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Abstract

Understanding the drivers of environmental changes is critical for predicting and
managing this rapidly evolving world. One of the challenges commonly faced by
existing studies of analyzing the drivers of an environmental change, be it at a
small scale or a large one, is that the drivers presented are not necessarily the true
causes that have causal relations with the target of their study. In this thesis, I
used state-of-the-art techniques from causal inference to understand the drivers of
changing fire activities at different scales. Fire is a fundamental process of the earth
system, and the widely observed changing patterns of fire behavior is an important
aspect of the global changes that can have profound impacts on ecosystems and
human societies. Therefore, understanding the drivers of the changing fire behavior

is of vital importance.

I first propose a causal framework that integrate models that can detect causality
among variables, and intepretable machine learning models to select and quantify
the impact of drivers on fire emissions. [ tested this framework on 12 selected
regions, and the results showed that the framework can effectively select the true
causes as drivers of fire emissions, and also provide informative evaluations of their
impacts on fire emissions. Then, I apply this causal framework to a global anal-
ysis for drivers of fire emission trend at a scale specific to biome and geological
continents. Global fire-derived carbon emissions (fire emissions hereafter) are rela-
tively stable over the period 2001-2019. This was mainly caused by the decrease in
African savannas and the increase in Asian boreal forests. The main drivers for the
decrease of fire emissions in African savannas are decreased vegetation caused by
anthropogenic intervention, mainly through agricultural expansion. The increasing
fire emissions in Asian boreal forests was mainly driven by agricultural activities
and changing climates, especially drier climates in this region. For the other parts
of the world, their drivers differ. In general, vegetation is the most widely observed
driver which usually has a positive impact; climates is also widely observed as a

fire emission driver, while the impact of the several aspects of climate, namely

\%
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temperature, humidity, water availability and wind, differ among areas; and an-
thropogenic interventions were relatively less important because it was identified

as a driver for fewer locations.

I also apply scenario analysis to a theoretical grass-savanna-tree model to under-
stand the role of climate change and anthropogenic interventions on the process
of forest degradation where fire plays a critical role. I found that for scenarios
with high level of climate change, the system displays bistability and hysteresis;
while for scenarios with low level of climate change, the system responds to in-
creasing anthropogenic interventions nonlinearly but does not display bistability.
A tree dominated system will degrade into a grass dominated one under a high level
of anthropogenic intervention, and the degradation process can be accelerated and
worsened by higher level of climate change. At last, I proposed an indicator to eval-
uate the risk of irreversible degradation for a system with hysteresis using Bayesian
inference for model parameterization. I apply this indicator to a real world case
and found that the risk of irreversible degradation can indeed be high. The risk
of irreversible degradation should be taking into account and measured in future
management decisions due to the consequences and potential loss of irreversible

degradation.

This thesis investigated the drivers of fire activities with emphasis on climate
change and anthropogenic intervention as potential drivers. With the causal frame-
work and its application to understanding drivers of fire-derived carbon emissions
at the global scale from 2001 to 2019, climate change towards drier and warmer
climates and anthropogenic intervention through deforestation are of vital impor-
tance in driving increasing carbon emissions in forest such as Asian boreal forests
and Amazon forests. And the forest-savanna transition model showed the syner-
getic effects between the two drivers that can make the transitioning process from
forest to savannas and grasslands in a shorter time and to a more degraded state.
In the end, I proposed an indicator that can be adopted to measure the risk of
irreversible degradation from forests to savannas, which is a promising research for

my future plan.
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Chapter 1

Introduction

1.1 Background and motivation

Environmental changes are widely observed across the world at different scales and
often at an alarming rate over the past decades under the pressure of global climate
change and human activities [1-3]. Understanding drivers that caused a particular
environmental change is key to understanding the historical trajectories as well as
predicting the future changes. The relationship between driver and system status
is especially important for systems with potential thresholds for regime shifts. For
such systems, when drivers approach the threshold, minor changes in the driver
can lead to disproportionate and even irreversible change in system status [1, 4-6].
As such, a good understanding of the drivers associated with the environmental
change is essential for rigorous decision-making in order to implement policies lead

to optimal outcomes and prevent catastrophic degradation.

Understanding drivers of environmental change implicitly embed the requirement
for causal understandings, because by definition if a claim is made that a variable
is the driver of the change, that means the variable causes the change, and there
should be causality between the variable and the environmental change. Therefore,
part of the challenge lie in successfully detecting causality from the system where

I observe the environmental change [7, §].

“Correlation does not mean causality” is a well-known phrase to researchers [9-11].

Correlation between variables does not necessarily mean one can cause another.
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Making conclusions or predictions based on correlation can be misleading. For ex-
ample, Google developed a system called Google Flu Trend to predict the outbreak
of flu based on the key words of people’s search through the engine. However, the
results were far from satisfying, especially over the time period 2011-2013. Part
of the reason for their inaccurate predictions is that the words people search, like
the typical flu symptom “fever”, are not the cause of flu, but merely correlate with
it. Therefore, using these keywords can not adequately predict the outbreak of flu
[12, 13]. In statistical terms, it is also called “spurious correlation”, meaning corre-
lated variables that do not have causalities [14]. Getting to know the associations
can be helpful in a way that observing one thing will give information on the ones
associated with it. But its usefulness in boosting our understanding is oftentimes
limited. It is vital to establish the causal relations beyond association in order to
make sense of the world around us. We interpret the observations by understand-
ing what causes the observed phenomenon, and what would be the consequences
had we done differently [11, 15]. However, the tools that scientists developed over
the centuries that are most widely used nowadays are mainly based on traditional
statistical thinking, heavily reliant on correlation. When we conduct statistical
analyses, the results are subject to a wide range of statistical fallacies that could

undermine our judgement and lead to false conclusions [10, 16, 17].

“We are all victims of causality” is a quote from the movie The Matriz Reloaded.
I reference it here out of context and interpret it as humans more than often fail
to understand the causalities of a series of events properly and therefore make
unjustified decisions. Reasons for this failure can be found on different levels and
understood from different angles. Behavioral psychology studies pointed out it is
hard to avoid such bias because of the way our brain functions. Human brains have
the advantage of being capable of causal thinking. The downside of this advantage
is that it tends to seek the causal links out of thin air, even if the evidence is far
from being enough to support the speculated causes [15, 18]. A harmless example
is the superstition some people hold to consider something as their lucky charm,
because their experience seemed to show association between this “lucky charm”
and good things happen to them. There is no reason that the two should have any
causal relation if we think logically. Taking into account aspects that bear no causal
relations to our judgement makes it susceptible to bias and noise, and this can lead
to serious consequences under some circumstances. For example, race and crime are

not causally related, but people make biased judgements against the minority all
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the time, even without realizing it. Researchers proposed an operational framework
called “decision hygiene” to fight against noise and error in human judgement. One
principle of this “decision hygiene” is to offer only relevant information, meaning
only aspects that bear causal relations with the outcome should be provided for

decision making [19].

Besides the proposed “decision hygiene”, models are also advocated in decision
making because they are supposed to be “noise free”, meaning they can make
consistent decisions for a given instance, as opposed to human judgements that
can be swayed by all kinds of irrelevant and random conditions [19]. This not only
requires that the models are well-designed, but also that the inputs should be well-
chosen, or else models can be just as biased as human judgements. It has drawn
wide attention in the field of artificial intelligence that models can make biased
decision against minorities because of the unbalanced data input to the models
for training and/or the irrelevant factors (for instances, gender, race, and social
security numbers) being included as a predictor [19-22]. Situations like this are
more obvious and can be easily recognized. Others can be more subtle and thus
passed as unnoticed to human eyes; but nonetheless undermines the credibility
of the model. Operated without being noticed for a long time, it can reinforce
the biased judgement and cause profound consequences considering the scale of
using artificial intelligence for decision making nowadays. This calls for techniques
to examine causal relations between variables instead of mere speculations before

decision making, either by humans or by models.

Inspired by the “decision hygiene” proposed to improve human judgements, I incor-
porate causal thinking into our analysis to achieve “model hygiene” in some ways
analogous to it. Our goal is to ensure the “drivers” we determined have causal
relations with the target, which in this thesis refers to changes associated with fire
activities. The recent and rapid advancement in causal inference provided the ba-
sis for the pursuit in this thesis. The concept of “causality” has long been vague,
but has been clarified and formulated in a way that can be rigidly investigated
and understood over the past decades. For example, in the book The Extended
Phenotype by Richard Dawkins [23], a biologist and ecologist, and also the author
of the well-known book The Selfish Gene, there was a brief discussion on genes
being the cause of certain traits and physical behavior. Dawkins gave the example

of sex chromosomes being the cause for females preferring knitting while males
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prefering gun toys, and reached the conclusion that this differentiated preference
among female and male is caused by the genes even though it is through social and
cultural influence. I briefly quote his argument here, “It is also fully compatible
with the view that the reason females enjoy knitting is that society brings them up
to enjoy knitting. If society systematically trains children without penises to knit
and play with dolls, and trains children with penises to play with guns and toy sol-
diers, any resulting differences in male and female preferences are strictly speaking
genetically determined differences! They are determined, through the medium of
societal custom, by the fact of possession or non-possession of a penis, and that
is determined (in a normal environment and in the absence of ingenious plastic
surgery or hormone therapy) by sex chromosomes.” [23] About four decades have
past since Dawkins wrote this argument. With the knowledge of modern causal
inference, we can easily discern the flaw in this argument. If sex influenced the
preference through societal custom, then sex should be a confounder rather than a

direct cause for this difference [17].

With the knowledge and tools we can borrow from causal inference, I wish to
investigate drivers of environmental change from the perspective of causality, and
see what insights can be generated through the lens of causality. In this thesis, [
specifically investigated the drivers of changing fire activities from the perspective
of causality. Over the past decades, fire regimes have shifted due to climate change
and anthropogenic intervention across the world [24-27]. Fire is an inherent and
fundamental process that can impact ecosystems and human well-being [27, 28].
From the ecological point of view, fire can regulate ecosystems at multiple levels
such as organism traits, population, species interactions, nutrient cycles especially
carbon cycles, and many other ecosystem functions [3, 27, 29]. Changing fire
activities also brings societal challenges, because increasingly destructive wildfires
can cause significant loss of forests and biodiversity, and serious haze issues that

received wide attention [30-32].

Systems with fire as an internal process have complex feedback among vegetation,
climate, and social components of the system [33, 34]. Due to the complex feed-
back among these components, fire management can be extremely challenging in
many regions, and the system often defy simple policy or management solutions,
or even produce opposite consequences as opposed to the desired ones [35, 36]. For

example, fire suppression as a fire management strategy brought unexpected and
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undesirable outcomes in North America. Because a large number of small fires
were suppressed over the past century, thus the fuel built up and the forest became
increasingly well connected, losing the buffer zones that should have been created
by small fires. As such, the forests became dangerously susceptible to mega-fires,
which already resulted in severe consequences such as the 2020 record-breaking fire
season in America [37, 38]. Additionally, the solution implemented to solve certain
issues associated with fires can lead to adverse effect on others due to the interact-
ing components within the system. For instance, scientists proposed to shift the
human-induced fire activities to early dry seasons in African savannas to reduce
the greenhouse gas emissions. While its usefulness in reducing emissions is still
questionable, this can also cause social conflicts with the indigenous fire practices
and affect human livelihoods [39, 40]. Therefore, understanding drivers that caused
the changes of fire activities is critical for such systems with complex feedback if

we wish to better understand and manage it [5, 8, 41, 42].

1.2 Outline of the Thesis

The structure and main content of this thesis is summarized in Figure 1.1. In this
thesis, I try to understand the changing fire activities through the lens of causality.
The chapters in this thesis are centered around this topic. This chapter provides a
big picture of this field and the motivation for me to pursue this topic. Chapter 2
is a literature review that summarized relevant findings and advancements in this
area. The main body of this thesis which presented the research findings of my own
included Chapters 3 - 6. Chapter 3 and Chapter 4 are based on statistical models;
and Chapter 5 and Chapter 6 are based on mechanism models, to be specific simple
mechanism models used to describe complex nonlinear systems. The last chapter
is a summary of the findings and prospects for future work based on this thesis.

The content of the chapters following this one are summarized as follows:

e Chapter 2 summarized why causality is necessary for detecting and under-
standing drivers of environmental changes; the progress and current tech-
niques available for understanding drivers; and then narrow down to our cur-
rent understanding regarding drivers for fire activities at global and regional

scales, as well as their limitations.
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e Chapter 3 proposed a causal framework that unifies several state-of-the-art
causal model and machine learning techniques in order to identify drivers and
quantify their impact. I also apply the proposed framework to regions that

experienced most frequent fires to test the validity of the framework.

e Chapter 4 first identified the overall temporal trend of fire emissions from
2001 to 2019 at global, regional, and pixel scales; then applied the causal
framework proposed and tested in Chapter 3 to understand drivers for fire

emission trends specific to geographical regions and biomes.

e Chapter 5 employed a mechanism model that describes the transition from
grasslands and forests, and applied the model to simulate the degradation of

forests and changing fire regimes under anthropogenic interventions.

e Chapter 6 proposed an indicator to measure the risk of irreversible degrada-
tion of ecosystems that can be incorporated with the model used in Chapter 5

to estimated the risk of irreversible degradation of forests to grasslands.

e Chapter 7 summarized the findings of the previous chapters and identified
future opportunities. There are plenty of promising future work that can
be derived from this thesis, such as applying the causal framework to other
relevant context, and incorporating the model presented in Chapter 5 and

the indicator described in Chapter 6.

There is a famous theorem in the field of machine learning called No Free Lunch
theorem, which suggests that there is no single algorithm universally being the
best-performing algorithm for all problems [9, 43]. Likewise, as complex as the
social-ecological systems are, there is no single model that can best answer the
question we are interested in [44, 45]. Therefore, I tried to answer the question from
at least two perspectives with two different techniques, statistical model (Chapters
3 and 4) and process-based model (Chapters 5 and 6). In this way, [ gave a more
comprehensive picture of how fire activities are modified by different environmental

stressors and how different systems might respond.
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FIGURE 1.1: An overview of the thesis structure and content.







Chapter 2

Literature Review

This chapter is a literature review begins with a description of why causality is
needed for understanding drivers of environmental changes and why detecting
causality is difficult, especially for complex nonlinear systems. Next, it outlines
the development of techniques for detecting and understanding causality that are
divided into two categories: causal inference which is more data-driven, and using
process-based models which are more reliant on prior knowledge for model design.
Lastly, the review focuses on our current understanding on drivers for changing
fire activities, which forms the bulk of the work in this thesis, and the updated

perspective and techniques used to determine causality.

2.1 Understanding drivers for environmental changes

Typically, drivers for environmental changes are identified by 1) control-treatment
experiments; and 2) statistical analyses. Control-treatment experiments are usu-
ally more straightforward and therefore better perceived by researchers. One of
the classic examples of using control-treatment experiments to identify drivers for
environmental change is the experiment in Lake 227 in Canada that identified
phosphorous as the driver for lake eutrophication by controlling the nutrient in-
put to the neighboring lakes and comparing their primary production [46]. Lake
eutrophication is a typical phenomenon of ecosystem regime shift that can have

a profound impact on freshwater ecosystems [47]. The driver of eutrophication
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underwent a major debate for various reasons. This experiment conclusively tes-
tified that the driver for eutrophication is the external phosphorous input other
than other plausible ones like nitrate inputs [46]. However, control-treatment ex-
periments are only applicable to small scale ecosystems that are relatively isolated
with clear boundaries. Large scale control-treatment experiments are usually un-
feasible for technical and possible ethical reasons. For example, there has been a
long debate over whether it is legitimate to make the claim “smoking causes lung
cancer” back in the 1960s. Because it is unethical to conduct a control-treatment
experiment when the researchers are aware of the health concerns of smoking; and
there are limited tools to establish causal relationships between smoking and lung

cancer from the epidemic data back then [11, 48].

Data-driven methods to understand the drivers for ecological changes are often em-
ployed through statistical models. These include conventional statistical models or
more recently developed machine learning models. Either way, the studies often
attempt to make causal claims [8, 49, 50]. The word “driver” suggests a causal re-
lationship implicitly, being the driver for an observed environmental change means
being the cause. When trying to identify drivers for the phenomenon of interest,
the research inherently encapsulate the need for causal understandings. Ideally,
the methods employed by such studies should be able to answer the question of
cause and effect; while in reality, a large number of current studies in the field
of ecology still use conventional statistical analysis which is based on correlation.
This can be problematic because the focal systems, either ecosystems or coupled
social-ecological systems, are often complex systems that can display chaotic be-
havior [51, 52]. Chaotic behavior of complex systems can obscure the correlation
between variables that have causal relations [7]. This can happen even for a sim-
ple deterministic nonlinear system. For example, a system with two coupled state
variables X and Y governed by system dynamics described as (2.1) [7], if observed
at different time periods, X and Y can be correlated or uncorrelated (Figure 2.1).
The relationship of X and Y defined by (2.1) clearly indicates Granger causality
between the two variables. Granger causality posits that previous data points of Y
and X provide information for predicting X and Y, respectively [53]. The values
of X and Y depend on their values of the previous time steps ((2.1)), providing the
information for forward predicting each other, thus Granger causality exist between
X and Y. However, if one uses correlation to infer the causal relationship between

X and Y, there is no guarantee that one can actually detect correlation between
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FIGURE 2.1: The two variables of a complex system that have causal relations
can be correlated (a) or uncorrelated (b and c) depending on the window of
observation. The three subfigures are obtained from a continuous series of simu-
lation of a nonlinear system. Only three windows of observations were displayed
as examples to show the systems can be correlated in some periods (such as a)
and anticorrelated in other periods (such as b and c). Mathmatical models for
simulation to generate the figures followed Sugihara et al. [7]

the two variables to support the causal link, likely leading to the false conclusion

that there exits no causal relation between the two variables .

Xt+1 = Xt X (Cl — G,Xt — b}/t)

(2.1)
Yipn =Y X (¢ — e} — dXy)

From this simple example, we can see that correlation is either necessary nor suf-
ficient to establish the causal relations between variables for a complex system.
Therefore, using correlation to infer causality is not reliable for such complex sys-
tems. This is especially true for a system that undergoes a regime shift, which
is characterized by abrupt changes in the system state [47]. After the external
driver reaches a certain threshold, small disturbances within the system can trig-
ger such regime shifts and lead to sudden degradation that are often difficult or
even impossible to reverse [4, 44]. Judging from the data, the external driver can
stay relatively stable throughout the whole process of regime shift while the sys-
tem state changes significantly, leading to the false conclusion that the external
driver is not the cause of the shift. In order to better answer the question of cause
and effect, techniques to resolve the challenge of uncorrelated cause and effect in

complex systems are required [7, 50].
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2.2 Statistical models

2.2.1 A historical overview

How to define causality has been discussed from a philosophical point of view for
thousands of years with little consensus on what constitutes causality [11]. As
mentioned above, back in 1960s, there is a hot debate on the relationship between
lung cancer and smoking, whether it is a mere correlation or we can actually say
that smoking causes lung cancer. The core issue of this problem was the lack of

tools to draw concrete conclusions on cause and effect.

Historically, correlation was discovered as a result of Galton and Pearson’s pursuit
of understanding how the height of fathers affect that of their sons’ starting from
1880s [54, 55]. Their studies led to a series of important discoveries in statistics
including correlation coefficient and regression to the mean. Ironically, they started
from understanding causality while end up being skeptical about it. Pearson (after
whom Pearson correlation is named) then declared that correlation is all there is.
He thought that causality is merely a special case of correlation, where the absolute

value of correlation coefficient is 1 [11, 56].

The skepticism against causality lasted for a long time. An important research
that changed this perspective later was conducted by Sewall Wright [57] who was
originally a geneticist and proposed a new method to decouple the influence of ge-
netic factors and others like environmental factors. Though it was not immediately
acknowledged and appreciated by the wider scientific community, it has become
one of the most important methods today for causal analysis which is often known

as Structural Equation Models.

Nowadays, scientists have gone a long way in the pursuit of causality. There
are a handful of techniques to approach the question of cause and effect. Each
may have different definitions of ‘causality’ and the underlying assumptions for
these techniques could be subtle and different from one another. Here, 1 gave
a brief introduction to the most common techniques for causal inference. These
techniques have their advantages and disadvantages, and I only employed some of
these techniques in my thesis. The reasons for the chosen techniques are explained

in detail in each chapter.
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FIGURE 2.2: An illustration of the ladder of causation. (Modified from The book
of Whyl11])

2.2.2 Granger causality test

Granger causality test is proposed by Granger [58] to cope with spurious correla-
tion, and has become a widely-accepted method for causality detection in scientific
studies. Causality detected by Granger causality test is specifically named Granger
causality in order to distinguish it from other definitions of causality. It has deep
roots in linear regression, time series analysis and stochastic process [53]. The
premise of Granger causality is predictability instead of correlation. Supposed we
have two variables X and Y, and time series data for both. If the inclusion of
previous data points of X (z; 1,2y o,...) improves the predictability of y;, com-
pared to using only autocorrelation of Y, then X Granger-causes Y, and vice versa
[53, 58]. For example, the mathematical formula for a bivariate linear model is as

follows:
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P
Yr = Z QiYs—i + Mt (2.2)
i—1
p P
Y = Z Privi—i + Z BaiYi—i + € (2.3)
i=1 i=1

where X and Y are the variables, z; and y, are the data points for time ¢; p is
the time lag used for the regression, meaning how many previous time points are
included; o and [ are the coefficients for the regression; n and € are the error
terms. Suppose inclusion of the term » > | By;24—; could significantly reduce the
variance of 7, aka o? < o7

that X Granger-causes Y. It is also required that coefficients fy; are significantly

is statistically significant, then it can be concluded

different from 0. This means the inclusion of X are actually contributing to the
model outcome, and has a positive effect in improving the accuracy [53, 58]. Tt is
obvious that Granger causality encapsulates two basic assumptions for causality:
the causes should happen prior to effects; and causes should contain information

for effects thus inclusion of causes could improve the predictability of outcome.

The example is an simple illustration to explain the meaning of Granger causal-
ity. In terms of its application, Granger causality test has been expanded to fit
the requirements of more complex problems. The example I gave here is for two
variables, while in practice multiple variables are often involved. Instead of con-
ducting the same test in a naive pairwise way, a more sophisticated method called
conditional Granger causality for multivariate is proposed by Chen et al. [59]. An-
other advantage of the conditional Granger causality is that it can distinguish the
direct Granger causes from the indirect ones that influence the effect through other
variables, thereby avoiding the issue of confounders [59]. Also, the model (2.2) is
a linear model, which assumed a linear relationship between the variables. This
requirement can be relaxed by using nonlinear models instead [60]. But implemen-
tation of nonlinear models are much more difficult than a linear model. Therefore,
the nonlinear models are often substituted by other approximation methods when
the relationships are nonlinear[61, 62]. And some researchers even argue that lin-
ear Granger causality test can be valid even if nonlinearity is expected under some

circumstances [63].
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Granger causality test has been widely applied in the fields of economics, neural
science, as well as ecology [59, 63, 64]. However, it has some serious limitations.
One limitation of Granger causality test is that it is sensitive to noise and its
validity for a nonlinear complex system is often limited [65]. Moreover, Granger
causality test is designed for a stochastic system, which means its application to

deterministic systems could be problematic [7, 58].

2.2.3 Bayesian causal inference

Bayesian methods claim to be capable of explaining causality, and this has been
considered one of the major advantages of Bayesian methods over frequentist ap-
proaches. The rational of Bayesian inference being capable of explaining causality
comes from the Bayesian equation (2.4), which implies that the probability of event
A will increase given that we know B happened. This aligned with the early-days’
philosophical view of causality. One of the most powerful tools in Bayesian meth-
ods for causal inference is Bayesian network, which combines Bayesian thinking

and graph theory.

plajp) - PALB)

PE) .

A major reason that had prevented the subscription to Bayesian method is that
instead of giving a binary conclusion like hypothesis test given by frequentist ap-
proach, it gives the probability of the hypothesis being true, which doesn’t fit the
expectation that a scientific research should be able to give a solid and conclusive
outcome. However, this has in turn become the advantage of Bayesian methods.
On the one hand, our view has evolved and come to accept that every conclusion
comes with a degree of uncertainty, therefore a probabilistic representation of the
probability of a hypothesis being true might be better from a scientific point of

view.

2.2.4 Structural Equation Model

Another way to address the difficulty in causal inference are structural equation
models (SEM). SEM originated from the path analysis proposed by Wright [66].
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It was later rediscovered by social scientists and renamed SEM [67, 68]. When
applying SEM, we have to start with hypothesizing the causal model, and then
estimate the model parameters by fitting the model to the data. It has been
and still is one of the major tools for effect analysis in many areas like economy,
social sciences, and so on. The advantage of SEM is that the model functions are
invariant to possible changes of other variables, making it possible to investigate
and quantify the effects of certain interventions at the system level [67], which fits
the second level of the causality ladder, aka intervention (Figure 2.2). Though the
mathematical formula for SEM looks identical to that of ordinary regression, it
nonetheless could answer the question, what is the relative importance of various

causes, which is beyond the capability of regression and correlation [11, 57, 66, 69)].

SEM gained its popularity because it is efficient to perform. However, its efficiency
is achieved at the expanse of eliminating possible causal descriptions among the
variables [53]. When using SEM, one has to specify the structure of the model prior
to the subsequent analysis. This gives SEM the advantage of providing quantitative
descriptions of the cause and effect relations by incorporating qualitative under-
standing into the model as prior knowledge. However, we need to make sure the

given prior knowledge is correct to ensure the validity of the subsequent conclusion.

Graphical models are quite similar to SEM. They adopt different representations
of the causal model. Graphical models use a graphical representation, while SEM
is represented by mathematical equations [68]. However, the fundamental ideas
are the same, and it is oftentimes a matter of preferred terminology in different
fields. Social scientists prefer to use the word SEM; while computer scientists
prefer graphical models, sometimes termed as network analysis. It is less commonly
mentioned in the literature of SEM, but in studies of graphical models, it is also
possible to first specify several plausible models as hypothesis, and then test each
by fitting the model to the data. The fitness of each model can give hints on
which is the best causal model. This methodology enlarged the usefulness of SEM
/ graphical model. Not only can they be used for quantifying contributions of

causes, but to investigate the causal relations between variables [10, 11, 68].
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2.2.5 Machine Learning

Machine learning has deep roots in statistical learning, and is boosted by the most
recent advancement in computational capacities and availability of large amounts
of data [9]. One significant distinction between machine learning methods and
traditional statistical analysis, though the former has deep roots in the latter, is
the extensive application of nonparametric models. This means the distribution
that can be reduced and fully described by a few parameters, which is fundamental
to traditional statistical inference and hypothesis testing, becomes less significant.
This allows for more flexibility in machine learning models, and greatly enables its

application in ecological studies [70, 71].

Machine learning approaches are usually good at making precise predictions, but
known to produce an inscrutable ‘black box’, which do not fit into the inference
framework where we care more about the model structure rather than its precise
prediction [9, 70, 71]. Under most scenarios of simulating social-ecological systems,
prediction accuracy is more of a justification for the validity of the model, a way to
convince people that the model does capture the underlying processes and mech-
anisms. But the main purpose is often times not the prediction accuracy itself,
but using the model to advance our understanding of the system. Therefore, a
black box model will be less beneficial since the model structure is not open for
interpretation [72]. However, models built by machine learning approaches are not
completely unknown in a sense that the model structure as well as the parameters
are all transparent and accessible. For example, a neural network, which is a typi-
cal example of a ‘black box” model, usually has a structure specified manually by
the modeller, and all the parameters for the linear transformations and nonlinear
activation functions could be accessed. We call these ‘black box’ models mainly

because they are too complex for human brains to comprehend [73-75].

Traditionally, there is often a tradeoff between model performance and inter-
pretability. But this tradeoff is not inevitable with the rise of model interpretation
methods, especially the ones that are model agnostic, compatible with most models
ranging from statistical models to machine learning models [73, 76, 77]. Although
there are some concerns associated with interpreting ‘black box’ models [75], as
long as they are used properly, it is still possible to leverage the powerful perfor-
mance of machine learning approaches without comprising the interpretability at

the same time.
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2.3 Process-based Models

Apart from the above-mentioned methods that are data-driven and based on sta-
tistical thinking, another line of thinking would be using the process-based mod-
els. Process-based models describe systems with a set of governing equations that
represent the underlying processes of the system [78, 79]. It can be simple or
complex, ranging from the minimal models that only contain a few equations and
variables[78] to highly complex models consisting of hundreds of equations that
can simulate the whole earth system [80]. However, having more complex models
does not necessarily mean we can answer more complex questions. It has been
widely recognized that minimal models can give rise to very complex behavior.
For instance, the well-know “butterfly effect” originated from three deterministic
equations; yet chaotic behavior can emerge from this simple set of equations [81].
Later on ecologists such as May and Oster [82] also reported similar observations
that simple equations can be used to describe complex ecosystem dynamics. To
decide on the complexity of the model, it often depends on the research question
we want to answer and the scale of the focal system such as an ecosystem scale
or a regional scale [83, 84]. In this part, I focused on simple models because it
has been a prominent tool for advancing our understanding of drivers for envi-
ronmental changes, especially for regime shifts widely-observed in ecosystems and

social-ecological systems [5, 44, 85].

External drivers are an inseparable part of the simple models used to describe the
ecosystem, especially the ones used for modelling regime shifts in ecosystems [5].
Therefore, using simple models requires a good understanding of the mechanisms
that drive the shift.

It is quite typical that a scenario analysis be conducted for a process-based model.
The most familiar example to us all might be the different scenarios for global
warming based on model predictions. Scenario analysis is not generally associated
with causal analysis. However, the association between the two could be quite
obvious once we see the underlying linkage. Depending on the way the scenario
analysis is conducted, a retrospective or prospective scenario analysis fits the def-
inition of counterfactual (third level of causality ladder) or intervention (second

level of causality ladder), respectively (see Figure 2.2 for the causality ladder)



Chapter 2. Literature Review 19

[11, 86, 87]. Scenario analysis tries to estimate the expected outcome under dif-
ferent configurations of the environment, aka, the outcome under different settings
of some key aspects of the system. This gives an opportunity for looking into
the alternatives. For a prospective scenario analysis, a range of plausible future
pathways considering the uncertainty and complexity of social and environmental
systems are examined to predict how the future unfolds with each pathway|[88, 89].
This aligns with the definition of intervention, which tries to answer what will the
future be like if current behavior were to be altered. While for a retrospective sce-
nario analysis, it looks into the past on how different aspects and components of
the system contributed to the existing system [87]. Although it is more often that
only decomposition analysis are included, it is feasible to change past settings to
investigates how those changes will modify existing ones, which fits the definition

of a counterfactual.

Although researchers usually categorize the model into statistical or process-based
models, boundaries between the two are becoming increasingly vague, and in prac-
tice, they are almost inseparable. For example, the parameterization of a process-
based model usually involves statistical methods, like maximal likelihood estima-
tion or Bayesian inference [90, 91]. And some statistical models incorporate our
understanding of the underlying mechanism, like the network analysis I discussed
beforehand. Since the two methods could benefit from one another and have mu-
tual enhancements in their performances, more and more studies try to combine

the two to obtain better results [91, 92].

2.4 Drivers for changing fire activities

The last two decades have witnessed a few extreme fire events such as the 2015
extreme fire in Southeast Asia associated with the El Nifio, the 2019 Australian fire
[30], and the substantial area burned in the Arctic in 2019 and 2020 [93]. These
extreme fires have drawn widespread public attention due to the consequences
associated with them [32, 94]. The number of research on fire activities increased
significantly over the years as well. The number of publication per year increased
almost exponentially over the past 4 decades (Figure 2.3). A vast number of these

studies seek to understand the causes of fires at different spatial and temporal
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scales. The spatial scales vary from ecosystems to global, and the temporal scales

vary from a single fire event to a time period of centuries [95-100].

Changing climate and anthropogenic interventions are major concerns for increases
in fires across the world, with complex feedback between climate, vegetation, fire
and human activities [27, 35]. Carbon emitted to the atmosphere through fires can
have a positive feedback on climate, which can accelerate climate change, through
interactions among fire, vegetation and climate [34, 97, 101, 102]. There are ongo-
ing discussions on the causes of changing fire activities and the future projection
of fire activities at the regional and global scales under different scenarios of cli-
mate change and human behavior [24, 28, 33, 96, 103, 104]. Climate change and
anthropogenic interventions are major concerns for increases in fires in many re-
gions across the world [30, 74, 93, 98, 105]. Climate conditions, such as rainfall,
temperature, and moisture, control fire regimes at the global scale [24, 106]; and
extreme climate events such as extended droughts are often associated with abnor-
mally large fires and fire emissions [30, 99, 107]. Fire activities are also altered by
anthropogenic intervention through ignition, land-use change, and fire suppression
[108, 109]. Understanding the drivers behind changes in fire activities especially
in fire emissions is key to understanding the historical fires and projecting into
the future trend [33, 74, 101]. Capturing the important drivers that have major
impacts on fire emissions is also critical for fire management because targeting
the important drivers can optimize the expected outcome and reduce uncertainties
associated with it [36, 110].

The overall trend for global fires when measured by burnt area is declining. And
the main reason for this declining trend is the declined burnt area in South Africa,
which is an dominant hot spot for global fire activities. The driver for this declining
trend in South Africa is mostly human induced, specifically by land-use conversion
to agricultural land [108, 111]. At the regional scale, different regions displayed
highly differentiated trend and drivers associated with burnt area. For instance,
another hot spot for fire is Southeast Asia. Although it is a relatively small area,
its fire frequency and emissions are high due to the drainage and development of
peatlands for agriculture [112, 113]. Studies showed that extreme fire events in this
region are highly correlated with drought, as a consequence of El Nino [99]. Human
interventions through deforestation and logging also contributed significantly to

frequent fires in this regions [32, 94].
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FIGURE 2.3: Number of publications under the topic fire from 1980 to 2020.
Only articles in the field of environmental sciences, ecology and forestry were

included. The data was obtained from Web of Science (access date: 7 June
2021).

Another concern associated with changing fire activities is the carbon emitted to
the atmosphere during the processes. Therefore, establishing reliable fire emission
products and understanding the corresponding drivers are as important as other
aspects of fires [101, 107, 114]. Typically, existing fire emission data are based on
satellite observations, combined with process-based model to estimate the emis-
sions [114]. The emissions are often calculated from burnt area, which is directly
monitored by satellites; and then multiplied with the fuel loads and combustion
completeness according to the model equations and structures used to simulate
fire emissions [107, 114]. An alternative approach to estimate fire emissions uses
satellite observations of atmospheric carbon monoxide (CO), a key fire combustion
tracer. Such models are called atmospheric inversion models which is also capable
of providing observations for fire-derived CO and CO, emissions across the globe
at a high temporal resolution for the past two decades [101]. Both approaches
for fire emission estimation provide global coverage with spatial-temporal details
that can be used for global and regional studies, although both suffer from their
respective limitations [74, 101]. Fire emissions derived from burnt area underesti-
mate fires due to undetected small fires, which is especially problematic in Africa
where small fires contribute a large proportion of the fires [114, 115]. While fire

emissions estimated by atmospheric inversion have limited spatial resolution and
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higher uncertainties associated with atmospheric transport models and satellite

measurement [101].

Fire products such as burnt area and fire emissions provide the basis for evaluating
the spatial-temporal dynamics of fire emissions at different spatial and temporal
scales [30, 101]. However, they do not provide a straightforward understanding of
the drivers behind the changing fire emissions, which can identify opportunities
and leverage points for fire management [101, 103, 116]. In order to understand
the relationship between fire emissions and other variables associated with relevant
geophysical and anthropogenic factors, data-driven statistical models are commonly

used.

For example, multiple linear regression is a widely-used statistical model to quantify
the relationships between fires and other factors [93, 94]. But such linear models
often fail to capture the nonlinear response of fire emissions to other factors [74,
99]. Machine learning models on the contrary are powerful tools for advancing
the prediction accuracy of fire emissions because they can learn from the data to
simulate the complex mechanisms underlie the observed phenomenon [70, 74]. A
number of studies successfully applied machine learning models to produce reliable
estimation of fires at various temporal and spatial scales that outperform simple

statistical models and certain process-based models [74, 117].

These standard statistical models and machine learning models can be used for
analyzing the response between variables. However, no matter how accurate these
models can predict the targeted output such as burnt area and fire emissions,
there is no guarantee that we can conclude on the causality between model inputs
and output [8, 11]. In order to guarantee that the drivers or causes we claimed
have causal relations with the observed environmental changes, we must bring in
new techniques from causal analysis. This point will be further discussed in the
introduction part of Chapter 3, which closely followed this part. I skipped the

discussion here to avoid repetition.
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TABLE 2.1: Some terms used in the thesis that are interchangeable and their
meanings.

Names Meaning

input, predictors, inde- variables used as model input to generate predic-
pendent variables, fea- tive results

tures, variables

output, response, depen- predictions generated by the model
dent variable

Notes on terminology

In this thesis, a number of modelling techniques ranging from traditional statistical
models to a number of machine learning models were involved, and the terminolo-
gies may differ depending on the preferred terms in traditional statics or machine
learning. In order to avoid confusion, I briefly listed some commonly used termi-
nologies that basically refer to the the same thing and are used interchangeable

along the thesis to avoid confusions (Table 2.1).
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Chapter 3

A causal framework for
understanding drivers of fire

emissions

We start by proposing a framework that can be used for analyzing drivers of en-
vironmental changes, and apply it to understanding drivers of fire emissions. The
framework is a unification of several state-of-the-art machine learning techniques.
It provides a procedure that we can follow step by step in order to 1) select drivers
for the observed phenomenon, which in our case is fire emissions; and 2) answer
the question of cause and effect quantitatively. We tested the validity of the causal
framework we proposed by testing that 1) the selected drivers are not merely a
reflection of variables that have high correlation with fire emissions; 2) the selected
drivers can effectively predict fire emissions, further testifying that the drivers have
causal relations with fire emissions; and 3) present a quantitative measure of the
impact of drivers on fire emissions. We applied this framework to 12 locations that
experienced the most frequent fires covering 7 biomes across the world. This is
to test how well this framework performs across these locations and its potential
for generalization. We found that for most locations, the framework 1) can select
drivers from a set of candidate variables and successfully distinguish correlation
from causality; 2) selected drivers can effectively predict fire emissions, and often
produce similar or better prediction accuracy compared to using equivalent number
of input selected by correlation (highest r?) for most of the 12 regions except 2;

and 3) can provide an informative result for understanding the impact of drivers
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on fire emissions. Therefore, we conclude the causal framework we proposed is
valid and have several advantages in understanding drivers for fire emissions. More
importantly, it is highly promising for future applications because it is flexible and
can be applied to different research questions that seek causal understandings. In
addition, it can be further extended to explore causal structure and causal feedback

between multiple variables in order to generate new insights.

3.1 Introduction

Environmental changes are widely observed across the world at different scales and
often at an alarming rate over the past decades under the pressure of global climate
change and human activities [1-3]. Understanding drivers that caused a particular
environmental change is key to understanding its historical trajectory as well as
predicting future changes. The relationship between driver and system status is
especially important for systems with potential thresholds of critical transitions,
because with drivers approaching the threshold, minor changes in the driver can
lead to disproportionate and even irreversible change in system status [1, 4-6]. As
such, a good understanding of the drivers associated with the observed environ-
mental change is also essential for rigorous decision-making in order to implement
policies that intervene on the most important driver, resulting in optimal outcomes

and preventing catastrophic degradation.

Understanding drivers of environmental change implicitly embed the requirement
for causal understandings, because by definition X being a driver of event Y means
X causes Y, suggesting the causality between X and Y. There are two basic com-
ponents to this question, 1) identifying causality between variables, namely whether
a particular variable is a cause/driver of the observed event; and 2) quantifying
the response between cause and effect, meaning the magnitude of change in system
status given certain amount of change in the cause/driver [8]. These two questions
can usually be adequately answered by well-designed randomized control experi-
ments, which is the primary tool for causal inference in ecological studies [8, 49].
However, for complex systems where such experiments are not feasible, which is
often the case due to practical and/or ethical reasons, causal analysis can only rely
on observational data and have to be analyzed with care in order to gain credible

conclusions [49, 118].
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A large number of existing data-driven ecological studies do attempt to make causal
claims. However, a lot of these studies still employ standard statistical models such
as multiple linear regression and generalized linear regression that are designed to
infer correlations among variables rather than causality [10, 72, 119]. This could be
problematic because correlation is an unreliable tool for inferring causality; as the
famous quote “correlation does not imply causality”. Moreover, correlation-based
analysis that did not take into account the causal relationship between variables
can lead to conflicting conclusions [8, 11, 49]. A typical and widely-observed exam-
ple is the Simpson’s paradox, where the relationship between variables observed at
smaller scales can be reversed after aggregating to larger scales [11, 120]. This para-
dox is caused by the existence of confounders. Neglecting the causal relationship

between confounders and the outcome can led to statistical fallacy [120].

Besides the standard statistical analysis, machine learning and deep learning mod-
els ! have become increasingly popular over the past decade in the field of ecology
due to their exceptional prediction performance [70]. These models do not rely on
researcher’s knowledge to specify the functional forms between the predictors and
the output but can learn the functional forms and underlying patterns from the
data. Therefore, they are much more flexible and better at simulating the nonlin-
ear response between variables compared to traditional statistical models, which
is often desirable for ecological studies [9, 70, 71]. However, most machine learn-
ing and deep learning models can not answer the question of cause and effect any
better than the traditional statistical models. This is because despite their model
complexity and ability to infer and optimize model structures from vast amount
of data, at the very core they still almost exclusively operate on statistical mode,

which is not designed for causal analysis [16, 121, 122].

There are some tools at our disposal to elucidate causal relationships among vari-
ables, and the most common ones in ecological studies include structural equation
model, causal graph, and Bayesian network [8, 49, 50]. These methods can be
used to quantify the response relationship between cause and effect, but inevitably
involve assumptions regarding the causal structure reflected by their model equa-
tions or network structures. The credibility of the causal claims made through

these methods largely depends on the credibility of their assumed causal structure

'Deep learning is in fact is a branch of machine learning, specifically refers to deep neural
network with multiple hidden layers. However, deep learning often stands out as an independent
topic in research and practice. Therefore, we keep both terms here to be more inclusive.
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(68, 123]. However, examination of the assumed causal structure can be difficult
especially in a non-experimental and data-driven setting [8]. On the other hand,
there are ways to shed light on the credibility of the assumed causal structure
by examining the causal relationship between variables through the data, such as
Granger causality test and cross convergent mapping (CCM) [7, 58]. These meth-
ods are designed to test whether a certain variable causes another, and can detect
causality instead of correlation. For instance, [42] revealed with CCM that, al-
though insolation, temperature, and concentrations of greenhouse gases (GHGs)
are all correlated, casual relations were only detected between temperature and
GHGs, not between temperature and insolation, suggesting that GHGs are the
direct driver of climate change rather than the orbital insolation. However, these
models are designed to test causality without providing a quantitative measure of

the response between cause and effect.

To resolve this gap, we propose a framework that takes into account the two as-
pects of causal analysis, namely detecting causality and quantifying response be-
tween cause and effect, such that we can present a comprehensive understanding
of the drivers associated with the phenomenon. The framework includes two parts,
1) a causal model to select drivers from a set of candidate variables by identify-
ing the causal relation between the variables and the system status; and 2) an
interpretable machine learning model to estimate the impact of each driver on the
system. By incorporating the causal model with an interpretable machine learn-
ing model, this framework provides theoretical grounds to identify and measure
the causal relationship between the selected drivers and the environmental change.
The flexible interpretable machine learning model can be a useful tool for inferring

the quantitative response between drivers and the changing system status [73, 124].

In this chapter, we apply this framework to investigate the drivers of fire-derived
carbon emissions as an example to test the validity of this framework. For the
causal model, we used CCM. CCM is designed to detect causality between vari-
ables in complex systems where the causal relationships can be obscured by the
chaotic behavior of the system [7]. Ecosystems with fire as an internal process are
complex nonlinear systems characterized by chaotic behavior [27, 35]. Therefore,
CCM is appropriate for our application. For the interpretable machine learning

model, there are in fact a good number of machine learning models we can choose
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from. We compared four most widely used machine learning models, namely 1) ran-
dom forests (RF); 2) gradient boosting model (GBM); 3) support vector machine
(SVM); and 4) neural network (NN). These models all have robust implementa-
tions that have been tested by a vast number of studies and can usually achieve
satisfying model performance given proper training [9, 125]. For model interpre-
tation, we used SHapley Additive exPlanations (SHAP) explainer because 1) it is
model agnostic, meaning it can be applied to any statistical and machine learning
models including the four models we selected; and 2) it can estimate the impact of
the input, in our case the drivers, for the whole range of the values we observed,
and therefore provide a more informative result on the driver impact [73, 76]. We
applied this framework to 12 geographical units covering 7 biomes across the world

to testify the validity of the causal framework we propose.

3.2 Methods and data

3.2.1 Overview of the framework

The whole framework includes two parts that can be further decomposed into four
steps: 1) collecting a set of candidate variables that are relevant to the phenomenon
of interest; 2) selecting drivers from the candidate variables based on their causal
relationship with the outcome, which is the ecosystem status; 3) building and
optimizing machine learning models to simulate the response between the drivers
and the outcome; and 4) interpreting the optimized machine learning models to
estimate the impact of drivers on ecosystems (Figure 3.1). The output of each
step is the input for the next step, meaning the candidate variables collected in the
first step will be the input of the causal model at the second step, then the drivers
selected at the second step will be the input of the machine learning model at the
third step, and finally the optimized machine learning model will be the input of

the model explainer at the fourth step.

The two parts of the framework, namely the causal model and the interpretable
machine learning model, are presented to answer the two components of a causal
analysis respectively, namely 1) causality and 2) response between cause and effect.
As discussed above, the causal model is only capable of detecting causality between

variables without giving a quantitative measure of the response between cause
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Causal framework

Causal model

» Based on knowledge: known mechanisms; relevant
variables that can represent the mechanism
« Inclusive of all plausible variables

» 18 candidate
variables
o climate,
o vegetation
o human
intervention

Using causal model to detect causal relationship
between the candidate variables and the outcome
A candidate variable is selected as a driver if the
causal model detect causality between the variable
and the outcome

o Multispatial cross
convergent mapping:
o suitable for
nonlinear dynamic
system

Interpretable machine learning model

» Using selected drivers as model input

» Simulate the nonlinear response between the
drivers and the outcome

» High model performance (measured by variance
explained) suggest the usefulness of model
interpretation results

» 4 widely used models:
o gradient boosting
o random forest
o support vector
machine
o neural network

Interpreting the optimized machine learning model
to estimate the impact of drivers on the outcome

o SHAP explainer
o fairly distribute
contribution of
drivers to fire
emissions

Method/data

F1GURE 3.1: General steps of the causal framework, and techniques and data
we used for applying this framework to understand drivers of fire-derived carbon
emissions.
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and effect. While interpretable machine learning models can be used to infer the
response between input variables and output, it is unable to determine causality.
The two parts complement each other in a way that the causal model guarantees
the causal relationship between the input and output of the interpretable machine
learning model, and the response estimated by the interpretable machine learning

model is between cause and effect.

3.2.2 Data

We used total carbon emissions from Global Fire Emissions Database (GFED4s)
to represent fire emissions. Hereafter the term “fire emissions” specifically refers to
fire-derived total carbon emissions unless otherwise specified [107, 126, 127]. We
included 18 variables covering different aspects of geophysical and anthropogenic
conditions as potential drivers (Table 3.1). Any relevant variables that might
influence fire emissions and available should be included at this stage. Although
some variable can be a driver of fire emissions only for certain regions in a certain
time period, whether this remains to be true for other regions will be tested by
the causal model. This means we should be as inclusive as possible and leave the
selection process to the casual model. Therefore, we collected all variables, to our
best knowledge, that have been documented to have influence on fire emissions
and available at the temporal and spatial scale and resolution of this analysis. We
retained some correlated variables that describe the same environmental aspect, for
instance FVI and NDVI, both measuring the vegetation cover and can complement
each other in global vegetation studies [128]. We did not eliminate them for the
following reasons: i) to avoid making assumptions on which is the better indicator;
ii) different measurements could add additional information in prediction; and iii)
the subsequent machine learning models will not be undermined by correlated
features [129]. Without making assumptions, the 18 variables were then selected

and reduced by the causal model.

We used a relatively coarse spatial resolution, 2° x 2°, because fires are inherently
stochastic at fine scales, but its emergent behavior could be better predicted and
explained at coarse-grained levels [27, 52, 130]. Therefore, a coarser resolution
is better suited for predicting and interpreting fire emissions through models. In

addition, the causal model CCM we used here is extremely time consuming because
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TABLE 3.1: Potential drivers for fire emissions. The 18 drivers are divided into
6 categories. The relation to its category indicates the variable is positively (+)
or negatively (-) related to the environmental condition of its category.

Variable Meaning Category Relation to
its
category
def climatic water deficit (mm) water -
pdsi Palmer Drought Severity Index water —
pr precipitation (mm) water +
ro runoff (mm) water +
swe snow water equivalent (mm) water +
soil soil moisture (mm) water +
aet actual evapotranspiration (mm) humidity +
pet reference evapotranspiration (mm) humidity —
vap vapor pressure (kPa) humidity +
vpd vapor pressure deficit(kPa) humidity -
srad downward surface shortwave radiation heat +
(W/m?)
tmmn min temperature (°C) heat +
tmmx max temperature (°C) heat +
Vs wind speed at 10m (m/s) wind +
EVI Enhanced Vegetation Index fuel +
NDVI Normalized Difference Vegetation Index fuel +
population population density anthropogenic +
agriculture percentage of agricultural land anthropogenic +

the algorithm for the model has exponential time complexity. Although smaller
spatial resolution, though not too small as explained above, such as 1° x 1°, might
be a possible choice, using this will have about 3 times more pixels, leading to
about 10 times of the current computational time. Since the spatial resolution of
2° x 2° already give us a decent amount of data point for the analysis we wish to
conduct, we used this resolution with no further comparison. For future studies,
a careful reconsideration of the spatial resolution based on their own spatial and
temporal scales and other relevant factors are needed. We set our time scale to be
from 2001 to 2019. Fire emission data before 2001 were prolonged with additional
active fire observations instead of MODIS 500m data [107]. Therefore, we only
included data after 2001 to avoid bias. To obtain a consistent spatial and temporal
scale and resolution, all data were spatially aggregated to 2° x 2°, if needed, and
were compiled on an annual basis. Details of data processing can be found in

Appendix A.
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3.2.3 Causal model for selecting drivers

We used the causal model, multispatial cross convergent mapping (multispatial
CCM) [131], to test the causality between all candidate variables and the target
variable. A candidate variable is selected as a driver only if there is a significant
(p <= 0.05) causal relationship between this variable and the target. Multispatial
CCM is based on the CCM technique, a method designed to detect causality in
nonlinear systems from time series data. CCM assumes that if X causes Y, histor-
ical observations of Y can be used to predict X. Therefore, CCM test the causality
between X and Y, specifically whether X causes Y, by the level of the convergence
of the predictive power of Y for X [7, 42]. Originally, CCM requires long-term ob-
servations, which limited its application; whereas multispatial CCM resolved this
challenge by leveraging spatial replications. Given time series data from multiple
sites within a system, multispatial CCM can effectively detect causality between
variables with much shorter time series compared to original CCM [7, 131]. Given
time series data of two variables X and Y, multispatial CCM can simultaneously
test whether X causes Y and whether Y causes X. In our analysis, we used mul-
tispatial CCM to test all 18 potential variables one by one against fire emissions.
We are interested in whether the variable being tested caused fire emissions, and
variables that are deemed to cause fire emissions (p <= 0.05) are selected as a

driver of fire emissions.

As multispatial CCM makes use of the spatial replicates, it is required that all
the sites come from a relatively homogeneous system for its implementation [132].
In order to satisfy this requirement and to limit the computational time, we only
include large clusters of pixels that 1) are spatially contiguous, and 2) have the
highest frequencies of fire emissions, namely pixels that experience fire emissions
every year from 2001 to 2019. These clusters are also defined by their geograph-
ical location and biome in order to suffice the homogeneity within each cluster.
We obtained 12 clusters that covered 8 biomes (defined by Olson et al. [133]) dis-
tributed in different continents (Figure 3.2). We used the 12 clusters to show the
implementation of our framework and to test its validity across different systems.
Pixels with high fire emission frequencies but do not form large clusters were not
included (Figure A.1 in Appendix A).
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mediterranean forests, woodlands and shrubs - deserts and xeric shrublands

FIGURE 3.2: Areas selected as the unit to apply the causal model multispatial
CCM. The color of the pixels denote the biome. All pixels experienced fire
emissions every year from 2001 to 2019. And pixels within a particular selected
area are contiguous.

3.2.4 Interpretable machine learning models

The first step of building an interpretable machine learning model is to build a
machine learning model in the conventional way. In general, which machine learn-
ing model performs best depends on the question and data [9]. Therefore, we tried
four most widely-used machine learning models to estimate the response between
drivers and fire emissions, namely gradient boosting model (GBM), random forests
(RF), support vector machine (SVM), and neural network (NN) [9]. Models were
all used in a regression setting as their output were supposed to be fire emissions, a
continuous variable. Optimization for these models were performed with random-
ized search in order to achieve better model performance. Model performance was
measured by variance explained, which is a commonly used model performance
score for regressions. Moreover, variance explained is dimensionless and can be
compared across different data and models. Higher values of variance explained
mean better performance, and the highest possible value is 1 [9]. Model perfor-

mance scores were given by 5-fold nested cross-validations (CV). Nested CV is a
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technique designed to avoid bias and overestimation of model performance com-
pared to the traditional plain cross-validation [134]. Mean and variance of the
performance score, variance explained, were given by nested CV. A high model
performance score with small variance means the model can consistently predict
fire emissions accurately, which requires that 1) the input variables contain useful
information to predict and explain fire emissions; and/or 2) the machine learning
model successfully simulate the response between the input and the output, and

thus can be used for interpretation [9, 73].

Complex machine learning models, while good at simulating the nonlinear response
and making accurate predictions, are less straightforward when interpreting the re-
lationship between their input and output variables [9, 73]. Therefore, additional
model interpretation technique are required in order to understand the contribu-
tion of each input to the output [122]. We used SHapley Additive exPlanations
(SHAP) explainer to interpret the optimized models. SHAP explainer is designed
to decouple the contribution of each input to the model output based on the re-
sponse of the output to varying inputs simulated by the machine learning model
(76, 77]. The impact of each input was estimated over the whole range of driver val-
ues, which is the direct output of SHAP explainer, SHAP values. Positive SHAP
values indicate a positive impact of the driver on fire emissions, and vice versa.
SHAP explainer has been successfully applied in many fields of studies to identify
the most important factors including understanding the predictors of fire emissions
(73, 74, 135].

3.2.5 Testing the validity of the causal framework

As mentioned above, “correlation does not imply causation”. We first tested the
validity of the causal framework by showing that the causal model can distinguish
between correlation and causation. Since we do not have the ground truth for which
variables are the true causes that have causal relations with fire emissions, we did
this by comparing the variables that have highest correlations with fire emissions,
and the ones being selected as drivers by the causal model. If the two groups do not
entirely overlap, that means whether a candidate variable is selected as a driver of
fire emissions is not dependent on their correlation. To elaborate on this process,

we 1) selected drivers of fire emissions specific to each cluster from the candidate
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variables, and 2) calculated the pairwise correlation between all candidate variables
and fire emissions, indicated by the R? values. R? can take any value between 0
and 1, and the closer to 1, the more correlated are the two variables. If across
the 12 clusters we experimented, the causal model can exclude variables that are
highly correlated with fire emissions as drivers and/or include variables that have
low correlations with fire emissions as drivers, it suggests that the causal model

does distinguish between correlation and causality.

Secondly, we tested the validity of the framework by the predictive power of the
selected drivers for fire emissions, which is the performance scores of the machine
learning models. There is no ground truth for us to validate that the drivers we
selected for fire emissions specific to each cluster are true drivers. As a work-
around, we tested their ability to produce accurate predictions because if variable
X causes Y then X should contain useful information for predicting Y [11, 64].
We also compared the performance of machine learning models by 1) using drivers
selected by the causal model as input, 2) using the same number of variables that
have the highest correlations with fire emissions for each cluster as input, and 3)
using all 18 candidate variables as input. In the first two approaches, the number
of input for the machine learning models were reduced either based on their causal
relation with fire emissions or correlation. Both in effect can be considered as a
step for feature reduction, a common step in a typical workflow to build machine
learning models [9, 136]. Feature reduction techniques most commonly used in
machine learning are based on correlation, such as the second approach we used
here, or other matrices designed to measure the similarity between variables [136—
138]. The advantages of using feature reduction technique to reduce the number of
input variables include 1) to avoid excessive noise introduced by the additional data
that might obscure the pattern and lead to lower performance [139]; and 2) to avoid
“the curse of dimensionality”, which refers to the phenomenon that with higher
dimensional data, model parameterization becomes exponentially more difficult
and computationally expensive [140]. In our framework, using causal model for
feature reduction had the above advantages, but more importantly ensured that

the variables selected as drivers have causal relations with the fire emissions.

Note that neither of the two steps described above can be used to test the causality.
The first step is to show that the causality detrmined by CCM is different from

correlation; and the second is to show that using variables selected by the causal
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model can ensure the predictability of the target, which is the fire emisisons in
our case. The causality is alredy tested through CCM before the two steps. The
results of the two steps can help establish 1) the credibility of the causal relation-
ship between the selected drivers; and 2) the framework can indeed help achieve
one of the most important reason to seek causality, which is to predict and to
better understand the phenomenon, through testing the machine learning model

performance.

Multispatial CCM was implemented by multispatialCCM [132] in R [141]. GBM
was implemented by LightGBM [129]; RF, SVM and NN were implemented through
scikit-learn [142]. Randomized search for hyperparameterization was also done
by scikit-learn [142]. SHAP explainer was implemented by shap [135]. All steps

of interpretable machine learning models were implemented in Python [143].

3.3 Results

3.3.1 Driver selection by causal model

For the 12 units we included, the causal model was able to reduce 18 candidate
variables to smaller numbers of drivers for fire emission. The numbers of drivers
ranged from 5 to 16 among the 12 units (Figure 3.3). The result also showed
that the causal model can distinguish between correlation and causality, because
whether a candidate variable was selected as a driver did not depend on its cor-
relation (R?) with fire emissions. Candidate variables with high correlations with
fire emissions were not necessarily selected as a driver by the causal model. For
example, def had the highest correlation with fire emissions in region 3, which is
the tropical forests in South America, whilst def was not selected as a driver for
fire emissions in this region (Figure 3.3). On the other hand, variables that were
selected as drivers can have low correlations with fire emissions. All 12 regions
contained drivers that ranked among the lowest in terms of their correlation with
fire emissions. And for regions 8 and 11, only variables with the lowest correla-
tions with fire emissions were selected as fire emission drivers rather than highly

correlated variables (Figure 3.3). The correlation between the selected drivers and
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fire emissions showed that high correlation with fire emissions was neither neces-
sary nor sufficient for being selected as its driver, suggesting the causal model did

distinguish between correlation and causality.

3.3.2 Machine learning model performance

The 4 machine learning models we used, namely GBM, RF, SVM and NN, pro-
duced consistent results in terms of model performance scores for each region using
3 different sets of input (Figure 3.4, and Figure A.2, Figure A.3, Figure A.4 in
Appendix A). The only exception was that NN had slightly higher performance
scores in regions such as African savannas, while its standard deviation of per-
formance scores were extremely high in regions with relatively lower performance
scores such as Asian boreal forests. Since our main focus is the model performance

using selected drivers as input, we only show results from GBM here as an example.

For all 12 regions we tested, GBM achieved similar or higher performance scores
using drivers selected by the causal model as input compared to using variables with
the highest correlations or all 18 candidate variables for most regions. The only
exceptions were regions 8, temperate broadleaf and mixed forests in North America,
and 11, Mediterranean forests, woodlands and shrubs in Middle East (Figure 3.4).
For regions where variables with high correlations with fire emissions were selected
as drivers, such as region 1 savannas-Africa and region 7 temperate forests-Europe,
the machine learning models can achieved similar performance compared to using
inputs selected by highest correlations and all 18 candidate variables. For regions
where variables with the highest correlation with fire emissions were not selected
as drivers, the machine learning performance using drivers as inputs can still be
comparable with that using most correlated variables as input for some regions;
but not for all regions. For example, regions 3 and 4 were both of the biome
tropical forests and their candidate variable with the highest correlation with fire
emissions were not selected as drivers (Figure 3.3), region 4 has almost the same
machine learning performance score using drivers as input compared to the other
two sets of inputs; while region 3 had lower performance scores using drivers as

input (Figure 3.4).
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Fi1cURrE 3.3: Correlation between all candidate variables and fire emissions and
drivers selected by the causal model (full namaes of the variables included in

this figure can be found in Table 3.1). Pairwise correlations between candidate
variables and fire emissions, were measured by R?. For each region, the variables

were arranged in a decreasing order by their correlations with fire emissions.
Yellow bars denoted the variables that were selected as a driver of fire emissions

in the respective region by the causal model, and grey bars not.
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FIGURE 3.4: Gradient boosting model performance scores for all regions with
input selected by i) causal model, ii) highest correlation (numbers equivalent to
the number of drivers selected by causal model for each region), and iii) all 18
candidate variables. Dots and error bars represented the mean and standard
deviation of the performance scores calculated by a 5-fold cross validation.

3.3.3 Driver importance by interpreting machine learning

models

Here, we use tropical savannas-Africa as an example to show the results of drivers’
impact on fire estimation through interpreting the machine learning models ob-
tained for each region. To be consistent, we also used the model interpretation of
GBM here as an example (Figure 3.5). The impact of each driver on fire emis-
sions is estimated over the whole range of their respective values. Negative values
of the impact represent negative impact, and vice versa. The impact of the two
vegetation indices followed similar pattern, when EVI and NDVI were of low val-
ues, they had a negative impact on fire emissions; and with the increase of their
values their impact became positive; while with continuing increase their impact
saturated and plateaued (Figure 3.5). We also calculated the overall importance
of each driver for ranking purposes, and the two vegetation indices were the most
important drivers (Figure 3.5). The impact of the rest of the drivers were marginal
compared to vegetation. Their impact were all highly nonlinear, some were more

on the negative side, such as the two associated with anthropogenic intervention
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FI1GURE 3.5: Impact of drivers on fire emissions estimated for region 1, tropical
grasslands, savannas and shrublands in Africa (full namaes of the drivers shown
on the y axis of the left-hand plot can be found in Table 3.1). Impact on fire
emissions were estimated for the whole range of driver values individually by
SHAP explainer (SHAP values). The importance of each driver is summarized
by taking the mean absolute values of SHAP values.

agricultural and population; while some were more on the positive side, such as vs
(Figure 3.5).

3.4 Discussion

In this chapter, we proposed a causal framework to investigate the drivers of envi-
ronmental changes, and applied it to understand the drivers of fire-derived carbon
emissions to test its validity. The causal framework we proposed included 1) select-
ing drivers based on its causal relation with the target (in our case is fire emissions),
by a causal model, for which we chose multispatial CCM; and 2) using interpretable
machine learning models to estimate the impact of selected drivers on fire emis-
sions. We tested the validity of the framework we proposed by 1) calculating the
correlation (R?) between all variables and fire emissions to make sure that the
causal model can be used to distinguish between correlation and causality; and
2) testing the machine learning model performance with the drivers as input to
guarantee that the drivers selected by the causal model captured useful informa-
tion to predict and explain fire emissions. The results showed that high correlation

with fire emission is neither sufficient or necessary for a variable to be selected
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as a driver, suggesting the causal model can distinguish between correlation and
causality. When testing this causal framework, machine learning models for most
regions with the drivers selected as input can achieve similar or better performance

than the other two sets of input generated without using the causal model.

A clear advantage of this causal framework is that, through the addition of the
causal model, we provide theoretical grounds for the causal relationship between the
drivers and the output, fire emissions. Therefore, the relationship between input
variables and output estimated by the subsequent interpretable machine learning
model are justified to answer the question of cause and effect [11, 69]. This is
the most important task to conduct a credible causal analysis. For a randomized
controlled experiment designed to infer cause and effect, the credibility of its result
is mainly judged by whether the experiment plausibly isolates the true causal
relationship between the control and the response variables. While the variance of

the response explained by the variations in the control variables is less important
8, 144].

It is worth mentioning that using this framework did not always improve the pre-
dictability of fire emissions, as shown in our results that regions 8 and 11 had
slightly lower performance using drivers selected by the causal model. However,
we argue that the slightly comporised model performance does not undermined the
validity of the framwork for the following two reasons. Firstly, the performance of
regions 8 and 11 using the causal framework were still quite sufficient compared
to previous studies. Wang et al. [74] used more than 20 variables as their machine
learning model input to predict fire emissions in North America, and their model
performance achieved 26% - 70% variance explained. Our model performance for
regions 8 and 11 with the causal model were 27% and 42% variance explained,
reasonably within their range. Secondly and more importantly, the main purpose
of this causal framework is to isolated the causal relationship through the causal
model. This is also the reason that, although using variables with highest corre-
lations or all candidate variables can sometimes achieve higher performance, they

are not preferred if we desire a causal understanding.

This analysis is very much constraint by the data availability because it covered
a dozen of ecosystems distributed around the world. For researcher who are in-

terested in following this framework, we strongly recommend that they carefully
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reconsider what variables can be included as potential drivers for their own re-
searches. For instance, we did not include some important factors that can reflect
anthropogenic interventions on fire activities, such as the proximity to human habi-
tat, roads and traffic, and economic activities [94, 109, 145], because these data
were not available at the spatial and temporal scale and resolution of this study.
If future studies have access to these indicators, they will definitely benefit from
including them. Likewise, the resolution we used in this analysis is partly limited
by the computational resources we have. Future studies also needs to reconsider

this according to the research question and data at hand.

We did not investigate the interactions between drivers in this study. Therefore,
the causal structure remained unclear. But it is possible to extend this framework
to explore the interactions and causal structures between the variables. For ex-
ample, both anthropogenic intervention, indicated by agriculture and population,
and vegetation (EVI and NDVI) were selected as fire emission drivers for region 1,
which is the African savannas. According to previous studies for this area, anthro-
pogenic intervention through conversion to agricultural land were the main reason
for the decreased fire activities [108, 111]. Therefore, it is reasonable to further
hypothesize that agriculture is the driver of EVI and NDVI. This hypothesis can
be tested by the causal model multispatial CCM with the same data we used for
identifying fire emission drivers as well. Previous studies that seek causal under-
standings often use structural equation models and network approaches, and have
to make assumptions on the causal structure with their knowledge on the system
[10, 68]. However, the validity of their assumptions on the causal structures often
remain unexamined [8]. Disproportionate efforts to theorize about potential vari-
ables to include as model inputs rather than making sure the functional relationship
between these variables is correct have been criticized [71]. Our framework serves
as the first step towards resolving this gap by examining the causal relationship

between the variables we collected and the outcome, i.e., fire emissions.

Similarly, the causal framework we proposed can also be used to investigate the
feedback between variables by identifying whether the causal relationship is bidi-
rectional or one-way. Although we only analyzed whether the included variables
were causes for fire emissions, it is possible to also test whether fire emission is the
cause for these variables. For example, van Nes et al. [42] investigated the feedback

between greenhouse gases (GHG) and climate change with the same model used in
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this chapter CCM by testing whether increasing GHGs causes climate change and
whether climate change causes increasing GHGs. Likewise, we can investigate the
feedback between fire emissions, climate and vegetation by this causal framework,
such as the positive observed for some tropical and temperate forests [27, 98]. Iden-
tifying such causal feedback is crucial for ecosystem management because positive
feedback are extremely risky as they could trigger regime shifts that have fun-
damental impacts on ecosystems [85, 146]. Although CCM has been successfully
applied to detect directed and bidirectional causal relationships, it cannot infer
all cases of hidden common causes, which is know as confounding, a phenomenon
widely observed in complex systems [8, 11]. This issue can in theory solved by ex-
tensions of CCM such as techniques proposed by Benkd et al. [147] and De Brouwer
et al. [148], but the more challenging work remained to be having the right data
that can be used to detect the confounders [8, 10].

3.5 Conclusion

In this chapter, I proposed a causal framework to understand the drivers of changes
in ecosystems. The framework can be divided into two steps, 1) selecting drivers
from a set of potential drivers with a causal model; and 2) quantifying the con-
tributions of each selected drivers with interpretable machine learning models. 1
applied this framework to understanding the geophysical and anthropogenic drivers
of changing fire emissions. The findings showed that, 1) the framework can detect
drivers based on the causal relations between the variables and fire emissions; 2) the
selected drivers can predict fire emissions accurately, suggesting that these drivers
can be used for interpretation to quantify their contributions to fire emissions; 3)
by comparing the results produced for the 12 widely studied regions, I found the
results aligned with current findings for these regions, therefore this framework
can produce reasonable and reliable results. This framework provided a clear and
repeatable working procedure for researchers investigating drivers of an observed
phenomenon. It has the merits of guaranteeing causality instead of correlation
between the drivers, which make the results more reliable and less prone to bias.
Therefore, it has the potential to be applied to future relevant studies, and I believe
adopting this framework can contribute to better understandings in environmental

changes and the their underlie drivers in a broad context.



Chapter 4

Geophysical and anthropogenic
drivers for global and regional fire

emisison trends from 2001 to 2019

In this chapter, we applied the causal framework to understand the drivers for
fire emisisons trends from 2001 to 2019. Fire plays an important role in the earth
system. Carbon emissions from fires affect the global carbon budget and conse-
quently climate change. Biome-specific qualities such as vegetation, climate and
human land-use change are altering long-term trends in carbon emissions from fires.
Whilst some biomes and continents have witnessed increasing fire-derived carbon
emissions, others see decreasing trends. Yet, currently a biome-wide perspective on
fire-derived carbon emission trends is lacking. We used total carbon emissions data
from the Global Fire Emissions Database (version 4 with small fires) to investigate
the spatial and temporal dynamics of fire emissions from 2001 to 2019 across the
world. While the global trend for fire emissions stayed relatively unchanged (non-
significant trend), this was due to contrasting trends in two geographical regions
and biomes. Specifically, a decreasing trend in savannas and grasslands across the
African continent and an increasing trend in boreal forests in Boreal Asia. The
decrease in emissions in African savannas and grasslands was driven by a decline in
vegetation, and thus fuel, and an increase in anthropogenic intervention, especially
agricultural expansion. Increase in fire emissions from boreal forests in Boreal

Asia was concentrated in a small area in east Siberia taiga, heavily driven by both
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agricultural activities and climate change towards a drier climate (e.g., lower hu-
midity). Although the total amount of emissions is a magnitude smaller for boreal
forests, its contribution to global fire emission trend (+7.4 +2.2 x 10*2¢C'/year) is
comparable to that of tropical savanna and grasslands (—9.7 4+ 1.4 x 10'2¢C/year).
For many biomes, fire-derived carbon emissions are driven by several anthropogenic
activities, vegetation and climate drivers, likely due to the complex feedback gov-
erning emissions. This global and biome-wide study highlights that anthropogenic
activities in relatively small regions can shape global fire-derived carbon emission
trends. Monitoring and management interventions are needed to address increasing
fire-derived carbon emission areas, particularly the east Siberian taiga, and other

forested biomes where deforestation contributes to rising emission trends.

4.1 Introduction

Carbon emissions from fires contribute around 2.2 gigatones of carbon per year
globally during 1997—-2016 [107]. Part of this carbon released by fires is reabsorbed
by ecosystems through biochemical processes in the vegetation and soils [101, 103].
Long-term effects of fires and the emitted carbon vary depending on the region and
biome. For example, in African savannas and grasslands, regular fires are part of the
historical natural cycle of the ecosystem’s regeneration process [149]. The emitted
carbon from fires has been documented to be reabsorbed in roughly equivalent
amounts through this regeneration process over a period of years to decades and
such carbon emissions are considered as “fast respirations” [103, 107]. However,
for ecosystems such as boreal forests and peatlands in Equatorial Asia, fires can
alter the carbon mass balance and turn the ecosystem into a net carbon source,
because the carbon stored in the soil and vegetation are emitted to the atmosphere.
This alteration can last for decades to centuries because of the impaired ecosystem
functions to support vegetation regrowth and accumulation of soil carbon. Thus,
carbon emissions from fires can have long-term effects on the global carbon cycle
[101, 103, 150].

Over the past decades, fire regimes have shifted due to climate change and an-
thropogenic intervention across the world [24-27]. The decline in global burnt
area has been extensively studied and shown to be mainly driven by agricultural

expansion and human suppression of fires [96, 108, 111]. However, global carbon
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emissions from fires are relatively less studied and understood, especially in terms
of the temporal trends and their distribution among regions and biomes, and for
the drivers of these spatially differentiated trends. It is important to investigate
the temporal trends of carbon emissions from fires and its spatial distribution due
to its differentiated effects on the global carbon budget. Modelling approaches
and satellite derived data for global fire emissions have existed since the 2010s and
are constantly evolving with technological developments [101, 107, 114]. These
datasets have been used in regional and global studies of fire emissions at a coarse
spatial scale, often at the regional or ecosystem level [30], but have not been used
to assess the spatial-temporal dynamics of global carbon emissions from fires at a

higher resolution nor the drivers of these trends.

Fires and fire-derived carbon emissions are influenced by a wide range of geophys-
ical and anthropogenic factors. Climate is a widely studied controlling factor for
fires, and among all the climatic factors, rainfall and temperature are the most
important factors for controlling fire regimes [24]. In addition, extreme climatic
condition, such as extended periods of drought, increases the likelihood of extreme
fire events in many regions [30, 99, 151]. For fire emissions, the availability of
fuel and completeness of combustion have a large effect on the amount of carbon
released from fires [107, 127]. Fuel is typically measured by vegetation cover or
primary plant productivity, and in some ecosystems such as peatlands, soil car-
bon. Combustion completeness is a measure of the percentage of burnt material
against all available fuel, and is also impacted by geophysical factors such as wind
and humidity [107, 111, 152]. Besides geophysical factors, anthropogenic changes
to ecosystem landscape can determine trends in fire emissions. Human induced
fires could be used for clearing the forests, logging and agricultural purposes; and
suppression can be done by removing vegetation, preventing accumulation of fuel,
and intervening ongoing fires [27, 94, 108, 111, 153]. The impact of anthropogenic
interventions on fires can be complex and differ depending on the intervention,

ecosystem, and the interaction between ecosystems and human activity [35].

Here, we conduct a comprehensive spatial-temporal analysis for global carbon emis-
sions from fires and evaluate the geophysical and anthropogenic drivers of these
trends specific to the world regions and biomes. We ask the following questions:
(1) What is the overall trend in fire emissions at the global scale? (2) How do

these trends vary across subregions defined by biome and geographical region? (3)
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What are the anthropogenic and geophysical drivers associated with fire emission
trends in each subregion? (4) What are the most important drivers of fire emis-
sions for each subregion? We first identified the overall trend of fire emissions at
the global scale, which we decomposed into smaller subregions. We further ob-
served areas that contribute the most to fire emission trends using 2° x 2° pixels.
Next, we selected fire emission drivers for each of the subregions from the 18 po-
tential drivers that cover aspects of climate, fuel, and anthropogenic interventions
with a causal model using multi-spatial cross convergent mapping (multispatial-
CCM). Lastly, we ranked the importance of the selected drivers by their impact
on fire emissions with machine learning models. We derived an understanding of
the spatial-temporal dynamics of fire emissions and their underlying drivers across

regions and biomes.

4.2 Data and methods

4.2.1 Overview

We used the total carbon emission data from the fourth version of Global Fire
Emissions Database (GFED4s). Therefore, the term “fire emission” in this paper
specifically refers to fire-derived total carbon emissions, and we used this term
along this chapter for simplicity. We collected 18 candidate variables as potential
drivers for diver selection. Our analysis include 3 part. 1) Identifying fire emission
trends for the time period 2001-2019 at the global, subregional and pixel scales. We
defined subregions as biomes within geographical regions; and set the resolution
of the pixel at 2° x 2°. 2) Selecting drivers for fire emission trends from the 18
potential drivers with the causal model. The pixels that showed significant fire
emission trends were used for driver selection for each subregion. The drivers we
identified for fire emission trends were thereby specific to regions and biomes. 3)
Using machine learning models to rank the driver importance by estimating their

impacts on fire emissions at the subregional level.
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4.2.2 Data

The fire emission data and the 18 candidate varaibles were the same as what we

used in Chapter 3. Here, we skip the introduction of these data to avoid repetion.

4.2.3 Statistical analysis
Robust regression for trend detection

We applied robust linear regression to yield reliable estimations of the temporal
trend of fire emissions [154]. Robust regression models operate by reducing the
effect of points with high deviation from the mean, the regression results are less
leveraged by the extremes. In our case, this means years with extreme fire emissions
were given less weight in detecting a trend. This fits the purpose of this study, we
focus on the long-term consistent trends rather than the variations or extreme
events. We explored different robust regression techniques, but these produced
very similar result for temporal trends (Appendix Figure B.2). All results in the
main manuscript are from Huber regression, because it is a widely-used robust

linear regression technique with applications in many fields [9, 155].

The slope of the robust linear regression was used for determining trends. As the
regression was for annual fire emission against year, the direction and magnitude
of the slope coefficient represent the estimated changes in fire emission per year.
Based on the direction of their slope, we classified the trend of fire emission into
decreasing (negative slope) and increasing (positive slope) trends. The statistical
significance of the trend, i.e., the slope of the regression model, was tested by the
Wald Test, and we set the significance level at 0.05, meaning a significant trend

requires p < 0.05.

Identifying drivers and quantifying impacts

We follow the framework we proposed in Chapter 3 to identify drivers for fire
emission trend and quantify their impacts on fire emissions. We defined subregions
by biomes within geographical regions as the unit to apply this causal framework.

Drivers for fire emission trends were identified for each subregion from the pixels
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that showed significant trend within it by multispatial CCM. The reasons for using
subregions include: 1) to satisfy the assumption of multispatial CCM that the set
of different sites as spatial replicates should come from a relatively homogeneous
system [131]; and 2) to make the computational time tangible for our analysis.
The geopolitical division followed the basis regions defined in GFED database. We
reduced the 14 basis regions to 10 for simplicity. The map of global biomes was
provided by World Wildlife Fund [133], which classifies global ecosystems into 14
different biomes based on climate and vegetation. We aggregated the original 14
biomes to 8 following a previous study [111]. Details of the geographical regions
can be found in Appendix Figure B.3; aggregation of biomes in Appendix Table B.1
and Figure B.4.

We obtained 44 subregions that contained at least one pixel that showed significant
fire emission trend. We applied the causal model multispatial CCM to each subre-
gion. Out of the total 44 subregions, the causal model successfully selected drivers
for 31 subregions. The rest, scush as tropical dry forests in Africa, contained too
few pixels with significant fire emission trends (all < 3, Appendix Figure B.5) to
produce a valid result. Our results on fire emission drivers represented 31 subre-
gion, which accounted for around 93% of the global fire emissions from 2001 to
2019.

Statistical analysis was done in R [141] and Python [143]. Robust regression was
implemented by MASS [156] package, and the significance test by sfsmisc [157].
Multispatial CCM was implemented by multispatialCCM [132]. GBDT was im-
plemented by LightGBM [129], and its parameterization by scikit-learn [142].
SHAP explainer was implemented by shap using the TreeExplainer [135].

4.3 Results

4.3.1 Fire emission trend

At the global scale, fire emission did not show a significant trend (p > 0.05 for
the regression slope, Global, Figure 4.1). This suggested the annual global fire
emission did not change significantly between 2001 and 2019. The non-significant

fire emission trend at the global scale was caused by the counteractive fire emission
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of their fire emissions from left to right and up to down, and their y-axis were in
different scales. Overall temporal trends determined by Huber regression were
denoted by straight lines and only significant trends (p < 0.05 for slope of the
regression) were displayed in the figure. A map of the regions was included in
the lower right corner for reference.
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trends in tropical savannas and grasslands and boreal forests. Tropical savannas
and grasslands showed a significant decreasing trend of fire emissions, while boreal
forests showed an increasing trend (solid green and light green lines in Global,
Figure 4.1). Globally, tropical savannas and grasslands were the largest source of
fire emissions, contributing 59% to global emissions, and boreal forests were the
third largest source contributing 8% to global emissions (Appendix Figure B.6).
Although emissions from tropical savannas and grasslands were a magnitude higher
than from boreal forests, their increasing or decreasing rates of fire emissions were
comparable. The former decreased at a rate of —9.7 + 1.4 x 10'2¢gC'/year and
the later increased at a rate of 7.4 4+ 2.2 x 10'2gC//year (rates of fire emission
trends estimated by the slope coefficients of Huber regression). In addition, tropical
savannas and grasslands and boreal forests were the only 2 biomes that showed
significant fire emission trends at the global scale, the other 6 biomes showed non-

significant trends (Appendix Figure B.7).

More than 75% of fire emissions from tropical savannas and grasslands occurred in
Africa, which also showed a significant decreasing trend, driving the global decline
in fire emissions from tropical savannas and grasslands (solid green lines in Global
and Africa, Figure 4.1)). Emissions from tropical savannas and grasslands in other
regions, e.g., South America, Australia, Equatorial Asia, and Middle East, had
marginal contributions to global emissions and all showed a non-significant trend
(Figure 4.1). Tropical wet forests were the second largest source for global fire
emissions, but showed no significant trend in fire emissions globally and across
regions (Figure 4.1). Boreal forests showed a significant increasing trend at the
global scale, while fire emissions for boreal forests in Boreal Asia, North America,
and Europe were not significant (Figure 4.1). For the rest of the 5 biomes with
lower fire emissions globally and in separate regions, their fire emission trends were
mostly non-significant, except temperate forests and woodlands in Central Asia
and North America, the former showed a significant decreasing trend and the latter
increasing (Figure 4.1). Most regions exhibited strong interannual fluctuations in
carbon emissions but non-significant trends, for example the significant spikes in
annual fire emissions for tropical wet forests in South America, Central Asia and

Equatorial Asia (Figure 4.1).

At the 2° x 2° pixel scale, we detected 697 pixels that showed significant fire emis-

sion trends, which is 17% of all the pixels that experienced fire emissions. Of the
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of grey in the base map indicated the regions. Fire emission trends were detected
by Huber regression. Only pixels that showed significant trend were displayed
on the map.
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pixels that showed significant fire emission trends, 361 pixels showed an increasing
trend and 336 decreasing (Figure 4.2). Pixels that showed significant trend covered
a total area of around 2 x 107 km?2, 0.9 x 107 km? for increasing and 1.1 x 107 km?
for decreasing. A large number of pixels that showed an increasing trend were dis-
tributed in Central Asia, especially around India and north China. The dominant
biomes for these pixels in Central Asia were temperate forests and woodlands, and
shrublands. We also observed a large cluster of pixels with increasing fire emissions
in boreal forests in the center of Boreal Asia, which is around the east of Siberia
(Figure 4.2 (a)). This cluster alone contributed to increasing fire emissions at a
rate of 2.8 + 0.7 x 10'2gC/year, slightly more than 1/3 of the overall increasing
rate of fire emissions from boreal forests globally, which is 7.4 +2.2 x 102gC'/year.
The large clusters of pixels that showed significant increasing trends in Boreal Asia
and Central Asia accounted for 56% of that globally. Two smaller clusters of pixels
that showed significant increasing fire emission trend were observed in tropical wet
forests in South America and temperate forests and woodlands in Europe. The
rest of pixels with increasing fire emissions in other regions did not form significant

clusters.

For pixels that showed decreasing fire emission trends, about 47% were located in
Africa and South America. For Africa, most of the pixels that showed decreasing
trends were in the south of the equator, and were dominated by tropical savannas
and grasslands, and tropical wet forests. Pixels that showed decreasing fire emission
trends in South America were dominated by tropical savannas and grasslands.
A considerable amount of pixels with decreasing fire emissions were observed in
temperate forests and woodlands in Europe and west of Central Asia, and boreal
forests closer to Europe. In total they accounted for 40% of the number of pixels
that showed significant decreasing trends. The remaining pixels with decreasing
fire emissions (13%) were scattered in other regions. Australia and New Zealand
along with Equatorial Asia, although hotspots for fire events, only contained a few

pixels that showed significant long-term fire emission trends.
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FIGURE 4.3: Drivers selected by causal model for subregions defined by region
and biome (a) and their GBDT model performance with the selected drivers as
model input (b). Full namaes of the drivers shown on the y axis of the left-hand
plots can be found in Table 3.1. Only top 10 subregions with the highest fire
emissions were displayed, and were arranged in a decreasing order by their fire
emissions from top to bottom. Triangles denoted the selected drivers for each
subregion. The orientation of the triangles represented the overall impact of
the driver on fire emissions for the particular subregion, which were calculated
by taking the average of the estimated impact on fire emissions (SHAP values).
An upwards triangle means a positive impact, and downwards negative. All 18
potential drivers were divided into 6 categories, which were indicated by the color
of the triangles. Model performance scores were measured by variance explained
by the GBDT model with the selected drivers. The dots and horizontal lines
represented the mean and standard deviation of performance scores from the
5-fold cross validation for each subregions. A high performance score means
the model predicts fire emissions accurately. A negative score means the model
predicts less accurately than having the mean fire emission value as a constant
estimate.

4.3.2 Drivers selected by causal model and their impact on

fire emissions

For all 31 subregions, the causal model reduced 18 potential drivers to between 1
and 14 drivers of fire emission trends specific to the subregion. With the selected
drivers as GBDT model input, 17 subregions achieved GBDT model performance
scores higher than 50% variance explained (Appendix Figure B.8). Subregions

that achieved good model performance did not necessarily have large numbers of
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drivers . For instance, the fire emissions from temperate forests and woodlands in
South America were driven solely by wind speed (vs), a climatic driver, and the
GBDT model scored around 50% of the variance explained; while the fire emission
drivers for the same biome in Central Asia were more complex and had 13 in total,
ranging from climatic to vegetation, and also achieved a performance score close
to 50%. This suggested that the causal model effectively selected the drivers that

have causal relations with fire emissions for most subregions.

We focused on the top 10 subregions which accounted for more than 80% of the
global fire emissions from 2001 to 2019 (Figure 4.3). From these 10 subregions,
8 subregions achieved a GBDT model performance of more than 50% variance
explained. Tropical wet forests in Equatorial Asia had the worst GBDT model
performance score, and boreal forests in Boreal Asia also had lower scores com-
pared to the other subregions. Fire emission drivers for the same biome across
different geographical regions can be different. For example, tropical savannas and
grasslands in Africa, South America, and Australia, had different drivers associ-
ated with fire emissions. Vegetation was identified as an important driver for the
same biome in these three regions, but climatic drivers were different, and anthro-
pogenic drivers were only identified for African savannas and grasslands. Likewise,
fire emission drivers for different biomes within the same geographical regions can
be different as well. For example, the two biomes in Africa, tropical savannas and
grasslands and tropical wet forests, had very different climatic drivers. The former
only had one associated with wind, while the later had multiple climatic drivers

associated with heat, humidity and water.

For the top 10 subregions, fuel was the most common driver category, which was
identified as a fire emission driver for 9 subregions except tropical wet forests in
Equatorial Asia (Figure 4.3). The importance of the two drivers relating to fuel,
EVI and NDVI | varied among subregions. EVI and NDVI were the most impor-
tant drivers for tropical savannas and grasslands in Africa, the biggest contributor
to global fire emissions; while they were the least important drivers for boreal
forests in Boreal Asia (Figure 4.4). Typically, low fuel loads decreased fire emis-
sions, while higher fuel loads increased fire emissions. For example, in African
savannas and grasslands, lower EVI and NDVI values had a negative impact on
fire emissions but an increase in FVI and NDVI resulted in a positive impact on

fire emissions, and this shift from negative impact to positive occurred around the
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FIGURE 4.4: Driver importance and their estimated impact on fire emissions
for tropical savannas and grasslands in Africa (a) and boreal forests in Boreal
Asia (b). Full namaes of the drivers shown on the y axis of the left-hand plots
can be found in Table 3.1. Drivers were arranged by their importance (overall
impact on fire emissions) from top to bottom in a decreasing order in the bar
plots. Importance of drivers were calculated by taking the mean absolute values
of their estimated impact on fire emissions across the range of driver values.
The estimated impact on fire emission against driver values were plotted by
driver categories on the right hand side. Driver values were scaled by (X —
X)/o(X), where X represents a driver, and X and o(X) its mean and standard
deviation. Estimated impact on fire emissions were SHAP values calculated by
SHAP explainer. Negative values of estimated impact indicated negative impact
on fire emissions, and vice versa. The vertical lines in each subplot indicated the
medians of the respective driver. Note that the medians of some drivers were
very close and thus the vertical lines almost overlapped.

medians (Figure 4.4 (a)). Fuel had an overall positive impact on fire emissions for
most subregions, highlighting the role of vegetation as having a positive relation-
ship with fire emissions (Figure 4.3). The two drivers representing fuel, EVI and
NDVI, could have opposite impacts on fire emissions for some subregions, but the
overall impacts of fuel were nonetheless positive. For example, EVI and NDVI

had opposite impacts on fire emissions for Asian boreal forests, FVI positive and
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NDVI negative (Figure 4.3). However, the positive impact of EVI outweighed the
negative impact of NDVI because the former ranked higher in driver importance
than the latter (Figure 4.4), resulting in an overall positive impact of fuel on fire
emissions. This is also true for tropical savannas and grasslands in Australia, and
temperate forests and woodlands and tropical dry forests in Central Asia. Regard-
less of the opposite directions of the two drivers associated with fuel, the overall

impacts of fuel were still positive (Figure 4.3 and Appendix Figure B.9).

At least one driver belonging to the four climatic categories - heat, water, humidity
and wind - were observed for all subregions, meaning climate had a widespread
effect on fire emissions for all subregions (Appendix Figure B.8). Among the four
climatic categories, heat, humidity and water were more commonly observed as
drivers, while wind was identified as a driver for fewer subregions (Figure 4.3 and
Appendix Figure B.8). For the top 10 subregions, 8 subregions had drivers relating
to heat and humidity, 7 for water; while wind was only observed in 5 of them and
usually ranked low in terms of driver importance. Some subregions had more
climatic drivers than others, suggesting that climate has more control over fire
emissions for those regions. African tropical savannas and grasslands had only one
climatic driver vs which was also the least important driver. On the other hand,
boreal forests in Boreal Asia had 8 climatic drivers covering 3 categories, namely
humidity, heat, and water; their driver importance also ranked high (Figure 4.4).
Therefore, in our analysis climate played a much more important role for driving
fire emissions in boreal forests in Boreal Asia than tropical savannas and grasslands

in Africa.

Anthropogenic factors were identified to be fire emission drivers for 16 subregions
in total, and 5 for the top 10 subregions with highest emissions. For the two
anthropogenic factors, population was identified as a fire emission driver in more
subregions than agriculture. This suggested anthropogenic interventions in general
as reflected by population had a broader impact on fire emissions through different
means other than agricultural activities. The impact of anthropogenic drivers
on fire emissions were negative for some subregions and positive for others. For
African tropical savannas and grasslands, both population and agriculture had
a negative impact on fire emissions, which suggests anthropogenic interventions
reduced fire emissions (Figure 4.3). When population and agriculture were low

(below the medians), this negative impact was greater since their impacts were far
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below 0. With the increase of the two anthropogenic factors, the impact became
positive around the median values, and then decreased and became negative again
(Figure 4.4). For boreal forests in Boreal Asia, the anthropogenic driver agriculture
had an overall positive impact on fire emissions (Figure 4.3), and the pattern
of its impact were quit different from that in African savannas and grasslands
(Figure 4.4). After around the median of agriculture, its impact stayed positive
and the values were far higher than that in African savannas and grasslands. This
suggested that anthropogenic interventions had distinct mechanisms for the two

subregions.

The impact of drivers under the same driver category for a subregion did not
necessarily follow the same pattern. For example, drivers under the categories
fuel and anthropogenic for tropical savannas and grasslands in Africa aligned for
their impacts on fire emissions (Figure 4.4 (a)). For boreal forests in Boreal Asia,
drivers under the category humidity were consistent for their overall impact on fire
emissions, which was a negative impact - high humidity led to lower fire emissions.
Note that vpd and pet are inversely related to humidity (Table 3.1), therefore, the
positive impacts of these two drivers on fire emissions represent a negative impact
of humidity (Figure 4.3). However, the patterns of impact for the 4 drivers relating
to humidity were all highly nonlinear and displayed different patterns (Figure 4.4
(b)). And for this subregion Asian boreal forests, drivers under the categories heat
and water had different directions of impact, and their patterns of impact differed

as well.

4.4 Discussion

Our study makes an important contribution towards understanding trends and
drivers of fire-derived total carbon emissions from 2001 to 2019 at a global scale
and at a scale specific to biome and region. Long-term trends associated with global
fire emissions have been relatively stable, a result of two counteractive fire emis-
sion trends from African savannas and grasslands and Asian boreal forests. Trends
across subregions vary widely, with some subregions showing consistent increasing
or decreasing trends in fire emissions, while others showing large fluctuations in

annual fire emissions. Vegetation and climatic variables were major drivers for fire
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emission trends across subregions, although anthropogenic variables were signifi-
cant in driving the trends of fire emissions from two of the largest contributing
sources, African savannas and grasslands and Asian boreal forests. These geophys-
ical and anthropogenic drivers ranked differently in driver importance across our
subregions and underlie the observed decreasing or increasing fire emission trends

across time.

Our findings on fire emission trends from 2001 to 2019 aligned with many existing
studies on that for burnt area. The global burnt area although shown a declining
trend, the magnitude of its decline was minor according to Wu et al. [145], Andela
et al. [108] and many other similar studies [107, 111]. This is mainly due to the de-
cline of fire activities in Africa and South America, mostly of the biome tropical sa-
vannas and grassland. Decline in these regions was mainly caused by anthropogenic
interventions such as urbanization and agricultural activities [108, 109, 111, 145].
While increase in burnt area were observed in many places, the increases in fire
emisisons were extremely concentrated in a relatively small area, especially the

Asian boreal forests.

At a global scale, vegetation was the most common important driver in fire emission
trends across subregions. This corroborates with global studies that identified fuel
as the most important driver for changes in global fires [111]. Vegetation generally
had a positive impact on fire emissions in our results, which aligns with our under-
standing that fire is constrained by the availability of vegetation and other forms
of fuel [33, 158]. The feedback between fire and vegetation are further compli-
cated by climate because it affects the regeneration and flammability of vegetation
[33]. In our results, climate also drove fire emission trends in most subregions,
aligning with the literature that climatic conditions, especially rainfall, tempera-
ture and humidity, are important controls for global fires [24, 106]. Anthropogenic
interventions were identified as drivers of fire emission trends for a smaller num-
ber of subregions compared to vegetation and climate. However, the importance
of anthropogenic intervention can be dominating in some subregions, for instance
African savannas and grasslands. Although previous studies in African savannas
found climate conditions such as increasing moisture availability drives increases
in fire using spatial data [34], this was not important for long-term trends in our

analysis using time series from 2001 to 2019. This aligned with previous findings
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that anthropogenic intervention through land-use conversion has been the domi-
nant driver for decreased burnt area in African savannas over the past two decades
[108]. Although anthropogenic intervention had a negative impact in Africa, it can
have a positive impact on fire emissions in other subregions such as tropical wet
forests in Boreal Asia and tropical dry forests in Central Asia. This corroborates
with a global study that showed anthropogenic intervention could have a positive
or negative effect on burnt area depending on population density and grass fraction
[109]. Using fires to clear and prepare the land for crops can be the reason for the
large areas that showed increasing fire emission trend in Central Asia [159]. For
forested biomes, anthropogenic intervention through intensive deforestation can
led to a higher risk of fires in the intact forests and consequently increasing fire
emissions, which is further amplified by climate change [98, 160]. A small cluster
of pixels in our study had significant increasing fire emission trends in tropical wet
forests in South America, likely a result of deforestation in this region [161]. This
risk of increasing fire emissions from forests associated with anthropogenic inter-
ventions and climate change has strong implications for future fire emission trends
because forests have much higher fuel loads compared to savannas and grasslands,

resulting in higher fire emissions per unit burnt area [101, 162].

Of the forested biomes that have higher risks of increasing fire emissions, we further
identified the main contributor of increasing fire emissions, which is boreal forests
in Boreal Asia. Our findings corroborates with the previous studies that identified
forests and boreal forests as the reason for relatively stable fire emissions in spite of
the decreased burnt area globally [101, 108, 162]. We found the increase in Asian
boreal forests mainly occurred in a small cluster of pixels that showed increasing
trend, belonging to the ecoregion east Siberian taiga [133]. This corroborates with
a recent study that showed significantly increased burned area in this ecoregion
from 2001 to 2020 correlate with climate conditions, namely warming and drying
climates [93]. Our findings ascertained the causal relationship between these cli-
matic conditions and the increased fire emissions in this region, especially humidity
as one of the most important drivers. In addition to climate, we also found agri-
cultural activities as the most important driver for increasing fire emissions in this

region, which was unaccounted for in previous studies [93, 163].

It is worth mentioning that this study aimed to understand the past, including
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the historical trend and the underlie drivers, rather than a projection of the fu-
ture. However, the results can be quite similar. Wu et al. [145] predicts that 1)
the decreases in burnt area in Africa and South America, where we also observed
decreasing fire emissions, will continue to decrease due to anthropogenic interven-
tions; and 2) burnt area in high altitudes will continue to increase as a result of
changing climate and human ignitions, which also aligned with our findings that
fire emisisons in Asian boreal forests increased due to anthropogenic intervention

and drier climates.

Our study on fire emissions focused on the long-term consistent trend in fire emis-
sions which is limited by the time period for our observation (2001-2019), and did
not investigate the interannual variations or extreme fire events. While several
extreme fire events have taken place in some subregions such as the wet forests in
South America [164] and Equatorial Asia [99], and the savannas and woodlands in
Australia [30], our study did not capture any significant long-term increasing trends
in fire emissions for these subregions, and the number of pixels with significant fire
emission trends were not high. However, we should be cautious to extend our re-
sults to predict future changes in fire emissions, and it is possible that fire emissions
in these regions experience significant increase under future climate change and/or
anthropogenic intervention. We observed subregions where fire emission trends
were heavily driven by climate, such as tropical wet forests and tropical savannas
in South America, and Asian boreal forests. This aligned with existing studies that
highlighted the risk of climate change on fires in these regions [93, 160]. Since fire
emission trends in these subregions have been heavily controlled by climate, it is
likely that their future fire emissions are more vulnerable to climate change, and

should receive more attention.

We are aware that our results are constrained by data availability at the temporal
and spatial scale of our study. Findings from this study are based on GFED4s
emissions data, which are known to underestimate burnt area because of the in-
ability to account for small fires. This constitutes a considerable underestimation
for Africa where a large proportion of fires are small fires [40, 115] amongst other
regions [165]. Therefore, our findings may be underestimating a significant propor-
tion of emissions from small sized fires [114]. In our analysis of drivers, our selection
was limited by globally available datasets. For example, pasture landcover has be

found to be a good indicator for anthropogenic intervention in relation to burnt
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area in global studies [108, 111}, but harmonized and reliable global annual time
series pasture landcover data from 2001 to 2019 is lacking [166]. Missing important
drivers could be a reason for poor GBDT model performance for some subregions.
For example, the relatively low GBDT model performance scores for tropical wet
forests in Equatorial Asia can be a result of lacking a representation of soil carbon
as a driver (fuel source) and its contribution to fire emission estimates. Large areas
of tropical wet forests in Equatorial Asia are peatlands, where burning of organic

carbon in soil contribute greatly to the emissions [107, 167, 168].

4.5 Conclusion

Changing climate and anthropogenic interventions are major concerns for increases
in fires across the world, which can have a positive feedback on climate through
fire-vegetation interactions and gaseous emissions. Global databases such as GFED
provide spatially explicit time series data for fire emissions, allowing us to make
valuable observations on temporal trends of fire emissions at different spatial scales.
Our analysis at a global scale provides a first look at fire emission trends estimated
at the global, subregional and pixel (2° x 2°) level, and the drivers for increasing
or decreasing trends specific to regions and biomes. Although we observed fire
emissions to be relatively stable over the years 2001-2019, special attention should

be paid to boreal forests, which showed significant increasing fire emissions.

The results on fire emission trends highlighted some important regions to target
for future monitoring and management, such as the ecoregion Fast Siberian Taiga.
These regions deserve special attention for two reasons, 1) they showed increasing
trends of fire emissions from 2001 to 2019; and 2) they are likely to be significant

net carbon sources in the future.

Drivers for fire emission trends and their relative importance at the regional scale
provided evidence on which geophysical and anthropogenic factors should be tar-
geted to mitigate global fire emissions in order to optimize the outcome. For
example, climatic factors, primarily humidity, and agricultural activity have been
shown to drive increasing fire emissions in Asian boreal forests, predisposing this
subregion to high risk of fires under climate warming. While mitigating climate

change would require action at a global level, at a regional level, monitoring and
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managing agricultural activities in this subregion could have an out-sized contri-

bution towards mitigating global fire emissions.

It should be emphasized that mitigating deforestation and fires in forests and wood-
lands biomes is of vital importance to reducing future global carbon emissions from
fires. The decreasing trends of fire emissions at the regional level were mainly found
in savannas and grasslands in Africa and South America. These decreases were pri-
marily driven by the declines in vegetation cover, indicating this decreasing trends
are unlikely to continue in the future because this is a self-limiting process [33, 34].
On the contrary, the increasing trends observed in forests are more likely to con-
tinue and even accelerate in the future because of the positive feedback between
fires and vegetation in these ecosystems [27, 37]. A decline in vegetation cover
in forests and woodlands biomes, cause by either fires or deforestation, can re-
sult in previously intact forests being made more susceptible to fires, subjecting
these ecosystems to future risks of shifting fire regimes and higher fire emissions
[33, 160, 169]. This risk is further amplified by climate change due to the complex
feedback between vegetation, climate and fires [33, 160]. The increases in the fire
emissions from forests and woodlands from 2001 to 2019 is already comparable to
the decreases in grasslands and savannas. Therefore, in order to reduce the risk
of global increases in fire emissions, more efforts should be channeled to managing

forests fires and deforestation.
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Chapter 5

Modelling degradation of forests
under the pressure of
anthropogenic intervention and

climate change

In this chapter, I used an existing mechanism model that described the interplay
between grass, savannas, and trees to describe the transition from forest to grass-
land under different levels of climate change and anthropogenic intervention. I
simulated the transitions using scenario analysis of this model, where the levels
of climate change and anthropogenic intervention were represented by two model
parameters s; and v, respectively. With high level of climate change, the system
display hysteresis, and only if the system is under low level of anthropogenic inter-
vention, there exist a bistability between grassland and forests, whilst if the level
of anthropogenic intervention is high, the system will be grass dominated. If the
system were under a low level of climate change, the system displays a nonlin-
ear response to increasing anthropogenic intervention but without hysteresis; with
increasing anthropogenic intervention, the system will loss tree occupation and be-
come more dominated by grass. In addition to the final stable states of the system,
levels of anthropogenic intervention and climate change also affect the process of
the transition. With higher level of climate change, a forest dominated system
will degrade to a more grass dominated one in shorter time period, leaving less

opportunity window for mitigation.
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5.1 Introduction

The transition of ecosystem status from forests to savannas/grasslands can lead
to loss of biodiversity, carbon storage, and other important ecosystem services
that forest ecosystems provide to sustain human well-being. Thus, transition from
forests to savannas/grasslands is often considered as an ecosystem degradation.
[98, 169, 170]. This change in state is often a critical transition because of the
existence of bistability between forests and savannas/grasslands. As such, this
process is often characterized by abrupt changes in ecosystems that are difficult to

predict and reverse, causing profound and persistent consequences [85, 146, 170].

The most widely documented drivers for forest degradation include anthropogenic
interventions and climate change [98, 170]. Anthropogenic interventions include de-
forestation, logging, and the conversion of forests to other uses such as agricultural
land [98, 160]. Anthropogenic interventions are found in almost all kinds of forest
ecosystems such as tropical forests and boreal forests [160, 171, 172]. In addition
to the direct removal of trees, anthropogenic interventions can make dense forests

more susceptible to fire, accelerating the process of forest degradation [98, 160, 170].

Climate change is another huge concern that can lead to forest degradation. Cli-
mate can directly affect the birth, growth, and mortality of trees and other vegeta-
tion [173]. Therefore, forest ecosystems often adapt and evolve with the changing
climate [27, 116]. Additionally, climate can shape forest ecosystems indirectly
through the occurrence and spread of fires, which can lead to positive feedback be-
tween fires and vegetation [27, 170, 174]. Closed-canopy forests usually have cool
and moist sub-canopy micro-climates that can prevent the spread of fire; while fire
can transform this less fire-prone forested landscape to shrub-dominated systems
that are susceptible to fires. Such positive feedback can lead to threshold behav-
ior and regime shift of forest ecosystems to savannas and grasslands [27, 98, 174].
These regime shifts have been observed in tropical and temperate forests [174]. For
other types of forest ecosystems such as boreal forests, the feedback between vege-
tation and fire can be negative as fires transform the landscape to be less fire-prone,

thereby reducing the likelihood of future severe fires [27, 175].

Degradation of forests to savannas/grasslands as typical regime shifts can be best
modeled by simple models [44, 176]. Simple mechanism model is a suitable and

widely-used technique for understanding and simulating critical transitions of many
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systems [44, 176, 177]. Tt has been used to interpret the regime shift phenomenon
in a wide range of systems including ecosystems and social-ecological systems [44,
45, 85, 178]. Such models can be used for theoretical analysis and be applied to
realistic systems where the data for model selection and model parameterization
are sufficient [4, 44, 177-180]. The key components of the simple model include
variables representing ecosystem state, external drivers, and disturbances [5, 44].
In order to be able to effectively illustrate the regime shift phenomenon, such
model often reflects the interactions among different components of the system and
their nonlinear response to external drivers that give rise to the critical transitions

observed in the system [5, 44].

Although the phenomenon of forest degradation is well documented in existing
literature, its description through simple mechanism model is relatively lacking
(179, 181]. In this chapter, I used the model developed by Touboul et al. [181],
which describes the interplay between grasslands, savannas and forests. With a few
modifications, we can use the model to describe the process of forest degradation
to savannas/grasslands under the external drivers, namely anthropogenic interven-
tions and climate change. For this model, the underlying mechanisms that govern
the degradation from forests to savannas/grasslands include 1) the competition
between these species reflected by their growth rates and mortality rates, and 2)
the likelihood of fires in the system, which is determined by the percentage of trees
within the system [181]. The two key mechanisms involved are both affected by
climate change and anthropogenic intervention, which can be controlled by param-
eter values in model simulations. Therefore, this model is suitable for our research
purpose to investigate the role of climate change and anthropogenic interventions
in the degradation of forests to savannas/grasslands. With properly designed sce-
narios to represent different levels of the two drivers and scenario analysis of this
model, we can qualitatively investigate the impacts of the two drivers on forest

degradation.
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5.2 Methods

5.2.1 Model description

Our model is based on a three dimensional model developed by Touboul et al. [181],
which was modified from Staver et al. [182], to describe the interplay between grass,
savanna saplings, and trees. The assumption of the model is that 1) the whole
system is occupied by either grass, savanna sapling, or trees; 2) grass can grow into
savanna saplings, and saplings into trees; and 3) once savannas and trees die off,
their space will be occupied by grass since its growth rate are far higher than the

other two species. The model equation can be formalized as (5.1):

dG

o= wS +vT — BGT

d

d—f = BGT — w(G)S — S (5.1)
dT

E = W<G)S —uT

where G, S, and T represents fractions of the space occupied by grass, savanna
saplings and tress, respectively; u and v are the mortality rates of savanna saplings
and trees; [ is the birth rate of savanna saplings; and w(G, S, T) is the recruitment

rate from savanna saplings to trees.

The influence of fires is embedded in w(G), which is the recruitment rate of savannas
to tree. It is a sigmoid function describing the nonlinear response between fires and
the vegetation of the system. If the system is dominated by grass (high G values),
the system is prone to fire, thus the recruitment rate from savanna saplings to trees
is low; whilst if the system is dominated by trees (high T' values), the system is
less prone to fire and tree recruitment rate can be high [179, 181]. This nonlinear

responses can be formalized as (5.2):

w1 — Wy

D T (G A0 G) + 6]/

w(G) = (5.2)
Following the assumption that the whole system is occupied by either grass, sa-
vanna sapling, or trees, the three dimensional model (5.1) is constrained by G+ .S+

T = 1. Therefore, the three dimensional system equation can be in fact reduced to
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TABLE 5.1: Model parameters and their default values used in the analysis

Parameters Meaning Default values

I savanna mortality rate 0.2

v tree mortality rate 0.1

15} savanna birth rate 0.45

w savanna to tree recruitment rate wy = 0.9, w; = 0.2, v =

(response to fire), a function of G 0.5, §; = 0.4, s; = 0.01

two dimensions. In this model, savanna saplings is more or less a transient state
between grass and trees, because this model assumes that grass grows into savan-
nas and then to trees given the right conditions [179, 181]. In order to simplify
our analysis, the following analysis only focus on grass and trees, namely G and
T, whilst savanna saplings S will be skipped, but still implied by G and T due to
this constraint G+ S+ 7T = 1.

The meaning of all model parameters and their default values used in our analysis
are summarized in Table 5.1. All default values were set according to the default
values in Touboul et al. [181]’s analysis. The values of the parameters s; and v
that were used in the design of scenario analysis were also within the range used

inTouboul et al. [181]’s analysis, and some other relevant studies [179, 183].

5.2.2 Scenarios for climate change and anthropogenic in-

tervention

This model (5.1) has been rigorously analyzed from the mathematical point of
view in previous studies [179, 181]. Therefore, I skipped the sensitivity analysis
and only focused on specific parameters for designing scenarios. This made the
analysis exclusively focusing on climate change and anthropogenic intervention as

drivers for changing fire regimes, which is the main contribution of this chapter.

For the scenario analysis, I used parameter v to control the level of anthropogenic
intervention. Typically, v refers to the natural mortality rate of the trees. For
simplicity, I assumed that v represents the total tree mortality rate from natural
causes and through deforestation, and that for a particular system, the natural tree
mortality rate will be relatively fixed. Hence, by varying v values, we are in fact
setting different levels of anthropogenic interventions for deforestation. Iset v = 0.1

to represent low human intervention, because according to Schertzer et al. [179] the
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TABLE 5.2: Parameter values and the represented scenario.

Parameters Scenario

v=20.1, sy =0.05 low anthropogenic intervention, low climate change
v=20.1,s =0.01 low anthropogenic intervention, high climate change
v=20.2,s =0.05 high anthropogenic intervention, low climate change
v=0.2, 5 =0.01 high anthropogenic intervention, high climate change

value is close to the natural tree mortality rate. As explained above, the increment
of v from 0.1 to 0.2 represents the loss of trees from deforestation, and therefore

v = 0.2 was used for high anthropogenic intervention scenarios (Table 5.2).

The effect of climate change on vegetation through fire activities was represented
by parameter s;. The w function (5.2) is a sigmoid function of G, represents
the transitioning from a fire-resistant system where forests dominate to a grass
dominant fire-prone one [179, 181]. The parameter s; controls the sharpness of
this function, which is the response pattern of fire regime change driven by climate
change. Lower values of s; represent steeper response, meaning the shifts of fire
regimes can be significantly more abrupt (Appendix Figure C.1). This aligned
with existing understanding that climate change accelerates changing fire regimes
in many regions [24, 99]. Therefore, I set s1 = 0.05 for low climate change scenarios,
and s1 = 0.01 for high climate change scenarios, because the response is comparably

steep.

Combining the two parameters, v and s;, I obtained 4 scenarios in total (Table 5.2).
The 4 scenarios covered different levels of anthropogenic interventions and climate
change. The 4 scenarios were used to investigate the stable states of the system

and the possible critical transitions from forests to grasslands.

5.2.3 Numerical analysis for stable states

Stable states in the context of ecological modelling is defined by where derivatives
of all system states equal 0. In our system of equations, according to the definition
the stable states can be obtained by solving the following equations:
%ZMS+UT—5GT =0
ar _
dt

(5.3)

w(G)S —uT 0
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which yields the analytical solution for the stable states as follows:
p—v+pBG  v+w(G) (5.4)
=0

By finding the root of (5.4), we can obtain the percentage of space occupied by
grass at stable states, and then the percentage of trees by plugging the value
back to (5.3). Depending on the parameter values, the system can have one or
multiple roots, indicating that the system can have one stable state or multiple
stable states. The stable states can be either grass dominated or forest dominated
depending which vegetation occupies more space. Our purpose is to investigate
under different scenarios of climate change and human intervention, whether the
stable state of the system is dominated by grass or forests, or whether the system

is bistable.

I used Newton’s method for our numerical analysis of stable states because it is
an efficient and robust algorithm for root finding [81]. T used the widely applied
implementation of this method in SciPy [184], a widely used Python package.

5.2.4 Simulating trajectories for shifting system status

This step is to simulate the process of a system undergoing a degradation process
from tree dominated to grass dominated under the pressure of climate change and
anthropogenic intervention. I set the starting point of the trajectories for simulation
as the stable state of the system with low level of anthropogenic intervention and
low level of climate change. The stable state of the system under this scenario is
supposed to have the highest percentage of space occupied by trees among the four
scenarios. With this starting point, setting the model parameters according to the
rest of the other three scenarios means the system can experience certain degrees
of degradation with decreasing percentage of space occupied by trees. Therefore, I
set the initial state of the model according to the stable state of the scenario with
low anthropogenic intervention and low climate change, and then set the model
parameter to other scenarios. Subsequently, I ran the model according to (5.1) to

obtain the trajectories of system degradation.



76 5.3. Results

I used the Runge-Kutta method for model integration to simulate the trajectories
of system degradation from tree dominated to grass dominated. The Runge-Kutta
method is the most commonly used numerical method for integrating differential
equations [81], which in our case is the forest-savanna-grass model. I implemented
the Runge—Kutta method through Python package SciPy [184].

5.3 Results

5.3.1 Stable states under different scenarios

For the 4 scenarios described above, the system displays bistability where the
system can be either dominated by grass or trees for certain values of v if the
level of climate change was high (s; = 0.01). If the level of climate change is
high and the level of anthropogenic intervention is low (v = 0.1), the system is
bistable; while if the level of anthropogenic intervention is high (v = 0.2), the
system becomes grass dominated (Figure 5.1). For scenarios where the level of
climate change is low (s; = 0.05), the system is nonlinear but does not display
bistability. We can see that with a higher level of climate change, the system
experiences an abrupt increase in percentage of space occupied by grass moving
from low anthropogenic intervention to high anthropogenic intervention. Though
not a discontinuous regime shift, the system still gradually moves from being grass

dominated to tree dominated (Figure 5.1).

5.3.2 Trajectories for system degradation

Under high anthropogenic intervention (v = 0.2), the system undergoes a degrada-
tion process where the percentage of space occupied by trees decreased significantly
while that of grass increased with either a higher level of climate change or low
(Figure 5.2). However, with high level of climate change, the system converged to
a status with lower percentage of space occupied by trees and higher percentage by
grass; while with lower level of climate change, the degree of degradation, namely
loss of tress, was less severe. Additionally, with higher level of climate change,

the speed of system degradation was much faster, with the time needed for the
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FIGURE 5.1: Stable states of the grass-forest system for the four scenarios. Dots
indicate grass occupancy G for given v values. Dashed lines indicate where v =
0.1 (blue) and v = 0.2 (red), representing low and high levels of anthropogenic
interventions, respectively. The values of s; in the two subplots are 0.01 and
0.05, representing high and low levels of climate change.

system to converge to the degraded statues significantly shorter, as compared to

the scenario with a lower level of climate change(Figure 5.2).

5.4 Discussion

In this chapter, I investigated the effect of anthropogenic intervention and climate
change on forest ecosystems with a numerical analysis of a simple model describing
the competition among grass, savannas, and trees. Anthropogenic intervention was
represented by the parameter v, which is the tree mortality rate, and was restricted
to deforestation in our analysis. Climate change was represented by the parameter
s1, which reflects the response of the system to fires, because this response is also
heavily controlled by climate. Our results showed that the status of the forest
system, indicated by the percentage of space occupied by grass (G) or trees (T) is
more controlled by anthropogenic intervention, while the level of climate change
can affect whether the system display bistability and hysteresis. Therefore, for a
tree dominated forest system, if the level of anthropogenic intervention is high,
the system will degrade into a grass dominated one. Climate change played an
important role in the process of degradation. With higher levels of climate change,
the system will degrade to a status with less trees and more grass in a higher

degradation rate.
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FIGURE 5.2: Trajectories of degradation from tree dominated to grass domi-
nated. The blue and red lines represent percentage of space occupied by trees
and grass. The starting point of the trajectories are tree dominated where the
percentage of space occupied by trees are much higher than than grass in the
system. Both plots are under high levels of anthropogenic intervention (v = 0.2),
the plot on the left hand side is under higher level of climate change (s; = 0.01),
and the right hand side lower (s; = 0.05).

Our analysis is quite simplified in a way that the effect of human intervention and
climate change is entirely decoupled into two terms in the model, namely v and
s1. This simplification has its validity as it aligns with our understanding of the
mechanism of the two factors as drivers of forests degradation, 1) anthropogenic
intervention through deforestation can accelerate the loss of trees [109, 171]; and
2) climate change in the form of drier and warmer climates can increase the likeli-
hood of fires [99, 106]. Nevertheless, decoupling the two aspects neglects the fact
that oftentimes the two terms have complex interactions, and cannot be treated
as entirely independent. For instance, climate change can also affect the tree mor-
tality rate which is the term v [173], but I only used this term to represent the
level of anthropogenic intervention in our design of scenarios. Similarly, I assume
that the response of the system to fires is only affected by climate change, while
anthropogenic intervention through deforestation and logging can also increase the
sensitivity of the system to fires [98]. In addition, T only focused on the two pa-
rameters while all other parameters were set at fixed values at different levels of
anthropogenic intervention and climate change. This may not be realistic as differ-

ent levels of anthropogenic intervention and climate change could lead to changes
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in other parameter values. For instance, higher levels of climate change could affect

the growth rates of the vegetation [80, 93], which is the parameter 5.

However, as the model used in this chapter is already quite a simplified one, taking
into account of the complex interactions and effects of anthropogenic intervention
and climate change in theory makes sense, but can not make the analysis more
realistic due to the limitation of the simplicity of the model itself. The beauty
of such minimal model is to capture the main mechanism and provide a plausible
explanation to the phenomenon observed [44, 78, 82]. As such, I believe the analysis
is sufficient to make the point that the both anthropogenic intervention and climate
change can have significant impact on forest degradation and that the two have an

synergetic effect, although it may only be applied to certain systems.

There are many factors that can drive the transitioning from forests to savannas be-
sides climate change and anthropogenic intervention discussed in this chapter. One
important factor that has been investigated widely is the role of large herbivores,
which can drive the forests-savannas transitions through selective feeding [183, 185
187]. The mechanism in which herbivores shape this transition is very similar to
fires, both followed type III response which can be described by a sigmoid function
such as the w function in (5.2) in many ecosystems [130, 146, 183, 188, 189]. We
did not include this driver because the model used in this chapter is not designed
to describe the changes in herbivore. If we wish to understand the role of fires and
large herbivores in driving forests-savannas transition, a more complicated model

capable of integrating spatial dynamics is required [130, 190].

This chapter is supposed to serve as a preliminary exploration to test the possibil-
ity of using this model to investigate the role of fire and anthropogenic intervention
through deforestation in driving the forests degradation. The plan for this chap-
ter is to find forest-savanna mosaic ecosystems, which there are actually quite
many distributed around the globe [133], where the sequential observational data
is available and can be used to parameterize this model. In this way, we can better

understand the process of forests degradation under these pressures.






Chapter 6

Quantifying the risk of irreversible
degradation for ecosystems: a
probabilistic method based on

Bayesian inference

Ecosystem degradation are usually abrupt and unexpected shifts in ecosystem
states that are difficult to reverse. Some ecosystems may even subject to high
risks of irreversible degradation (RID) as a result of undesirable resilience. In
this paper, we proposed a probabilistic method to quantify RID by measuring the
probability of recovering threshold being unattainable under real world scenarios.
Bayesian inference was used for parameter estimation. Then the posteriors were
used to calculate the thresholds and thereby the probability of it being unattain-
able, a.k.a RID. We applied this method to lake eutrophication as an example.
Our case study supported our hypothesis that ecosystem could suffer from high
RID, as shown by the lake with a RID of 72% at the whole lake level. Spatial
heterogeneity of RID was significant, certain regions were more vulnerable while
others had higher chances of recovery. This spatial heterogeneity could be an im-
portant factor to take into account for mitigation. We also found that both pulse
disturbances and ecosystem-based solutions could provide positive opportunities
for recoveries of such ecosystems. Pulse disturbances had most significant influ-
ence on regions with higher RID. While ecosystem-based solutions performed best

for regions with moderate RID, reducing RID to almost 0.Our method provide a
81
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practical way to identify sensitive regions for conservation as well opportunities for

mitigation, applicable to a wide range of ecosystems.

Findings in this chapter highlighted the worst scenario of irreversible degradation,
raising further requirements and challenges for sustainability. All nonlinear systems
with alternative stable state are subject to this risk, and ecosystem management
for such systems can benefit from closing examining this risk. Although the model
used in this chapter is not designed to describe the fire-vegetation dynamics, the
workflow described in this chapter can be easily converted and applied to relevant
models such as the model explored in Chapter 5. If putting under that context,
the RID measured from the model (5.1) represents the risk of irreversible degra-
dation from dense forests to grasslands and savannas, which is also an important
type of ecosystem degradation driven by many factors such as climate change and
deforestation. This of course requires data from suitable ecosystems that can be

used for parameter estimation. And this was left as one of my future work.

6.1 Introduction

Degradation of ecosystems are usually unexpected and abrupt shifts in ecosystem
state [47, 146, 191]. The degraded state will be stabilized by its internal reinforcing
feedback and therefore resistant to mitigation [5, 192]. In worse scenarios, degrada-
tion becomes irreversible if the internal reinforcing feedback are too strong to break
[193]. While most existing studies focused on the amount of disturbance that will
cause the shift of an ecosystem to an undesirable regime and the threshold associ-
ated with degradation [45, 194-196], the uncertainty and risk of recovery threshold
being unattainable have been less characterized in detail. Nevertheless, this risk
should be an extremely important concern as it decides whether the degradation
will be reversible or not[47, 193]. Under the context of global ecosystem degrada-
tion [197, 198], this risk will have a profound influence.

In theory, when ecosystems lose key species or functional groups, they lose the
ability for reorganization and transition into a desirable regime, and are subjected
to the risk of irreversible degradation [146, 199]. Our efforts in restoration of
particular ecosystems can be extremely difficult [41, 85, 197]. Previous studies

argued that the internal reinforcing feedback and complex cross-scale interactions
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are responsible for difficult reversals [41, 197, 198, 200]. We hypothesized that the
intrinsic risk of irreversible degradation could be another important reason that

makes reversal of ecosystem degradation even more difficult.

To verify our hypothesis, we proposed a probabilistic indicator, risk of irreversible
degradation (RID), to quantify the risk of an ecosystem degradation being ir-
reversible. It is defined by the probability of threshold for recovery (73) being
unattainable under real world scenarios. The risk of irreversible degradation could
be considered as an extreme case of undesirable resilience where the ecosystems
are highly stable under the degraded regime and resistant to external changes
[5, 201, 202]. Traditional resilience indicators, following the original definition of
resilience, are usually representations of how much changes the system could with-
stand before flipping into another regime [5, 180, 194, 203, 204]. These indicators
are less applicable to systems subject to high risks of irreversible shift, as it makes
little sense to quantify resilience based on an unrealistic threshold that could never

be achieved.

While we also found some probabilistic representations for resilience and regime
shift, these did not emphasize the extreme case of irreversible degradation. More-
over, their viability and dynamics are mostly associated with external environments
rather than the ecosystem itself [178, 188, 205, 206]. In other words, the risk mostly
arise from the external environmental changes rather than the internal dynamics of
ecosystem itself. We adopted Bayesian inference that allowed dynamic perspectives
regarding parameterization [90]. Different from the frequentist approach where pa-
rameter values are treated as a fixed value, Bayesian inference treat parameters
as random variables that vary with certain probabilities [90, 123]. Therefore, the
uncertainty arise from the parameters that are representations of internal processes
and properties of the ecosystem [123, 207, 208]. Following this, the risk measured
in Bayesian approaches also arise from parameters, suggesting the risks are associ-
ated with the intrinsic properties of the ecosystem as well. Distribution of threshold
could be derived from parameter posteriors since the threshold can be calculated
by certain function of parameters. Thereafter, the risk of irreversible degradation
could be easily obtained according to its definition. Another advantage of Bayesian
method is that we could make full use of the knowledge we build about the system
[90]. When given new data, the previous posterior could then be used as a prior

that will be updated according to the new information. This progressive process
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suits the purpose of adaptive management and could therefore be a promising tool

in management practice [209, 210].

We applied our method to the eutrophication of freshwater ecosystems driven by
increasing phosphorous (P) inputs. Accumulating empirical evidence supported
that internal sediment release alone contribute much more than external inputs
[207, 211]. This suggest the possibility of irreversible eutrophication, and therefore
suits our study purpose here. We first tried to quantify the undesirable resilience
as the risk of irreversible degradation; and then investigated the influence of several
aspects that might provide opportunity for mitigation. We included the following
aspects: 1) spatial heterogeneity; ii) interactive effects of pulse disturbances and
lp reduction as long-term press; and iii) changes in internal ecosystem attributes
resulted from ecosystem recovery, as reflected by the overall changes in parameter

values.

By investigating on these aspects, we could be able to identify possible way of re-
ducing RID and opportunities for more efficient mitigation. Spatial heterogeneity
and connectivity between different parts of the ecosystems are considered to be an
important source of ecosystem resilience [201, 212]. As a result of spatial hetero-
geneity, RID could vary between different parts as well. This suggests that certain
parts could be more susceptible to irreversible degradation, while other parts could
be more amenable [213]. Identification of the more vulnerable part could serve
for conservation priority before degradation and leveraging mitigation effects after
degradation [85, 146, 214]. Minimal models, although widely applied in regime
shift studies, are often flawed by their homogeneity assumption. This is because
the main motivation for minimal models is to capture the nonlinear dynamics and
dominating mechanisms that give rise to regime shifts [44, 177]. This can be over-
came by adding interaction terms to the original model functions, so that it could
be used to reflect spatial dynamics [188, 215, 216]. Therefore, we first modified the
original model by adding exchange terms and then explored spatial heterogeneity

in undesirable resilience for each part of the system.

The irreversible degradation we defined here was with respect to long-term external
drivers, also known as press [188, 217|. However, regime shift could also be realized
by pulse disturbances, strong and short-term disturbance that could lead to huge
fluctuations in system state [5, 188]. Given strong enough disturbance that the

brings the system state across the boundary of alternative stable state (the unstable
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equilibrium), the system can then gradually converge to the desirable state [5, 188].
Therefore, it is important to take into consideration this trigger in order to better
characterize the risk of irreversible degradation [191, 218]. To reflect this interactive
effect of pulse and press, we applied both long term [p reduction as press and
random noises as pulse in our simulation. Backward shift from degraded regime
to the desirable regime was then compared with the stationary RID calculated by
thresholds.

Increasing research argued that ecosystem-based management and nature-based so-
lutions could be better ways for conservation and protection [219-221]. We testified
the usefulness of ecosystem recovery on ecosystems with high RI D. By investigat-
ing the effects of changing parameter values on RID, we could get insights on the
performance of ecosystem recovery. Moreover, by doing this, we could identify the

ecosystem attributes that are most efficient in lowering RID.

6.2 Methodology

The indicator was defined by probability of 75 being unrealistic. Since we often do
not know the real distribution of 75, we can therefore calculate its frequency based
on large random sampling as an approximation. The calculation of RI D can then

be expressed as (6.1)

. n(Ty < Ty

RID =P(T, < Ty) :ﬁ (6.1)
where T represented the critical threshold for environmental pressure, under which
will be unattainable in real world scenarios; P(Ty < T%) represented the probability
for Ty below Ty; n(Ty < Ts) and n(T3) represented number of samples Ty < T and
the total sample size, respectively. We directly used the probability of T, < 7% as
an indicator of risk so that the expression looks more compact. This itself implied
the unstated loss function should be L = Lir,<7¢}(712), mapping all T < T3 to 1
and the rest to 0. It is one of the typical loss functions. Our rationale for using this
binary loss function was that we only care about whether the degradation will be

irreversible or not. The risk function, as the expectation of the loss function defined

above, become the probability written as (6.1). For our case of lake eutrophication
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FIGURE 6.1: Procedures for calculating risk of irreversible degradation. We
used higher values of ecosystem state to represent the degraded state. This is to
be consistent with the model where high values of P represents more eutrophic
state. Therefore, T3 is the threshold for degradation, and threshold 75 is the
threshold for recovery.

driven by increasing P load (Ip), T5 = 0 because it is unrealistic to reduce lp to
below 0.

To calculate RID, there are mainly two steps: i) Bayesian inference for parameter
distributions; and ii) calculation of threshold based on parameter sample drawn
from posteriors of Bayesian inference. We also did some dynamic simulations to
investigate how factors, including spatial heterogeneity, pulse disturbances and
ecosystem recovery, influenced RID (Figure 6.1). In the following part, we elabo-

rated on each step of our method.

6.2.1 Model Description

We selected the classic P driven eutrophication model for our case since it was a
good representation of the ecosystem and illustrated our method well. The model
for the whole lake followed (6.2) [193].

dP P

— =Ip—sP _— 6.2
dt ps +TPq+mq (6:2)
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where P represented the state variable, water P concentration; [p represented the
external P load, r represented the potential sediment release; m was the half-
saturation coefficient where the actual P release reached half of its potential and
g was the shape parameter that controls the steepness of response between actual

sediment P release and P.

For estimation of each subunit within the lake, we added an exchanging term

between each unit, and obtained (6.3):

— = e siPi- j§_1 e P + ]E_l oGl "B G (6.3)
dP < dP & & P
I Il DL L DL - (6.4)

where all the subscripts ¢ denoted the respective parameters for the ith subunit;
e;; represented the outflow rate from subunit ¢ to its neighbouring subunit j; and
ej; the outflow rate from subunit j to ¢; w; represented the weight assign to each
subunit according to their water volume (water volume of subunit ¢ over the total
water volume of the lake). The second equation acted as a regularization term to
ensure mass balance such that the sum of all subunits will not deviate too much

from the whole lake level.

6.2.2 Solving differential equations for threshold

Following our rationale on irreversible degradation, in order to quantify RID, we
need to calculate the threshold for recovery (73). 1% is the minimal [p value for
degraded regime. As regimes are defined by a fixed point, they could be obtained
by setting (6.2) to 0:

rP*4
I —sP"+ — =0
p— S+ Dt ma

rP*

I —sp*—
P P*1 4 m4

(6.5)
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where [}, and P* denote [p and P at equilibrium. Thresholds, as local maximum

or minimum, could be found by taking derivative with respect to P*:

dl d , rp

i~ ) = (6.6)

By solving (6.6), we obtained P* at the threshold, and then [} threshold could be
obtained by plugging in P* to (6.5). Note that for illustration purpose, we usually
plot P* against [}, indicating [p is the control variable and P the response variable.
But to be written as a function, we can only write [}, as a function of P* since
each [} could map to more than one P* when an alternative stable state comes

into existence.

Similarly, the threshold for each subunit could be found by solving (6.7):

dls; a W d 1P

6.2.3 Parameter inference and risk of irreversible degrada-

tion

The parameter posterior is calculated according to Bayes’ theorem (6.8).

_ p(X]0)p(6)

p(0]1X) (X)

(6.8)
where X and 6 represented data and parameters, respectively. p(f]|X) denoted
the posterior, the probability distribution of 6 given X; p(X|#) denoted likelihood
function, the probability of X given parameter 0; p(f) denoted the prior assigned
to 6 before the inference. p(X) denoted the marginalized probability of X which

will be a constant.

For our process-based model that involves multiple parameters and noisy observa-

tion data, the inference was conducted according to (6.9) [43, 222]:
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p(Oly,x,0,a) < p(y[x, 0, 0)p(0]a) (6.9)

N
p(ylx.0,0) = [[N(ylf(x.0),0)
n=1
where y represented the observation and x the input; then p(y|x,6,c) was the
likelihood function measuring the likelihood of observations under the given input,
model parameters and another parameter o. It followed a normal distribution with
mean f(x,6) and variance o®. The rationale for doing this was that the observations
always involve with noise that can not be explained by the variables included in the
model, which in our case means P can not be perfectly modelled by the parameters
lp, s, 7, m, and ¢q. Typically, this kind of noise follows a normal distribution [218].
The function f(x,#) here should be consistent with (6.2) or (6.3) according to the
object of the inference. And the p(f|a) is the prior set with parameters «, which

in our case would be the upper and lower bounds of the uniform distributions.

Since we can not obtain a closed form solution for parameter distributions, we
used Markov Chain Monte-Carlo simulation to get an approximation instead [223].
Therefore, we need to set up the prior and the Markov Chain for the inference.
For the priors, considering that great variation exist among different lakes, and no
specific information on the mean and variance of parameters for our lake was avail-
able, we adopted uniform distributions as priors. The upper and lower bounds for
our uniform priors were given such that they covered the range of that found in the
literature [193, 218]. The posterior was simulated with the Differential Evolution
Markov Chain Monte-Carlo algorithm (DEMCzs), a differential evolution MCMC
method [222]. Convergence was checked through Gelman-Rubin diagnostic [224].
We computed two chains with the DEMCzs, each with 500000 iterations, and our
model converged on all parameters (Gelman-Rubin’s test of convergence below 1.05

for all parameters).

Parameter sample was drawn from the posterior. The first half of the chains were
discarded to make sure we only sampled after convergence. The size of our param-
eter sample was 5000. After we obtained the parameter sample, we calculated the
values of T5 under each parameter combination. This gave us a set of T, with size
5000, equal to the the size of parameter sample. For a particular combination of

parameter values in the sample, in which each parameter has a specific value, we
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can calculate whether the system is irreversible or not depending on the value of T5
calculated from (6.1), 75 < 0 means irreversible. Bases on all results calculated for
the whole parameter sample (5000 combinations in total), we can calculate RID,
which is the probability of the system being irreversible among all sample. High

RID values indicate the system is difficult to reverse.

The data we used for model parameter estimation included 1) monthly observa-
tion of phosphorous concentration (P) from 4 monitoring site relatively evenly
distributed on Erhai (please refer to Figure D.1 for the location of the lake and
the monitoring sites) over the time period of 2009 - 2011 (36 data points in to-
tal); 2) total external load of phosphorous input to the lake (,) based on previous
monitoring data, this is also aggregated to the monthly level to match the P data.
At the whole lake level, P were averaged over the whole lake. All parameters,
namely s, r, ¢, and m, were estimated through Bayesian estimation. The fitness
of the parameterized model to the observations can be found in Figure D.2. For
model of all subunits, another parameter e; ; were estimated for each subunit re-
spectively based on the data observed for each subunit. Their respective fitness of

the parameterized model can be found in Figure D.3.

6.2.4 Simulation under dynamic scenarios

Calculation of RID was a reflection of the intrinsic characteristic of the lake, indi-
cating the possibility of transition back to the desirable regime after degradation.
While this theoretical result could be influenced by processes and changes at dif-
ferent scales. To make our results a better reflection of the real world as well
as identifying possible mitigation opportunities, we conducted simulations under

several dynamic scenarios in addition to the calculation of threshold.

Interactive effect of pulse and press on RID

To simulate the interactive effect of pulse and press on regime shift, in addition
to load reduction as a typical long-term press, we added a white-noise term to

represent pulses. The model function could be written as (6.10):

dP P
EIZP—SP—FTm—i—UdWUdW (610)
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where odWodW denoted the white-noise. o reflected strength of random distur-
bances. The noise was assumed to obey a normal distribution because distribu-

tions of noise are well-described by normal distributions in a wide array of contexts
(188, 218].

Since a random noise was added into the equation, we can not get the equilibrium by
directly solving the equations. Instead, the stable states were obtained by running
the model for long iterations until the final state became steady. The initial P
was set to higher than that at 75 (1.2 X Pp,) to ensure the system started from
a degraded regime. Reduction rate was set proportional to 7} (from 100% to 0),
the threshold for degradation. This can not guarantee a recovery but lower than
T could make the system become bistable and therefore shift from a eutrophic
regime to a clear regime. After long iterations, if P at stable states were lower
than that of T;, we consider the system to be recovered. Calculation under the
same parameter sample could give the probability of recovery under the dynamic
scenarios accordingly. By comparing this result with previous RID, we can have

further insights on the recovery process for systems with high undesirable resilience.

RID under ecosystem recovery

In addition to reducing external environmental pressure, the ecosystem status can
be possibly reversed by ecosystem recovery measures that target at the internal
components of the ecosystem itself. These internal components can be represented
by the model parameters and are often referred to as “slow variables”, changes
in which can also lead to regime shifts [4, 5, 85]. For example, the parameter
r in the model ((6.2)) indicates the maximal sediment release rate, an internal
component of the system, and lowering this rate (smaller values of r) can also
trigger the regime shift from eutrophic state to clear state [218, 225]. We tried to
reveal the effect of ecosystem recovery on RID. Ecosystem-based recoveries will
lead to changes in ecosystem attributes. We represented this by overall changes in
parameter values. We retained the shape of parameter distributions but increase
or decrease their sample values by proportion. RID was calculated for changes in
different parameter values. Each time one of the parameters was set proportional
to its original values in the sample while other parameters remained unchanged.
By comparing RID under all these variations, we could conclude the usefulness

of ecosystem recovery for systems subject to high undesirable resilience, as well as
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the performance of revising different attributes of the systems in different spatial

units.

In this paper, all simulations were carried out in R software [226]. Bayesian in-
ference was implemented by package BayesianTools [222]. Data for parameter
inference and related simulations (including lake morphology, water quality and P
load) was based on Lake Erhai, one of the largest lakes in southeast China. Details
of this lake could be found in Appendix (Figure D.1).

6.3 Results

6.3.1 RID at different spatial scales

The probability distribution of 75 for the whole lake resembled a normal distribu-
tion with some skewness (upper plot in Figure 6.2). The value of T ranged from
-0.10 to 0.05 mgP -m™3-month™!, and the probability of T, < 0 should be high.
This could be better illustrated by the cumulative probability for 75 (lower plot in
Figure 6.2). RID, according to our definition, was the cumulative probability at
T5 = 0. At the whole lake level, RID was 71.6%. This result supported that Lake
Erhai suffered from high risk of irreversible degradation. Therefore, it is a proper

example for our study object in this paper.

Calculation for each subunit showed differentiated RID among the 4 subunits.
RID for subunits 1 and 4 were substantially lower than the other two subunits
(Figure 6.2). Subunit 1 had the lowest RID of 16.9%. Subunit 4 had relatively
low risk as well, with a RID of 40.9%. While RID for subunits 2 and 3 were sig-
nificantly higher, 86.8% and 95.3% respectively (Table 6.1). This result supported
our hypothesis on spatial heterogeneity of RID. Subunits 1 and 4 had RID lower
than that of the whole lake, while subunits 2 and 3 had RID higher than that of
the whole lake (Figure 6.2). This indicated higher chances of recovery for subunits

1 and 4; while subunits 2 and 3 will be more resistant to mitigation.

The reason for differentiated spatial RID, for our case here, could be attributed
to the hydrology conditions. It could be seen from the parameter posteriors for
inflow /outflow (s) and exchange rate (e). The inflow and outflow rate for subunits

1 and 4 were much higher than that of subunits 2 and 3. Better hydrodynamic
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FI1GURE 6.2: Risk of irreversible degradation measured at different spatial scales.
The z axis represented 15, the threshold for recovery. The upper panel showed
the histogram of T5 at the whole lake level; the lower panel showed the cumulative
probability of T5 for both whole lake level and different subunits. Cumulative
probabilities at T3 = 0 equal the RID as T3 for our case here equals 0.

conditions for subunits 1 and 4 lead to lower RID and less undesirable resilience.
Another possible reason, although not directly reflected in our data, could be the
relatively larger shore area (Appendix Figure D.4). Since shore area could play an
important role in the reduction of nutrients and recovery of eutrophication, it is
possible that subunits 1 and 4 could have better chance of recovery due to higher

portion of shore area.
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TABLE 6.1: Risk of irreversible degradation at the whole lake level and for each
subunit.

Whole lake Subunit 1 Subunit 2 Subunit 3 Subunit 4
0.716 0.173 0.864 0.957 0411

6.3.2 RID under interactive effect of pulse and press dis-

turbances

For all subunits, as reduction rate increase, the recovery rate increased as well
(Figure 6.3). Subunit 1, with RID much lower than other subunits, displayed a
distinct response pattern. It responded relatively proportional to load reduction
in an approximately linear way. Other subunits were much less responsive at low

reduction rates, and only became more responsive at high reduction rates.

Adding of pulse disturbances (o values higher than 0) imposed a positive influence
on recovery rate. For all subunits under all reduction rates, pulse disturbances led
to higher recovery rates. This positive influence tend to be more significant for
subunits with higher RID, as recovery rate of subunits 2, 3 and 4 differentiated
more significantly under different o values. This could be that subunits with low
RID were already mostly reversible even without external disturbances. While
for subunits with high RID, they were more reliant on external disturbances to
provide the opportunities to trigger the backward regime shift. Without external
disturbances to drive their state beyond the boundary for alternative state, these

subunits will have a much lower chance for recovery.

This also explained why this positive influence became more significant with more
intense disturbances (increasing o). The disturbance intensity required to trigger
the shift were decided by the difference between current system state and the
boundary for alternative stable state. The higher ¢ values, the higher probability
of disturbance intensity live up to this requirement, and therefore higher chances

for recovery.

We might have noticed that certain discrepancy existed between the recovery rate
and that indicated by RID. By definition, the recovery rates of reduction rate
equals to 1 and ¢ equals to 0 were supposed to be 1 — RID, but they were some-
what different (Appendix Figure D.4). This was caused by different final P for all

subunits. To calculate RID, we assumed that all subunits will have the same P
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FI1GURE 6.3: Recovery rate for each subunits under different load reduction rate
and intensity of external disturbance. Recovery rate is defined by the probabil-
ity of the lake recovered to the clear state (stable state of P lower than that
at Ty) from the eutrophic state with the parameter samples drawn from their
posteriors. Reduction rate indicates the percentage of [, reduced compared to
the previous [, that sustained the eutrophic state, which was set at 77 for the
starting point of the simulated trajectories. Higher reduction rate means lower
l, for the trajectory simulation, and recovery rate of 1 means [, = 0. The pa-
rameter o values represented intensities of internal disturbance, higher o values
represent more intense internal disturbances.

under equilibrium. But this is not entirely true considering all the process happen-
ing at different rates in subunits. Still, subunits with higher RI D will have lower
recovery rate; while subunits with lower RI D will be more likely to recover. This
consistency suggested that RI D was nevertheless a good representation of recovery

probability even under dynamic simulation.
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6.3.3 Influence of ecosystem restoration

Varying parameter values could influence RID, but the effect of different parame-
ters differed in different subunits (Figure 6.4). For all subunits, m and r were the
most influential parameters for RID. Decrease in r and increase in m could lower
RID. This influence was consistent and most obvious in all subunits. Both r and
m were relevant to sediment release, r being the potential for sediment release and
m being the half saturation coefficient. Decrease in r and increase in m indicates
less sediment release rate under the same P. This means high sediment release
could be the main reason for irreversible degradation, and decrease in sediment

release could make the degraded regime less resilient.

Parameter s, loss rate through outflow and sedimentation, could lower RID with
increasing parameter values (Figure 6.4). This result suggested higher loss rate
through outflow and sedimentation could make the system less resilient in degraded
regime. It had much more influence on subunits 2, 3 and 4, while less influential in
subunit 1. This was caused by the relatively high loss rate in subunit 1. Therefore,

s cast stronger limits on reversal of subunits 2, 3 and 4.

Effects of parameter e, the exchange rate, on the 4 subunits were contradictory.
Increase of e could lead to lower RID in subunit 1, but higher R/ D in subunits 2
and 3. For subunit 4, e did not seem to make an obvious difference (Figure 6.4).
This was due to the difference in net contribution of exchange. For subunit 1,
exchange between neighboring subunits acted as a net sink; while for subunits 2
and 3 it was a net source. Therefore, increase of e could decrease RID in subunit

1 while increase RID in subunits 2 and 3.

For all subunits, ¢ displayed little influence on RID (Figure 6.4). Parameter ¢ was
the shape parameter that represented the nonlinear response of sediment release
to P. This result suggested that all subunits are highly nonlinear and changes of
g in this range (-50% to +50%) were not enough to induce a significant influence

on the reversibility of system degradation.



Chapter 6. Risk of irreversible degradation 97

Subunit 1 Subunit 3
0.984
0.5- \
0.4 1 f
— e 0.96 —e
— 0.3- - m \ —
o . o .
4 0.94 9
0.2 — —r
S S
0.1+
0.924
0'0- T T T T T T T T T T T T
05 07 09 1.1 1.3 15 05 07 09 11 13 15
varying of parameter value varying of parameter value
Subunit 2 Subunit 4
0.95
0.904
\ 064
\
— e — e
0.85 /
— m — m
o o
0.804 —q 0.4+ —q
—r
0.754 s s
0.2
0.704
05 07 09 11 13 15 05 07 09 11 13 15
varying of parameter value varying of parameter value

FIGURE 6.4: Variation in risk of irreversible degradation (R D) when parameter
values varied under ecosystem recovery. Varying in parameter values were set
proportional to the original parameter sample drawn from their posterior. All
parameter values ranged from 50% to 150% of its original values. RID were
calculated under the varying of each parameters when other parameters remained
unchanged.

6.4 Discussion

Our results showed that ecosystem recovery could be a more efficient way for mit-
igation of systems with high RID. As reflected in our model results, varying
in model parameter values changed the undesirable resilience significantly (Fig-
ure 6.4). Ecosystem recovery led to improvements in ecosystem attributes, and
therefore Ty gradually tends towards the positive side. Some of the conclusions
we reach at can be inferred from the model itself by pure math, the contribution
of this chapter is to give a quantitative representation the risk and other relevant
measures derived from it. For example, mathematically speaking, we can infer the
existence of irreversible degradation, our results confirmed this with a real world
case study by combining the model and observational data with Bayesian inference

and simulations. In additions, the effect of changing parameter values on RID
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can also be inferred from the model qualitatively, while we demonstrated it with

specific numbers with the simulations.

We can have better intuitions on irreversible degradation when relating to the
fundamental theory of catastrophe bifurcation, which is the theoretical basis for
regime shift [47, 180]. Catastrophe bifurcation was originally widely observed in the
field of physics and engineering. It describes the situation where the system first
changes smoothly with external drivers until the threshold where it jumps discon-
tinuously to another state; while the recovery does not follow the same trajectories
but the driver needs to be reverted far back from the previous threshold [81]. This
phenomenon is known as hysteresis, and later is widely observed in ecological and
social systems [47, 191, 227]. In physics and engineering, it is quite common that
the critical transition in a catastrophe bifurcation will be irreversible. For example,
the collapse of a bridge after the pressure exceeds the threshold. [81]. There is no
other way to bring back the bridge other than building a new bridge. For ecosys-
tems, the rebuilding process might be obscured by their complexity and on-going
dynamics of the system itself. But still we should realize the essence of a regime
shift lies in the change of ecosystem structure and function [146, 212]. Therefore,
after the collapse of the ecosystem, rebuilding the system seem to be the most
straightforward way. Especially when confronted with high risks of irreversible
degradation. Because reducing environmental pressures might never achieve this

goal.

In addition, ecosystem recovery is a good way to build resilience into the system
so that it will be less vulnerable to changes. Although our result only revealed
the positive effect of disturbances, because our system are subject to high RID.
We should be aware that the effect of disturbances could act both ways. It could
bring the system from a desirable regime to a degraded regime, as well the other
way around. For systems with high RID, the degraded state could be a much
stronger attractor [202, 218]. This makes the system liable to secondary degrada-
tion. Ecosystem recovery could be a way to prevent secondary degradation, since
it could skew the dominant attractor from the undesirable regime to the desirable

regime, making the desirable regime more resilient [178, 191].

Nevertheless, reducing external environmental pressure is still important in a way
that it is the preliminary requirement for the existence of a desirable regime [85,

191]. Also without reduction of external environmental pressure, the system will
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be held in a vulnerable position [5]. Just like after rebuilding of the bridge, we still

need to carefully maintain the pressure within the threshold.

Moreover, quantifying the risk of irreversible degradation could have a profound
influence on perceptions of ecosystem degradation and ecosystem management.
Much emphasis has been put on avoiding and reversal of ecosystem degradation
for sustainable development [228]. To achieve this, threshold for degradation and
the associated uncertainty has been widely studied as it determined the boundary
for sustainable development [1, 47]. Safe operating space was proposed as a practi-
cal guide to this problem. It requires anthropogenic intervention to be maintained
under the threshold for degradation, avoiding the existence of alternative stable
states [1, 198]. In this way, the risk of degradation was controlled at the highest
level. For systems with high RID, the safe operating space might not be allowed
since it is rare for the system to have only one desirable regime without an alter-
native stable state (Figure 6.1). This raised further challenges for safe operating

space and imposed higher requirement for sustainable development.

At the same time, the spatial aspect of our method could be especially mean-
ingful. Spatial heterogeneity associated with responses and risks is an important
factor for conservation. Identification of this spatial pattern could provide infor-
mation on conservation priority and mitigation opportunities for leveraging effects
229, 230]. We testified the spatial heterogeneity of RID in a freshwater ecosystem.
This spatial heterogeneity could be even more evident in other ecosystems. Aquatic
ecosystems are more free-flowing compared to other ecosystems where all inorganic
material move and exchange at a lower rate such as terrestrial ecosystems. As a
result, spatial heterogeneity due to different morphology and geophysical condi-
tions such as temperature and nutrient content intrinsic to each subunit are more
significant due to the slow internal exchange process. This gives a good reason for

wider application of our method on other type of ecosystems.

Now that we have seen an successful application of our proposed method, we would
like to further argue its generalization to other models and even other ecosystems.
For instance, the model we used to display the workflow of estimating the risk of
irreversible degradation is a rather simplified one. In practice, some more compli-
cated process-based model are often desired, such as PCLake. In order to apply
these models, parameter estimation is also required [202, 205, 213]. If we can use

this framework to estimate some of the key parameters, then it will also be possible
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to estimate RID with PCLake and other models alike. In addition, the framework
we proposed to estimate RID is not limited to freshwater ecosystems. While we
demonstrated our method with a freshwater ecosystem, the method was not tai-
lored to this specific ecosystem but more of a general framework applicable to a
wide range of ecosystems. Increasing model studies on all kinds of ecosystems and
application of Bayesian inference for model parameterization ensured the basis for

wider application of our method [207, 231].

Promising as our method is, the main challenge remains with the uncertainty. In a
sense, RID quantified a certain fraction of the uncertainty associated with 75, the
probability of it falling below 0. Since RID itself is derived from uncertainty, it will
be complicated if we wish to further analyze its uncertainty. Nevertheless, with such
significant results, both for RID at the whole lake level and spatial differentiated
RID (Figure 6.2), it should be convincing enough to draw our attention to this

risk of irreversible degradation.

6.5 Conclusions

We proposed a novel indicator RI D that measured the risk of an ecosystem degra-
dation being irreversible, in terms of the uncertainty associated with T5. By adopt-
ing Bayesian inference, the whole framework for implementing this indicator was

straightforward and flexible, convenient for management practice.

By applying RID to the example of lake eutrophication of Lake Erhai, we testified
that the ecosystem could suffer from high RID, as shown by the RID of 72% at
the whole lake level in our case. This finding suggested that we should be more
aware of ecosystem degradation, because the consequences could be more severe,

and therefore raise further challenges for sustainability.

On the other hand, by applying RI D, we also identified the following opportunities

for mitigation.

e We found spatial heterogeneity could provide opportunity windows as certain
regions could have higher chances of recovery. We also need to pay more

attention to regions that are more susceptible to irreversible degradation.
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e External pulse disturbances could have an overall positive influence on ecosys-
tem recovery for ecosystems with high RID. Because it could drive the
ecosystem beyond the boundary for alternative stable states and therefore
trigger the shift towards a desirable regime without further reducing environ-

mental pressures.

e We showed that ecosystem recovery from ecosystem-based management could
be more efficient for such systems. Changes in certain ecosystem attributes

could lower RID significantly.

From the findings of our study, we concluded that RID could be a meaningful and
useful indicator. In addition to the model used as an example in this chapter, it
has high potential for future application to a wide range of ecosystems. The most
relevant one for the topic of this thesis is the forest-savanna model (5.1) explored
in Chapter 5. Incorporating RID with the model (5.1) gives a measure of the risk
of irreversible degradation from forests to savannas, a typical type of ecosystem
degradation obsered in many regions across the world. Many ecosystems are un-
dergoing transitions from forests to savannas, such as Amazon forests [98, 169].
It has already been pointed out by many researchers that this degradations can
be difficult or even impossible to reverse [27, 169]. Having a quantitative measure
of the risk of irreversible degradation for these forest ecosystems provides more
evidence to support this argument, and can lead to better forests management.
On the other hand, with the accumulating satellite observations that can be used
to estimate vegetation covers and fires at a large spatial scale and a fine spatial-
temporal resolution [107, 152, 232|, fitting the model to real-world data has been
made possible. Therefore, it is feasible to combine data with the theoretical model
(5.1) discussed in Chapter 5, and then integrate the paramterized model with the

indicator proposed in this chapter.






Chapter 7

Conclusion and future work

7.1 Main conclusions

In this thesis, I try to understand the changing fire activities through the lens
of causality, and the chapters included were all centerred around this topic. I
answered this question from at least two perspectives with two different techniques,
statistical model (Chapters 3 and 4) and process-based model (Chapters 5 and 6)
(please refer to Figure 1.1). In this way, I gave a more comprehensive picture of how
fire activities are modified by different environmental stressors and how different

systems might respond. The main findings of each chapter are summarized below.

In the first part, I mainly employed machine learning techniques to explore the
drivers and their contributions to fire emissions. 1 first proposed a novel causal
framework for understanding drivers of environmental changes, which was built on
state-of-the-art causal inference and interpretable machine learning model. I tested
the validity of this framework by applying it to some of the well studied regions
covering different continents and biomes across the world. I found that the drivers
identified by this framework mostly aligned with our findings of these regions from
existing literature. Thus, I argued that the causal framework proposed is valid and
has the potential to be applied to generate new insights for understanding drivers
of fire activities in other parts of the world especially the relatively understudied

parts of the world.
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I subsequently applied the causal framework to investigate drivers of fire emissions
at a scale specific to region and biome. I found that at the global scale, fire-derived
carbon emissions was relatively stable, because I observed a non-significant trend
in global fire emissions. This was mainly caused by two counteractive trend in
fire-derived carbon emissions, a decreasing fire emissions in African savannas and
grassland, and an increasing fire emissions in Asian boreal forests. The drivers for
the two counteractive trends were different according our results using the proposed
causal framework. The decrease in African savannas and grassland was mainly
caused by decreased vegetation cause by anthropogenic interventions through agri-
cultural expansion. Whilst the increase in Asian boreal forests was mainly caused
by agricultural activities and climate change, especially by drier climates. Our
results in the two particular regions as well as in other regions highlighted the im-
portance of vegetation as a primary driver for changes in fire emissions over the past
decades. In addition, although a number of studies pointed out that anthropogenic
interventions may have outweighed other environmental changes for causing shift-
ing fire activities, our findings showed that for most part of the world, environ-
mental changes, including vegetation and climates, are still dominant drivers for

changing fire emissions.

The second part of the thesis used simple mechanism models to understand the
drivers for regime shifts in ecosystems. In Chapter 5, I used a grass-savanna-forest
model to understand the stable states of the ecosystem under different scenarios of
anthropogenic intervention and climate change. I found that under high levels of
climate change, the system displays bistability and hysteresis, indicating that the
system can undergo abrupt shifts from being forest dominated to grass dominated
with increasing anthropogenic intervention. Moreover, due to the hysteresis, once
the system is degraded into a grass dominant one, reverting the ecosystem status
is much more difficult. Under a low level of climate change, the system is nonlinear
but does not exhibit bistability. Thus, with increasing anthropogenic intervention,
the system can still experience abrupt degradation from being forest dominated
to grass dominated, but the reversal process requires less time and reduction in

anthropogenic intervention.

The last chapter was also built on simple mechanism model, and went a step further
on ecosystem bistability and the phenomenon of hyeteresis. I proposed a proba-

bilistic approach to quantify the risk of irreversible ecosystem degradation in the
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presence of hysteresis for a particular system. The probabilistic approach depends
on Bayesian inference for model parameter estimation, by using a probabilistic dis-
tribution for all model parameters. Based on their probabilistic distributions, I can
estimate the probability of the threshold for ecosystem recovery being unattain-
able, which is defined as the risk of irreversible degradation. I applied the approach
to a real world case study, which is to quantify the irreversible degradation of a
freshwater ecosystem. This application suggest that this approach I proposed is
valid and has the potential to be applied to other ecosystems given a reliable simple

mechanism model is available.

7.2 Future work

I think that the first part is more completed, as the two chapters of this part, namely
Chapter 3 and Chapter 4, are closely linked and form a consistent system, I first
proposed a causal framework, tested it, and then applied it to a global analysis.
All these steps were also centered on the same topic, which is understanding the
drivers of fire-derived carbon emissions. As I also discussed in Chapter 3, the causal
framework I proposed is highly generalized and can be applied to other systems
in order to investigate the drivers of the observed changes. The application is not
limited to fire emission or other aspects related to fire activities. Moreover, as
I argues in Chapter 3, techniques of causal analysis should be more extensively
applied if the researchers wish to make claims such as drivers and causes for an
observation. Thus, I do think the causal framework driver wider application in the

field of ecology.

Although I believe the causal framework can be applied to many other systems, a
more relevant application to further my own research can be a small-scale study to
understand drivers of fire activities. The advantages of small-scale application is
that we can have a good understanding of the system, so that we can make better
judgement for part of the results given by the analysis. In addition, for a small-scale
study, the available data can be more abundant, and therefore the analysis can be
more inclusive. In Chapter 3 and Chapter 4 of this thesis, the variables I included
was limited by the availability of global long-term data. Thus, I only included two
variables to represent the social aspects of the system, namely population density

and percentage of agricultural land. If I narrow down to a small system that has



106 7.2. Future work

been widely studied, I can have better representations of the social aspects because

of the data accumulated from past studies focusing on the region.

For the second part, the two chapters may seem somewhat unrelated at first, be-
cause the two models used in the two chapters are different models, although both
are simple mechanism models used to describe ecosystem regime shift. As men-
tioned before, Chapter 5 is a rather naive analysis, which is designed to provide a
theoretical starting point for applying such models to real world systems. If I can
find a real world system where I can apply the model described in Chapter 5, I can
then combine it with the approach described in Chapter 6 in order to investigate
the regime shifts and irreversible degradation of forests ecosystems to grasslands

and savannas.

To further the work I did in the second part of this thesis, I can start by applying
the model analyzed in Chapter 5 to a real world forest ecosystem through model
parameterization with observational data. This should be practical because degra-
dation of forests to savannas and grasslands driven by climate change and human
intervention have been widely observed in forest ecosystems. One of the most well-
known example is the Amazon forest [169]. Significant degradation in Amazon
forests to savannas can lead to loss of biodiversity and carbon storage, thus has
drawn wide attention [160, 169]. And the most recognized drivers for Amazon
forests degradation has been drier climates caused by climate change and anthro-
pogenic intervention through deforestation [160, 161]. Therefore, the model in
Chapter 5 precisely captured the underlying mechanism of the degradation process
in Amazon forests and similar tropical forest ecosystems. With the advancement
in satellite observation, long-term vegetation data and other relevant data, for in-
stance climate conditions and agricultural activities, are becoming more and more
accessible, making this following analysis through model parameterization more
feasible. Given that I successfully applied the model in Chapter 5 to a real world
case study, application of the approach in Chapter 6 to measure the risk of irre-
versible degradation of the forest ecosystem is relatively straightforward. The only
preliminary requirement for measuring this risk is to have a reliable model and the

required data to fit the model.

The application of Chapter 5 and Chapter 6 are not limited to the forest ecosystems
described in Chapter 5. There are observations in other types of forested ecosys-

tems where bistability and hysteresis are observed, thus degradation can have vital
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consequences. For instance, the bistability between peatlands and forests observed
in boreal Europe have drawn great attention recently [233]. Similarly, the shift in
ecosystem status from peatlands to degraded forests are characterized by abrupt
changes in ecosystem status that are difficult to reverse or even irreversible [233].
Although the model described in Chapter 5 is not designed for regime shifts in such
ecosystems because the mechanism governing the shift are different, it is promising

to develop suitable models from the same line of thinking.

In conclusion, I do see further application of the model and probabilistic approach
I described in Chapter 5 and Chapter 6 of this thesis. In the future, given the time
for collecting data and test out the model, I am confident that I can have a more
solid case study to test the model, and also have a better understanding of the

regime shifts in forests ecosystems and their risk of irreversible degradation.
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Data and Methods

Potential Drivers for fire emissions

All meteorological variables and vegetation indices were accessed through Google
Earth Engine [234] with the help of the Python package geedataextract [235].
Source data for climatic variables including aet, def, pdsi, pet, pr, ro, soil, srad,
swe, tmmn, tmmaz, vap, vpd, and vs were obtained from TERRACLIMATE [236].
Vegetation indices FVI and NDVI were obtained from NASA’s MOD13Q1.006
Terra Vegetation Indices 16-Day Global 250m product [232].

Population data was downloaded from WorldPop. The data estimated population
density at the spatial resolution of 1 km on annual basis. It is available from 2000
to 2020.

The land cover data is provided by Copernicus Global Land Service. The data clas-
sified the land surface into 22 classes at a spatial resolution of 300m, and is available
from 1992 to present with one year delay. The original 22 land cover classes was
defined by the United Nations Food and Agriculture Organization’s Land Cover
Classification System. We reduced the 22 land use classes to 2 categories, agri-
cultural and non-agricultural, and calculated the percentage of agricultural land.
Because agricultural expansion is a typical and driver for fires [104, 111]. We per-

formed this reduction of land use classes according to the User Guide provided by
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TABLE A.1: Transformation from land cover types to percentage of agricultural
land.

Original LCCS land cover classes IPCC classes Percentage of
agricultural
land

10, 11, 12 for Rainfed cropland Agriculture 1

20 for Irrigated cropland Agriculture 1

30 for Mosaic cropland (>50%) / natural Agriculture 0.75

vegetation (tree, shrub, herbaceous cover)

(<50%)

40 for Mosaic natural vegetation (tree, Agriculture 0.25

shrub, herbaceous cover) (>50%) / cropland

(<50%)

Rest Non-agriculture 0

this database, where the 22 categories were mapped to 6 IPCC land use categories
that explicitly contains agricultural land. Six of the original 22 classes belong to
agricultural land, and the rest to the other non-agricultural categories. Among
the 6 classes belonging to agricultural land, rainfed cropland and irrigated crop-
land were fully used for agriculture, and their percentages of agricultural land were
counted as 1; for the mosaic croplands, the one with > 50% cropland was counted
as 0.75 and the one with < 50% 0.25. The rest classes unrelated to agriculture
were counted as 0 (Supplementary Table S.1).

Causal model

Fire activities are recognized as nonlinear and complex [27, 52, 130]. Therefore,
multispatial CCM suits the purpose of identifying causality for complex systems.
Before applying multispatial CCM, we first make sure the nonlinear signal of the
response variable, in our case fire emission, is not dominated by noise by testing
its auto-predictability because applying CCM to systems dominated by noise is
inappropriate [7]. We first verified that the system was not dominated by noise
with the function that has been incorporated into the R package implementing
multispatial CCM.
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Data and Methods

Defining subregions for applying causal model

Subregions were defined by combinations of geographical regions and biomes. For
geographical regions, we used the basis regions defined in GFED [152, 162] and
merged some of the original basis regions to reduce the number from 14 to 9 (see
Supplementary Figure S3). We followed [111] for definitions of 8 biomes based
on the original definitions by [133] (see Supplementary Figure S4). We merged
some of the regions for simplicity although we still had 43 subregions after the
merges. Additionally, keeping all 14 basis regions will lead to many small subregions
that only contain a few pixels that showed significant fire emission trends. Such
subregions are not able to produce a valid result of the causal model because of the
small sample size thus undermine the spatial coverage of our results. For example,
originally South America were divided into two parts by the equator, this will also
divide the subregion tropical wet forest in South America into two parts, above and
below the equator. The part above the equator will be too small to be analyzed
by the causal model. It will be reasonable and more efficient to merge the two
parts and only retain South America as a whole in our analysis. The merges that
produced North America, Africa, and Central Asia followed the same reasoning

(Supplementary Figures S3 and S4).
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TABLE B.1: Aggregation of biomes from the original 14 biomes to the 8 biomes.

Original biomes Aggregated biomes

Boreal forests / Taiga Boreal forests

Mangroves Mangroves

Mediterranean Forests, woodlands and Mediterranean forests, woodlands and
shrubs shrubs

Montane grasslands and shrublands Shrublands

Tundra Shrublands

Deserts and xeric shrublands Shrublands

Temperate broadleaf and mixed forests Temperate forests and woodlands
Temperate Coniferous Forest Temperate forests and woodlands

Temperate grasslands, savannas and Temperate forests and woodlands
shrublands

Tropical and subtropical dry broadleaf Tropical dry forests

forests

Tropical and subtropical grasslands, sa- Tropical savannas and grasslands
vannas and shrublands

Flooded grasslands and savannas Tropical savannas and grasslands
Tropical and  subtropical  moist Tropical wet forests

broadleaf forests
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FIGURE B.1: Histograms for fire frequencies under different spatial resolutions
(0.25° x 0.25°, 0.5° x 0.5°, 1° x 1° and 2° x 2°, in a top-down order). Original
resolution of the dataset is 0.25° x 0.25°. We aggregated it to the rest three
coarser resolutions. Frequency was calculated by the number of years with non-
zero annual emissions. Counts of pixels with 0 frequency were not displayed as
they were not included in the subsequent modelling analysis either.
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FIGURE B.2: Distributions of fire emission trends (estimated regression slope)
quantified by different robust regression techniques. Huber regression is the
one we presented in the manuscript. Here we compared it with the other two
commonly-used robust regression techniques: median regression and Theil-Sen
regression. Only significant pixels were included in the figure, and their distri-
butions mostly overlapped.
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FIGURE B.3: Maps for global geographical regions (a) originally defined in
GFED dataset and (b) after merging.
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FiGURE B.5: Number of pixels that showed significant fire emission trends
for subregions defined by region and biome. Bars above 0 represented number
of pixels with increasing trend, and bars below 0 that with decreasing trend.
Regions were arranged in a decreasing order in terms of their total fire emissions
from 2001 to 2019.
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FiGure B.7: Fire emission trends estimated for 8 biomes at the global scale
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sion trends (p < 0.05 for regression slope) and non-significant trends were not
displayed. The solid straight lines were slightly curved due to the log scale for
y-axis fire emissions.
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FIGURE B.8: Drivers selected by causal model and GBDT model performances
for subregions defined by region and biome. For each subregion, the selected
drivers were denoted by triangles or squares. Drivers were divided into 6 cat-
egories and denoted by colors. Subregions were arranged in a decreasing order
in terms of their fire emissions from top to bottom. Orientation of the triangles
showed the overall direction of the driver impact on fire emissions, upward tri-
angles meaning increasing in drivers has positive impact on fire emissions and
downward negative. For subregions with negative GBDT model performance,
impact of their drivers were not measured and drivers were denoted by squares.
Model performances were measured by variance explained by the model. Points
and error bars showed the mean and standard deviation of the performance
scores evaluated by the 5-fold nested cross-validation.
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F1GURE B.9: Driver importance for subregions. Drivers are sorted by their im-
portance (impact on fire emissions) from top to bottom in a decreasing order.
For each driver, the horizontal beeswarm plot displayed the estimated contri-
bution to fire emission under different driver values, which is equivalent to the
figures for each driver in Figure 4 in the main text but squeezed to save space.
Colors indicated the lower or higher values of the driver. Negative values of
estimated impact indicated negative impact on fire emissions, and vice versa.
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FIGURE B.9: Driver importance for subregions. Drivers are sorted by their im-
portance (impact on fire emissions) from top to bottom in a decreasing order.
For each driver, the horizontal beeswarm plot displayed the estimated contri-
bution to fire emission under different driver values, which is equivalent to the
figures for each driver in Figure 4 in the main text but squeezed to save space.
Colors indicated the lower or higher values of the driver. Negative values of
estimated impact indicated negative impact on fire emissions, and vice versa.



Appendix B. Supporting material for Chapter 4

g

o

vpd ) sy o 2

g

soil o §

pdsi g« . g
Low

-4 -2 4 2
Impact on fire emissions

(s) Tropical savannas and
grasslands, Central Asia

lngh

population | R R R R »elige k3
srad R ot | 2

NDVI ) | -orvete- - g
agriculture =) -} I &

Low

=75 =50 =25 0.0 25 5.0 75
Impact on fire emissions

(v) Tropical savannas and
grasslands, Middle East

] High

soil { " e 3
agriculture -l i e
population o -k - ¢ g
tmmn L0 ko | 5

Low

-06 -04 -02 00 02 0.4 0.6
Impact on fire emissions

(Y) Mangroves, South Amer-

1Ca

High
soil ' {
vap ! 1
srad L} ]
population ] o
tmmn "

vpd
agriculture [BR]
EVI
tmmx
def

|
|
|
aet |
%
0

Driver value

vs
NDVI
pet

1Y
z

a4 3 2 4
Impact on fire emissions

1

(T) Mediterranean forests,
woodlands and shrubs, Mid-
dle East

.nghw

$

EVI R i TRt
NDVI poprdandse oo

-75 -5.0 -25 0.0 25 5.0 75
Impact on fire emissions

Driver valt

[
§

(w) Shrublands, Middle East

High
population 1 ] '
pet | ]
agriculture ] ]
NDVI 1)

soil L]
|
|

Driver value

pr
EVI

Il.cw

-4 -3 -2 -1 0 1 2
Impact on fire emissions

(z) Mangroves, North Amer-

1Ca

High
EVI R R '
tmmn e R 3
population T P ]
swe .. Lot g
soil e P g
vap . .
Low

15 10 -05 00 05 10 15 20
Impact on fire emissions

(u) Temperate forests and
woodlands, Middle East

High

population L R '
vap 4 oottt an e 0 o
pet R | 2
tmmx i 4
5
pr o £
aet [ e

vpd [ I

Low.
-2 =1 o 1 2

Impact on fire emissions

(X) Mangroves, Central Asia

FI1GURE B.9: Driver importance for subregions. Drivers are sorted by their im-
portance (impact on fire emissions) from top to bottom in a decreasing order.
For each driver, the horizontal beeswarm plot displayed the estimated contri-
bution to fire emission under different driver values, which is equivalent to the
figures for each driver in Figure 4 in the main text but squeezed to save space.
Colors indicated the lower or higher values of the driver. Negative values of
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FIGURE B.10: The cluster of pixels that showed significant increasing fire emis-
sions in Asian boreal forests fall within the ecoregion East Siberian Taiga. The
nearest city from this cluster is Yakutsk, Russia. A number of rivers and roads
pass the pixel clusters, which could be the reason that agricultural activities was
identified as a fire emission driver for this cluster.
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FIGURE C.1: Recruitment rate (w) from savannas to trees controlled by grass
occupation rate. Levels of climate change are represented by s; values. Other
parameter values of the response function w were set at the default. Lower
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Lake Erhai China
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FIGURE D.1: Division of the lake based on the monitoring site. The lake was
divided into 4 subunits based on proximity polygons. Number of subunits was
decided by the availability of water quality data and the corresponding moni-
toring site. The nearest point will be categorized into the same subunit as the
monitoring site. External load was based on different inflows, and then assigned
to each subunit based on their location.
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FiGure D.2: Comparison between simulation and observation of TP at the
whole lake level. Points represented the observations, red line represented the
mean of estimation, and the gray area represented the 95% confidence interval.
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FIGURE D.4: Comparison of recover rate given by RID (stationary, 1-RID)
and under dynamic simulation under 100% external load reduction. Recovery
rate under dynamic simulation are slightly higher than indicated by RID for
subunits with high RI D, namely subunits 2 and 3. While that for subunits with
low RID are lower.
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