = f · (P (t)− E(t))

O(t) = max

(
yS − ySM

∆t
, 0

)

GC(t) = rGC
yG
∆t

at t = TGWC , else 0

A(t) = ACAP + AIncidental + AAdditional

(A.7)

Now that we have defined all the components, we can write the equations

governing COWA:
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

ẋ = βx− αx+ I(t)

ẏS = Φ(t) + P (t)−Ψ(t)− E(t)−WS(t) + Ω(t) + Λ(t) +N(t)−G(t)−O(t)

ẏG = G(t)−WG(t)−GC(t) +O(t) + A(t)

ż = WS(t) +WG(t) +R(t)−K(t)− L(t)

(A.8)

A schematic of the variables of COWA and their connections to the ESM and

RRM is shown in Fig. A.1.
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State Variables of COWA

Groundwater

PopulationFreshwater 
Supply

Surface 
Freshwater

Natural GW Recharge

Surface Water Withdrawal

Precipitation
(ESM inputs)

Evapotranspiration
(ESM inputs)

River Inflow
(RRM inputs)

River Outflow
(RRM inputs)

Recycled 
Water

Groundwater
Withdrawal

Births/Deaths
Migration

Consumption

Policy-driven 
External Flows

Human–Freshwater Feedbacks
Natural Flows of Water
Human-controlled Flows of Water

Collection
from Supply

Policy-driven 
Local RechargeTotal

Artificial 
Recharge

Exogenous Inputs

ESM: Earth System Model
RRM: River Routing Model

RRM River Flows include 
Natural GW Discharge. 

Figure A.1: A schematic of the state variables of COWA, including the flows among

them as well as the linkages to ESM and RRM. Red arrows show feedbacks while

black arrows show flow of water.

Below we will present definitions for variables, parameters, and functions used

in COWA in three tables:

Table A.1: State Variables (Stocks) used in COWA

Variable Symbol Variable Name Governing Equation

x Population ẋ = βx− αx+ I

yS Surface Water Sources ẏS = P − E + Φ−Ψ−WS + Λ + Ω +N −G−O

yG Groundwater Sources ẏG = G−WG −GC +O + A

z Freshwater Supply ż = WS +WG +R−K − L
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Table A.2: Definition of Functions used in COWA Equations

Function
Symbol

Function Name Describing Equation

P Precipitation rate Exogenous

E Evapotranspiration rate Exogenous

Φ Net River Inflow rate Exogenous

Ψ Net River Outflow rate Exogenous

Γ Rooftop Collection rate Exogenous

I Immigration rate = Ib(x)
( C

Cth
− 1
)

Ib Base Immigration = Ibrx for t ≥ 1925 else = 100

G Groundwater Recharge rate = max
(
0, f(P − E)

)
WS Surface Water Withdrawal rate = min

(
θS
yS
∆t

, θO
zM − z

∆t
,WSM

)
×

min
(

1,
yS
nSD

)
WG Groundwater Withdrawal rate = min

(
θG
yG
∆t

, θO
zM − z

∆t
,WGM

)
×

min
(

1,
yG
nGD

)
K Rate of Collection from Supply = max

(
0,min

(
D, θKη

z

∆t

)
− Γ

)
L Leakage rate =

1− η
η

K

R Recycled Water rate = min
(
θO
zM − z

∆t
,Σ, RM

)
∆ Total Demand = δx

D Effective Demand = ∆/τ

C Consumption per Capita = (K + Γ)/x

Cth Threshold Consumption per
Capita

= µ(δ/τ)

α Death rate = max
(
αM − (αM − αm) C

Cth
, αM

)
Λ Leak to Sources = λL(t− TL)

Ω Runoff to Sources rate = ω(1− σ)(K + Γ)

N Nonrecycled to Sources rate = ν(Σ−R)

Σ Consumptive to Sewer rate = σ(K + Γ)

A Artificial Recharge = ACAP +Aincidental +Aadditional

O Reservoir Overflow max

(
0,
yS − ySM

∆t

)
GC Groundwater Contamination rGCyG/∆t at t = TGWC , 0 otherwise

d Drought Factor e−rd(t−Td) for t > Td, 1 otherwise
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Table A.3: Description of Parameters used in COWA

Parameter Sym-
bol

Parameter Name

αm Normal (Minimum) Death rate

αM Famine (Maximum) Death rate

β Birth rate

Ibr Base Immigration rate

δ Demand per Capita

µ Threshold Consumption per Capita ratio

η Transfer Efficiency

τ Technology factor

zM Maximum Capacity of Freshwater Supply

ySM Maximum Surface Water Capacity

WSM Maximum Surface Water Withdrawal rate

WGM Maximum Groundwater Withdrawal rate

RM Maximum Recycling Capacity

nS,G Number of Reserve Months (Long-term Policy) for Sur-
face Water and Groundwater

f Infiltration rate

θS,G,K,O Assurance factor (Short-term Policy) for Sur-
face/Ground Water Withdrawal, Collection from
Supply, and Supply Overflow

λ Leak to Sources ratio

TL Leak to Sources Time Delay

ω Runoff to Sources ratio

ν Nonrecycled to Sources ratio

σ Consumptive to Sewer ratio

rd Drought coefficient

Td Drought onset time

TGCW Groundwater Contamination time

Tp Policy start year
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A.4.1 The Natural System

This section should mention (again briefly) the exogenous natural, hydrological

variables (precip., evap., river IN/OUT flow), Surface Water sources and Ground-

water sources - with mention of other natural elements included in the model’s

structure (i.e., overflow, and natural recharge).

0 100 200 30050 Kilometers

yavapai

pinal
maricopa

Top Most Populous Cities
Phoenix
Mesa
Glendale
Scottsdale
Tempe

Phoenix AMA Borders
Counties within PAMA Borders
Other Counties µ

The Phoenix Region

(a) Administrative borders and major

cities of the Phoenix region in

south-central Arizona,USA

(b) Counties, sub-watersheds and well

sites used in study Phoenix region

Figure A.2: Case study site: Phoenix Active Management Area

Exogenous inputs for the COWA model are listed and labeled in Table X. Most

of the exogenous variables included in this model 1 represent the natural hydrolog-

ical flows that largely define a region’s available water supply (i.e. precipitation,

river inflow, evapotranspiration, and river outflow). Although, the COWA model

structure is intended to assess coupled natural-human water flows, it is not suited to

1with the exception of birth rate and artificial recharge rates
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forecast physical, natural hydrological at a monthly resolution and therefore accepts

these flows as input from other, better-suited General Climate Model (GCM), Earth

Systems Model (ESM) and River-Routing Module (RRM) . Below is a list and of

all imported datasets used as exogenous input to force the COWA model to date:

1. Climate Import:

• A time-series dataset consisting of volume/time units of total monthly

precipitation and evaporatranspiration from 1900-2100 was generated by

a GCM called SPEEDY developed by the UMD-ICTP.

2. River Import:

• A second time-series dataset of volume/time units of total monthly river

inflow to and river outflow from the region from 1900-2100 was generated

by a River -routing module (RRM) coupled to the UMD-ICTP’s ESM,

developed by a collaborating researcher.

3. Births Import:

• A third time-series dataset was compiled from 15-year averages of annual

crude birth rates form 1900-2015 for Maricopa and Pinal counties 2.

4. Artificial Recharge Imports:

• A fourth time-series dataset was compiled from total annual estimations

2when estimates were not available at county-level, state-level estimates were used as proxy

values; when state-level estimates were not available, national estimates were used
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of incidental recharge from 1985-2009, summed across all water-use sec-

tors.

• A fifth time-series dataset was compiled from total volume of annual CAP

water-deliveries to direct (e.g USFs) and indirect (e.g GSFs) groundwater

recharge efforts from 1985-2009.

A.4.2 The UMD Earth System Model: Land and vegetation models

The UMD ESM includes a dynamic vegetation model (VEGAS), a simple

land model (SLAND), and several other components. COWA requires as inputs

precipitation, evaporation and river inflow and outflow rates in the region of study

(in this case, PAMAWR). The river inflow and outflow rates are computed from the

coupled River Routing Module, driven by runoff.

The land surface parameterization scheme is called Simple-Land (SLand). It

has been built at an intermediate level of complexity to simulate the first-order ef-

fects of vegetation on climate variables. For simplicity, there is no diurnal cycle,

and no environmental control on photosynthesis. Therefore, the soil moisture and

seasonal variation of radiation are the main controlling factors. A single soil layer

with different depth for the energy and the water balance is assumed. More infor-

mation on energy balance and water budget equations can be found in Zeng et al.

[2000]

The terrestrial carbon model VEgetation-Global-Atmosphere-Soil (VEGAS)

simulates the dynamics of vegetation growth and competition among four different
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plant functional types (PFTs): broadleaf tree, needleleaf tree, cold grass, and warm

grass. The different photosynthetic pathways are distinguished for C4 (warm grass)

and C3 (the other three PFTs) plants. Phenology is dynamically simulated as the

balance between growth and respiration/turnover. Competition is determined by

climatic constraints as well as resource allocation strategies such as temperature

tolerance and height-dependent shading. The relative competitive advantage then

determines fractional coverage of each PFT with possibility of coexistence [Zeng,

2003; Zeng et al., 2005].

A.4.3 Environmental Drivers: Bias Correction and Summary

General Circulation Models (GCMs) are important tools in assessing climate

change and in helping decision making to mitigate and adapt to future availability

of water. However, there are inevitable model biases due to inadequate knowl-

edge of key physical processes (e.g., cloud physics) and simplification of the natural

heterogeneity of the climate system that exist at finer spatial scales. For exam-

ple, substantial precipitation biases, especially in the tropics, are common in many

models [Randall et al., 2007].

Traditionally, additive correction is often applied to correct the biases of model

means, that is, to simply add the delta difference between a reference observation

period and the model simulated mean future climatology:

C̄ = Ō +M − M̄, (A.9)
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where C is the corrected value, Ō is the observed climatology for the reference

period, M is the simulated value, and M̄ is the simulated climatology. For wet biases

(model simulates higher precipitation climatology than observation), this method

may result in negative rainfall, which is unphysical.

An alternative method is multiplicative correction [Sheffield et al., 2006]:

C̄ = Ō +
Ō

M̄
× (M − M̄) (A.10)

This method scales the perturbation with the ratio of observed to modeled

climatology. A drawback for this method is when model has large dry bias, this

correction could lead to unrealistically high rainfall.

To avoid the limitations of the two methods above, we implemented a Mixed

Additive-Multiplicative (MAM) correction method to perform bias correction using

rainfall observation from the latest global gridded Climate Research Unit (CRU)

TS3.21 dataset. We chose 1961-1990 as the reference period for climatology:

C̄ =


Ō +M − M̄, when

Ō

M̄
≥ 1

Ō +
Ō

M̄
× (M − M̄), when

Ō

M̄
< 1

(A.11)

As a simple combination of two popular methods, we believe MAM correction is a

conceptually intuitive, easy to implement, yet effective bias correction method.

To create the monthly rainfall scenario for PAMAWR, we chose a represen-

tative ensemble member of the National Center for Atmospheric Research (NCAR)

Community Climate System Model (CCSM) RCP4.5 output. This model is a par-

ticipant in the Intergovernmental Panel on Climate Change (IPCC) Coupled Model
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Intercomparison Project Phase 5 (CMIP5). We retrieved the simulated rainfall from

the Earth System Grid Federation (ESGF), an international network of distributed

climate data servers [Williams et al., 2011]. Then we applied the MAM method to

create a combined (1901-2012 CRU and 2013-2100 CCSM) rainfall monthly time

series for the AMA watershed from 1901-2100.

Similarly, for monthly evaporation losses, we combined the simulated results

from the UMD ESM and the CCSM output for PAMAWR with the MAM method.

A.4.4 River-Routing Module (RRM)

Based on the principles in Miller et al. [1994], similar to the concept of the

Total Runoff Integrating Pathways (TRIP) developed by Oki and Sud [1998], we

developed a river routing module (RRM) that routes runoff based on river channel

characteristics in the Global Dominant River Tracing (DRT) based Hydrography

Datasets. The recently developed DRT algorithms utilize information on global and

local drainage patterns from baseline fine scale hydrography inputs to determine

upscaled flow directions and other critical variables including upscaled basin area,

basin shape and river lengths. It preserves the original baseline hierarchical drainage

structure by tracing each entire flow path from headwater to river mouth at fine scale

while prioritizing successively higher order basins and rivers for tracing [Wu et al.,

2011, 2012]. We use the 0.5 degree version of flow direction, flow and river channel

slope from the DRT dataset as input to the River Routing Module. We followed the

equations in Miller et al. [1994] for computing river flows, specifically, the equations
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are as below.

The rate at which water leaves a grid box, F , mainly depends on the water

storage above the sill depth, S, the flow distance between the grid boxes, d, and

topography gradient.

F = S · u
d

(A.12)

In Eq. (A.12), F (Kg·m−2·s−1) is the river flow flux to the downstream grid; S

(kg·m−2) represents the free-flowing mass of water (lakes, rivers, and groundwater)

above the sill depth in each grid; d (m) is the meandering flow distance from the

DRT dataset distance (we use the minimum of the meandering flow distance from

DRT dataset and the shortest distance between current and its downstream grid);

and u (m·s−1) is an effective flow speed of water from a grid box to its downstream

neighbor.

The value of u depends on local characteristics of the river basin, such as its

morphology and topography gradient:

u = 0.35 (i/i0)
1/2, (A.13)

where i is the river channel slope from the DRT dataset and i0 = 0.004 (median

value of the DRT dataset) is the reference topography gradient we use. We limit u

within a realistic range of 0.15 – 5 m/s. An upper limit on u is necessary to prevent

numerical instabilities in the river routing model. Minimum u is used when the

downstream grid is at a higher elevation than upstream.
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Changes in water storage at each grid box is given by:

dS

dt
= R +

∑
FIN − FOUT , (A.14)

where FOUT is the rate at which river mass leaves a grid box,
∑
FIN is the sum of

the water flux entering a grid from all of its neighbors, and R represents the runoff

from the UMD model. At each time step, after computing the river outflow at grid

X, we add it to the inflow of its downstream grid, Y (if Y is also a land grid). Thus

river inflow at every grid is calculated after looping through all grids.

We found this simple river routing scheme captures a realistic global river flow

pattern, and we believe it is suitable for the purpose of this study, where we simply

sum up river flow entering and exiting PAMAWR each month from 1900-2010.

We assume river inflow and outflow in future shows similar characteristics

as the historical period, and we simply repeat the river inflow and outflow time

series from our River Routing Model as the future river flows for AMA watershed.

Admittedly this is a simple treatment, however, given the purpose of this conceptual

study, and the large uncertainty in evaporation and river flow simulations, we believe

the scenario we used in our study is plausible.
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Figure A.3: Global mean river flow from 1971 to 2000.
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Figure A.4: Time Series of monthly precipitation, evaporation, and river inflow and

outflow for PAMAWR from 1900 to 2100.
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A.5 Calculating the Water Carrying Capacity

To calculate the Water Carrying Capacity in each scenario, we run the model

until the state variables reach an equilibrium state, which typically requires several

centuries of model time. Then we average the population over 100 years of model

time.
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Appendix B: Supplementary Materials: Climate model shows large-

scale wind and solar farms in the Sahara increase rain

and vegetation

B.1 Materials and Methods

B.1.1 Model description

The UMD–ICTP (University of Maryland–International Centre for Theoretical

Physics) Earth System Model is used to conduct the experiments. The model con-

sists of an Atmospheric General Circulation Model (AGCM), SPEEDY (Simplified

Parameterizations, primitivE-Equation DYnamics) [Kucharski et al., 2012], a phys-

ical land surface model, Sland (Simple land) [Zeng et al., 2000], and a dynamic veg-

etation and carbon model, VEGAS (VEgetation–Global–Atmosphere–Soil) [Zeng,

2003; Zeng et al., 2005]. The model setup for the experiments of this study uses

prescribed sea surface temperatures (SSTs) and is therefore considered to be a cli-

mate model. The atmospheric model, SPEEDY, is based on a hydrostatic spectral

dynamical core [Kucharski et al., 2012; Molteni, 2003]. The parameterized processes

include short- and long-wave radiation, large-scale condensation, convection, verti-

cal diffusion, and surface fluxes of momentum, heat, and moisture. In this study,
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the AGCM model SPEEDY is configured with 8 vertical (sigma) levels and with

a spectral resolution of T30 (48×96), equivalent to a spatial resolution of 3.75 ×

3.75 degrees. The dynamic vegetation model VEGAS simulates the dynamics of

vegetation growth and competition among different plant functional types (PFTs),

including broadleaf trees, needleleaf trees, cold grass, and warm grass. The dy-

namic vegetation model is coupled with the AGCM, allowing for the representation

of the two-way interactions between vegetation and climate, which have rarely been

taken into account in previous studies regarding wind and solar farm impacts. The

model has participated in multiple model intercomparison projects [Scaife et al.,

2009; Xue et al., 2016], and was shown to have skills comparable to other higher

resolution models in simulating modern climate and multi-decadal variability in this

region. In addition, the model setup used in this study has been validated against

observational data for the Sahara region from the Climate Research Unit [Kucharski

et al., 2013].

B.1.2 Parameterization of wind and solar farms

The large-scale wind and solar farms can directly modify land surface proper-

ties. Wind turbines can increase surface friction (roughness) and solar panels can

decrease albedo (for typical low-efficiency photovoltaic cells installed in the desert).

Therefore, in the model, their impacts can be parameterized by changing the model

parameters representing surface friction and albedo, respectively. Whereas more so-

phisticated schemes exist for wind turbines such as TKE (turbulent kinetic energy)
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[Roy et al., 2004; Fitch, 2015], the advantage of such a simple parameterization is

the simplicity of its implementation in the Earth System Model framework and the

ability to capture the first order impacts. The impact of wind farms is parameterized

by an increase of the drag coefficient (CD value), which is directly linked to surface

friction in the atmospheric model. The default CD value (0.0024) in the model is

multiplied by 4, so that the resulting amplified CD value (0.0096) falls in the range

of 0.005–0.013. This range represents a realistic wind farm scenario with an average

turbine spacing of five to eight rotor diameters and a 100 m turbine hub height

[Keith et al., 2004]. Solar panels are parameterized based on the “effective albedo”

concept [Taha, 2013]. Effective albedo is used to describe how much incoming short-

wave radiation is not absorbed by the land surface in the presence of a PV panel.

It is defined as the sum of the reflectivity of the PV panel and of the percentage

of harvested energy, divided by incoming shortwave radiation. Effective albedo en-

ables the model to emulate the solar panel impact through a surface albedo change.

Assuming PV panels have a reflectivity of αp = 0.1 and a conversion efficiency of η

= 0.15, the available shortwave radiation that a PV panel receives after reflection,

1 − αp = 1 − 0.1 = 0.90, multiplied by 0.15 conversion efficiency gives the portion

of the solar energy converted to electricity as η(1− αp) = 0.15× (1− 0.1) = 0.135.

This ratio, η(1 − αp), plus the reflectivity of the PV panel, αp, gives the effective

albedo αe = αp + η(1 − αp) = 0.235. The solar panel from the example above will

reduce the land surface albedo for sand from ∼0.4 to 0.235 when installed in the

Sahara, and thus affect the local climate.
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B.1.3 Experimental setup

The large-scale wind and solar farms in this study cover either just the Sahara

desert or all the deserts of the world. The Sahara desert is defined in the model

as the region within latitudes of 3.75N–30N and longitudes of 0–60E and with an

annual mean precipitation from the control run less than 250 mm. The world deserts

in the model are defined based on different conditions: (1) leaf area < 2 m2/m2;

(2) annual near-surface air temperature > 5°C; and (3) annual precipitation < 500

mm. The resulting model desert locations match fairly well with those in the real

world. For experiments involving a wind farm in the Sahara or the world’s deserts,

we increased the surface drag (CD value) four-fold to simulate the wind farm effect.

For experiments involving a solar farm in the Sahara or the world’s deserts, we set

the surface albedo to 0.235 for 20% of the area of a model grid, assuming solar panels

cover 20% of the land. This albedo of 0.235 corresponds to the effective albedo of

a 15% conversion efficiency PV panel with a reflectivity of 0.1. The 15% efficiency

chosen here represents the medium range of conversion efficiency of solar panels that

are commercially available (44). A greater coverage of solar panels than the assumed

20% here would result in larger albedo change and thus stronger climate response.

For experiments in which wind and solar farms are deployed together, both surface

drag and albedo are modified accordingly. To better understand how roughness and

vegetation feedback produce climate changes, we carried out an additional factorial

wind farm experiment in the Sahara, since wind farm impacts arise from changes

in both roughness and albedo (albedo changes due to vegetation feedback). To
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separate the contributions from roughness and albedo, we compare the results of

the standard wind farm simulation, which includes the effects of both roughness

change and vegetation feedback, with the experiment that only includes the effect

of roughness change in which vegetation feedback is disabled and the albedo is

the same as the control run. To investigate how impacts of solar farms depend on

different conversion efficiency rates of the solar panel, we run solar farm experiments

with alternative efficiency of 30% and 45%, representing a much higher efficiency

than commercially available panels at present. The 30% and 45% efficiency solar

panels correspond to effective albedos of 0.37 and 0.505, respectively. The results

of these experiments are shown in Fig S6. To investigate how climate impacts of

wind farm would differ when installed with different spatial configurations (spatial

extent, density, and location), we designed two pairs of wind farm experiments in

the Sahara, referred to as the “checkerboard” and “quarter surface” types (Fig. S9).

The two checkerboard wind farm layouts — which still cover the Sahara but whose

coverage is half of the coverage of the original wind farm, i.e., every other grid box

— are expected to have smaller impacts. The four quarter-type wind farms, each of

similar size, are located in different quadrants (northeast, southeast, southwest, and

northwest) of the Sahara. The northwest quadrant farms produce significantly more

precipitation than the other three quadrants, presumably due to the closeness to the

Atlantic ocean and the Mediterranean sea. This suggests that the actual climate

impacts of wind farms are determined not only by the imposed perturbation but

also by the environmental conditions at a given location, such as the distance to

the ocean, which provides the moisture source for the additional precipitation. All
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experiments described above were run in the model for 100 years with a 100-year

spin-up, driven by the observed SST data from 1901 to 2000. The averaged climate

of the last 50 years of simulation in each experiment was used for the analysis.

B.2 Supplementary Text

B.2.1 Estimate of electrical power generated by wind and solar farms

in the Sahara

To roughly estimate the power generated by the modeled wind infrastructure,

we note that studies of the limits of wind generation suggest that an installed ca-

pacity of 1.0 W/m2 is a safe limit to avoid substantial reductions in generation due

to wind turbine wakes [Miller et al., 2015]. The area of the Sahara desert is approx-

imately A = 9.2 million km2, which yields an installed capacity of 9.2 TW. Typical

Capacity Factors for new wind farms in locations with a good resource (such as

the Sahara) are around 0.35 [US EIA, 2018b], yielding an expected generation of

about 3.2 TW. For solar infrastructure, we assume an annual average insolation of

S = 320 W/m2 for the Sahara [Labed, 2008]. Assuming η = 15% conversion effi-

ciency, αp = 0.1 panel reflectivity, and ρ = 20% area coverage by the panels, yields

S × [η × (1− αp)]× [ρ× A] = 79 TW of electrical power generation, averaged over

a typical year. In comparison, the average rate of global consumption of energy is

about 18 TW [IEA, 2017].
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B.2.2 Feasibility of the transmission of electricity generated in the

Sahara by wind and solar farms to other regions

The export of electricity from the Sahara would require the use of long-distance

electricity transmission systems such as High Voltage Direct Current (HVDC).

HVDC can dramatically reduce the line losses in the transmission of electricity

over long distances, and also has lower construction costs compared to Alternating

Current (AC) lines [US EIA, 2018a]. For example, according to Siemens 1, their Ul-

tra High Voltage Direct Current (UHVDC) system at 800 kV has less than 3% line

losses for every 1,000 kilometers with a transmission capacity of 10 GW over a single

UHVDC link across transmission lengths of over 2,000 km. Their converter stations

at the end of the line to convert to local AC systems have losses of approximately

0.7% of rated power. As to the feasibility of the required long distance transmission

systems, we compare already existing long-distance HVDC transmission distances

in developing countries with those required for the export of renewable power from

the Sahara. We first estimate the approximate distances that would be required

to export energy from North Africa to Europe: the distance from Tunis, Tunisia to

Rome, Italy is 601 km, Rabat, Morocco to Madrid, Spain is 770 km, and Algiers, Al-

geria to Paris, France is 1,347 km. With regards to supplying energy to Sub-Saharan

Africa, the distance from Niamey, Niger to Lagos, Nigeria is 790 km, Agadez, Niger

to Abuja, Nigeria is 881 km, Timbuktu, Mali to Abidjan, Côte d’Ivoire is 1,275 km,

1Benefits of HVDC Classic. Available at https://www.energy.siemens.com/hq/en/power-

transmission/hvdc/hvdc-classic.htm. Accessed June 28, 2018
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Khartoum, Sudan to Addis Ababa, Ethiopia is 990 km, and from Khartoum all the

way to Nairobi, Kenya is 1,927 km. For comparison, the following existing long dis-

tance HVDC projects were compiled from various sources 2. China alone already has

over 20 HVDC lines, each over ∼900 km in length, with a total length of over 28,000

km. The Jinping–Sunan and the Xiangjiaba—-Shanghai HVDC transmission lines

are each over 2,000 km. India has 9 HVDC lines each over 700 km long, including

the 1,830 km Tamil Nadu line and the 1,728 km North- East Agra line. In Brazil,

the Rio Madeira HVDC link, connecting Rondnia to So Paulo is composed of two

sets of 600 kV DC lines of 3 GW capacity each over 2,375 km. Brazil completed two

other 600 kV Itaipu HVDC lines each with a rated power of 3 GW and a total dis-

tance of 1,650 km as early as 1987, and Brazil began construction of the ∼2,100 km

Xingu–Estreito HVDC transmission line in 2017. As with other infrastructure, it is

expected that as the scale of construction continues to grow, voltage and distance

capacities will also increase. For example, in 2017 China began construction of the

record-breaking 1100 kV ∼3,300 km UHVDC Xinjiang–Anhui link, which will trans-

mit 10–12 GW. At 1100 kV, this UHVDC link will significantly reduce line losses

even further. Furthermore, long-distance HVDC transmission lines have already

2(a)SIEMENS HVDC reference projects. Available at https://www.energy.siemens.com/

us/en/power-transmission/hvdc/references.htm. Accessed June 28, 2018. (b) ABB HVDC

reference projects. Available at https://new.abb.com/systems/hvdc/references/. Accessed

June 28, 2018. (c) HVDC PROJECTS LISTING Prepared for the HVDC and Flexible AC

Transmission Subcommittee of the IEEE Transmission and Distribution Committee. Avail-

able at http://www.ece.uidaho.edu/hvdcfacts/Projects/HVDCProjectsListingMarch2012-

existing.pdf. Accessed June 28, 2018.
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existed in Africa for decades. For example, the 1,700 km Inga–Shaba Extra High

Voltage (EHVDC) Intertie transmission line in the Democratic Republic of Congo

was completed in 1982. The 1,420 km Cahora–Bassa HVDC transmission line from

Mozambique to South Africa was completed in 1979. Other kinds of development

projects on this scale of distance also already exist deep within the Sahara itself.

Starting in the 1980s, Libya built ∼2,800 km of underground pipes to supply the

cities on the coast with ∼6,500,000 m3 of freshwater per day from over 1,300 wells in

the Nubian Sandstone Aquifer System located deep in the Sahara (50). These ex-

amples demonstrate that the long distance transmission required is technologically

feasible and already in use, which allows the long distance transmission of renewable

power to be economically viable. Solar power projects in North Africa and the Mid-

dle East are already underway. Examples include: Dubai’s Al Maktoum Solar Park

(Phase 1 (13MW) completed 2013, Phase 2 (200 MW) completed 2017, and Phase 3

(800 MW) due 2020; Abu Dhabi’s Shams solar plant, Phase 1 (100 MW) completed

2014; Saudi Arabia’s Al-Aflaj 50 MW solar plant; Kuwait’s Shagaya solar project

(50 MW); and Morocco’s Noor solar plant (580 MW), phase 1 (160 MW) completed

2016 (Morocco already has a transmission link to Europe) (51, 52). Saudi Arabia

recently announced a plan to install 200 GW of solar power by 2030, at a projected

cost of 200 billion USD (i.e., at an average cost of $1 per Watt) 3. Investments on

this scale would likely lead to further reductions in the costs of both photovoltaics

3Saudi Arabia To Build Massive Solar Power Installation. Available at https:

//www.forbes.com/sites/ellenrwald/2018/03/29/saudi-arabia-to-build-massive-

solar-power-installation/. Accessed June 28, 2018.
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and transmission infrastructure. In assessing the comparative costs, one also has to

take into account that with renewables, there is the one-time cost of transporting the

generation infrastructure to the location of generation, whereas with the current sys-

tem of fossil fuel-based generation, in addition to the one-time cost of transporting

the generation infrastructure to the location of generation, there is the continuous

cost of transporting the stream of fuels (coal, oil, and gas) to the generation plants.

For coal and nuclear, there is also the additional cost of transporting the waste for

disposal, and the energy required for processing and disposing of the waste. Costs

should also be compared to benefits. Today, the Sahel region is the poorest region

on the planet. It is also the region with the fastest rate of population growth, and

with the highest forecast for its future absolute population growth [United Nations,

2017; van Ittersum et al., 2016]. With massive investment in solar and wind gener-

ation, the region could not only meet its own rapidly growing electricity needs, but

it could also become a major electricity exporter to other regions in Sub-Saharan

Africa, providing needed earnings to fund the internal economic development of this

very poor region. If these investments in wind and solar power production were

to also increase local precipitation and vegetation growth through similar vegeta-

tion feedback mechanisms involved in the Green Sahara [Brovkin et al., 1998], this

could provide these regions with increased agricultural production. Moreover, the

availability of massive amounts of clean, renewable energies could help greatly with

desalination and transport of seawater, as well as recycling and reuse of consumed

freshwater. These processes, which can alleviate the problems associated with wa-

ter scarcity (such as famines), are currently employed only in few places around the
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Unit: Control Wind farm Solar farm Wind + Solar

mm/day Sahara Sahel Sahara Sahel Sahara Sahel Sahara Sahel

Precipitation 0.24 2.23 +0.29 +1.12 +0.13 +0.57 +0.35 +1.34

Table B.1: Precipitation changes averaged over the Sahara wind farm locations and

averaged over the whole Sahel region. Sahel region is defined as the rectangular

land area with latitudes from 10N to 20N and longitudes from 20W to 30E.

world because they are energy intensive, and therefore expensive. Improved avail-

ability of freshwater, in turn, will bring positive societal, economic, environmental,

ecological, and health impacts. The interconnected nature of these factors renders

the Sahara as an ideal testbed for research on the Human–Climate System and

Food–Energy–Water Nexus.
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Figure B.1: Impacts of wind and solar farms in the Sahara on (A–C) maximum

near-surface air temperature, (D–F) minimum near-surface air temperature, and

(G–I) surface wind speed. Columns 1 to 3 show the impacts of wind farms, solar

farms, and wind and solar farms together, respectively. Only areas with changes

significant at 95% by the t-test are displayed on the map. Black dots on the map

denote the location of wind/solar farms. The number after ∆ shows the change in

climate averaged over areas covered by wind farms. The average values from the

control run (i.e., baseline) over the Sahara wind/solar farms locations are 299.46K

for mean temperature (Fig. 1), 303.49 K for max temperature, 295.56 K for min

temperature, and 5.09 m/s for surface wind speed.
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Figure B.2: Impacts of wind and solar farms in the Sahara on (A–C) albedo, (D–

F) vegetation cover fraction, and (G–I) net shortwave radiation at surface. The

average values from the control run (i.e., baseline) over the Sahara wind/solar farms

locations are 0.34 for albedo, 0.35 for vegetation cover fraction, and 194.52 W/m2

for net shortwave at surface.
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Figure B.3: Impacts of wind and solar farms in the Sahara on (A–C) evaporation,

(D–F) sensible heat, and (G–I) deep cloud cover. The average values from the control

run (i.e., baseline) over the Sahara wind/solar farms locations are 0.23 mm/day for

evaporation, 49.89 W/m2 for sensible heat, and 16.01% for deep cloud cover.
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Figure B.4: Impacts of wind and solar farms in the Sahara on (A–C) surface pressure

and surface wind field, (D–F) geopotential height and wind field at 850 hpa, and

(G–I) moisture convergence. Note all changes for moisture convergence are shown on

the map, including both significant and non-significant changes. The average values

from the control run (i.e., baseline) over the Sahara wind/solar farms locations are

961.58 hPa for surface pressure, and 1517.81 m for geopotential height at 850 hPa.
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Figure B.5: Impacts of wind and solar farms in the Sahara on (A–C) relative hu-

midity, (D–F) leaf area index (LAI), and (G–I) root carbon. The average values

from the control run (i.e., baseline) over the Sahara wind/solar farms locations are

29.92% for relative humidity, 0.64 m2/m2 for leaf area index, and 0.095 kgC/m2 for

root carbon.
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Figure B.6: Impacts of solar farms of varying PV panel solar conversion efficiencies

(15% (A,D), 30% (B,E), and 45% (C,F)) in the Sahara on temperature and pre-

cipitation. Note that the impacts on regional climate from the 30% efficiency solar

farms (B,E) are not significant (at the 95% level) but are shown here for display

purposes. For 15% (A,D) and 45% (C,F) PV efficiencies, only significant changes

are plotted, while white blank areas represent non-significant changes (at the 95%

level).
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Figure B.7: Impacts of wind and solar farms in the world’s deserts on near-surface

mean temperature and precipitation. Rows 1 to 3 show the impacts of wind farms

(A, B), solar farms (C, D), and wind and solar farms together (E, F). Only areas

where changes are significant at 95% by the t-test are displayed on the map. Black

dots on the map denote locations of wind farms/solar farms. The number after ∆ at

the bottom shows the changes in climate averaged over areas covered by wind/solar

farms. The average values from the control run (i.e., baseline) over the global

wind/solar farms locations are 249.64 K for mean temperature, and 0.55 mm/day

for precipitation.

220



120W 60W 0 60E 120E

30S

0

30N

60N
A

∆:-2.39

Wind farm

120W 60W 0 60E 120E

30S

0

30N

60N
B

∆:-1.76

Solar farm

120W 60W 0 60E 120E

30S

0

30N

60N
C

∆:-3.79

Wind and Solar

15
12
9
6
3

0
3
6
9

a
lb

e
d
o
 (

%
)

120W 60W 0 60E 120E

30S

0

30N

60N
D

∆:4.48

Wind farm

120W 60W 0 60E 120E

30S

0

30N

60N
E

∆:1.98

Solar farm

120W 60W 0 60E 120E

30S

0

30N

60N
F

∆:6.64

Wind and Solar

20

10

0

10

20

30

V
e
g
e
ta

ti
o
n
 c

o
v
e
r 

fr
a
ct

io
n

 (
%

)

120W 60W 0 60E 120E

30S

0

30N

60N
G

∆:1.10

Wind farm

120W 60W 0 60E 120E

30S

0

30N

60N
H

∆:3.74

Solar farm

120W 60W 0 60E 120E

30S

0

30N

60N
I

∆:2.55

Wind and Solar

30
20
10

0
10
20
30
40
50

N
e
t 

sh
o
rt

w
a
v
e
 a

t 
su

rf
a
ce

 (
W

/m
2

)

Figure B.8: Impacts of wind and solar farms in the world’s deserts on (A–C) albedo,

(D–F) vegetation cover fraction, and (G–I) net shortwave radiation at surface. The

average values from the control run (i.e., baseline) over the global wind/solar farms

locations are 0.29 for albedo, 0.46 for vegetation cover fraction, and 188.99 W/m2

for net shortwave at surface.
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Figure B.9: Impacts of checkerboard (A, B) and quarter (northwest, northeast,

southwest, southeast) layouts for wind farms in the Sahara. Wind farm locations

are denoted by a “dot” and non-wind farm grid boxes by a “cross”. The two

checkerboard wind farm layouts cover the Sahara but with half the density of the

full wind farm. The four quarter type wind farms are each of similar size but

located in different quadrants of the Sahara (northeast, southeast, southwest, and

northwest). The number after ∆ shows the change in climate averaged over areas

covered by wind farms. The results show that the northwest wind farm induces the

largest precipitation and temperature changes.
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Appendix C: Human and Nature Dynamics: Generation 2 (HANDY2)

Appendix C presents a proposed formulation for the second generation of

the HANDY model [Motesharrei et al., 2014], HANDY2. HANDY2 introduces a

novel categorization of natural resources: the stock of Nonrenewable resources (e.g.,

fossil energy, fossil water); the stock of Regenerating energy (e.g., crops, forest,

biofuel, livestock), which is currently often categorized as renewable resources; and

the Flows of Renewables (e.g., solar, wind, rain). From a systems point of view,

Regenerating resources and Flows of Renewables are governed by very different

laws, and distinguishing the two provides a fresh insight into sustainability studies

of the natural systems, especially the energy systems, with results that could not

be predicted and explained otherwise.

HANDY2 introduces endogenous mechanisms for distribution of labor into

various sectors of the economy. This formulation with bidirectional interactions

allows capturing real mechanisms that influence the variations in different sectors

of the labor market due to availability level of different types of natural resources.

Moreover, we model capital investments for extraction and production of various

types of natural resources. This allows the model to capture the impacts of in-

creased interest and investment in a particular type of resource on the long-term
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sustainability of natural resources as well as the stability prospects of the human

system that depends on that natural system. Because HANDY2 includes all the

three fundamental types of natural resources (Regenerating, Non-renewable, Flows

of Renewables), it could provide a general formulation for Carrying Capacity of a

coupled Earth–Human System.

HANDY2 provides the foundation upon which we will develop an Energy

Model to couple with COWA, and later to the Agriculture Model. The coupled

system will allow understanding fundamental interactions that challenge viability of

the Food–Energy–Water Nexus Systems, and help us to propose, design, and test

policies that can steer this interconnected system onto a sustainable path. Most im-

portantly, the vision offered by our proposed coupled model helps to understand the

dynamics of the whole system in the long term, which is the time scale of change

in these human system. This vision paves the way for transitioning into a new

paradigm of thinking about, and modeling of, human and natural systems.

C.1 Formulation of HANDY2

HANDY2 equations are given by:
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

ẋC = βCxC − αCxC + µxE

ẋE = βExE − αExE − µxE

ẏR = γyR(λ− yR)− δR(LRxC)(ηRyR)

ẏN = −δN(LNxC)(ηNyN)

ẇ = δR(LRxC)(ηRyR) + δN(LNxC)(ηNyN) + δF (LFxC)(ηFF )

−CC − CE − IR − IN − IF

ȦR,N,F = IR,N,F − σR,N,FAR,N,F

(C.1)

In this generation of HANDY, Nature is divided into three stocks: Regener-

ating (R), Nonrenewable (N ), and Renewable Flows (F ). Labor (xC) is assigned to

production from different types of Nature according to the labor assignment ratio,

L given by the following set of equations



LR =
δRxC(ηRyR)

δRxC(ηRyR) + δNxC(ηNyN)
(1− LF )

LN =
δNxC(ηNyN)

δRxC(ηRyR) + δNxC(ηNyN)
(1− LF )

LF = min
(
φ,

1

δFxC

)

(C.2)

This definition for LF ensures that the total production from flows of renewables
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is capped by the total accessible flow, ηFF . Here, φ denotes the ratio of the total

investment in accessibility that is assigned to renewable flows (see (C.11)). An

automatic constraint would be therefore LR + LN + LF = 1.

As before, wealth threshold, wth, is defined by:

wth = ρxC + κρxE. (C.3)

wth can be used to define a dimensionless variable, ω:

ω :=
w

wth
. (C.4)

CC and CE, the consumption rates for the Commoner and the Elite respectively,

are given by the same equations as in HANDY1:


CC = min(1, ω)sxC

CE = min(1, ω)κsxE

(C.5)

A graphical representation of the consumption rates are given in the figure

below.
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Figure C.1: Consumption rates for Elites and Commoners as a function of Wealth.

Famine starts when C
sx
≤ 1. Therefore, Commoners start experiencing famine when

ω ≤ 1, while Elites do not experience famine until ω ≤ 1
κ
.

The death rates for the Commoner and the Elite, αC and αE, are the same

functions (as in HANDY1) of the consumption rates:



αC = αm + max

(
0, 1− CC

sxC

)
(αM − αm)

αE = αm + max

(
0, 1− CE

sxE

)
(αM − αm)

(C.6)

The death rates can be graphically represented as a function of ω:
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Figure C.2: Death rates for Elites and Commoners as a function of Wealth. Elites

experience famine with a delay due to their unequal access to Wealth.

A new mechanism for downward mobility is introduced in HANDY2. As ω

falls below a certain value, ωo, which determines the onset of the mobility process,

Elites start joining the Commoners at a per capita rate of µ, which is given as the

following in terms of the maximum mobility rate, µM :

µ(ω) = µM

(
1− ω

ωo

)
. (C.7)

See figure C.3 for a graphical representation of the mobility rate µ.

228



𝜔= 
𝑤

𝑤𝑡ℎ

µ𝑀

µ(ω)

ω𝑜

Figure C.3: Mobility rate in HANDY2 as a function of Wealth. Elites start becoming

Commoners as Wealth drops below a certain threshold determined by ωo.

A is the Accumulated investment in accessibility for different types of Na-

ture. It can be normalized by defining a “threshold” value for it, Ath. Normalized

accessibility investment, a, is thus defined by:

a :=
A

Ath
. (C.8)

The accessibility factor, η, is assumed to be a function of a:

η(a) =
1

1 + (η−1m − 1)e−a
. (C.9)

Its graphical representation is:
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Figure C.4: Accessibility factor, η, as a function of accumulated investment in

accessibility, A.

I is the total Investment in accessibility. We choose a base investment in

accessibility, J , in order to normalize I. Normalized I is assumed to be a function

of ω:

I

J
=


θ(ω − 1) if ω ≥ 1

0 if ω < 1

(C.10)

θ is a dimensionless parameter that can be tweaked in order to vary the rate of

investment as ω increases. A graphical representation of the above equation is given

below.

From the total investment, a portion φ is invested in accessing renewable flows,
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and the rest is divided between regenerating and nonrenewable sectors:



IR = yR
yR+yN

(1− φ)I

IN = yN
yR+yN

(1− φ)I

IF = φI

(C.11)

1
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𝑤
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𝑆𝑙𝑜𝑝𝑒 = 𝜃

Figure C.5: Investment in accessibility, I, as a function of wealth, w.
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Table C.1: Description of Parameters used in HANDY2

Parameter Symbol Parameter Name Typical Value(s)

αm Normal (Minimum) Death rate 1.0× 10−2

αM Famine (Maximum) Death rate 7.0× 10−2

βC Commoner Birth rate 3.0× 10−2

βE Elite Birth rate 3.0× 10−2

s Subsistence Salary per Capita 5.0× 10−4

ρ Threshold Wealth per Capita 5.0× 10−3

γ Regeneration rate of Nature 1.0× 10−2

λ (Regenerating) Nature Carrying Capacity 1.0× 10+2

F Rate of Flow of Renewables

κ Inequality factor 1, 10, 100

µM Maximum Mobility rate

ωo Mobility Onset

δR Production Factor for Regenerating Nature

δN Production Factor for Nonrenewables

δF Production Factor for Renewable Flows

J Base Investment in Accessibility

θ rate of Investment in Accessibility

φ ratio of investment in accessibility of renewable flows

Ath (array of) Threshold of Accumulated Accessibility Investment

σ (array of) Accessibility Investment Depreciation rate
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Variable Symbol Variable Name Typical Initial Value(s)

xC Commoner Population 1.0× 10+2

xE Elite Population 0, 1, 25

yR Regenerating Nature λ

yN Nonrenewable Nature

w Accumulated Wealth 0

A (array of) Accumulated Investment in Accessibility

Table C.2: List of state variables in HANDY2. xE(0) takes different values for

different scenarios.
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Variable Symbol Variable Name Defining Equation

wth Threshold Wealth (C.3)

ω Normalized Wealth w/wth

CC Commoner Consumption (C.5) (figure C.1)

CE Elite Consumption (C.5) (figure C.1)

αC Commoner Death Rate (C.6) (figure C.2)

αE Elite Death Rate (C.6) (figure C.2)

µ Downward Mobility (C.7) (figure C.3)

L (array of) Labor Assignment ratio (C.2)

I Investment in Accessibility (C.11)

a (array of) Normalized Accumulated Investment in Accessibility (C.8)

η (array of) Accessibility Factor (C.9) (figure C.4)

Table C.3: As a reference, all auxiliary variables and functions in HANDY2 are

listed in this table. Subscript e denotes equilibrium value everywhere in this paper.
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Petra Döll, Hannes Müller Schmied, Carina Schuh, Felix T. Portmann, and An-
nette Eicker. Global-scale assessment of groundwater depletion and related
groundwater abstractions: Combining hydrological modeling with information
from well observations and GRACE satellites. Water Resources Research, 50
(7):5698–5720, July 2014. ISSN 1944-7973. doi: 10.1002/2014WR015595. URL
http://onlinelibrary.wiley.com/doi/10.1002/2014WR015595/abstract.

Sean S. Downey, W. Randall Haas, and Stephen J. Shennan. European Neolithic
societies showed early warning signals of population collapse. Proceedings of the
National Academy of Sciences, 113(35):9751–9756, August 2016. ISSN 0027-
8424, 1091-6490. doi: 10.1073/pnas.1602504113. URL http://www.pnas.org/

content/113/35/9751.

Faye Duchin. The Future of the Environment: Ecological Economics and Techno-
logical Change. Oxford University Press, New York, NY, 1994. ISBN 978-0-19-
508574-7.

David R. Easterling, Gerald A. Meehl, Camille Parmesan, Stanley A. Changnon,
Thomas R. Karl, and Linda O. Mearns. Climate Extremes: Observations, Mod-
eling, and Impacts. Science, 289(5487):2068–2074, September 2000. ISSN 0036-
8075, 1095-9203. doi: 10.1126/science.289.5487.2068. URL http://science.

sciencemag.org/content/289/5487/2068.

J. E. Edmonds, M. A. Wise, and C. N. MacCracken. Advanced energy technolo-
gies and climate change: An analysis using the global change assessment model
(GCAM). Fondazione ENI Enrico Mattei, 1994. URL http://sedac.ciesin.

org/mva/MCPAPER/mcpaper.html.

Julia A. Ekstrom, Lisa Suatoni, Sarah R. Cooley, Linwood H. Pendleton, George G.
Waldbusser, Josh E. Cinner, Jessica Ritter, Chris Langdon, Ruben van Hooidonk,
Dwight Gledhill, Katharine Wellman, Michael W. Beck, Luke M. Brander, Dan

246

http://www.tandfonline.com/doi/abs/10.1623/hysj.54.6.1007
http://www.tandfonline.com/doi/abs/10.1623/hysj.54.6.1007
http://dx.doi.org/10.1021/acs.est.5b04970
http://energy.gov/cfo/downloads/fy-2017-budget-justification
http://energy.gov/cfo/downloads/fy-2017-budget-justification
http://onlinelibrary.wiley.com/doi/10.1002/2014WR015595/abstract
http://www.pnas.org/content/113/35/9751
http://www.pnas.org/content/113/35/9751
http://science.sciencemag.org/content/289/5487/2068
http://science.sciencemag.org/content/289/5487/2068
http://sedac.ciesin.org/mva/MCPAPER/mcpaper.html
http://sedac.ciesin.org/mva/MCPAPER/mcpaper.html


Rittschof, Carolyn Doherty, Peter E. T. Edwards, and Rosimeiry Portela. Vul-
nerability and adaptation of US shellfisheries to ocean acidification. Nature
Climate Change, 5(3):207–214, March 2015. ISSN 1758-678X. doi: 10.1038/
nclimate2508. URL http://www.nature.com/nclimate/journal/v5/n3/full/

nclimate2508.html.

EPA. Control and Mitigation of Drinking Water Losses in Distribution System.
Technical Report EPA 816-R-10-019, US Environmental Protection Agency,
November 2010. URL http://www.allianceforwaterefficiency.org/

uploadedFiles/Resource_Center/Library/water_loss/EPA-Water-Loss-

Control-November-2010.pdf.

EPA. Providing Safe Drinking Water in America. National Public Water Systems
Compliance Report EPA Document 305R15001, The United States (U.S.) En-
vironmental Protection Agency (EPA), Office of Enforcement and Compliance
Assurance, Washington, DC, USA, 2013.

Jan Willem Erisman, Mark A. Sutton, James Galloway, Zbigniew Klimont, and
Wilfried Winiwarter. How a century of ammonia synthesis changed the world.
Nature Geoscience, 1(10):636–639, October 2008. ISSN 1752-0894. doi: 10.1038/
ngeo325. URL http://www.nature.com/ngeo/journal/v1/n10/abs/ngeo325.

html.

G. Evensen. The ensemble Kalman filter for combined state and parameter esti-
mation. IEEE Control Systems, 29(3):83–104, June 2009. ISSN 1066-033X. doi:
10.1109/MCS.2009.932223.

J. S. Famiglietti. The global groundwater crisis. Nature Climate Change, 4(11):945–
948, November 2014. ISSN 1758-678X. doi: 10.1038/nclimate2425. URL http:

//www.nature.com/nclimate/journal/v4/n11/full/nclimate2425.html.

J. S. Famiglietti, M. Lo, S. L. Ho, J. Bethune, K. J. Anderson, T. H. Syed,
S. C. Swenson, C. R. de Linage, and M. Rodell. Satellites measure re-
cent rates of groundwater depletion in California’s Central Valley. Geophysi-
cal Research Letters, 38(3):L03403, February 2011. ISSN 1944-8007. doi: 10.
1029/2010GL046442. URL http://onlinelibrary.wiley.com/doi/10.1029/

2010GL046442/abstract.

James S. Famiglietti and Matthew Rodell. Water in the Balance. Science, 340(6138):
1300–1301, June 2013. ISSN 0036-8075, 1095-9203. doi: 10.1126/science.1236460.
URL http://www.sciencemag.org/content/340/6138/1300.

J. Doyne Farmer and John J. Sidorowich. Predicting chaotic time series. Phys.
Rev. Lett., 59:845–848, Aug 1987. doi: 10.1103/PhysRevLett.59.845. URL http:

//link.aps.org/doi/10.1103/PhysRevLett.59.845.

Allen A. Fawcett, Gokul C. Iyer, Leon E. Clarke, James A. Edmonds, Nathan E.
Hultman, Haewon C. McJeon, Joeri Rogelj, Reed Schuler, Jameel Alsalam,

247

http://www.nature.com/nclimate/journal/v5/n3/full/nclimate2508.html
http://www.nature.com/nclimate/journal/v5/n3/full/nclimate2508.html
http://www.allianceforwaterefficiency.org/uploadedFiles/Resource_Center/Library/water_loss/EPA-Water-Loss-Control-November-2010.pdf
http://www.allianceforwaterefficiency.org/uploadedFiles/Resource_Center/Library/water_loss/EPA-Water-Loss-Control-November-2010.pdf
http://www.allianceforwaterefficiency.org/uploadedFiles/Resource_Center/Library/water_loss/EPA-Water-Loss-Control-November-2010.pdf
http://www.nature.com/ngeo/journal/v1/n10/abs/ngeo325.html
http://www.nature.com/ngeo/journal/v1/n10/abs/ngeo325.html
http://www.nature.com/nclimate/journal/v4/n11/full/nclimate2425.html
http://www.nature.com/nclimate/journal/v4/n11/full/nclimate2425.html
http://onlinelibrary.wiley.com/doi/10.1029/2010GL046442/abstract
http://onlinelibrary.wiley.com/doi/10.1029/2010GL046442/abstract
http://www.sciencemag.org/content/340/6138/1300
http://link.aps.org/doi/10.1103/PhysRevLett.59.845
http://link.aps.org/doi/10.1103/PhysRevLett.59.845


Ghassem R. Asrar, Jared Creason, Minji Jeong, James McFarland, Anupriya
Mundra, and Wenjing Shi. Can Paris pledges avert severe climate change?
Science, 350(6265):1168–1169, December 2015. ISSN 0036-8075, 1095-9203.
doi: 10.1126/science.aad5761. URL http://www.sciencemag.org.proxy-um.

researchport.umd.edu/content/350/6265/1168.

Kuishuang Feng, Klaus Hubacek, Dabo Guan, Monica Contestabile, Jan Minx, and
John Barrett. Distributional Effects of Climate Change Taxation: The Case of
the UK. Environmental Science & Technology, 44(10):3670–3676, May 2010a.
ISSN 0013-936X. doi: 10.1021/es902974g. URL http://dx.doi.org/10.1021/

es902974g.

Kuishuang Feng, Ashok Chapagain, Sangwon Suh, Stephan Pfister, and Klaus
Hubacek. Comparison of Bottom-up and Top-down Approaches to Calculating
the Water Footprints of Nations. Economic Systems Research, 23(4):371–385,
December 2011a. ISSN 0953-5314. doi: 10.1080/09535314.2011.638276. URL
http://dx.doi.org/10.1080/09535314.2011.638276.

Kuishuang Feng, Klaus Hubacek, Jan Minx, Yim Ling Siu, Ashok Chapagain, Yang
Yu, Dabo Guan, and John Barrett. Spatially Explicit Analysis of Water Footprints
in the UK. Water, 3(1):47–63, 2011b. doi: 10.3390/w3010047. URL http:

//www.mdpi.com/2073-4441/3/1/47.

Kuishuang Feng, Yim Ling Siu, Dabo Guan, and Klaus Hubacek. Analyzing Drivers
of Regional Carbon Dioxide Emissions for China. Journal of Industrial Ecology,
16(4):600–611, August 2012. ISSN 1530-9290. doi: 10.1111/j.1530-9290.2012.
00494.x. URL http://onlinelibrary.wiley.com/doi/10.1111/j.1530-9290.

2012.00494.x/abstract.

Shuaizhang Feng, Alan B. Krueger, and Michael Oppenheimer. Linkages among
climate change, crop yields and Mexico–US cross-border migration. Proceedings
of the National Academy of Sciences, 107(32):14257–14262, August 2010b. ISSN
0027-8424, 1091-6490. doi: 10.1073/pnas.1002632107. URL http://www.pnas.

org/content/107/32/14257.
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