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Abstract

The Amazon is the world’s largest and most biodiverse rainforest, giving home
to 10% of all known species and containing around 25% of the global plant
diversity. Its enormous capabilities of recycling carbon dioxide have earned it
the nickname “Lung of the Earth”, making it a crucial part of the global climate
system. While the Amazon rainforest has been constituting a stable ecosystem
for the last 55 million years, climate change and ongoing deforestation are now
threatening its sustenance. It is even thought that the Amazon rainforest is a
climatological tipping element that might change its state drastically once certain
environmental factors such as temperature and precipitation cross specific tipping
thresholds. This thesis investigates the impact of changes in frequency and
amount of precipitation in the Amazon rainforest and analyzes its development
under the changing conditions due to global warming.

In this context, complex network theory is utilized to investigate the South
American monsoon system. The precipitation correlation structure reveals hid-
den features of the system, such as the transition from a disordered to an ordered
monsoon system. Further developing existing network methods towards multi-
layer network tools allows for the investigation of the root causes for droughts in
the central Amazon basin. By using a bivariate network between monthly pre-
cipitation in the central Amazon and Atlantic sea surface temperatures, distinct
oceanic regions are identified to have a strong influence on central Amazonian
precipitation. The formation of a climatological dipole between the northern and
southern tropical Atlantic sea surface temperatures is found to precede droughts.
As a result, this study is the first to give an early warning for droughts in the
Amazon. To investigate the influence of rainfall variability on vegetation, a
potential landscape is constructed from precipitation and Amazonian tree cover
data. The resilience of the forest is found to directly depend on the local rainfall
variability in the long-term past, thereby reflecting a vegetational training effect
under specific environmental conditions. Considering climate change projections,
this effect could be decisive for the future survival of the present rainforest
vegetation state. In order to cover long-term influences of global warming, this
thesis additionally investigates the effects of a slowing down of the Atlantic
meridional overturning circulation and the direct influence of global warming
on the southern Amazon rainforest. It is revealed that these effects, although
caused by global warming, have competitive impacts on precipitation in the
Amazon basin, with a stabilizing effect of an Atlantic meridional overturning
circulation slowdown on the Amazon rainforest.

This dissertation provides newly developed, as well as adjusted methods to
enhance our understanding of the considered climatological and vegetational
systems. Together, they provide the basic tools for a further investigation
of these complex systems. Furthermore, the findings of this thesis enhance
the knowledge about the South American climate and ecosystems and their
development in the future.
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Zusammenfassung

Als größter und artenreichster Regenwald der Erde ist der Amazonas Le-
bensraum für 10% aller Tier- und 25% Pflanzenarten. Der Regenwald ist seit
55 Millionen Jahren ein stabiles Ökosystem und wird aufgrund der enormen
Mengen an Kohlenstoffdioxid, die dort in Sauerstoff umgewandelt werden, auch
“die Lunge der Erde” genannt. Doch gerade im Hinblick auf den Klimawandel
und fortschreitende Abholzung ist seine Zukunft ungewiss. Die weitverbreitete
Annahme, dass der Amazonas Regenwald ein klimatisches Kippelement ist, im-
pliziert, dass sich sein Zustand drastisch ändern könnte, sobald die klimatischen
Rahmenbedingungen eine bestimmte Schwelle überschreiten. Das Ziel dieser
Arbeit ist die systematische Untersuchung der Auswirkungen von Änderungen
in der Niederschlagshäufigkeit und -menge im Amazonas sowie eine Progno-
se der zukünftigen Entwicklung des Regenwaldes unter den sich ändernden
Bedingungen im Rahmen des Klimawandels.

Die in dieser Arbeit durchgeführten Untersuchungen der Niederschlagskorrela-
tionsmuster des südamerikanischen Monsuns basieren auf der Theorie komplexer
Netzwerke und offenbaren beispielsweise den Übergang von einem geordneten
zu einem ungeordneten System zu Beginn des Monsuns. Die Erweiterung der
verwendeten Methoden hin zu mehrschichtigen Netzwerken wird anschließend zur
Untersuchung der Ursache von Dürren im zentralen Amazonasgebiet verwendet.
Ein bivariates Netzwerk aus Niederschlagsdaten und atlantischen Meeresoberflä-
chentemperaturen zeigt, dass bestimmte Meeresregionen im tropischen Atlantik
den Niederschlag im zentralen Amazonas stark beeinflussen. Die Ergebnisse
dieser Arbeit zeigen, dass einer Dürre in der Regel die Entstehung eines klimati-
schen Dipols der Meeresoberflächentemperaturen zwischen den identifizierten
Ozeanregionen vorausgeht. Aufbauend auf diesen Ergebnissen wird in dieser
Arbeit erstmalig ein Frühwarnsystem für Dürren im Amazonas vorgestellt. Der
Untersuchung des Einflusses von Niederschlagsvariabilität auf die Vegetation
wird eine Potentiallandschaft aus Niederschlags- und Baumbedeckungsdaten
im Amazonas zugrunde gelegt. Die vorliegende Studie zeigt, dass eine direkte
Abhängigkeit zwischen der lokalen, langfristigen Niederschlagsvariabilität und
der Resilienz des Waldes besteht. Dies bedeutet, dass stärkere jährliche Nieder-
schlagsvariabilität zu einem Trainingseffekt der tropischen Vegetation führen
kann. Bedenkt man außerdem, dass es in Zukunft im zentralen Amazonas mehr
Dürren geben soll, kann es entscheidend sein, ob die Vegetation einer Region
zuvor Erfahrung mit starker Niederschlagsvariabilität gemacht hat und dement-
sprechend angepasst ist. Um nicht nur lokale, sondern auch globale Einflüsse zu
berücksichtigen, wird zum einen der Effekt einer sich verlangsamenden thermoha-
linen Zirkulation durch Klimaerwärmung und zum anderen der direkte Einfluss
der Klimaerwärmung auf den zentralen Amazonas Regenwald untersucht. Die
Studie zeigt, dass beide Ereignisse gegensätzliche und somit sich ausgleichende
Einflüsse auf die Vegetation im Amazonasgebiet haben. Der Regenwald könnte
somit stabil in Bezug auf den Klimawandel sein.

Die vorliegende Dissertation leistet auf der Basis von neu entwickelten Metho-
den einen wesentlichen Beitrag, um die Kenntnisse der betrachteten klimatischen
und ökologischen Systeme zu vertiefen. Darüber hinaus ermöglichen die Ergeb-
nisse dieser Arbeit ein tieferes Verständnis über das südamerikanische Klima-
und Ökosystem sowie seine zukünftige Entwicklung.
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Introduction

.. Motivation

The Amazon rainforest comprises more than half of all today’s existing rainforests.
It recycles vast amounts of carbon dioxide into oxygen. In addition, it holds about
100 billion tons of carbon which is equivalent to more than 10 years of global fossil
fuel emissions [Malhi et al., , Davidson et al., ]. The Amazon is home to
10% of all known species and hosts around 25% of the global biodiversity which
makes it the largest and most biodiverse region in the world. It is estimated to have
formed over 55 million years ago, which is even before the formation of the Andes
[Morley, ]. The Amazon rainforest as we know it today, is closely linked to
the Amazon river which runs through South America since about 10 million years
[Hoorn et al., ]. The Amazon basin is placed around the Amazon river at the
Equator in South America (Figure .a). It comprises a total area of 7 million km2,
of which 5.5 million km2 are covered with forest. The largest part of the rainforest is
on Brazilian ground (around 60%), followed by Peru (13%). As the name already
implies, the vegetation of the Amazon rainforest is mostly dependent on the mean
annual precipitation (MAP). However, the dry season length and the inter-annual
rainfall variability also play a major role in shaping the tropical forest [Holmgren
et al., ]. The core of the Amazon rainforest typically experiences almost no intra-
and inter-annual rainfall variability [Grimm, ]. Droughts can have devastating
consequences for the forest. They not only cause water stress and which can lead to
forest dieback, but also increase the risk of forest fires [Davidson et al., ]. The
number of droughts increased noticeable over the last centuries. In the last 20 years,
the Amazon rainforest struggled with two once-in-a-century droughts, in 2005 and
2010 and two more extreme droughts in 1998 and 2016 [Marengo and Espinoza, ].

Population growth in the Brazilian Amazon is putting further stress on the vegeta-
tion. The population in this region has increased rapidly from 6 million in 1960 to
25 million in 2010 and is still rising [Davidson et al., ]. Although humans have
been part of the Amazon rainforest for only some thousand years, their footprint is
not negligible anymore. Vast areas have been deforested, especially due to national
and international demands for cattle and livestock feed. The average deforestation
rate of the Brazilian rainforest in the years 1988 to 2004 was 18, 100 km2/year [Malhi
et al., ]. Humans are not only threatening the Amazon, but also via climate
change caused by burning fossil fuels. The enormous amounts of CO2 released by
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Figure ..: The South American topography and monsoon system. a The topography of South
America, indicating the position of the Amazon rainforest and the South American
Convergence Zone (SACZ). b Position of the Intertropical Convergence Zone (ITCZ)
during austral winter (July, in green) and austral summer (January, in red). The
white arrows illustrate the path of the South American Low-Level Jet (SALLJ).

human activities have led to global warming of roughly 1◦C compared to pre-industrial
temperature levels. This likely leads to a decrease in MAP in the southern Amazon,
along with an increase the surface air temperature, and changes the South American
Monsoon System (SAMS) [Vedovato et al., ]. For these reasons, the Amazon
rainforest has been identified as a potential global climate tipping element [Lenton
et al., ]. This means that if the MAP decreases below a critical threshold,
the rainforest could encounter a dramatic dieback and turn into savanna [Kriegler
et al., ]. Investigating and understanding the South American climate, especially
ongoing and future changes in the precipitation, is one of the key requirements to be
able to quantify the development of the Amazon rainforest under climate change.

In the following, two key issues with respect to the future evolution of the Amazon
rainforest will be introduced, the South American Monsoon System and the resilience
of tropical vegetation.

The South American Monsoon System

The most prominent feature of South American climate is the South American
Monsoon System (SAMS). It is one of the main sources of water to most of the
continent. The SAMS consists of a complex interplay of different climate subsystems,
feedbacks, and teleconnections [Zhou and Lau, ].

The climate in South America exhibits pronounced seasonality, except in regions
close to the equator. South of the equator, the peak of the dry season takes place
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from around June to August (JJA), while the main months of the rainy season are
December, January, and February (DJF). The rainy season constitutes the core season
of the SAMS. However, unlike other monsoon systems such as the Indian monsoon,
the SAMS does not show large variability in seasonal mean wind directions, but has
dominating easterly winds all year long [Zhou and Lau, ]. For this reason, it was
not until recently that it has been defined as a monsoon [Carvalho and Jones, ].

The trade winds provide moisture inflow from the Atlantic ocean towards tropical
South America throughout the year. The SAMS is characterized by an amplification
of these trade winds close to the Intertropical Convergence Zone (ITCZ) (Figure .b
illustrates the position of the ITCZ). During this time, the ITCZ is shifted southward,
due to a complex interplay between the differences in heating of the land and the
ocean. This leads to the distinctive dry and rainy season in some parts of South
America [Vera et al., ]. The trade winds transport moisture westward, from the
Atlantic ocean to the Amazon basin and further toward the Andes which are blocking
the winds and channeling them southward (Figure .). These low-level winds lead to
the formation of the South American Low-Level Jet (SALLJ) [Marengo et al., ].
The SALLJ transports moisture from the Amazon forest to the La Plata basin and is
thus one of the major contributors to rainfall in central South America [Zemp et al.,
].

The most distinctive synoptic-scale feature of the SAMS is the South Atlantic
Convergence Zone (SACZ), a convective band extending from the western Amazon
region to south-eastern Brazil (as illustrated in Figure .a). The SACZ is the result of
moisture transport from the Amazon to the subtropical Atlantic ocean, together with
converging low-level winds originating from the subtropical Atlantic ocean [Liebmann
and Marengo, , Carvalho and Jones, ]. The first formation of the SACZ
in each season is caused by an abrupt change of the characteristics of the frontal
systems crossing South America, and is defined as the first sudden establishment of
a stationary cold front along the south-eastern coast of Brazil [Nieto-Ferreira et al.,
]. This phenomenon usually occurs between October and November. The first
establishment of the SACZ during a season is one definition of the onset of the South
American monsoon [Nieto-Ferreira et al., , Marengo et al., ]. However, global
warming interferes in the monsoon circulation in South America and has the potential
to alter the characteristics of the SAMS [Carvalho and Jones, ].

Possible causes of droughts and floods

While the general moisture inflow and transport into the Amazon on seasonal scales is
regular to a certain extent, the inter-annual rainfall variability can vary substantially,
causing droughts and floods. The major climate driver of the rainfall variability
in the Amazon is the El Niño Southern Oscillation (ENSO), which constitutes a
warming (El Niño) or cooling (La Niña) of the central Pacific. The ENSO is able to
modify the atmospheric hydrological cycle to a great extent, particularly in the tropics
[Rasmusson and Wallace, , Holmgren et al., ]. El Niño events, i.e. anomalous
warm water in the tropical Pacific Ocean, are generally linked to a reduction in rainfall.





Chapter . Introduction

On the other hand, the connection of La Niña events to rainfall in the Amazon is not
so clear. Generally La Niña events can lead to floods in South America, since the
anomalous cold water in the tropical Pacific ocean can be linked to an increase in
rainfall [Kousky et al., ]. This effect is particularly strong in the north-eastern
Amazon basin and weakens in southern and western direction [Espinoza Villar et al.,
].

In addition to the ENSO, a second driver of rainfall variability are the sea surface
temperature (SST) anomalies in the Atlantic ocean [Fu et al., ]. SST anomalies
can lead to a shift of the ITCZ and thus a change in moisture inflow into South
America. In particular, SST anomalies in the northern and southern tropical Atlantic
have been associated with such a displacement [Ronchail et al., ]. An abnormally
warm northern tropical Atlantic ocean (NTAO) leads to a northward migration of the
ITCZ and thus to less precipitation in the Amazon, while an abnormally cold NTAO
shifts the ITCZ southward and hence increases precipitation in the Amazon [Yoon
and Zeng, , Yoon, ]. Both phenomena, i.e. ENSO and SST anomalies in
the Atlantic, can disturb the precipitation distribution in South America and cause
extreme events [Marengo and Espinoza, ].

Stability of the Amazon rainforest

The Amazon rainforest is suggested to be one of the tipping elements in the climate
system [Lenton et al., ]. Generally, a tipping element is a considerably large
subsystem which is able to switch from its current state into a qualitatively different
state under climate change. Due to a hysteresis which is exhibited by most of the
tipping elements, a return to the initial state is highly unlikely [Scheffer et al., ].
The critical threshold between two states is termed tipping point. If the system is close
to such a tipping point, a small perturbation is sufficient to switch its state [Lenton
et al., ]. In case of the Amazon rainforest, the question arises if the forest is able
to tip due to climate change and thus, once a critical threshold is crossed, undergoes
a complete dieback turning into a savanna. It has been suggested that this scenario
has not happened before [Hoorn et al., ]. However, some studies show that the
present hyperarid Sahara desert in Africa has once been a “green Sahara” [Kröpelin
et al., ], so a similarly strong change might also be possible in the Amazon region.
As the Amazon rainforest is most sensitive to mean annual precipitation (MAP), this
is probably the most decisive parameter for the vegetation in terms of its tipping
potential [Kriegler et al., ]. Some global climate models project a reduction in
MAP in parts of the Amazon rainforest [Malhi et al., ]. If the MAP reduction is
large enough, this might push the Amazon rainforest system beyond its tipping point
and lead to a dieback of the forest [Malhi et al., , Rammig et al., ].

Up until now, all assessments of proposed tipping elements, such as the melting
of the Greenland Ice Sheet, a slowing down of the Atlantic meridional overturning
circulation (AMOC), or the dieback of the Amazon rainforest, are mostly considered
individually [Kriegler et al., , Schellnhuber et al., ]. However, in reality the
tipping of an important climate subsystem will have an impact on the entire planet.
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This means that the tipping of one climate subsystem might have a stabilizing or
destabilizing effect on other tipping elements [Kriegler et al., ]. In case of the
Amazon rainforest, other influencing tipping elements are for example the El Niño
Southern Oscillation or the Atlantic meridional overturning circulation due to their
influence on precipitation in the Amazon basin [Marengo and Espinoza, ]. A
tipping of the rainforest itself would accelerate global warming due to the additional
amounts of CO2 released to the atmosphere [Cox et al., ].

One way to estimate the stability of the state of a dynamical system, such as a
tipping element, is to measure or approximate its resilience. The resilience quantifies
the ability to resist to or to recover from perturbations. If the resilience is high, a
tipping of the system into an alternative state is unlikely, whereas a system with low
resilience has a high probability of changing state as a result of small perturbations
[Holling, , Scheffer et al., ]. In case of the Amazon rainforest, resilience can
be measured locally for individual trees [Cavers and Cottrell, ] or globally for
the entire ecosystem [Sakschewski et al., , Verbesselt et al., ].

.. Arrangement of the thesis

In this interdisciplinary dissertation, methods from complex system analysis are used
and developed to investigate the influence of different external factors on the Amazon
rainforest. The thesis is divided into two parts with two chapters each. The first part
deals with the investigation of rainfall teleconnectivity in South America, whereas
the second part focuses on the influence of rainfall on vegetation in South America.

After this introductory chapter, Chapter  will give an overview of the theoretical
foundation of this thesis. First, complex networks will be introduced and different
network measures discussed for the later use in Chapters  and . Chapter  will
further give a brief introduction on to how to construct potential landscapes reflecting
the dynamics of a system and the concept of resilience as used in Chapters  and .

Chapter  focuses on the investigation of the daily precipitation patterns in South
America. The spatiotemporal correlation structure and in particular teleconnections
of daily precipitation will be studied by means of evolving complex networks. Special
attention will be paid to the main features of the SAMS, such as the specific char-
acteristics of the rainy and dry season and the establishment of the SACZ. We will
introduce a modification of Pearson’s correlation coefficient to handle the intricate
statistical properties of daily precipitation data. On this basis, spatial correlation
networks will be constructed, and new appropriate network measures are introduced
in order to analyze the temporal evolution of the networks’ characteristics. We
will focus particularly on the identification of coherent areas of similar precipitation
patterns and previously unknown teleconnection structures between remote areas. It
will turn out that the monsoon onset is characterized by an abrupt transition from
erratic to organized regional connectivity that prevails during the monsoon season,
while only the onset times themselves exhibit anomalous large-scale organization of
teleconnections. Furthermore, it will be revealed that the two mega-droughts in the
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Amazon basin were already announced in the previous year by an anomalous behavior
of the connectivity structure.

To further investigate the occurrence of droughts in the Amazon and in particular
their origins, Chapter  discusses the influence of SSTs in the Atlantic ocean on
those droughts. Extremely dry conditions in the Amazon basin have been linked
to SST anomalies in the tropical Atlantic ocean. We will extend the single-layer
rainfall network to a bivariate multi-layer network to investigate the relationship
between observed SST and continental rainfall anomalies. On this basis, we will
first identify the regions in the Atlantic ocean that exhibit the strongest overall
correlations between their SST anomalies and precipitation in the central Amazon
basin. We will then investigate the correlation structure of those regions that exhibit
particularly strong relationships with the central Amazon basin as one example region.
It is known that Atlantic SSTs are able to trigger a shift in the ITCZ and thus,
reduce precipitation in the Amazon [Yoon and Zeng, ]. Based on the correlation
structure of SST anomalies of the identified regions in the Atlantic, we will propose
an early-warning indicator for droughts in the central Amazon.

Since droughts are projected to become more frequent in the Amazon [Malhi et al.,
], Chapter  turns towards the rainforest itself and addresses the question if
vegetation is able to adapt to changes in frequency and amount of rainfall in the long
run. The two dominant vegetation states in South America are rainforest and tropical
savanna. Regions with a high amount of MAP consist almost entirely of rainforest,
whereas areas with low MAP are overgrown with savanna vegetation. However, both
states can exist in the same intermediate MAP range, and thus abrupt shifts between
these states may occur. In this context, the resilience of the vegetation becomes
crucial, which is here defined as the ability of ecosystems to resist to or to recover from
external disturbances. In Chapter , we will utilize the resilience concept, defined as
the volume of the basin of attraction for the forest and savanna states, respectively,
to measure the likelihood of returning to the initial vegetation state after a significant
perturbation. The investigation will show that regions that have experienced higher
fluctuations in rainfall during their past are overall more stable than regions that
have been subject to lower rainfall variability.

In order to give an outlook on the long-term impacts on the Amazon rainforest,
we investigate in Chapter  possible future consequences of global warming for the
forest. In a conceptional model, the influence of a weakening of the AMOC due to
enhanced melting of the Greenland ice sheet and climate change on the rainforest
will be studied. For this, we will use model output to investigate the impact of a
tipping of the AMOC on SSTs in the tropical Atlantic ocean. The same relationship
between SSTs and the ITCZ as already examined in Chapter  will be used. The
analysis based on climate data shows that changes in SSTs due to a tipping of the
AMOC will probably increase MAP in the Amazon rainforest. However, ongoing
global warming is likely to reduce MAP in the same area. We will provide an analysis
of these competing effects and discuss what this could mean for the future of the
tropical forest.

The final Chapter  sums up the main findings of this thesis and illustrates their
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importance for future discussions of the fate of the Amazon rainforest. Additionally,
it suggests further applications of the introduced methods and gives an outlook on
possible future studies.







Chapter .

Theoretical background

This chapter presents the theoretical background of this work. It is based on three
different ways to look at the climate systems: complex networks, dynamical theory
and the concept of resilience.

The first section presents an introduction to the complex network theory. In this
work we focus on correlation networks. Thus, different correlation measures are
introduced and compared. This is followed by an introduction to the generally known
terminology of complex networks. With the help of a common language, we discuss
different types of networks. Afterwards, we go from static networks to a sliding
window approach to be able to analyze changes of the network over time.

In the second part of this chapter, we discuss a more dynamical approach to analyze
data. We start from the simple Langevin equation which describes Brownian motion
to derive a Fokker-Planck equation for a later estimation of the potential landscape.
Afterwards the term resilience is discussed. In this context, different stability measures
will be introduced which can be assessed from the potential landscape.

.. Complex network theory

Networks can be found in every part of our life, both naturally and artificially. Some
are physical as the network of public transportation or giant networks of some fungi
species others are immaterial such as social networks or radar networks. While some
networks are static and hardly change over time such as public transportation network,
others are highly dynamic and are able to reshape quickly like social networks. One
of the best visible networks is the internet which gives the possibility to exchange
large amounts of information within an enormous system of interconnected users.
Furthermore, it constituted one of the first opportunities to investigate the topology
and information exchange within a large-scale network. This has been one of the main
inspirations for the study of complex networks that emerged as a large research field
since the end of the 20th century [Newman, ]. Since then the theory of complex
networks has shown to be applicable to many fields of research, for example neurology
[Stam and Reijneveld, ], economics [Schweitzer et al., ], and climate research
[Tsonis et al., ].

In this study, it is focused on networks based on correlations between time series.
This section first gives an introduction to the most common similarity measures.
After having defined the general terminology, different kinds of static networks are
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Figure ..: Different network types. (a) A simple network without direction and weights of the
links. (b) A weighted network where the edges are connected by weighted links. (c)
A directed network, where the edges are only connected in specific directions.

presented. In the final subsection we focus on the sliding window approach with which
we are able to compare global network measures over time. As this is an introduction
to the theory of complex networks, this section partly follows Newman [].

... Network definition

A network represents relations between elements of a system. Each data set represents
a vertex Vi, also called node. Their entity is identified by the set V = {V1, V2, ..., VN }.
The connections between vertices are referred to as network edges Ei or links and can
be identified by their set E = {E1, E2, , ..., EM }. Each element of E connects two
elements of V and can thus be written as Em = {Vi, Vj}. The network itself can then
be denoted as the ordered pair G = {V, E}. Figure .a illustrates a simple network.

The topology of a network is best represented by its adjacency matrix A. In an
non-directed, unweighted network its entries are defined as 1 if vertices i and j are
connected, otherwise Aij = 0:

Aij =
{

0 {Vi, Vj} /∈ E

1 {Vi, Vj} ∈ E
(.)

with E being the entity of edges. Given a non-directed network, the adjacency matrix
is symmetric, since {Vi, Vj} = {Vj , Vi}. In most cases, nodes are not allowed to
connect to itself and hence, the main diagonal of A is 0.

Besides this binary structure, it is also possible to assign non-binary numbers to
links, commonly called weights. These can then for example represent the strength
of connections. Networks with non-binary adjacency matrices are called weighted
network (Figure .b). This type of network is used for example if geographical
distances have to be taken into account [Wiedermann et al., ]. In some occasions
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Figure ..: Calculating spatial correlations. The map shows the mean monthly precipitation for
South America. The grids stand exemplary for the gridded data with a resolution of
2◦ × 2◦. For two grid cells the time series of their first 100 months are shown. To
estimate the correlation of the two regions, a suitable correlation coefficient is used.

it might be that two nodes are just connected in one direction. This type of network
is called a directed network and used for example for transport networks (Figure .c).

Sometimes we are dealing with different systems that are interacting with each
other. For these, interacting networks can be used as a tool of analysis such as different
public transport systems, i.e. train and bus systems. These kind of networks are
called interacting networks. An interacting network consists of disjoint sets Vi, so that
∪iVi = V and Vi ∩ Vj = ∅, ∀i ̸= j. The number of vertices in each subnetwork Vi is
Ni = |Vi| and the edges within Vi are Eii. Edges which connect different subnetworks
are Eij . The interactions between the subnetworks Gi = {Vi, Eii} are defined by the
set of edges Eij with i ̸= j.

All above described networks are static and thus only fixed relationships can be
analyzed. To examine the temporal evolution of a network, a sliding window approach
can be used [Radebach et al., ]. Therefore, the network is not constructed for
the entire data set, but for a subset of the data. Hence, the data set is divided into
overlapping subsets of the same length, each shifted by a specified period relative
to its preceding subsection. For each of the obtained subsets a separate network
is constructed. When comparing global network measures between the different
networks, their temporal evolution can be examined. Note that the choice of window
and shifting length is important and has to be adapted to the variability of the data
set and the processes to be investigated.

In the course of this study, complex networks are used to analyze different climate
data sets and their correlations. The nodes are spatially embedded and represent
each a grid cell of the gridded data (as illustrated in Figure .). Every node contains
the information about its time series. The links represent significant correlations
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between the these time series.

... Similarity measures

To know the extent of similarity between two data series various correlation measures
have been established. The choice of the most suitable correlation measure depends
on the properties of the underlying data and the type of connection that is to be
investigated. We briefly introduce here the most common correlation measures.

The most prominent correlation coefficient is the Pearson’s correlation coefficient
ρP [Pearson, ], which measures the linear correlation between two data sets.
Like most similarity measures, its range is from −1, meaning that both series are
completely negatively correlated, to 1, which represents full positive correlation. The
value 0 indicates that there is no linear relation at all between the two data series.
For two data sets x and y with concurrent observation entries {xm, . . . , xM } and
{ym, . . . , yM }, respectively, ρP is defined as

ρP (x, y) =
∑

m(xm − x̄) (ym − ȳ)√∑
m(xm − x̄)2 ∑

m(ym − ȳ)2 , (.)

where x̄ and ȳ denote the mean values of x and y. While this is the most comprehen-
sible correlation measure, by design it cannot detect non-linearities.

In contrast, rank-based measures like Spearman rank correlation coefficient ρS ,
can identify a broader range of associations [Spearman, ]. ρS is a modification
of ρP . It is a non-parametric, rank-based measure which does not assume a linear
correlation between the two data sets and is less restrictive regarding the distribution
of the data. To calculate the ranks of data sets, they are first sorted by their
magnitude. Afterwards, ρP is calculated from the ranks of the two series. Formally,
ρP (Equation .) is modified to

ρS = 1 − 6
∑

∆R
2
i

n(n2 − 1) , (.)

with ∆Ri being the difference between the two ranks of the variables of the observation
i, and n the number of observations.

Another way to measure non-linear correlations yields Kendall rank correlation
coefficient ρK [Kendall, ]. It also considers the ranked variables instead of the
actual data sets. In contrast to ρS , ρK measures the similarity of the ordering of the
data sets when ranked by each of the quantities. It is defined by

ρK = C − D

C + D
, (.)

with C being the number of pairs of concordant ranks and D the number of discordant
pairs of ranks.

A different approach of measuring similarity, is to focus only on similarity among
the extreme observations in both data series, i.e. particular events. Using the event
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based approach event synchronization, some intrinsic characteristics of data sets can
be neglected [Quiroga et al., , Boers et al., b]. The idea is to simplify the data
series to a binary structure, where 0 means no event and 1 that an event took place.
Event synchronization counts the fraction of events that occurred simultaneously in
both data sets.

... Correlation thresholds

In the case of a correlation network, it is a crucial task to define a reasonable
threshold which separates significant and insignificant correlation values and therefore
establishes the edges of a network. Typically the correlation coefficients of a data
set are Gaussian distributed around their mean. Note that the correlation threshold
can either be chosen to be positive, thus only positive correlations are considered, or
negative and therefore only negative correlations are taken into account. If only the
strength of the correlation independent of the sign plays a role, the absolute values of
correlations are considered. If the threshold value is chosen to be very high, only few
edges remain. This could lead to a network which does not comprise the effects which
were supposed to be studied. On the contrary, if the threshold value is very close
to the mean of the distribution, the network has many edges and beside significant
correlation between the vertices, spurious links appear and thus important effects can
remain unseen. Therefore, it is important that the correlation threshold is a good
tradeoff between a statistical significance correlation threshold, avoiding spurious
links, and a threshold which does not wash out the effect to be studied. Therefore,
the threshold highly depends on the data and effects which are to be analyzed. The
selection of the threshold is a non-trivial task which mainly determines the network
topology.

To define the correlation threshold, mainly two different approaches are used.
Firstly, the number of links is set to a fixed number and the threshold is then chosen
in order to obtain this link density. It is of importance that the fixed number of links
is reasonable or tested to be robust. Secondly, the threshold value itself is fixed. The
significance threshold can be determined by the following sequence: 1. construct
surrogates from each of the data series of all nodes by randomly shuffling their entries,
2. compute the correlation coefficient for all possible pairs of surrogates, and 3.
for the significance threshold compare different p-values of the resulting null-model
distribution. The network topology is not supposed to change significantly around
the justified correlation threshold. This method is computational expensive. Thus, if
it is not possible to calculate all correlation coefficients from all pair of surrogates, it
can be justified to randomly sample a reasonable amount of the nodes, depending on
the data set itself.

... Network measures

After the construction of the network, its structure can be analyzed. This can be
done by applying network measures, which are functions that give scalars either for
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the whole network (global measures) or for each node separately (local measures).
These functions are designed to make different topological features of the network
measurable. In the following we focus on the most common network measures suitable
for correlation networks.

Local network measures

Since in this thesis most results refer to climate variables, Figure . shows exemplary
the spatial distribution of different local network measures derived from an air
temperature correlation network. This network will be used to visualize the differences
in the local networks measures.

The average connectivity of each node i in terms of the similarity of the corre-
sponding time series to all other time series can be measured by its number of links.
This is captured by the degree:

DGi = 1
N

N∑
j=1

Aij , (.)

DGi is the simplest measure of centrality in networks, and especially emphasizes
regions which behave similar to many other locations (Figure .a).

Another important information is if specific nodes show a particular high clustering.
A cluster in this sense means that three nodes are connected among each other. A
node which forms many clusters with other nodes has hence a high clustering. The
local clustering coefficient ci of node i gives the average probability that two neighbors
of node i are also neighbors of each other

ci = 2ei

DGi(DGi − 1) , (.)

where ei is the number of edges between all neighbors of node i. It thus shows if
a node is well embedded in the network. The clustering coefficient of the example
network can be seen in Figure .b.

To measure the importance of a node i as a mediator, betweenness centrality bci

can be used. If two nodes in a graph are connected via other nodes, a shortest path
exists which gives the minimum number of links necessary to connect the two nodes
in question. The betweenness measures how many of these shortest paths are passing
through a node i.

bci =
N∑

n,m ̸=i

σnm(i)
σnm

, (.)

with σnm being the number of shortest paths between vertices n and m. σnm(i) is
the number of these shortest paths passing through node i. Figure .c shows the
spatial distribution of the betweenness.
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To quantify the topological distance between two nodes within a network, the
closeness centrality cci can be used. If the shortest path between two nodes i and j
has a minumim number of edges dij , cci is defined as

cci = N − 1∑N
j=1 dij

, dij ̸= 0 . (.)

In case the nodes are not connected within the network, dij has the maximum
topological distance. Figure .d shows the spatial distribution of the closeness
centrality of the example graph. Note that nodes with a high shortest path length
have also a high closeness, whereas a long shortest path leads to a low closeness value.

Most network measures can be extended to analyze the structure of interacting
networks. To identify the strength of cross correlations between a specific grid cell
and the other sub-network, the local cross degree can be used [Donges et al., ]

klm
i =

∑
j∈Vm

Aij , i ∈ Vl , (.)

where Vl and Vm denote the node sets of the two respective sub-networks.

Global measures

In addition to the above, local network measures, the second part of this section deals
with global network measures which characterize the entire network. The following
measures give one scalar value for the entire network. Global network measures are
usually used to compare different networks.

The average path length exhibits the average number of nodes along the shortest
paths for all possible pairs of nodes. It can give an estimation of the efficiency of the
network to pass, for example information. Thus, usually a system with short shortest
path lengths is more powerful.

APL = 1
n(n − 1)

∑
i ̸=j

d(i, j) , (.)

where d(i, j) is the shortest distance between node i and j.
The global clustering coefficient C estimates the interconnectedness of the network

and is defined as the average of the clustering coefficient of each node

C = ⟨ci⟩ . (.)

In the same manner, the changes of the average degree ADG can be investigated
over time

ADG = ⟨DGi⟩ . (.)
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Figure ..: Different network measures. A surface air temperature data set is used to construct
the geographically embedded example network. For visualization different network
measures have been calculated: a Degree, b Clustering, c Betweenness, and d
Closeness.
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For the quantification the magnitude of connectivity between different sub-networks,
the average cross correlation can be employed

ACC = ⟨ρij⟩ , (.)

with i ∈ Vl and j ∈ Vm, where Vl and Vm denote the node sets of the two respective
sub-networks. Note that this measure takes the entire cross-correlation matrix between
the two fields into account, i.e., no correlation threshold is needed.

.. Dynamical system analysis

Generally, a dynamical system is a system which changes over time. Usually the
system - either a single particle or an ensemble of particles - can be described and
modeled by a time dependent function. However, natural systems often have a limit
of their predictability due to fluctuations. A description for such a system was first
given by Einstein, Smoluchowski and shortly after by Langevin, describing the famous
dust particle performing Brownian motion. The Langevin equation [Langevin, ]
yields until today the basis of many descriptions of dynamical systems especially with
limited predictability.

... Potential landscapes

The Langevin equation consists of a deterministic part and its stochastic counterpart
or noise term.

dx = −U ′(x)dt + σΓ(t) , (.)

where x denotes the state variable, U is the potential function, and Γ(t) represents a
white noise forcing with noise level σ. Γ(t) = dW , with W being a standard Wiener
process.

Usually, it is not possible to find a general solution for Equation .. However,
it is feasible to use a Fokker-Planck equation describing the probability density of
the stochastic variable. The corresponding Fokker-Planck for the probability density
function p(x, t) can be derived from the Langevin equation . as described for
example in Gardiner []. Note that it is important to keep the characteristic type
of noise of the system under investigation in mind. The Fokker-Planck equation yields
for the probability density function p(x, t)

∂tp(x, t) = ∂x
[
U ′(x)p(x, t)

]
+ 1

2σ2∂2
xp(x, t) , (.)

with the stationary solution [Gardiner, ]

p(x) ∼ exp
[
−2U(x)/σ2

]
. (.)
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Thus, to estimate the stationary probability density function p(x), the description of
the potential is needed as illustrative shown in Figure .a. Assuming that this is the
stationary solution for the stationary probability density function p(x) [Livina et al.,
], the potential equals

U(x) = −σ2

2 log (p(x)) . (.)

... Mean first passage time

If one is able to describe the potential landscape, it can be of great interest to know
how long the particle, or system, respectively, remains in a particular region of the
potential. For the case of a double well potential as shown in Figure .a, we would
like to know the average time a system needs, being in the vicinity of the stable
fixed point a, to cross the unstable fixed point b. We suppose that the system moves
according to the Fokker-Planck Equation . with the stationary solution ..
Equation . thus describes the probability of the system to be in a certain position
(e.g. close to the stable fixed points a or c). To calculate the mean first passage time
for a system being in the left well, i.e. close to the stable fixed point a and to escape
via the unstable fixed point b, we use the mean first passage time for a potential with
one absorbing barrier [Gardiner, , p. ]

T (a → x) = 2
σ2

∫ x

a
dy exp

[
2U(y)/σ2

] ∫ y

−∞
dz exp

[
−2U(z)/σ2

]
. (.)

In case that U(x) is large and σ2

2 is small, we can set y = b in the inner integral and
remove the constant factor inside the integral with respect to y. Thus, the mean first
passage time for a system being in one state and escaping over the a potential barrier
yields approximately [Gardiner, , p. ]

T (a → x) ≈
{

2
σ2

∫ b

−∞
exp

[
−2U(z)/σ2

]
dz

} ∫ x

a
dy exp

[
2U(y)/σ2

]
. (.)

.. Resilience

We can estimate the resilience of a state, using a potential as defined above. The term
resilience was first used in the context of ecosystems by Holling []. Since then
the phrase has been widely used in various contexts and with different definitions.
Generally, resilience is the ability of a system to resist to or to recover from a
perturbation. It can be distinguished between two different types of resilience where
one assumes a single equilibrium of the system, and the second type considers a
system of multiple equilibria [Gunderson, ]. The two types can be visualized
by a potential landscape (Figure .a). If the system reaches a stable state, it
is in equilibrium. However, it can be pushed out of equilibrium due to external
perturbations.
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Figure ..: Two well potential. a The potential represents a system with two different fixed
points a, c. A system is stable when it has reached a stable fixed point, i.e.
lowest point of a potential well. However, the system can be pushed by external
perturbation in direction of the unstable fixed point b and may even change state.
b illustration of different resilience measures.

In case of the assumption that only one global, or close to a single, equilibrium
exists, resilience can be considered as the time a system needs to return to its initial
stable state [Pimm, ]. Thus, resilience in this case measures how far the system
has been pushed from equilibrium and how much time the system needs to return.
This type of resilience is also called engineering resilience [Holling, ].

In the second case, a dynamical system is considered with at least two different
stable states. The system is able to change between them due to external disturbances.
Here, resilience is defined as the amount of disturbance that a system can absorb
before changing state. This type of resilience is also named ecological resilience
[Holling, ].

... Measuring resilience

To assess resilience, different measures have been developed in the last decades, where
each uses a slightly different definitions of the term resilience. Figure .b illustrates
the different types of resilience:

The width w of the potential well, also referred to as latitude [Walker et al., ]:
It quantifies the maximum size of a single perturbation, such that the system will
still be able to recover to its original stable state. This is similar to the recently
introduced concept of basin stability [Menck et al., ].

The depth d, also referred to as resistance: It has been argued that this quantifies
the difficulty of moving the system away from its current stable state [Pimm, ,
Walker et al., ].

The precariousness quantifies how close the system is currently to the unstable
fixed point [Walker et al., ].
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The local Lyapunov stability [Abarbanel et al., , Mitra et al., ], defined
here as the local Lyapunov exponent at the fixed point in question, i.e. the minimum
of the potential well: This is a standard local stability measure in dynamical systems
theory which quantifies the effort needed to bring the system out of equilibrium.

For completeness, the engineering resilience assesses the time the system needs to
return to its equilibrium [Pimm, ].
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Applying complex networks to evaluate
rainfall patterns over South America

This chapter deals with the identification of long and short range teleconnectivity
patterns based on daily rainfall for a first assessment of the South American Monsoon
System. We construct complex networks based on a correlation measure suitable for
daily rainfall time series and introduce several new network parameters in order to
analyze the connectivity patterns encoded in these networks. These measures are
used to investigate inter- and intraseasonal variations of the spatial co-variability
structure of daily rainfall across South America and make important observations
concerning the spatial organization of rainfall during the monsoon season. We use
a sliding-window approach in order to track the temporal evolution of the rainfall
connectivity patterns. Our results indicate that the interseasonal variability of the
networks’ correlation structure clearly reveals large-scale synoptic events such as the
onset of the South American monsoon. In particular, we reveal that the monsoon is
characterized by a sharp transition to strongly organized connectivity patterns. While
enhanced organization at intraregional scales persists during the entire monsoon
season, organization in terms of large-scale teleconnection patterns is only high during
the onset of the monsoon itself. The latter observation may be explained by the
significant role of large, stationary cold fronts for the onset of the monsoon. Finally,
we show that the network connectivity along the climatological moisture transport
path across the Amazon basin was substantially reduced at the times of the two
major droughts in 2005 and 2010.

This chapter is based on the associated publications P1 and P2. The following
sections will closely follow these publications.

.. Introduction

Rainfall in South America is the result of a complex interaction between the South
American Monsoon System (SAMS), which is mainly driven by the two convergence
zones, i.e. the Intertropical Convergence Zone (ITCZ) and the South Atlantic
Convergence Zone (SACZ). Due to a southward shift of the ITCZ in austral summer,
most parts of South America show a pronounced seasonality, with a dry season from
June to August, and a rainy season from December to February [Zhou and Lau, ,
Carvalho et al., ]. The rainy season is the core season of the SAMS. An important
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date of the year in South America is its onset. One way to characterize this onset
is the first establishment of the SACZ, which usually occurs between October and
November [Nieto-Ferreira et al., , Marengo et al., , Carvalho and Jones, ].
The SACZ consists of a convective band extending from the western Amazon region to
south-eastern Brazil (Figure .a). The SACZ is the result of moisture transport from
the Amazon to the subtropical Atlantic ocean, together with converging low-level
winds originating from the subtropical Atlantic ocean [Liebmann and Marengo, ,
Carvalho and Jones, ]. The first formation of the SACZ in a given season is
caused by an abrupt change of the characteristics of the frontal systems crossing
South America, and is defined as the first sudden establishment of a stationary cold
front along the southeastern coast of Brazil [Nieto-Ferreira et al., ]. The monsoon
season itself is characterized by an amplification of the trade winds, which transport
moisture from the Atlantic ocean to the Amazon Basin. The moisture is then, either
directly or due to moisture recycling, carried onward in western direction before
the winds are blocked by the Andes and directed southward (Figure .a). This
channeling of low-level winds leads to the formation of the South American Low-Level
Jet (SALLJ) east of the Andes [Marengo et al., ].

In this study, we employ the evolving complex networks approach to analyze the
intra- and interseasonal variability in the spatial correlation structure of daily rainfall
time series associated with these synoptic features. Complex networks have in the
recent past been successfully applied to study correlations between climate indices
[Tsonis et al., ] and spatial patterns of correlations between climatic variables
such as surface air temperature [Yamasaki et al., , Donges et al., ]. One
advantage of complex networks is that they are capable of capturing not only direct
connections between regions, but also the specific propagation paths of teleconnections
[Zhou et al., ]. By means of sliding windows, temporal changes of such spatial
patterns can also be resolved and analyzed in terms of evolving complex networks
[Radebach et al., , Boers et al., ]. However, due to the intricate statistical
properties of rainfall, the application of complex networks to rainfall data has so far
been restricted to analyses of synchronizations between strong and extreme rainfall
events, using event synchronization as a measure of similarity [Malik et al., ,
Boers et al., , b, Rheinwalt et al., ].

Here, we investigate spatial correlation patterns of full daily rainfall time series
instead of restricting our analysis to their extremes. A correlation analysis of daily
rainfall is technically challenging because of the event-like characteristics of rainfall
time series, as they usually contain a large number of zeros (Figure .c, d) and are
constrained to non-negative values. The most frequently used correlation measure
is Pearson’s correlation coefficient ρP , which quantifies the linear relation between
two time series of ideally normally distributed values. As will be shown below, this
measure fails in case of a large number of zeros in the time series. For this reason, an
adequate correlation coefficient based on ρP is introduced in this work.

Based on this new correlation measure, we first analyze and compare the spatial
correlation structure during the rainy and dry seasons. As a proof of concept for our
approach, and in particular as a validation of the new correlation measure, we reveal
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Figure ..: Topographical and meteorological characteristics of South America. a, b Topography
with key features of the South American monsoon system including the South
American Low-Level Jet (SALLJ, white arrows). In addition, a shows the Intertropical
Convergence Zone (ITCZ) and the South Atlantic Convergence Zone (SACZ) (the
rough locations are marked in red), and the two study areas along the SACZ, i.e.
south-western Amazonia (SWAZ) and south-eastern Brazil (SEB), marked in black.
b shows the three study areas along the SALLJ in the corresponding order (in black).
c Average number of non-rainfall days (zeros) for a network (consisting of  days)
during the dry season (JJA) and hPa winds, and d during wet season (DJA)
(figure adapted from [Ciemer et al., ]).
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the key features of the South American climate – including the ITCZ, the SACZ, and
imprints of Mesoscale Convective Systems in south-eastern South America – from
the spatial distribution of newly introduced complex network measures. Furthermore,
the spatial teleconnectivity pattern between south-western Amazon (SWAZ) and
south-eastern Brazil (SEB) is investigated (see Figure .a for an illustration of these
regions).

Thereafter, the intra- and interseasonal variability of the rainfall correlation struc-
ture over South America is investigated in terms of evolving complex networks. For
this purpose, we specifically focus on the spatial rainfall connectivity in South America
and teleconnections between SWAZ and SEB, and put them into context with the
key features of the SAMS mentioned above. We will show that our method is able
to concisely quantify the first establishment of the SACZ of the season, and hence
the onset date of the SAMS, from the temporal evolution of intra- and interregional
connectivity structures associated with the regions SWAZ and SEB. Furthermore,
the connectivity along the climatological pathway of the SALLJ is quantified, and
its interannual variability is put into context with two major droughts that occurred
in the Amazon Basin in 2005 and 2010 [Marengo et al., , ]. In particular,
changes in the connectivity patterns that occur already during the year preceding
the respective drought are investigated. In this context, we emphasize the temporal
changes and differences in intra- and interregional rainfall connectivity.

.. Data

... Rainfall data

We employ the gauge-calibrated satellite product TRMM B V [Huffman et al.,
] with daily rainfall sums for the time period 1999 – 2013. The data set is first
bilinearly remapped from its original 0.25◦ resolution to a 0.5◦ × 0.5◦ grid for the
study domain in South America, ranging from 15◦N to 35◦S and 30◦W to 85◦W
(Figure .). In order to exclude days with rainfall of the order of the measurement
error from our analysis (less than 1 mm/day), we treat them as days without rainfall.

... Statistical properties of rainfall data

Rainfall time series exhibit specific statistical properties which make it difficult
to determine unbiased dependencies between different time series on the basis of
common techniques and correlation coefficients. Unlike variables such as surface air
temperature or relative humidity – which show a rather smooth and steady behavior
over time – rainfall time series typically contain large fluctuations during short time
intervals of the order of hours or days, as well as a large number of entries equal to
zero for time intervals without any rainfall. Zero is also the smallest possible value
within the time series. This lower bound has a strong influence on the resulting
values of common correlation measures, as will be shown in Sec. ... The “event-like”
structure of rainfall time series has recently led to the use of the measure Event
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Synchronization instead of ordinary correlation coefficients (Section ..) [Quiroga
et al., ]. However, since Event Synchronization only assesses the synchronicity
of events without taking into account their magnitudes, it has only been applied to
extreme rainfall events [Malik et al., , Boers et al., b, Stolbova et al., ,
Rheinwalt et al., ]. Since we are interested here in analyzing general rainfall
patterns, we introduce a modification of ρP that overcomes the above-mentioned
statistical problems, whilst taking into account the entire variability of the time series.

.. Methods

... Complex networks

To analyze the characteristics of rainfall in South America, we use a complex network
approach. For a more detailed introduction to complex networks see Chapter .
For the construction of functional complex networks for this study, we use each of
the 0.5◦ × 0.5◦ grid cells as a network node and place undirected network links to
represent statistically significant correlations of the rainfall time series of the grid cells.
As a reminder, the complex network can be represented in terms of an unweighted
adjacency matrix A

Aij =
{

0 ρij < ρth

1 ρij ≥ ρth

, (.)

where ρij denotes the correlation coefficient between the time series at node i and
node j, and ρth the correlation threshold. To determine corresponding significance
thresholds the following sequence is performed: 1. randomly sample 10% of the
time series used to construct the network, 2. construct  surrogates from each of
these time series by randomly shuffling their entries, 3. compute ρ for all possible
pairs of surrogates, and 4. take as significance threshold ρth the 98th percentile of
the resulting null-model distribution of values of ρ. For a discussion on estimating
correlation thresholds see Section ...

For the analysis of the temporal evolution of network measures, we choose a sliding
window approach, where a separate network is constructed with an offset of one
pentad (5 days) for each 90-day time window. The significance level is determined
separately for each time window as described above. We require a minimum of five
days with rainfall above 1 mm/day in a 90-day time window to ensure statistical
robustness of the correlation analysis for each grid cell and time window.

For the region under investigation, a 90-day time window is empirically found to
be short enough not to smooth out seasonal effects, but still long enough to yield
significant results. In the following evolving complex network analysis, spatially
averaged complex network measures will always be shown at the last day of each
of these time windows to be able to identify events which particularly influence the
complex network structure as soon as they enter the corresponding time window.
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... Modified correlation measure ρM

In the following, we evaluate the properties of Pearson’s correlation coefficient ρP

(Equation .) and Spearman’s rank correlation coefficient ρS (Equation .) for
typical rainfall time series and we illustrate why neither ρP nor ρS are suitable
correlation measures for daily rainfall time series. To overcome the restrictions that
will be encountered, we will introduce the modified correlation coefficients ρM and
ρMS .

As a reminder, for two time series x and y with entries {xm, . . . , xM } and {ym, . . . , yM },
respectively, Pearson’s correlation coefficient ρP is defined as

ρP (x, y) =
∑

m(xm − x̄) (ym − ȳ)√∑
m(xm − x̄)2 ∑

m(ym − ȳ)2 , (.)

where x̄ and ȳ denote the mean values of x and y, respectively. The main problem of
a direct application of ρP to the rainfall time series x and y is that subtracting their
means x̄ and ȳ in Equation . leads to the undesired property that the typically
large number of zeros substantially contribute to the final value of ρP , whitewashing
the covariance of non-zero rainfall values.

In contrast to ρP , ρS is a non-parametric, rank-based measure as described in
Section ... A crucial advantage of ρS over ρP is that it allows examination of
non-linear dependencies, and that it is less restrictive regarding the distribution of
the data. However, since it is based on ρP , in the case at hand the same problem
arises: the direct application of ρS to rainfall time series leads to the same undesired
property that the typically large number of zeros contribute substantially to the final
value of ρS .

In order to illustrate this numerically, we generate 100 pairs of artificial rainfall
time series, each with 1000 positive (non-zero) entries, such that each pair of time
series is correlated by ρ ≈ 0.5. First, we increase the number of zeros, at random,
common positions in both time series, up to a maximum of 95%. As expected,
both ρP and ρS increase with the number of inserted zero values (Figure .a, c).
This induces a strong bias, which artificially increases the values of the correlation
measures without any real dependencies of non-zero data, and thus possibly leads to
a misinterpretation of the data. Second, we increase the number of zeros in just one
time series (Figure .b for ρP and Figure .d for ρS , respectively) to emphasize the
rapid decrease of ρP and ρS particularly for small percentages of single zero values.
Note that the artificial times series are taken from areas with any non-rainfall days
for the 90 days. Nevertheless, the same results can be achieved with time series that
follow uniform, Gaussian, or Poissonian distributions.

To prevent the bias induced by days without significant rainfall, we introduce a
modified correlation coefficient ρM , which is insensitive to simultaneous zeros in both
time series, and at the same time handles zeros at non-common positions such that
they lead to a moderate decrease of the absolute value of ρM .

The newly introduced measure ρM is defined on the basis of ρP as follows: for each
time series, the non-zero values are first centered around zero by subtracting their
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Figure ..: Comparison between Pearson’s ρP , Spearman’s ρS , and the here introduced modified
correlation measure ρM as a function of the percentage of zeros in the time-series.
a Average values of all measurements computed for 100 individual samples with
a default correlation of approximately 0.5 are shown. The x-axis represents the
percentage of zeros at common positions in the correlated data sets. The default
data sets do not contain any zeros. We show . the direct application of ρP

(blue), . the modified version ρM (red), . ρP \0, ρP computed after all zeros
appearing at a common position in both data sets are removed (green), and .
ρM \0, the same as . but for ρM (yellow). b same as a but with zeros appearing
only in one data set at random positions. The second data set does not contain
any zeros. Therefore, for ρP \0 and ρM \0 we remove all zeros and the value at the
corresponding position in the second data set. c and d: same analysis is applied,
but with ρS as basis (figure taken from [Ciemer et al., ]).
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mean ⟨xxi>0⟩, while all values equal to zero remain unaffected:

x′
i = xi − ⟨xx>0⟩ ∀xi > 0 . (.)

The same procedure is applied for y. The modified measure is then defined as

ρM (x, y) = ρP (x′, y′) . (.)

Due to the centering of the non-zero entries in Equation. ., we have x̄ = ȳ = 0, and
ρM is thus not influenced by common pairs of zeros. For a comparison, we apply the
same modification to ρS :

ρMS(x, y) = ρS(x′, y′) . (.)

For a numerical visualization of the modifications, we apply ρM and ρMS to the
same artificial time series as described above. As intended, for the case of zeros at
common positions, ρM is always approximately 0.5, regardless of the number of zero
pairs (Figure .a). However, the variance increases slightly with the percentage
of zeros, as the data sets’ values are changed at an increasing number of random
positions. Removing the zeros beforehand does not change the final correlation value.
Despite the time series being up to 95% shorter than the original ones after removing
all pairs of zeros, they still yield the same correlation, demonstrating the robustness
of ρM . This implies that the length of time series is only a minor factor in the
calculation of correlation, which is an important property due to the large amount of
non-rainfall days in some seasons (Figure .c). For the case of adding zeros in just
one time series, ρM decreases just as ρP , however with a slightly smaller slope than
observed for ρP for the first 20% (Figure .b).

Applying the same procedure, but using ρS as basis, we observe in Figure .c that
ρMS stays constant as expected, independent of the percentage of zeros. However,
when removing the zero pairs before applying ρMS , the resulting time series vary
slightly for large numbers of zeros; this is due to the ranking property of ρS before
applying ρP . The zero values do not remain centered, but can fluctuate around zero
(Equation .). This does not apply for ρP and thus also not for ρM . The same is
true for the case that only one data set contains zeros (Figure .d). ρS decreases
even more rapidly than ρP , whereas when neglecting points in time a zero appears in
one data set, ρS\0 stays constant. Keeping the large percentage of zeros for rainfall
data in mind, ρM is thus the natural choice.

To emphasize the relevance of such a modified correlation measure, we show the
average number of zeros during the 90-day window corresponding to the core monsoon
season in South America (December, January, and February (DJF), see Figure .b)
and for the dry season (June, July, and August (JJA), see Figure .c).
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... Network measures

In addition to the well-established complex network measures, as introduced in
Section .., we propose the following new measures to further analyze the complex
network topology with particular focus on spatial coherence and teleconnection
patterns:

Local measures

First, to gain information about the connectivity of specific regions of interest, we
employ the complex network measure regional connectivity RCi(R), which yields the
number of connections for a node i into a selected area R, divided by all possible
connections into area R:

RCi(R) = 1
|R′|

∑
j∈R′

Aij , (.)

where R′ denotes the subset of robust time windows in the region R (cf. Section ..).
RC(R) thus quantifies for each grid cell i the connection strength to the specific
region R (Figure .c, d, .c, d). This measure has proven to be particularly useful
to investigate long-ranged connections to specific geographic regions [Boers et al.,
a, ].

Second, we define the geographical neighbor degree GND(r) in order to reveal regions
with particularly strong local connectivity: For every node i, GND(r)

i counts the
number of nodes connected to i within a prescribed spatial radius r:

GND(r)
i = 1

|M(r)
i |

∑
j∈M(r)

i

Aij , (.)

where M(r)
i is the set of complex network nodes within a radius r of node i. For the

case of gridded data sets, r is most easily defined in units of the spatial length of the
grid cells, in which case

|M(r)
i | = 4r(r + 1) . (.)

Note that GND(r)
i = 1 indicates that a grid cell has links to all of its neighbor cells

within the prescribed radius r, whereas GND(r)
i = 0 indicates that node i is not

connected to any of its neighbors (Figures .b, and .b). GND(r) is designed to
reveal areas where the rainfall time series are strongly correlated amongst each other,
and can be considered as a regional restriction of the node degree which focuses on
the local connectivity structure.
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Global measures

In addition to the above described local complex network measures, which yield a
scalar value for each node, we define the following global measures, which give a
scalar value for the entire complex network:

To gain information about the temporal evolution of the geographical neighbor
degree of a specific region, we introduce the average geographical neighbor degree
AGND(r). This measure gives the average GND(r) in a specific region:

AGND(r)(R) = 1
R′

∑
i∈R′

GND(r)
i . (.)

It thus quantifies the intraregional connectivity of a region R: it is low in case
rainfall occurs rather independently within R, and high in case of organized, strongly
dependent rainfall occurrences (Figure .a, c). In this way, transitions from erratic
to organized rainfall behavior (and vice versa) in a region of interest can be detected.
Note that AGND(r) is defined as a spatial average, yielding a single number for each
complex network window. The scale ranges from zero (none of the grid cells inside
the respective region has connections to its neighboring grid cells) to one (all grid
cells inside the respective region have connections to all their neighboring grid cells).

Furthermore, we introduce the interregional teleconnectivity T(R1, R2) as an ex-
tension of regional connectivity RC(R). T(R1, R2) is a comparative measure for
the variations of the number of links directly connecting two regions R1 and R2,
which thereby quantifies regularities and sudden changes in the connectivity structure
between such two regions (Figure .b, d). For given regions R1 and R2, we define
T(R1, R2) as the number of connections between R1 and R2, normalized to their
maximum possible number:

T(R1, R2) = 1
|R′

1|
∑

i∈R′
1

RCi(R′
2) . (.)

T(R1, R2) is thus specifically designed to analyze the temporal evolution of the
strength of teleconnections between two regions of interest. The scale of this measure
ranges from zero (no connections between the areas) to one (all cells in one region
are connected to all cells of the other region).

Additionally, we introduce the path teleconnectivity PT. This measure quantifies
how pronounced a geographic path, consisting of a sequence of spatially disjoint
regions, is in terms of complex network links following this path. For this purpose,
we first define an ordered set of regions of interest RI = (R1, R2, . . . , RN−1, RN ), and
then count the number of complex network paths (i.e. sequences of links) for which
the associated nodes lie within RI, respecting the order of RI:

PT(RI) = |{((i1, i2), (i2, i3), . . . , (iN−1, iN ))|i1 ∈ R1, i2 ∈ R2, . . . , iN ∈ RN }| . (.)

PT is constructed to quantify the importance of certain network paths through the
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regions R1, R2, . . . , RN−1, RN . By comparing PT between complex networks obtained
for different times in a sliding window approach, the changes of the path defined by
RI over the year or in specific periods can be investigated. It thus emphasizes the
correlation structure along a certain path and can indicate the importance of the
path during specific time intervals.
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Figure ..: Comparison of complex network measures during rainy season (DJF) as average
over the years 1999–2013: a degree DG, b geographical neighbor degree of the
second order GND2, and regional connectivity RC for c SWAZ and d SEB (as
indicated by black boxes, figure taken from [Ciemer et al., ])).
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Figure ..: Same as Figure ., but for the dry season (JJA, figure taken from [Ciemer et al.,
]).
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Figure ..: Comparison of the regional and interregional connectivity patterns for SWAZ and
SEB. a Average geographical neighbor degree of the second order AGND2 for SWAZ
and SEB for the time interval 1999 to 2013. b Interregional teleconnectivity between
SWAZ and SEB, T (SWAZ, SEB). The grey vertical lines mark January st for each
year and the red vertical lines indicate the first establishment of the SACZ in a given
year, as reported by Nieto-Ferreira et al. []. c Mean AGND2 for SWAZ (green)
and SEB (blue) with their standard deviation and d mean T (SWAZ, SEB) for the
years 1999 – 2008. The red vertical line represents the mean first establishment
of the SACZ with its corresponding standard deviation (figure taken from [Ciemer
et al., ]).
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In the following, we study the spatial connectivity patterns of rainfall over South
America. For this purpose, we will first investigate the spatial distribution of local
complex network measures for the rainy and dry season, respectively. Thereafter, we
will turn to the intra- and interseasonal variability of the connectivity patterns in
terms of the temporal evolution of global complex network measures.

... Spatial distribution of local complex network measures

For the spatial analysis, complex networks are constructed for the rainy (DJF) and
dry (JJA) seasons of the years 1999 – 2013, and the corresponding local complex
network measures are then averaged over these years.

Rainy season

When comparing the spatial distribution of the number of non-rainfall days in each grid
cell (Figure .b) to the spatial distributions of the degree DG and the geographical
neighbor degree of the second order GND(2), we observe that the spatial distributions
of both complex network measures differ substantially from the distribution of the
numbers of non-rainfall days (Figure .a, b). The ITCZ is the only area where we
find consistently high values of all measures, rainy days, DG, and GND(2).

Areas with a high DG are identified in northern South America, south-eastern
South America, around Uruguay, as well as in eastern South America and the adjacent
Atlantic ocean around 20◦S.

In addition to the ITCZ, GND(2) exhibits high values along the Amazon river
extending into SWAZ, as well as in SEB. Over the South American continent, the
highest values (GND(2) = 1) can only be found over south-eastern South America.

The spatial distribution of DG and GND(2) suggest that the regions SWAZ and
SEB are of particular interest for the large-scale coupling structure of rainfall in
South America. The spatial distributions of teleconnections for SWAZ and SEB
(RC(SWAZ) and RC(SEB)) show pronounced connectivity mainly within the two
regions themselves (Figure .c, d). Additionally, RC(SWAZ) has teleconnections
toward small regions in the northern tropical Atlantic and southern Brazil. RC(SEB)
spreads also toward the subtropical Atlantic ocean and has a few connections to the
western Amazon.

Dry season

During the dry season DG is high along the Amazon river, along the eastern slopes
of the Andes, and in south-eastern South America extending toward the subtropical
Atlantic (Figure .a). We observe high GND(2) over the northern Amazon and full
local connectivity (GND(2) = 1) over the ITCZ, and south-eastern South America
(Figure .b).
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In contrast to the rainy season, RC(SWAZ) exhibits a concise path from the
southern Amazon region southeastward, extending across SEB into the subtropical
Atlantic ocean (Figure .c). RC(SEB) shows a similar spatial pattern, with higher
values over southern Brazil and the adjacent Atlantic ocean shifted slightly southward
(Figure .d).

... Temporal evolution of global complex network measures

Inspired by the characteristic seasonal patterns of the local complex network mea-
sures, we now turn to an analysis of the temporal evolution of the intra- and in-
terregional connectivity patterns of the regions SWAZ and SEB, quantified by the
average geographical neighbor degree AGND and the interregional teleconnectivity
T (SWAZ, SEB), respectively. Furthermore, we will study the interannual connectivity
pattern along the SALLJ in terms of the path teleconnectivity PT .

The temporal evolution of the intraregional connectivity AGND(2) for SWAZ and
SEB is shown in Figure .a, and its mean over the interval 1999 – 2008 with standard
deviations in Figure .c. Both regions exhibit a pronounced seasonal cycle: we
observe a minimum shortly before the first establishment of the SACZ, followed by a
sharp increase to a maximum which roughly coincides with the first establishment of
the SACZ. Note that the SACZ regulates the amount and organization of rainfall
in SWAZ [Rickenbach et al., , Nieto-Ferreira et al., ]. The dates of the
first SACZ establishments are taken from Nieto-Ferreira et al. [], where they are
stated for the years 1998 – 2008.

In order to analyze the large-scale teleconnectivity between the two regions, we
compute T (SWAZ, SEB) and its mean with the corresponding standard deviation
(Figure .b, d): the annual cycle starts with a minimum in January. Shortly before
the end of the rainy season in the Amazon (around March [Liebmann and Mechoso,
]), T (SWAZ, SEB) increases and peaks shortly after the onset of the dry season
(June). After a local minimum during the dry season, T (SWAZ, SEB) shows a second
peak that coincides in most years with the first establishment of the SACZ and thus
the onset of the SAMS [Nieto-Ferreira et al., ].

In addition to the SACZ, we are interested in the strength of the SALLJ in terms of
rainfall correlations along its pathway (Figure .). For this purpose, the PT (SALLJ)
is computed for a sequence of three regions along the climatological SALLJ position
(Figure .a). We observe that for most years, PT (SALLJ) follows a characteristic
evolution during the year, with minima in March and August, as well as maxima
occurring in May and around November. However, the periods 2004 – 2006 and 2009
– 2011 deviate from this pattern, starting with an unusual peak in PT (SALLJ) in
austral winter in the year 2004 (2009), and followed by an atypical behavior during
the entire year of 2005 (2010), which lasts until the following year. In particular for
2010, PT (SALLJ) is strongly suppressed during the first half of the year.
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... Evaluation of the modified correlation measure

Based on artificial time series, the theoretical suitability of the modified correlation
measure ρM was demonstrated in Section .. (Figure .). It is evident from
the spatial distribution of the complex network measures DG and GND(2) that the
occurrence of non-rainfall days does neither bias ρM , nor the network topology derived
from it (Figure .a, b, .a, b). This further verifies the suitability of the modified
correlation measure ρM for studying time-series with characteristics similar to daily
rainfall.

... Spatial distribution of local complex network measures

From the spatial distribution of the local complex network measures DG and GND(2),
the key features of the South American circulation system, namely the two convergence
zones ITCZ and SACZ, as well as key areas such as the Amazon basin and south-
eastern South America, can be identified (Figure .a, b, .a, b). Furthermore, high
values of DG along the Andes mountain range are associated with the SALLJ: the
Andes block the moist low-level winds from streaming further westward toward the
Pacific and instead channel them southward, thereby causing high correlations in
the vicinity of the SALLJ. The blocking of the Andes also causes strongly correlated
orographic rainfall [Bookhagen and Strecker, ] at the eastern slopes of the Andes,
which corresponds to the high values of GND(2) during the whole year. Areas of
almost full regional connectivity (GND(2) ≈ ) can be found south of the equator
during the rainy season and north of the equator during dry season, reflecting the
seasonal shift of the ITCZ [Yoon and Zeng, ].

The high GND(2) values over south-eastern South America can be attributed to
the frequent formation of Mesoscale Convective Systems in this area [Salio et al.,
], where in fact some of the largest thunderstorms on Earth occur [Zipser et al.,
]. Such organized convective systems cause consistently correlated rainfall in
extended spatial areas, which explains the high values of GND(2) in accordance with
our interpretation of this measure. In addition, blocking regions such as mountain
ranges (e.g. the Andes) are revealed by a sudden change from high to low GND(2).

The above results can be viewed as a proof of concept for our method, showing
that the spatial distributions of the employed network measures reveal several key
features of the SAMS that are already well-known, although not in terms of the
spatial correlation structure of daily rainfall.

The regional connectivity RC(R) quantifies the strength of connections from each
location to a region of interest R. SWAZ (Figure .c, .c) is internally highly
connected during the rainy season and has only some connections to other parts of
South America. Additionally, during the dry season RC(SWAZ) shows a pronounced
band of connectivity along the Amazon river and from the Andes toward south-east
Brazil, which equals the path of the vertically integrated moisture transport during
this time of the year [Arraut et al., ].
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... Temporal evolution of global complex network measures

The temporal evolution of AGND(2) over both SWAZ and SEB implies the existence
of organized (high AGND(2)) as well as disorganized (low AGND(2)) states of intrare-
gional connectivity in both regions (Figure .a, c). The transition from the organized
to the disorganized state is rather gradual, but very abrupt from disorganized to
organized (the minimum of the year is immediately followed by its maximum). This
abrupt transition occurs right at the time of the first establishment of the SACZ,
which also marks the onset of the SAMS [Nieto-Ferreira et al., ]. The abrupt
increase of the AGND(2) thus characterizes the SAMS onset as an abrupt transition
from disorganized to organized intraregional rainfall connectivity patterns in these
two regions.

In contrast, the interregional teleconnectivity between SWAZ and SEB exhibits
sharp maxima at the onsets of both the dry and rainy seasons, and rather smooth
minima centered around the core dry and wet seasons (Figure .b, d). The two
maxima of each year thus occur during the season changes; at these times, more than
one third of the total rainfall variance can be explained by cold fronts in subtropical
South America, which interact with tropical convection and move into lower, tropical
latitudes [Siqueira and Toledo Machado, ]. Therefore, we attribute the two
maxima of the teleconnectivity between SWAZ and SEB to the enhanced frontal
activity during the onsets of the dry and rainy seasons, respectively. In turn, this
suggests that only the onsets of the dry and rainy seasons, rather than the monsoon
season itself, are characterized by concisely organized, large-scale teleconnectivity
patterns. This refines previous observations that monsoons exhibit spatially organized
connectivity patterns [Boers et al., , ]. While our results indicate that this is
true for the intraregional connectivity, they also indicate that large-scale organization
only occurs around the onset of the monsoon, and diminishes again in the course of
the wet season.

On annual scales, the two major droughts in the Amazon in 2005 and 2010, although
different in their causes and spatial characteristics [Lewis et al., ], have a specific
influence on the path teleconnectivity along the position of the SALLJ (Figure .).
The anomalous behavior extends to the year before and the year after the respective
droughts. Additionally, an unusual connectivity pattern can be noticed during the
huge flood of 2009. However, this is, at the same time, a pre-drought year. The
suppressed connectivity along the climatological pathway of the SALLJ might be
explained by reduced wind speeds and thus changes in moisture inflow before the
occurrence of both drought events, reported in association with anomalously high
temperatures of the tropical Atlantic ocean [Marengo et al., ]. Our results also
suggest that for both droughts, the complex network connectivity structure along the
SALLJ pathway (as quantified by PT (SALLJ)) changes already a year before the
droughts actually take place.
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Figure ..: Path connectivity for three boxes along the climatological pathway of the SALLJ
(as illustrated in Figure .a, boxes , ,  in the corresponding order). The green
line indicates the median of PT (SALLJ) and the shaded areas its th and th
percentile. The remaining colored lines correspond to the drought years 2005 and
2010, as well as to the respective previous and following years (figure taken from
[Ciemer et al., ]).

.. Conclusion

We have analyzed spatial and temporal changes of the correlation structure of daily
rainfall time series in South America by means of evolving complex networks. We
introduced and successfully validated a modification of Pearson’s correlation coefficient
that is suitable for the particular statistical properties of rainfall data. Furthermore,
we established new network measures in order to quantify temporal changes in the
intra- and interregional characteristics of the rainfall correlation structure, as encoded
in the network topology.

As a proof of concept, we showed that by using rainfall data alone, the spatial
distributions of the employed local network measures reveal the most important
characteristics of the South American monsoon; these include the main moisture
transport routes, the Intertropical and South Atlantic Convergence Zones, areas
with frequent development of Mesoscale Convective Systems in south-eastern South
America, as well as the Andes mountain range as topographical rainfall barrier.

We further employed evolving complex networks to analyze the temporal evolution
of network connectivity within (intraregional) and between (interregional) specific
regions of South America that are of particular relevance for the South American
monsoon system. These are the south-western Amazon on the one hand, and south-
eastern Brazil on the other. We showed that the monsoon onset is characterized by an
abrupt transition from unorganized to organized intraregional network connectivities
both in south-western Amazon and in south-eastern Brazil. While high intraregional
connectivity in both regions persists during the entire monsoon season, we emphasize
that only the beginnings of the dry and rainy seasons are in addition characterized
by maxima of the interregional connectivity between both regions. The large-scale
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organization pattern at the monsoon onset most likely corresponds to the intrusion
of large cold frontal systems associated with the first establishment of the South
Atlantic convergence zone.

In terms of interannual variability, we further showed that during the two major
droughts in 2005 and 2010 the network connectivity is suppressed along the major
transport route of moisture across the Amazon basin and, along the eastern slopes
of the Andes, toward the subtropics. Surprisingly, an unusual behavior of the
connectivity pattern along this atmospheric moisture path can already be detected
in the respective preceding year. Thus, an announcement of the droughts occurred
already during the year before each of the two severe droughts. An investigation
of the predictive power encoded in this observation is challenging because only two
major droughts occurred during the observation period.

The specific path structure of the teleconnection revealed here, as well as possible
impacts of temporal delays, should be addressed in future work [Zhou et al., ].
In addition, extending the presented analysis to a global scale should be subject
to further research. In particular, it should be investigated whether the transitions
between disorganized and organized states, which were revealed here on both regional
and interregional scales, can also be observed for other monsoon systems, such as the
African or the Asian monsoons.





Chapter .

Complex networks reveal a triggering
of droughts in the southern Amazon
caused by Atlantic sea surface
temperature anomalies

In Chapter  we have investigated the South American monsoon system with the help
of complex networks. We learned that the path connectivity of the rainfall correlation
pattern along the South American low-level jet changes significantly shortly before
droughts. In this Chapter, we enhance the network approach and use a bivariant
network consisting of sea surface temperature and rainfall anomalies. Thus, we
can not only analyze the changes in rainfall correlation patterns due to droughts,
but also investigate their triggering. Droughts in tropical South America have an
imminent and severe impact on the Amazon rainforest and affect the livelihood
of millions of people. Extremely dry conditions in the Amazon basin have been
linked to sea surface temperature anomalies in the tropical Atlantic ocean. However,
although the sources and impacts of droughts in the Amazon basin have been widely
studied, an early-warning signal for their occurrence could not be detected. Here, we
investigate the relationship between observed sea surface temperatures and continental
rainfall anomalies from 1981 to 2016. We identify the regions in the Atlantic ocean
which exhibit the strongest overall correlations between their sea surface temperature
anomalies and rainfall variability in the central Amazon basin. We find particularly
strong relationships for two regions in the northern and southern tropical Atlantic.
Based on the correlation structure between the respective sea surface temperature
anomalies in these two regions alone, we establish an early-warning method for
droughts in the central Amazon and demonstrate its robustness in hindcasting past
drought events.

This chapter is based on the associated publications P3 and P4. The following
sections will closely follow these publications. Supplementary information for this
chapter can be found in Appendix A.
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.. Introduction

Hydrological extremes in tropical South America have great effects on regional
ecosystems as well as devastating socio-economic ramifications [Davidson et al., ,
Marengo et al., , Brando et al., , Doughty et al., ]. Droughts increase
tree mortality and the risk of fires, while prolonged episodes of enhanced rainfall can
lead to floods. Usually, tropical rainforests serve as important global carbon sinks.
However, during droughts, this can be reversed: The severe Amazon drought in 2010,
for instance, had a total biomass carbon impact of 2.2 PgC with an affected area of
3.0 million km2 [Lewis et al., ]. In the same year, the northern tropical Atlantic
exhibited the strongest warming since 1903, causing a significant northward shift of
the Intertropical Convergence Zone (ITCZ) [Marengo et al., ]. Because of these
tremendous effects of droughts, developing advanced strategies for their long-term
forecasting is key to an appropriate anticipation, mitigation and management of
their potential impacts on ecosystems, agriculture, and urban water management.
However, especially in the Amazon basin as a key hotspot of biodiversity, terrestrial
carbon storage and continental moisture recycling, establishing reliable predictions of
droughts is an ongoing challenge.

As discussed in Chapter , rainfall in South America, and especially in the Amazon
basin, crucially depends on moisture inflow from the Atlantic ocean. During austral
summer, the ITCZ and the associated easterly trade winds are shifted southward.
After crossing the Amazon basin, these low-level winds are blocked by the Andes and
redirected southward, forming the South American low-level jet [Vera et al., ].
During austral winter, the ITCZ is shifted northward, leading to enhanced moisture
inflow towards northern South America, but simultaneously to a substantially reduced
flow to the South American subtropics [Marengo et al., ]. Rainfall in South
America is thus strongly determined by the position of the ITCZ and the amount of
evaporated water from the ocean. Therefore, a shift of the ITCZ, or significantly less
evaporated water from the ocean, can have drastic influences on rainfall sums over
the South American continent. Figure . shows sea surface temperatures (SSTs) and
continental rainfall rates in South America, averaged over the entire time span from
1981 to 2016, as well as the typical ITCZ positions in January and July.

Although the tropical Atlantic ocean is the major source of moisture inflow into
South America [Vera et al., ], it has long been thought that droughts in the
Amazon basin are mainly caused by anomalies of the El Niño–Southern Oscillation
(ENSO) [Holmgren et al., ]. Only in the last decades, it has been suggested
that SST anomalies in the Atlantic ocean could provoke hydrological extremes in
the Amazon as well [Fu et al., , Marengo and Espinoza, ]. In fact, latest
findings give priority to the influence of Atlantic SST anomalies over Pacific SST
anomalies as a potential cause of droughts in the Amazon [Yoon, ]. Paleoclimatic
proxy data from the Santiago Cave in western Amazonia provide additional evidence
that changes in the North Atlantic circulation can modulate rainfall in the Amazon
basin on millennial timescales, most likely via changing tropical SST anomalies in





.. Introduction

Figure ..: Climatic parameters. Mean monthly sea surface temperatures (in ◦C, red scale)
and mean continental rainfall over South America (in mm/month, blue scale) as
mean for the time period from 1981 to 2016. The spatial center of the El Niño–
Southern Oscillation (ENSO) pattern and the typical positions of the Intertropical
Convergence Zone (ITCZ) in January and July are indicated by the white box and
dotted lines, respectively. The black box marks the Central Amazon Basin.

response to variations of the Atlantic Meridional Overturning Oscillation [Mosblech
et al., ] (as further discussed in Chapter ).

It is suggested that rainfall sums in the southern Amazon are mainly controlled
by SST anomalies in the northern tropical Atlantic ocean (NTAO). Anomalously
warm SSTs in the NTAO have been associated with droughts in the Amazon basin
[Zeng et al., , Yoon and Zeng, , Yoon, ]. In addition to the NTAO, the
southern tropical Atlantic ocean (STAO) also influences rainfall in the Amazon basin,
with cold SST anomalies being associated with droughts [Uvo et al., , Marshall
et al., , Ronchail et al., , ]. Moreover, some studies refer to the gradient
between SST anomalies in the two tropical Atlantic regions (NTAO – STAO) as
critical indicator for hydrological extremes in the southern Amazon basin (Figure .)
[Nobre and Shukla, , Cox et al., , Chen et al., , Fernandes et al., ].
The main reason for this relationship are shifts of the ITCZ, which can be caused
by strong SST anomalies in the tropical Atlantic. In particular, a northward shift of
the ITCZ, leading to reduced rainfall in the Amazon basin, can occur due to positive
SST anomalies in the NTAO and, at the same time, negative SST anomalies in the
STAO [Moron et al., , Enfield, ].)

In this study, we further analyze the relationship between SST anomalies and
rainfall in tropical South America. For this purpose, we make use of complex network
techniques [Tsonis et al., ], which highlight mutual statistical associations among
time series of climate variability and have recently proven their great potential in
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unveiling otherwise hidden patterns associated with important climate phenomena
like ENSO [Yamasaki et al., , Ludescher et al., , Wiedermann et al., ],
or regional and global teleconnection patterns associated with extreme rainfall [Boers
et al., a]. In combination with a sliding window approach, the temporal evolution
of the thus identified key correlation patterns can be examined and linked to specific
climatological events (e.g. Boers et al. [], P3). Here, we specifically use two-
variable coupled climate networks to investigate the influence of Atlantic and Pacific
SST anomalies on rainfall variability in tropical South America for the time period
from 1981 to 2016. For this purpose, we first identify the oceanic regions which
exhibit SST anomalies that are most strongly correlated with the rainfall sums in
our continental study area referred to as the Central Amazon (0◦ to 10◦S, 55◦W to
70◦W). Second, we investigate the temporal evolution of the correlation structure
between these regions. Finally, we exploit the unraveled correlation structures only
between the tropical Atlantic SST anomalies in the two key regions to establish an
early-warning method for drought events in the Amazon basin on annual time scales.
By successfully hindcasting past drought events, we demonstrate the potential of the
proposed framework to provide skillful early-warning signals.

.. Data

We retrieve the monthly sea surface temperature data from the Extended Recon-
structed Sea Surface Temperature data set (ERSST Version b) [Smith et al., ]
provided by the NOAA, with a spatial resolution of 2◦ × 2◦. For the continen-
tal precipitation the Climate Hazard Group InfraRed Precipitation with Station
(CHIRPS) data [Funk et al., ] is used on a monthly temporal scale. The data are
interpolated from the native 0.05◦ × 0.05◦ grid to a spatial resolution of 2◦ × 2◦ to
match the resolution of the SST data and to reduce computation times. We consider
the time period from 1981 until 2016, for which both data sets are available. For
the monthly anomalies the long-term mean annual cycle is removed from the data
by subtracting the long-term mean value for each month. Strictly speaking, the
subtraction of the long-term climatology involves (for all but the last year) data from
the future, which could be considered problematic for predictive purposes [Meng et al.,
]. However, we found that taking only past values into account for computing
the monthly anomalies would change the resulting anomalies only marginally (see
Appendix Section A.). Moreover, we emphasize that subtracting the climatology in
the standard way only involves values from the future in terms of long-term monthly
means, and not in terms of monthly variability, which dominates the correlations
between SST anomalies that are actually used for our early-warning method.

.. Methods

In the following the particular methods used for this study are explained. A further
introduction can be found in Section ..
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... Static climate networks

In order to analyze the strongest negative and positive correlations between SSTs
and rainfall time series at different points in space, we first construct unweighted
two-variable coupled networks [Newman, ]. The advantage of such networks lies
in the possibility to simultaneously investigate network topologies for the distinct
sub-networks as well as the correlation structure between these sub-networks [Donges
et al., ]. In this study we restrict ourselves to the analysis of cross-linkages
between two spatially distinct sub-networks, representing the SST and continental
rainfall anomalies, respectively. For measuring the correlation between each pair of
time series, Spearman’s rank correlation coefficient (Equation .) is used, since we
have to presume that the two climate parameters are not only linearly correlated.

When constructing network representations based on correlations, it is important
to appropriately choose a correlation threshold. This threshold should, on the one
hand, be low enough to unravel a rich network structure, but on the other hand
high enough to guarantee the exclusion of coincidental correlation. Two different
approaches to estimate the threshold are introduced in Section ... In this study,
the correlation threshold is chosen in order to obtain a link density of 10% i.e., the
10% strongest mutual correlations among all pairs of grid cells are represented by
network links. We construct separate networks for positive and negative correlations.
This leads to correlation thresholds of 0.11 for positive correlations and −0.16 for
negative correlations. Note that both thresholds correspond to statistically significant
correlation values (if discarding the effect of autocorrelations): Specifically, based on
the distribution of correlation values obtained from surrogate data that have been
constructed by randomly shuffling the observed time series, we have determined that
positive (negative) correlation values above 0.10 (below −0.10) are significant at a
p-value of 0.02 (see also Appendix Section A.).

The resulting unweighted adjacency matrix Aunweighted, which encodes the climate
network structure, is obtained by setting

Aunweighted
ij =

{
0 ρij < ρth

1 ρij ≥ ρth

(.)

where ρij denotes Spearman’s rank correlation coefficient between the time series at
node i and node j, and ρth the correlation threshold.

The robustness of our results with respect to changes in the chosen link density is
further discussed in Appendix Section A.. The corresponding spatial patterns of the
cross degree for different link densities are shown in Appendix Figures A. and A.
for positive and negative correlations, respectively. We find that the general spatial
patterns remain very similar, although the link density is substantially modified.

... Sliding window approach

In the following a weighted two-variable coupled network is taken into account. In
contrast to the unweighted network representation as described above, here the
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correlation coefficients between each pair of nodes are used as coefficients of the
weighted adjacency matrix Aweighted

Aweighted
ij =

{
0 ρij < ρth

ρij ρij ≥ ρth

(.)

and analogously using absolute values for negative correlations. In order to quantify
the temporal evolution of the correlations between different regions, a sliding window
approach is considered. We use this method first to analyze the correlation structure
between SSTs in distinct ocean regions and rainfall in the central Amazon. Later,
we apply this method to detect particular characteristics of the correlation structure
between specific Atlantic SST regions (NTAO and STAO) that are then used as
predictors in our forecast scheme. For each month within the observation period,
except for the first two years, an individual network is constructed based on the
data of the previous 24 months. To quantify the magnitude of connectivity between
different regions of choice, we employ the average cross correlation (ACC)

ACC = ⟨ρij⟩ , (.)

with i ∈ Vl and j ∈ Vm. Note that this measure takes the entire cross-correlation
matrix between the two fields into account, i.e., no correlation threshold is needed.
The average cross correlation is always plotted for each time window at its end point.
Thus, only data from the past is used for any particular value.

... Forecast score

The temporal evolution of the average cross correlation between the two Atlantic
SST regions has been smoothed using a Chebyshev type I low-pass filter with a cutoff
at 24 months, since we are only interested in longer time-scale variations of these
correlations. This increases the robustness of the forecast threshold (Figure .).
However, results for the non-filtered time series, shown in Appendix Figure A.,
indicate that the high forecast skill of our method does not critically depend on the
smoothing. To quantify the skill of the proposed forecasting scheme, we use the
Heidke Skill Score (HSS) [Doswell et al., ]

HSS = 2(tt · ff − ft · tf)
ft2 + tf2 + 2 · tt · ff + (ft + tf) · (tt + ff) , (.)

which compares the performance of our scheme with that of a random forecast. Here
tt represents the number of cases with a true forecast of a subsequent event, ff the
number of instances of no forecast and no event, ft stands for the number of time no
forecast was issued but an event occurred (missing hit), and tf stands for the number
of forecasts with no following event (false alarm).
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.. Results

In the following, we fist study the correlation structure between continental rainfall
and SSTs. We find that particular two Atlantic regions are highly correlated to
rainfall in the central Amazon. Knowing that these oceanic regions trigger droughts
in the central Amazon, we further investigate the specific coherence between SSTs of
the two tropical Atlantic areas.

... Correlations between continental rainfall and sea surface
temperatures

Recent work has demonstrated that key spatio-temporal variability patterns associated
with the spatial organization of rainfall in South America can be conveniently studied
and quantitatively characterized by complex network methods [Boers et al. [,
c], P1]. Here, we extend the application of this approach to study the functional
connectivity [Donner et al., ] between monthly rainfall anomalies in South
America and SST anomalies in the adjacent Atlantic and Pacific oceans. For this
purpose, we first construct an unweighted two-variable coupled network representation
of the correlation patterns between the grid cells of the two fields of interest (monthly
SST and continental rainfall anomalies) [Donges et al., , Wiedermann et al.,
]. On this basis, we identify oceanic and continental regions which exhibit
strong mutual correlations (i.e., which are highly statistically interconnected) when
taking the full study period into account. Each grid cell of the data sets and their
corresponding anomaly time series are identified with a node of the respective sub-
network representing the corresponding variable (i.e., SST or rainfall anomalies).
Network links between the nodes are placed in case of a strong and statistically
significant correlation between the two corresponding time series.

We first identify continental and oceanic regions with high cross degree, i.e., a high
number network links between the SST grid cells and the continental rainfall grid cells.
We distinguish between network links representing strong positive and strong negative
correlations. Hereby, we detect spatial patterns of relevant correlations between SSTs
and continental rainfall that on average persist on inter-annual time scales and beyond
(Figure .). Considering significant positive correlations only (the significance and
the threshold is determined as described in Section ..), we find several oceanic
regions with strong correlations between their SST anomalies and rainfall anomalies
on the South American continent (Figure .a): the central Pacific, the southern
Pacific, the northern tropical Atlantic, the central Atlantic, and the southwestern and
southeastern tropical Atlantic. When taking each of them as single coherent region,
the central Pacific has high cross degrees with respect to southern South America and
Ecuador, whereas the southern Pacific exhibits high cross degrees with the eastern
Amazon and Columbia. In the Atlantic ocean, the central tropical Atlantic has a
high number of links towards the adjacent eastern Amazon, and the northern tropical
Atlantic exhibits high cross degree values towards the western Amazon (Figure .b).
Studying only significant negative correlations, three major oceanic regions with high
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Figure ..: Cross degree between monthly sea surface temperature anomalies and continental
rainfall anomalies for a, b positive and c, d negative correlations. a, c show the
cross degree of the ocean, coherent regions of cross degree are marked and assigned
to a particular color. The associated continental regions are marked in the same
color in b, d.

cross degrees can be identified: the central Pacific, the northern tropical Atlantic,
and the southern Atlantic south of 20◦S (Figure .c). Again, if we take each of them
as single coherent regions and identify their links to the continent, the central Pacific
exhibits a high number of links connected to the eastern and central Amazon, the
northern tropical Atlantic has high cross degree with the western South America,
and the southern tropical Atlantic has high cross degree with eastern South America.

In what follows, we focus on rainfall anomalies in the central Amazon basin (0◦ -
10◦S, 55◦W - 70◦W, Figure .). We neglect regions north of the equator because
of their opposite seasonality. Our approach identifies four distinct ocean regions
comprising the highest 20% of all cross degree values, among which two regions are
positively and two are negatively correlated with rainfall anomalies in the central
Amazon. For positive correlations, the highest cross degrees can be observed around
the equator in the southern tropical Atlantic (STAO) and in the southern Pacific
ocean (SPO) (Figure .a). The highest values for negative correlations are found in
the Atlantic north of the equator (NTAO), as well as in the equatorial central Pacific
ocean (CPO) (Figure .b). For the remainder of this manuscript, we will restrict
our attention to these two Atlantic and two Pacific regions and their relationship
with rainfall variability in the central Amazon basin.
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Figure ..: Cross degree between sea surface temperature and continental rainfall anomalies.
For each sea surface temperature grid cell of the Atlantic and Pacific ocean, the
cross degree towards rainfall in the Central Amazon Basin (blue box) is shown, for
a positive correlations and b negative correlations. Darker shading indicates a larger
cross degree, implying a higher number of links, and thus significant correlations with
rainfall at more grid points in the Central Amazon Basin. Red areas outline coherent
oceanic regions with a the 20% highest cross degrees for positive correlations, found
in the Southern Pacific Ocean (SPO) and Southern Tropical Atlantic Ocean (STAO),
and b the 20% highest cross degrees for negative correlations, found in the Central
Pacific Ocean (CPO) and Northern Tropical Atlantic Ocean (NTAO).
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... Temporal evolution of connectivity

Along with the general connectivity patterns identified above, understanding and
anticipating the emergence of droughts in the central Amazon basin requires a careful
analysis of the dynamic interplay between central Amazon rainfall and its potentially
controlling factors in the ocean. In order to quantify the temporal evolution of the
inter-regional connectivity, a weighted coupled network representation between SST
and rainfall anomalies is obtained individually for each month. As a measure for the
strength of this statistical relationship, we use the average cross correlation (ACC)
between all pairs of grid cells within the different regions of interest detected above,
i.e., between the central Amazon basin rainfall and SSTs in STAO, NTAO, SPO, and
CPO, respectively.

Figure . shows the time evolution of the average cross correlation for the strongest
positively and negatively correlated Atlantic and Pacific regions. For comparison,
the standardized precipitation index for a three months period (SPI) [McKee et al.,
], averaged over the central Amazon basin, as well as the Oceanic Niño index are
shown. Very wet periods and droughts in the central Amazon correspond to regional
SPI values above 1 and below −1, respectively. In particular, SPI values between 1.0
and 1.5 indicate moderately wet periods, whereas SPI values above 1.5 indicate very
wet periods. Accordingly, SPI values between −1.0 and −1.5 indicate moderately dry
conditions, and SPI values below −1.5 very dry conditions (Figure .a). El Niño or
La Niña conditions are present if the Oceanic Niño index is above 0.5 or below −0.5
for three consecutive months, respectively (Figure .d).

The temporal evolution of the average cross correlations between the central Amazon
basin and the two Pacific regions shows that there are no significant correlations during
most times (with values between −0.2 and 0.2, Figure .b). During droughts and
very wet periods, however, the average cross correlations of both Pacific regions exhibit
characteristic behaviors. For the SPO, the temporal average is ⟨ACC(SPO)⟩ = 0.07
during normal years (corresponding to an SPI of 1 > SPI > −1), but during drought
conditions (SPI < −1) it increases to ⟨ACC(SPO)⟩ = 0.11. Correspondingly, for
the CPO, the temporal average during normal years is ⟨ACC(CPO)⟩ = −0.14, but
during drought conditions it changes to ⟨ACC(CPO)⟩ = −0.20. Pearson’s correlation
coefficient ρP (Equation .) between the average cross correlation of SPO (CPO) on
the one hand, and the SPI time series on the other hand, is ρP (SPO, SPI) = −0.17
(ρP (CPO, SPI) = 0.14). The anti-correlated temporal evolution of the two average
cross correlation time series suggests a dipolar behavior between SSTs in the SPO
and CPO, and that SST anomalies in the SPO (CPO) are mostly positive (negative)
during drought conditions in the central Amazon.

For the Atlantic ocean regions, we find that the temporal evolution of the average
cross correlation between the NTAO and the central Amazon exhibits generally
negative values (Figure .c). In particular, dips occur during water shortages
(SPI < −1) in the central Amazon. The temporal average during normal times is
⟨ACC(NTAO)⟩ = −0.10, whereas during droughts it decreases to ⟨ACC(NTAO)⟩ =
−0.15. The SPI, averaged over the central Amazon, is positively correlated with the av-





.. Results

Figure ..: Past evolution of the correlation between the central Amazon basin and the identified
oceanic regions. a Standardized precipitation index (SPI) for the central Amazon
basin. High SPI values indicate wet periods (SPI > 1), while low SPI values
correspond to dry periods (SPI < −1). Droughts and wet periods are indicated in
b-d by vertical bars, whenever the threshold for moderately dry (orange) and wet
(blue) periods is crossed, respectively. Dark orange (dark blue) bars denote very
dry (very wet) conditions. In b and c, the magenta (cyan) curve indicates the time
evolution of the average cross correlation for the positively (negatively) correlated
oceanic region. b shows the average cross correlation for the two Pacific regions,
and c for the two Atlantic regions (as indicated in Figure .), respectively. For
reference, d shows the Oceanic Niño index as an indicator of El Niño and La Niña
events. If the latter index is above 0.5 (red line) for three consecutive months, we
speak of an El Niño event. If it is below −0.5 (blue line) it is a La Niña event.
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Figure ..: Comparison of the standardized precipitation index (green), the gradient between
the northern and southern tropical Atlantic ocean as defined in Figure . (blue),
and their respective average cross correlation (red). For an easier comparison the
gradient and the average cross correlation have been smoothed.

erage cross correlation between the NTAO and the central Amazon at ρP (NTAO, SPI) =
0.20. The average cross correlation between the STAO and the central Amazon, on
the contrary, is mainly zero. However, it exhibits positive correlations with the SPI
during normal years (ρP (STAO, SPI) = 0.17) and negative ones during hydrological
extremes (SPI > 1 or SPI < −1) for which ρP (STAO, SPI) = −0.17.

As reported in previous studies [Marengo and Espinoza, ], most strong El Niño
events are associated with dry conditions in the central Amazon. However, as has also
been noted in recent studies [Yoon and Zeng, , Yoon, ], ENSO variability –
while certainly playing an important role – is not sufficient to explain the occurrence
of droughts in the Amazon comprehensively. For this reason, in what follows, we will
focus on SST anomalies in the tropical Atlantic to identify possible predictors for
drought conditions in the central Amazon basin. Nevertheless, it should not be ruled
out that an additional consideration of Pacific SSTs could further improve possible
forecasts, even despite the generally low average cross correlation values indicating
low direct predictive skills. To this end, given the restricted study period with only a
few major drought events, we prefer to focus on the effect of Atlantic SSTs instead
of increasing the number of possible factors to be included, which could render a
possible statistical forecast model overdetermination.

... Early-warning indicator for droughts based on Atlantic sea
surface temperature correlation structure

As shown above, droughts in the central Amazon and strong SST anomalies in the
tropical Atlantic ocean often occur simultaneously (see also Appendix Section A.).
It has recently been suggested that droughts in the Amazon basin are in fact triggered
by a gradient emerging between the northern and southern tropical Atlantic (see
Figure .) [Marengo et al., ].

In the following we study the relationship between the SST anomalies in the two
Atlantic regions NTAO and STAO in more detail without taking rainfall into account.
We use the same approach of constructing weighted coupled climate networks as
described above, this time taking into account only the SST anomalies in the two
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Figure ..: Early-warning signal for droughts in the central Amazon basin. We compare the
time evolution of the average cross correlation of the Northern Tropical Atlantic
Ocean (NTAO) and Southern Tropical Atlantic Ocean(STAO), given by the blue
curve, with the standardized precipitation index (SPI, orange) of the central Amazon
basin. Orange dips indicate a negative SPI with a threshold for severely dry periods
(SPI < −1.5, dotted red line). We expect a drought event within the following one
and a half years whenever the average cross correlation between NTAO and STAO
SST anomalies falls below an empirically found threshold of −0.06. Green circles
indicate a matching forecast based on the Atlantic SST correlation structure, with
one false alarm in 2002 indicated by a grey circle, where the threshold is crossed
but no drought took place in the direct aftermath. The average cross correlation is
smoothed.

regions of interest. Figure . shows the temporal evolution of the average cross
correlation between NTAO and STAO. Generally, this average cross correlation is
positive, indicating that the SST anomalies in both Atlantic regions proceed largely
in phase. However, prior to drought events, the average cross correlation typically
decreases and becomes negative, indicating that SST anomalies in the NTAO and
the STAO develop a dipolar relationship. This signal precedes the SPI of the central
Amazon basin by about one year. It is especially true for strongly negative SPI values.
Along with the occurrence of a drought in the central Amazon, the average cross
correlation between the two tropical Atlantic regions reaches its local minimum. Thus,
during a drought, the dipole between the NTAO and the STAO reaches its maximum
strength, before diminishing again in the aftermath. We emphasize that this dipole
is associated with, the gradient of the two Atlantic regions that has been proposed to
cause droughts in former studies [Marengo et al., ]: During the development of
the dipole, SST anomalies in the two regions develop in opposite directions, leading
to an increased gradient between the two regions (Figure .). Note that the average
cross correlation should not be considered the same as the gradient.

To establish an early-warning method for droughts in the central Amazon basin,
we focus on the emergence of the oceanic SST dipole pattern between the NTAO
and the STAO. Specifically, we expect a shortage in rainfall within the following one
and a half years whenever the average cross correlation between the NTAO and the
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Figure ..: Comparison of the standardized precipitation index (SPI, blue) and the average
cross correlation between the two Atlantic regions (NTAO and STAO, red). The
SPI is only plotted for wet periods (SPI > 1.0). Above the blue line (SPI > 1.5), we
can call the events a severe flood. During most floods the average cross correlation
is neutral or even positive. The average cross correlation is smoothed.

STAO becomes negative. The peak of the drought occurs around the time when
this correlation reaches its minimum. Empirically, crossing a threshold at −0.06
from above is found to provide the optimal early-warning signal of a drought event
based on the considered study period and data sets (see Section .. for further
discussion). For the time period between 1981 and 2016, in which high quality rainfall
data are available, the SPI indicates seven severely dry periods (i.e., SPI < −1.5)
in the Amazon basin. Out of these seven droughts, our method is able to correctly
hindcast six (all but the one taking place in 2005), but we would have also issued
one false alarm in 2002. This leads to a Heidke Skill Score of 0.82, where a score of
0 corresponds to the skill of a random forecast, and a score of 1 indicates a perfect
forecast [Wilks, ]. Because it occurred at the very beginning of the study period,
we did not include the drought of 1983 in our analysis (as we do not know whether
the average cross correlation had crossed the threshold before). Note that droughts
which occur in close succession are counted as one, e.g. 1991 − 1992 and 2009 − 2010.
Furthermore, all droughts except the one in 1995 occurred within one year after the
threshold was crossed, while the one in 1995 occurred only after one and a half years.

During very wet periods in the central Amazon basin, we often observe a positive
SST gradient the NTAO and the STAO (Figure .). Related to this, the average
cross correlation between these two Atlantic regions is close zero or even positive
during such periods (Figure .). In this spirit, we find indications that shortly
before very wet anomalies, the dipole diminishes and the SST anomalies of two
Atlantic regions rather vary in phase. The fact that this behavior appears less regular
and taken alone is more unreliable for establishing a robust early-warning, suggests
that the mechanisms leading to the occurrences of very wet conditions are more
complex. The formation of extensive positive rainfall anomalies depend on additional
parameters, such as the orography, ENSO, and other atmospheric processes. Given
that the relationship is more concise for dry conditions in the Amazon, we focus on
an early-warning of droughts in this study.
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Figure ..: Robustness of the early-warning threshold. a Temporal evolution of the average
cross correlation (blue line) and strength of droughts according to the standardized
precipitation index (orange spikes). The optimal early-warning threshold is −0.06,
independently determined for the first (magenta) and the second half (cyan) of the
time series. The ranges in which the Heidke Skill Score attains its maximum value
for the two parts of the time series are plotted. b, c The HSS is calculated for a
range of thresholds ranking from −0.3 to 0.3 for the Atlantic SST average cross
correlation. b shows the HSS for the two halves of the time series separately, as
defined in a. c displays the HSS calculated for the entire time series.
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... Forecast score

In order to obtain a robust forecast threshold, we divide the time series of average cross
correlation between the NTAO and the STAO into two equally sized halves, the first
from 1983 to 1999, and the second from 2000 to 2016, containing four and three of the
observed drought periods, respectively, as shown in Figure .a, b (see also Appendix
Section A. for further discussion). For the first half, any threshold between −0.1 and
−0.06 leads to a Heidke Skill Score of HSS = 1.0, corresponding to a perfect forecast.
For the second half, the highest score (HSS = 0.64) is obtained for thresholds within
the range between −0.07 and −0.03. Here, the deviation from optimality arises due
to a false positive drought detection in 2002 and the false negative drought detection
in 2005. The optimal thresholds for the two parts of the time series are thus very
similar, which demonstrates that the proposed threshold used for the early-warning
is robust. Note that a formal training and testing of our forecasting scheme based on
the considered data is not feasible given the rather short time span. In Figure .b, c,
we show the Heidke Skill Score, computed for the complete time series, as a function
of the threshold. The optimal forecast (HSS = 0.82) is obtained at a threshold of
−0.06, but for thresholds within a range of −0.19 to −0.03, we still obtain relatively
high skill scores (HSS > 0.6).

To statistically test the consistency of the early-warning threshold, Figure .a, b
shows the results obtained from cross-validation. Here, three out of seven droughts
are chosen randomly and the best threshold for a drought forecast is determined
based on these events only. This threshold is then used for the early-warning of
the remaining four droughts, and the associated HSS is calculated. We repeat
this procedure for all combinations of droughts. All possible thresholds lead to a
comparably good HSS, indicating that the threshold is robust. In addition, Figure .c
shows the corresponding receiver-operator characteristic (ROC) curve. The ROC
curve shows the relation between true and false positive rates as the forecast threshold
is systematically varied. We find that all reasonable thresholds would provide a
good forecast. This affirms that a dipole emerging between the two Atlantic regions
presages droughts (within 1.5 years) in the Amazon. The specific choice of the
threshold of the average cross correlation is robustness with a very high statistical
forecast skill.
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Figure ..: Robustness of correlation threshold. a, b Three out of seven droughts are chosen
randomly and the best threshold for a drought forecast is determined. This threshold
is then used as forecast indicator for the remaining four droughts and their Heidke
Skill score is calculated. We repeated this procedure 1000 times. a shows the
resulting distribution of the threshold, while b shows the corresponding Heidke Skill
Scores. c illustrated the Receiver-operator characteristic curve. The plot show the
true positive rate of the forecast versus the false positive rate when continuously
changing the threshold −0.2 to 0.0 (meaningful correlation threshold). The color
strength of the blue dots illustrates how often a combination occurred. The red
line illustrates the expected curve for random guesses. Everything below the red
line is worse than a random guess, everything above is better. A dot in the upper
left corner would represent a perfect classification.

.. Discussion

We have developed a novel forecasting scheme for droughts in the central Amazon
basin, taking solely SST anomalies in the tropical Atlantic into account. Although
regression analyses between tropical Atlantic SSTs and rainfall in the Amazon have
been performed before [Yoon and Zeng, ], an early-warning method has – to our
knowledge – not been introduced so far.

The essential background for establishing a reliable drought forecasting scheme
has been provided by the detection of influential SST patterns. For the Amazon
basin, most studies suggest that particularly high SST anomalies in the northern
tropical Atlantic ocean could trigger droughts in the Amazon. Often, this phenomenon
co-occurs with an El Niño event (e.g. [Fu et al., , Marengo and Espinoza, ,
Yoon, ]). Corroborating the well-known impact of ENSO on rainfall anomalies
in tropical South America, we also observe anomalies in the correlation structure
between rainfall in the central Amazon and the CPO whenever hydrological extremes
occur. Note, the CPO region that we have identified in this study is similar to the
area upon which ENSO indices are typically defined.

We find that rainfall anomalies in the central Amazon are positively correlated
with SST anomalies in the STAO and negatively correlated with the ones in the
NTAO. A strong average cross correlation between SST anomalies in the NTAO and
rainfall in the Amazon basin is observed especially during drought episodes, which
is a consequence of the strong influence of SST anomalies in the NTAO on rainfall
sums over the South American continent [Yoon and Zeng, ]. Anomalously warm
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SSTs in the NTAO shift the ITCZ northward and thereby reduce above average
rainfall sums in the central Amazon [Moron et al., , Enfield, , Ramos et al.,
]. The influence of the STAO is not as distinctive as for its northern counterpart.
However, we observe that very wet conditions in the Amazon basin typically co-occur
with strong correlations with SST anomalies in the STAO. This is in agreement with
previous studies suggesting that anomalously warm SSTs in the STAO are responsible
for floods in the Amazon. Contrarily, anomalously cold SSTs in the STAO have been
reported to be associated with droughts in the Amazon [Uvo et al., , Marshall
et al., , Ronchail et al., , Chen et al., , Fernandes et al., ]. However,
this coherence is only reported in conjunction with opposing SST anomalies in the
NTAO.

Most previous studies have considered the tropical Atlantic and Pacific as well as
the Amazon basin as study regions in their entirety. However, this viewpoint likely
leads to a loss of sensitivity due to the spatial averaging of data from regions affected
by essentially different climate variability patterns. The average cross correlation, in
contrast, is more susceptible to small changes in the interplay between the regions
under investigation.

The early-warning method proposed is solely based on the interactions between
SST anomalies in the northern and southern tropical Atlantic ocean (NTAO and
STAO). A decrease of the average cross correlations between these two regions below
zero indicates the development of an SST dipole between them. The establishment of
this dipole provokes a northward shift of the ITCZ position, causing reduced rainfall
amounts and ultimately droughts in the central Amazon. The relationship between
the dipole formation and subsequent drought occurrences in the central Amazon is so
distinct that an early-warning system with high predictive skill can be established on
this basis.

While this study focuses on the correlation pattern between the two Atlantic
regions, this does not imply that we disregard the large-scale impact of El Niño
events on droughts in the Amazon. Both El Niño and La Niña events are associated
with strong SST anomalies in the Pacific ocean, which have in turn been found to
induce significant SST anomalies in the NTAO [Yoon and Zeng, , Ramos et al.,
]. This could be the reason why including the average cross correlations between
the two Pacific regions identified above would not significantly improve the forecast
skill. When studying the average cross correlation between the two Pacific regions
(Appendix Figure A.), we observe that during droughts in the Amazon, the dipole
between the two Pacific regions typically weakens. Note that this is not the case during
the false alarm in 2002. However, there is no indication that interactions between
the two Pacific boxes are influencing rainfall in the central Amazon. Moreover, the
triggering of floods and droughts by ENSO events are probably only the result of the
warming or cooling of the ENSO box itself [Marengo and Espinoza, ].

Regarding our missed hindcast of the drought in 2005, we note that the SPI
exhibited values between −1 and −1.5 for a considerable time interval before it
finally dropped below −1.5 in 2005 indicating the drought onset. Considering this
time as a prolonged build-up phase of drought conditions, the early-warning signal
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observed in 2002 and attributed to a false alarm could in fact be linked to the drought
2005. Future work should examine the specific conditions associated with the 2005
drought to support or falsify this hypothesis and further unveil the associated specific
climatological processes.

We emphasize that the inclusion of other covariates, like characteristic SST patterns
in the tropical Pacific or relevant patterns in other climate variables, could potentially
improve the obtained forecasting scheme even further. Developing and testing corre-
sponding more complex schemes would, however, require the consideration of much
longer reliable data sets of SST and continental rainfall. We outline corresponding
further extensions of the present work as a subject of future studies.

While we focus here on the prediction of droughts in the central Amazon basin,
the introduced method can presumably be applied as well to other regions where
seasonal precipitation extremes are mainly triggered by SST anomalies.







Chapter .

Effect of rainfall variability on the
resilience of the Brazilian Amazon
basin in face of climate change

After having discussed the origin of droughts in the Amazon, in this chapter we turn
to the effect of recurrent droughts on vegetation in the Amazon basin. Therefore,
we analyze the effect of long-term rainfall variability on shaping the resilience of
tropical forest and savanna, to further evaluate how this effect may influence the
response of vegetation to future changes in mean annual precipitation. Rainfall
variability comprises seasonality and inter-annual variability as an indicator of how
much vegetation is exposed to water stress in a particular region. We classify
four different rainfall variability zones to distinguish between very low to very high
variability. In order to be able to quantify the resilience in each zone, we construct
potential landscapes using observed tree cover and mean annual precipitation data.
These potentials capture the dynamics of the underlying system. With this at hand,
we can estimate the volume of each potential well as a quantitative representation of
the resilience of each combination of rainfall variability and mean annual precipitation
range. Moreover, we can compare the resilience of the different variability zones and
explore the overarching, long-term effect of rainfall variability on tropical vegetation
resilience.

This chapter is based on the associated publication P5. The sections hereafter
closely follow this publication. Supplementary material for this chapter can be found
in Appendix B.

.. Introduction

The Amazon rainforest has been projected to be at risk of a large-scale dieback under
future human influences and global climate change [Malhi et al., , Rammig et al.,
, Huntingford et al., ]. Already a partial forest dieback could cause a severe
reduction in CO2 uptake and hence a vast decline in global carbon storage [Rowland
et al., , McDowell and Allen, ]. This may, through a positive feedback,
lead to a further acceleration of global warming [Cox et al., ]. The resilience of
the Amazon rainforest and its future development are crucial to the discussion on
climate mitigation and adaptation [Holling, , Gunderson, , Staal et al., ].
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Climate model projections suggest more prolonged droughts in the Amazon basin
in the future [Phillips et al., ]. Since the forest is highly dependent on water
availability [Hilker et al., , Xu et al., ], the prolonged droughts are likely to
increase water stress, tree mortality and fire risk [Anderegg et al., , Flores et al.,
]. The projected changes in climate thus strongly favor transitions from forest to
savanna states, which are less sensitive to water storage. For a further introduction
to the South American climate see Chapter .

.. Data

For our analysis, the used mean annual precipitation (MAP) values and long-term
rainfall variability are derived from the CRU TS3.24 for the years 1961 – 2012
(Climate Research Unit’s high-resolution monthly data) [Harris et al., ]. The
spatial distribution of the average MAP is shown in Figure .a. It is a state-of-the-art
rain gauge product from meteorological stations, interpolated to a regular grid of
0.5◦ × 0.5◦ resolution. The spatial distribution of the average MAP of the CRU data
set mostly overlaps with the Tropical Rainfall Measuring Mission data set. For a
detailed comparison see Appendix Section B. and Appendix Figure B.. The tree
cover (T) data are retrieved from the continuous tree cover distribution MOD44B,
at 500 m resolution for the year 2012 of the MODIS (Moderate Resolution Imaging
Spectroradiometer)/Terra vegetation continuous fields) data set [Hansen et al., ].
As pointed out in previous studies [Hanan et al., , Staver and Hansen, ,
Hanan et al., , Gerard et al., ], the tree cover data set has its limitations for
very low tree cover (T < 10%). Therefore, this study excludes desert-like climatic
areas (defined as MAP < 300 mm/yr) from the analyses. We classify areas with tree
cover percentages above 70% as forest and between 5% and 25% as savanna. For
validation we compared the spatial distribution of the MODIS tree cover with an
additional land cover data set from the Instituto Brasileiro de Geografia e Estatistica
(IBGE) [Brazil, ]. The IBGE data set classifies land cover types. By comparing
the IBGE classification of forest and savanna (natural pasture and shrubland) with
our assignments, we can see that they are in accordance (see Figure .b for the tree
cover fraction and Figure .a for spatial distribution of the vegetation types). To
verify the assumption that the above stated tree cover amounts resample savanna
and forest, we compare the tree cover in all regions classified as savanna (forest)
by the IBGE data set. The tree cover distribution in the savanna classified regions
shows a distinct peak at 15%, whereas the tree cover distribution of the forest regions
exhibits a sharp peak at 80% tree cover (Figure .b, c, for a spatial comparison see
Appendix Figure B.). In order to guarantee an unbiased analysis, all regions that
are significantly affected by human land use, as derived from the IBGE data set, are
excluded from the analyses (see Figure .)a for an illustration of the human affected
areas.)

For the assessment of future MAP, we consider MAP changes under the RCP
(representative concentration pathways [Van Vuuren et al., ]) future emission
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Figure ..: Overview of the study area. Spatial distribution of a average mean annual precipita-
tion (MAP) and b tree cover. b Large coherent regions of rainforest (approximately
75% tree cover) can only be found in northern Brazil, whereas in the southern part
savanna (approximately 15% tree cover) dominates. White areas in the study region
indicate land use and other human activities. These areas, as well as desert-like
regions (with MAP < 300 mm/yr) are excluded from the analyses (figure taken
from [Ciemer et al., ]).

Figure ..: Vegetation distribution. a Map of vegetation types. In north-west Brazil mainly
forest is found, whereas in the south-east natural pasture and scrubland is dominant.
The southern natural vegetation is largely disturbed by human influences. For
our analyses, we group natural pasture and scrubland as savanna. The forest and
savanna areas classified by IBGE. b, c The distribution of tree cover is shown
separately for savanna and forest regions, as classified by the IBGE land cover/use
data set for the year 2012. b For regions classified by the IBGE data set as natural
pasture and scrubland (combined as savanna), the MODIS data set shows a peak of
a tree cover percentage around 5 - 15%. c regions classified as forest have mostly
a tree cover percentage of around 70 - 85% (figure adapted from [Ciemer et al.,
]).
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scenarios, as projected by the global climate models GFDL-ESM2M, HadGEM2-
ES, MIROC-ESM-CHEM, IPSL-CM5A-LR and NorESM1-M. We took the gridded
climate data from the ISIMIP Fast Track input-data catalogue [Hempel et al., ,
Warszawski et al., ]. The original data were retrieved from the CMIP5 archive
and bias-corrected for the CRU precipitation data set [Hempel et al., ]. We used
the median of the five models for all analyses.

.. Methods

In the following a detailed description of the methods used in this chapter is given.
For an introduction of the applied methods see Section ..

... Variability analysis

We compute the long-term inter-annual variability from the CRU precipitation data
set and quantify the seasonality by the Markham seasonality index for each grid cell
[Markham, ]. For an illustration of the spatial distribution of the inter-annual
variability and seasonality see Figure .. In the tropics, the precipitation is high and
equally distributed over the year. The annual precipitation does not vary much from
year to year. In the subtropics, however, where MAP is lower, the relative deviation
from precipitation is generally higher. Additionally, the seasonality increases.

The seasonality and inter-annual variability are combined into one measure of
overall long-term rainfall variability on the basis of a principal component analysis
(PCA) yielding one value for each grid cell (for an introduction to PCA see Appendix
Section B.). We studied the spatial coherence between MAP and the two components
of rainfall variability. The Pearson’s correlation (Equation .) between seasonality
and rainfall amounts is −0.61, whereas the inter-annual variability and rainfall
amounts shows a correlation of −0.58. Hence, on average the higher the rainfall
amount the lower the variability. We emphasize that we quantify resilience as a
function of both MAP and rainfall variability. As expected, both variability parameters
are strongly negatively correlated to the amount of MAP. The Pearson’s correlation
coefficient between seasonality and inter-annual variability is 0.33. Although they are
both negatively correlated to MAP, they do not necessarily show a similar behavior.

Variability zones

The study area is categorized into four variability classes. For rainfall variability:
first, negative values of the PCA-derived variability are assigned to lower variability
and positive values to higher variability. These two classes are further subdivided at
their respective medians, in order to obtain four rainfall variability classes, ranging
from very high (50th to 100th percentile) to high (0th to 50th percentile) rainfall
variability for positive PCA values, and from low (0th to 50th percentile) to very
low (50th to 100th percentile) rainfall variability for negative PCA values. This
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Figure ..: Spatial distribution of a seasonal and b inter-annual rainfall. a Regions with strong
seasonality are found at higher latitudes, whereas almost no seasonality is observed
around the equator. Close to the Andes seasonality is slightly lower than in the
surrounding areas. b In contrast, inter-annual variability is particularly high in the
savanna regions of south-eastern Brazil, where the annual precipitation deviates
from its long-term mean by up to 30%. The overall rainfall variability is derived
from these two measures using principal component analysis (figure taken from
[Ciemer et al., ]).

classification is used to determine the long-term rainfall variability zones used in this
study.

For the classification of the variability zones taking seasonality and inter-annual
variability separately into account: we divided the data in four equally sized partitions
by computing the 25th, 50th, and 75th percentiles. Values below the 25th percentile
are considered as very low variability, values between 25th and 50th percentile as low
variability, between 50th and 75th percentile as high, and above the 75th percentile
as very high variability. The resulting variability zones for inter-annual variability,
seasonality, and rainfall variability are illustrated in Figure ..

... Potential landscape

For the estimation of the stability of the savanna and the forest state for different MAP
ranges, we construct a potential landscape using vegetation-precipitation data. A
characteristic potential for each MAP value can be derived from the corresponding tree
cover distribution using its probability density function as introduced in Section ..
[Livina et al., , Hirota et al., ]. For this purpose, an underlying stochastic
dynamical system of the form

dx

dt
= −U ′(x)dt + σΓ(t) (.)

is assumed. Here, x denotes the tree cover fraction, U is a potential, and Γ(t)
represents a white noise forcing with noise level σ.
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Figure ..: Spatial distribution of a inter-annual variability, b seasonality, and c rainfall variability.
Each type of variability is divided in four different groups, i.e. very low, low, high,
and very high, as described in Section ... The hatched areas illustrate the arc of
bistability, i.e. regions with precipitation regimes in which both forest and savanna
can be sustained (1300 mm/yr < MAP < 2100 mm/yr, figure adapted from [Ciemer
et al., ])

In an early study, where the potential landscape of a climate system is assessed
from data, it has been shown that the potential can be estimated by a polynomial
[Ditlevsen, ]

U(x) = ΣL
i=1aix

i , (.)

with L being even and the leading coefficient aL is positive for the stationary solution
of Equation . [Livina et al., ]. As L determines the number of states, a higher
L leads automatically to a more complex system.

For the case at hand, we estimate the potential in dependence of the MAP. For
different values of MAP, the potential U exhibits different shapes with changing
numbers of stable states (Figure .). For the different MAP values m, the potentials
Um are derived the following way: we first determine probability density functions
of tree cover fractions separately for the different MAP values. This is achieved by
means of a Gaussian kernel density estimation with bandwidth of [Silverman, ]

b = 1.06s/n1/5 , (.)

where s denotes the standard deviation of the subset of tree cover data corresponding
to the different MAP values, and n the number of tree cover data points in this
subset. In order to assure a sufficient number of tree cover values for each MAP value,
we take all tree cover values in a range of 150 mm/yr around the considered MAP.
Thereafter, we compute the potentials Um from the estimated probability density
functions pm(x) via the identity

Um(x) = −σ2

2 log (pm(x)) , (.)

which can be derived from the corresponding Fokker-Planck equation (Section ..).
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Figure ..: Example potential and distribution of tree cover in dependence on mean annual
precipitation (MAP) from where the potentials are constructed for each MAP
range. a Conceptual figure illustrating different stability properties. Changes in the
climatic boundary conditions may cause vegetation to transition from rainforest
(approximately 75% tree cover) to savanna (approximately 15% tree cover) and
vice versa. The grey curve shows the potential wells for the two vegetation states.
To quantify the stability of the vegetation state, different measures have been
introduced previously. As an overall measure for the stability of the vegetation
state, the resilience R is introduced based on the volume of the potential well. A
potential well can be constructed for each MAP value. b Distribution of tree cover
in dependence on MAP. The darkness of the color indicates the frequency of a
particular combination. The light blue solid line highlights combinations which are
very common (stable states). For example regions with a MAP of 2300 mm/yr
(green dotted line) exhibit almost only high amounts of tree cover (approximately
80%), whereas regions with a MAP of 1900 mm/yr (dark blue dotted line) have
either a high amount of tree cover or a low amount (approximately 15%, figure
adapted from [Ciemer et al., ]).

The potential Um is scaled by the internal noise level σ. Due to the lag of long-term
tree cover data, an accurate estimation of σ is not possible. This is litigable for the
case at hand, since we are only interested in a relative comparison. In order to assure
that the potentials do not depend directly on the specific choice of the study area,
a Monte-Carlo sampling is performed. The presented results are averages over 100
Monte-Carlo samples, each containing 10, 000 uniformly randomly chosen data points
from the corresponding rainfall variability zone. The entire data set contains around
2, 000, 000 data points in total.

... Stability measures

In order to quantify different aspects of the stability of a vegetation state, various
measures have been introduced, which are mainly based on the width w and depth d
of the potential well corresponding to the considered vegetation state (Figure .a).
The width is defined as the horizontal distance from the stable (unstable) to the
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unstable (stable) fixed point. Analogously, the depth is determined as the vertical
distance between these two points. The three measure, width w, depth d, and the
Lyapunov stability, which is defined as the local Lyapunov exponent at the fixed
point, are usually considered for estimating the stability of a system. We describe
the measures in Section .. and illustrate them in the Figures .a and ..

All of these measures are limited to specific aspects characterizing the stability of
the system state. By considering the two-dimensional volume of the potential well in
question, we combine these different aspects into one global measure of vegetation
stability, which we call resilience R: For both savanna (s) and forest (f) states, we
define their Resilience Rs/f as the volume of that part of the corresponding potential
well that lies between the respective stable fixed point (T ∗

s and T ∗
f , respectively) and

the unstable fixed point (T̃) separating the two wells (cf. shaded areas in Figure .a).
Formally, for tree cover denoted by T and potential Um: For savanna

Rs =
∫ T̃

T ∗
s

dT
[
Um(T̃ ) − Um(T )

]
, (.)

and for forest

Rf =
∫ T ∗

t

T̃
dT

[
Um(T̃ ) − Um(T )

]
. (.)

Rs/f is related to the mean first passage time of the associated Fokker-Planck equation
(Section ..) [Gardiner, ]. It thus provides a general and intuitive measure of
vegetation stability in terms of the time the system will stay inside the respective
potential well, when exposed to external, noisy perturbations. Therefore, Rs/f suits
as an approximation for the stability of the system’s state in question, in particular
against abrupt disturbances such as droughts or fires, but also continuously changing
external conditions such as global warming and associated changes, e.g., in rainfall
frequency.

.. Results

In this section, we estimate the effect of long-term rainfall variability on shaping the
resilience of tropical forests and savannas, to further evaluate how this effect may
influence the response of tropical vegetation to future rainfall changes as predicted
by the IPCC [Barros et al., ].

Distinct vegetation states are dominant for particular MAP ranges. Figure .b
shows the distribution of tree cover in dependence on the MAP. We can observe that
two combinations are favorable – a high amount of tree cover (around 80%) with a
high MAP (1300 mm/yr < MAP) and a low amount of tree cover (around 15%) with
a low MAP (MAP < 2100 mm/yr). For precipitation levels above 2100 mm/yr, the
natural vegetation is almost exclusively lowland tropical forest, while savanna with
sparse tree cover dominates regions with precipitation values below 1300 mm/yr. For
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values in between these bounds (1300 mm/yr < MAP < 2100 mm/yr), both, forest
and savanna, can be maintained. In this bistable precipitation range, shifts from
forest to savanna state can be triggered by pulse-like disturbances such as extreme
droughts and fires, while a shift from savanna to forest state is smooth.

To explore the overarching, long-term effect of rainfall variability on tropical
vegetation resilience, we determine distinct climatic regions for tropical Brazil, based
on seasonality and inter-annual variability of rainfall as explained in Section ... For
comparability and simplification, we divide seasonality, inter-annual variability as well
as rainfall variability into four classes, i.e. very low, low, high, and very high variability.
This leads to the spatial distribution of the three variability classifications shown in
Figure .. In case of rainfall variability, Figure .c shows that northwestern Brazil,
including the remote part of the Amazon rainforest, shows relatively low rainfall
variability whereas precipitation varies more strongly in eastern Brazil and close
to Bolivia and Venezuela, both intra- and inter-annually. In general, the extremes
of the spectrum, i.e., very high and very low long-term rainfall variability, occur
only in regions covered completely by either forest or savanna. Because we aim to
identify critical transitions between the two vegetation states, we focus on areas
with intermediate long-term rainfall variability. These areas mostly overlap with the
bistable MAP regime.

Accurate, high-resolution tree cover data such as the satellite-derived MODIS data
set MOD44B exist only since the year 2000. Therefore, a direct estimation of the
dynamics of vegetation states, including shifts from rainforest to savanna, is not
possible. We circumvent this problem by assuming that the temporal dynamics can
be estimated from spatial samples. Using this method, we are able to associate
different MAP regimes with specific states of tree cover fraction in the Amazon
basin. From this relationship we obtain a probability distribution that allows us
to estimate a potential landscape with stable and unstable vegetation states. For
illustration, Figure . shows the tree cover distributions for fixed amounts of MAP.
In Figure .a we observe only a savanna state, while with an increasing amount
of MAP a second state – the forest state – arises (Figure .b,c). In case of a high
MAP the savanna state vanishes and only a sharp peak at high tree cover remains
(Figure .d). The main idea behind this approach is that the probability distribution
reflects the balance of the studied system’s stochasticity, with the tendency to return
to underlying attractors. The method of space-for-time substitution is not suitable
for all types of systems. However, a former critical study [Ratajczak and Nippert,
] concludes that the method captures accurately the savanna-forest bistability
[Hirota et al., ]. Additionally, we assume that the Amazon vegetation is overall
in equilibrium with current climate. This is based, on the one hand, on paleoclimatic
evidence suggesting that the Amazon has persisted at least over the past 90, 000 years
[Mosblech et al., ]. On the other hand, little variability in the spatial distribution
of vegetation states can be observed from the short observational records that are
available [Hansen et al., ]. This implies that the distribution of vegetation states
in the Amazon has not yet shown substantial responses to the anthropogenic climate
change of the past 150 years. Furthermore, Monte Carlo sampling is used to obtain
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Figure ..: Tree cover distributions for defined mean annual precipitation values. Exemplary,
tree cover distributions for constant mean annual precipitation values (with a
deviation of 100 mm/yr) are shown with their corresponding fitting function (red
line). The green scattered line corresponds to the local minimum of the distribution
and is taken as boundary between forest and savanna states. a low amount of mean
annual precipitation, only savanna state exists, b,c bistable precipitation regime
where both states are possible, but with different probabilities for each state. d
Mean annual precipitation range where only forest can be found (figure taken from
[Ciemer et al., ]).

ensembles that are not biased by the specific spatial selection.
For the evaluation of the resilience of vegetation, the vegetation–precipitation

distribution is analyzed, shown in Figure .a for the entire study area and Figure .b-
e for the different variability zones. It can be observed that some combinations of
tree cover fraction and MAP are very common, whereas others are rare or not
present. Similar to earlier studies, we conclude that common combinations are more
favorable and thus form a stable state. Combinations which are hard to find might
be disadvantageous and hence form an unstable state. For the physical quantification
of those states, we construct a potential landscape from the probability density
distribution as exemplary shown in Figure .. To define stable regimes and quantify
the stability, we use these distributions to construct a potential for each MAP range.

For some areas, bimodality in tree cover distributions indicates at potential bista-
bility. We calculate the probability density functions of the tree cover fractions for
distinct MAP values. For different values of MAP, the distributions exhibit either one
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Figure ..: Distributions of tree cover versus mean annual precipitation for the different rainfall
variability regions. a Distribution of tree cover versus mean annual precipitation for
the entire study area of tropical Brazil, b for very low variability, c for low variability,
d for high variability, and e for very high variability regions. For definition and
locations of the rainfall variability regions see Figure .c (figure taken from [Ciemer
et al., ]).
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or two maxima, corresponding to savanna (with tree cover fraction of 5 - 20%) and
forest (with tree cover fraction around 70 - 85%), respectively. From each probability
density function, we derive the respective potential wells. That, together with as-
sumptions about natural fluctuations in the tree cover, is an alternative description of
the information contained in the probability density function. The potential’s minima
correspond to maxima of the probability distribution and represent stable vegetation
states, i.e. stable fixed points. Potential wells represent the domain of attraction for
a given stable state, i.e., they show how much oscillation and perturbation a system
can absorb without transitioning to an alternative state [Scheffer and Carpenter,
]. In our case, collapse may occur if perturbations such as fires, extreme droughts,
or deforestation push forest ecosystems across the unstable fixed point (i.e., the
potentials maximum in-between the minima) towards the savanna state. To ensure
that the shape of the potentials do not depend on the particular spatial sample region,
we estimate an ensemble of potentials from Monte Carlo sampled subsets of grid cells
from the study area.

Various measures have been introduced to estimate the resistance and recovery rate
of vegetation [Walker et al., ]. Theoretical work on general dynamical system
stability mainly focuses on local measures such as the Lyapunov stability [Walker
et al., ]. Recently, this has been complemented by the global concept of basin
stability [Menck et al., ], which estimates the width of the considered potential
well. Figure . shows the different stability measures calculated for the potential
well in question for the savanna and the forest state, respectively. The measures are
illustrated in Figures .b and .a. The potential wells’ width or latitude quantifies
the maximum disturbance (e.g., due to fire or deforestation) such that the system
can still return to its initial state [Walker et al., ] as shown in Figure .a, b.
Figure .c, d illustrates the depth, also referred to as the resistance to perturbations
[Walker et al., ]. The local Lyapunov stability [Mitra et al., ], as shown in
Figure .e, f, is defined here as the local Lyapunov exponent at the respective stable
fixed points. It quantifies the ability of a state to generally resist to perturbations.

However, in order to fully assess the resilience of a vegetation state, the width
in combination with the depth of the well needs to be taken into account. For this
purpose, we define the volume of the considered potential well, measured from its
deepest point to the boundary with the alternative potential well, as the resilience
R of the vegetation state, for illustration see shaded areas in Figure .a. It can
be shown that the resilience R, defined in this way, is related to the mean first
passage time [Gardiner, ], which provides an intuitive interpretation in terms of
the time the system will stay in a given vegetation state when exposed to external
perturbations. This definition of resilience thus integrates the above, previously
introduced measures into a global measure of vegetation stability, with respect to
pulse-like disturbances such as extreme droughts or fires, but also to continuously
changing external conditions, such as the projected higher frequency of droughts in
the future. To differentiate between different shapes of the basin of attraction and
to interpret the results consistently, the individual components of our measure of
resilience should be used separately.
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Figure ..: Potential of tree cover fractions for different precipitation regimes. For the study
area, the potentials are derived for different MAP levels for a lower and b higher
long-term rainfall variability. In regions where MAP is below 1300 mm/yr, only
savanna is found, while for MAP exceeding 2100 mm/yr, only rainforest exists.
Between these limits, in the bistable regime, both vegetation states can occur. An
ensemble of potentials based on Monte Carlo sampling is shown for each MAP
value (figure taken from [Ciemer et al., ]).

Focusing on the overall resilience R, we find in Figure .a, b that the resilience of
both, forest and savanna, is strongly modulated by rainfall variability: in the bistable
MAP range, where both savanna and forest can exist, the potential wells are overall
wider and deeper in regions where higher rainfall variability occurs. This indicates
the prevalence of a compensation mechanism that increases resilience in places where
vegetation is embedded within a more variable rainfall environment. Higher rainfall
variability may increase tree cover resilience because it potentially drives the selection
of vegetation adaptive traits (e.g. traits conducive to higher drought resistance). In
other words, higher rainfall variability might be acting as a strong environmental
filter on vegetation properties, exerting a “training effect” towards higher resilience.
The resulting resilience for all rainfall variability zones are shown in Figure ..

The processes, determining such increments in resilience, are not yet fully un-
derstood but are likely linked to functional characteristics of the vegetation. Field
measurements at sites in South and Central America, for example, yield a significant
positive correlation between vegetation drought sensitivity and total precipitation
amounts [Engelbrecht et al., , Esquivel-Muelbert et al., b,a]. In addition,
more drought-resistant seedlings are dominant in drier regions of the tropics [Poorter
and Markesteijn, ]. At the local scale, Amazon forests, under more stable hydro-
logical conditions and with more constant access to the water table, tend to invest less
in hydraulic safety and are more drought-sensitive. This suggests that environmental
conditions shape the vegetation over the course of centuries [Rogers et al., ,
Cosme et al., ]. This environmental filtering [Walker and Salt, ] mechanism,
favoring more drought-resistant taxa, may explain the overall increase in resilience
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Figure ..: Overview of different stability measures. The left column shows the respective
measures for savanna regions, the right column for forest regions. a, b The latitude,
i.e. the potential wells’ width. c, d The depth, e, f the local Lyapunov stability.
For illustrations of the measures see Figure .b. The two sigma bands indicate the
uncertainty range derived from Monte Carlo sampling (figure adapted from [Ciemer
et al., ]).
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Figure ..: Dependence of the resilience on mean annual precipitation (MAP) divided into
long-term rainfall variability regimes for a savanna and b forest regions. It
is distinguished between very low, low, high, and very high long-term rainfall
variability. In very low rainfall variability regions almost only high tree cover can
be found with high MAP. In contrast, very high variability regions exhibit mostly
low tree cover with comparatively low MAP. Both categories are rarely present in
the bistability rainfall regime (figure taken from [Ciemer et al., ]).

under higher rainfall variability regimes that we detect for both forest and savanna
(Figure .).

We further separate the impact of the two parameters forming rainfall variability,
i.e. seasonality and inter-annual variability (Figure .). Seasonality in the study
region generally increases along a northwestern-southeastern diagonal, and is low
along the coastline (Figure .d). On the other hand, the spatial distribution of the
inter-annual variability shows lower values in the central Amazon, increasing towards
eastern Brazil (Figure .g). The effect of a change in seasonality on the resilience
of savanna is marginal (Figure .e), whereas low seasonality favors more resilient
forest (Figure .f). On the contrary, the inter-annual variability, has an enhancing
effect on the resilience of both savanna and forest (Figure .h, i). The contrasting
effects of seasonality and inter-annual variability on forest can be explained by the
fact that rainforest is mostly favored in regions without extensive seasonality, and if
rainforest is nevertheless found in regions with intensive seasonality, it exhibits lower
resilience. On the other hand, high inter-annual variability substantially strengthens
the resilience of the rainforest. Comparing these results to the dependency on the
overall rainfall variability (Figure .b, c), we infer that inter-annual variability
imposes a stronger environmental filter on higher rainfall variability that leads to
higher vegetation resilience. Beyond a threshold of about 2100 mm/yr of MAP, forest
is stable irrespective of the rainfall variability. The combination of the amount of
annual rainfall and its variability during the long-term past thus strongly influences
the resilience of the current vegetation cover.

Climate models based on the Representative Concentration Pathway (RCP) emis-
sion pathways [Van Vuuren et al., ] project a general decrease of MAP in tropical
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Figure ..: Resilience of savanna and rainforest for different rainfall regimes and variabilities.
a, d, g illustrate the spatial distribution of the variability zones, i.e. a rainfall
variability, d seasonality, and g inter-annual variability (same as Figure .). The
remaining images show the resilience of the two intermediate variability regimes for
savanna (b, e, h) and forest (c, f, i) as a function of MAP. The two sigma bands
(shading) indicate uncertainties derived from Monte Carlo sampling. The hatched
areas illustrate the bistable MAP regime (1300 mm/yr < MAP < 2100 mm/yr).
Regions which experience stronger rainfall variability (green curves) have generally
a higher resilience, except for forest in regions with strong seasonality (figure taken
from [Ciemer et al., ]).
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Brazil with progressing climate change [Barros et al., ]. Figure . shows the spa-
tial distributions of the projected relative changes in MAP for the four RCP scenarios.
The relative change in MAP is taken as the differences between MAP for the time
span 1990 - 2000 and MAP projected for the time span 2090 – 2100. Additionally to
changes in MAP, floods and droughts are likely to become more frequent and more
intense. All these changes will have a strong influence on the tropical vegetation.
In this context, the effect of long-term rainfall variability, modulating resilience of
rainforest and savanna will become even more pronounced. We use climate projections
from global climate models to explore the impact of changes in MAP on the resilience
of Amazon ecosystems. As shown in Figure ., tree cover states associated with forest
as well as savanna are only stable in a restricted MAP range. For each area, which is
currently in the monostable forest regime (MAP > 2100 mm/yr), we estimate if it will
stay above this MAP until 2100 according to the projected MAP in dependence of
the corresponding RCP scenario. If MAP decreases below this threshold, the region
enters the bistable MAP regime and is able to undergo a transition to savanna. In
case MAP decreases below a threshold of 1300 mm/yr, a transition from forest to
savanna will be inevitable. We proceed similarly with projections of increasing MAP.
Note that we only consider the total amount of MAP in this context. We assume
that potential changes in rainfall variability (as opposed to total amounts) are not
going to have an environmental filtering effect on vegetation on short time scales
such as at the order of decades. Figure .c-f shows the classification of tree cover
states derived from observations in light colors (monostable forest, bistable regime,
and monostable savanna). The darker colors indicate possible transitions from one
state to another due to a projected change in MAP in this area, according to the
corresponding RCP scenario. In this context, we estimated the change of resilience
due to a change of MAP until 2100 for each grid cell separately. In particular, we
emphasize a large coherent region in the southern Amazon, which is likely to be under
risk of transition from forest to savanna due to the projected reduction of MAP. As
this is a lower-variability region, it would be particularly vulnerable to severe droughts.
For visualization, we summarized the difference in resilience in Figure .a, b.
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Figure ..: Changes in mean annual precipitation (MAP) by 2100. We show the median of
five IPCC models for the representative concentration pathways (RCP) a RCP
2.6, b RCP 4.5, c RCP 6.0, and d RCP 8.5. The shading indicates the relative
differences (in %) between the average MAP of the years 1990 - 2000 to the
average of 2090 - 2100. Under these scenarios, the highest decrease in MAP
can be observed in the southern Amazon and along the northern coast of South
America. In contrast, the northern Amazon as well as all regions along the Andes
are likely to show an increase in MAP (figure taken from [Ciemer et al., ]).
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Figure ..: Potential shifts of vegetation states under future climate change. For each climate
scenario (representative concentration pathway, RCP), the median of the expected
relative change in resilience of a savanna and b rainforest is computed for the time
period 2090 – 2100, compared to 1990 - 2000. The maps c–f show the current
monostable and bistable vegetation regimes in light shading. Additionally, probable
transitions emerging under the corresponding RCP scenarios in comparison to
present-day vegetation states are illustrated in dark colors. Each pie chart gives the
2090 - 2100 distribution in the corresponding scenario (figure taken from [Ciemer
et al., ]).
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.. Conclusion

In this study we have quantified the resilience of rainforest and savanna in tropical
Brazil based on satellite data. We were able to show that the resilience of the Amazon
rainforest is higher in regions which were constantly exposed to rainfall variability for
long periods, in a rainfall regime which allows forest as well as savanna to sustain.
Thus, higher long-term rainfall variability stabilizes tropical rainforest as well as
savanna. To measure the overall resilience of ecosystems, we introduced a new method
which combines several resilience measures into one measure. Finally, our results
show that certain regions in southern Amazonia are under great risk of changing the
vegetation state, i.e., transitioning to savanna. In this bistable precipitation range,
shifts from forest to savanna state can be triggered by pulse-like disturbances such
as extreme droughts and fires. Additionally, the frequency of droughts is projected
to increase under long-term climate change [Staver et al., ]. At the same time,
the regions which rank among the most resilient in Brazil’s rainforest are also the
ones most exposed to advancing deforestation. This implies that, if deforestation
continues as today, more resistant species could disappear altogether.

In principle, our approach to estimate vegetation resilience and its preconditioning
through rainfall variability can be extended to other tropical regions. However, it
requires spatially highly resolved, large-scale data sets indicating land-use areas and
vegetation types to avoid biases. While long-term rainfall variability turns out to
be a crucial indicator for the resilience of forest and savanna, other environmental
variables such as temperature distribution [Anderegg et al., ], soil types [Ruggiero
et al., ], and biodiversity [Sakschewski et al., ] have a strong influence
on the vegetation state as well, and need to be closely monitored to assess their
impact on resilience. As global climate models project possible large changes in
MAP, they also forecast an increase in surface air temperature (SAT) on the entire
South American continent. Those changes will probably influence vegetation as well,
especially in terms of water availability and increased risk of wildfires [Malhi et al.,
]. However, the increase in SAT is projected to be homogeneous in tropical South
America (Appendix Figure B.). Thus, including SAT in our analysis would not
significantly alter our results regarding the resilience of vegetation as a function of
rainfall variability. In addition to these climate disturbances, the Amazon rainforest
is threatened by large-scale deforestation. Especially in regions within the bistable
rainfall regime, large fractions of natural vegetation have already been converted into
pasture and agricultural land. Deforestation, even of relatively small parts of the
rainforest, leads to nonlinear feedbacks that reduce the amount of precipitation in
South America, and may therefore add up to the overall vulnerability of the Amazon
rainforest [Lawrence and Vandecar, , Boers et al., , Zemp et al., ].





Chapter .

Impact of Atlantic meridional
overturning circulation weakening on
the stability of the southern Amazon
rainforest

The goal of the last chapter is to assess the long-term impacts of changes in the
Atlantic meridional overturning circulation on the Amazon rainforest. Both the
Atlantic meridional overturning circulation and the Amazon rainforest are potential
tipping elements in the climate system [Lenton et al., ], meaning they might
transgress into a qualitatively different state once a critical threshold is crossed. With
progressing global warming, it becomes more likely that such a tipping point might
be reached in the Amazon due to projected reductions of precipitation in tropical
South America, turning tropical forest regions into savanna. At the same time, global
warming might lead to enhanced melting of the Greenland Ice Sheet and subsequent
weakening of the Atlantic meridional overturning circulation. As described before,
large-scale decline or even dieback of the Amazon rainforest would lead to the loss of
a global carbon sink, and thereby have drastic consequences for the global climate.
Here we investigate two competing influences of global warming on the Amazon
rainforest. First, we estimate the effect of ocean circulation changes caused by an
increased freshwater flux into the North Atlantic due to melting of the Greenland
Ice Sheet. In a second step, we assess the direct impact of warming of the tropical
Atlantic ocean on the rainforest. Based on a conceptual model we show that these two
processes, both caused by global warming, have competing impacts on the stability
of the Amazon rainforest. This chapter is related to the associated publication P6.

.. Introduction

Since the last century, we can observe a rapid increase in the global mean temperature,
predominantly caused by human activities. Although the Earth has experienced warm
periods before, the temperature has never risen this fast. The rapid change in surface
air temperatures (SAT) might have drastic consequences for our planet, especially
with respect to the climate “tipping elements” [Lenton et al., , Kriegler et al.,
]. These subsystems, including large-scale atmospheric and oceanic circulations
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as well as cryosphere and biosphere components, have the potential to undergo
a transition once a critical warming threshold is exceeded. Substantial progress
has been made in understanding these tipping elements and respective dynamics,
and in quantifying their critical thresholds. However, interactions between tipping
elements and their effect on the overall stability of the climate system are still poorly
understood. Interactions may have a stabilizing effect, but could also lead to positive
feedbacks in the climate system, and ultimately, to tipping cascades.

In this chapter, we consider three potential climatic tipping elements: the Greenland
Ice Sheet, the Atlantic meridional overturning circulation (AMOC), and the Amazon
rainforest. In particular, we investigate how enhanced melting from Greenland could
in the long-term influence the Amazon rainforest due to a weakening of the AMOC
and induced changes in tropical sea surface temperature (SST) patterns.

Over the past decades, the Greenland Ice Sheet has lost mass at an accelerating
pace [Rignot et al., ]. The resulting freshwater influx into the North Atlantic is
expected to lead to a weakening of the AMOC [Caesar et al., ] (for illustration
see Figure .a). If the transport of warm water masses from the tropics to the
northern Atlantic is slowed down due to a weakening of the AMOC, SST patterns
will change all around the globe. The SSTs in the tropical Atlantic ocean, in turn,
play an important role in determining rainfall in the Amazon basin due to their
impact on atmospheric moisture inflow from the ocean to the continent, and a shift
of the Intertropical Convergence Zone (ITCZ). Additionally, rainfall in the Amazon
rainforest is also directly affected by global warming. In this context, the question
arises how a weakening or even shutdown of the AMOC influences the long-term
stability of the Amazon rainforest.
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Figure ..: Geographical locations of the study areas and projected global mean temperature
and precipitation changes. a The northern polar box close to the coast of Greenland
is marked in pink, the two tropical Atlantic boxes, which determine rainfall amounts
in the southern Amazon, are shown in green (northern tropical) and yellow (southern
tropical), respectively. The southern Amazon study region is marked in blue. The
three Atlantic boxes are of the same size. The two equator boxes have been
selected based on correlations between precipitation in the southern Amazon box
and Atlantic SSTs (Figure .a). Additionally, the Atlantic meridional overturning
circulation (AMOC) and the Intertropical Convergence Zone (ITCZ) are illustrated
schematically. b Surface air temperature (SAT) and c mean annual precipitation
(MAP) changes for the years 2181 – 2200 are derived from transient simulations
from the CMIP5 ensembles [Myhre et al., ]. The SAT and MAP changes are
scaled to 1◦C (see panel legend). The stippling illustrates where the mean change
averaged over all realizations is larger than the 95% percentile of the distribution of
models. b and c are taken from Myhre et al. [, p. ]

.
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.. Data

This study is based on observational data, as well as simulation data of a global climate
model. For the examination of correlations between annual tropical Atlantic SSTs
and mean annual precipitation (MAP) of the southern Amazon, we take observational
data. The SSTs are taken from the Extended Reconstructed Sea Surface Temperature
ERSST v3 data set [Smith et al., ] and MAP from the Global Precipitation
Climatology Centre GPCC v7 [Schneider et al., ]. Both data sets have a resolution
of 2.5◦ × 2.5◦ and are used for the time span 1921 – 2012. To examine the tree cover,
we use the continuous tree cover distribution MOD44B at 500 m resolution for the
year 2012 from the MODIS (Moderate Resolution Imaging Spectroradiometer/Terra
vegetation continuous fields) data set [Hansen et al., ]. As explained in Chapter ,
we classify areas with tree cover percentages over 70% as forest. In order to guarantee
an unbiased analysis, we neglect all human affected regions as defined by the IBGE
data set [Brazil, ]. This vegetation classification data set is only available for
Brazil. We thus restrict our tree cover analysis to southern tropical Brazil (5◦S - 15◦S
and 42.5◦W - 75◦W). The changes of SSTs due to an AMOC shutdown are taken
from a HadGEM3 model run performed by Williamson et al. [].

.. Methods

... Influence of the Atlantic meridional overturning circulation
strength on tropical Atlantic sea surface temperatures

To quantify the influence of the north Atlantic deep water flow Ψ on SSTs in the
southern tropical Atlantic box, we use the heat balance equations for the northern
and tropical box of the two-box Stommel model [Stommel, , Dijkstra, ],
and identify the tropical Stommel box with the southern tropical box as depicted in
Figure .a. The latter choice is consistent with CMIP5 model simulations analyzing
the impact of an AMOC collapse on SSTs [Timmermann et al., ]:

Vp
dTp

dt
= CT (T a

p − Tp) + |Ψ|(Te − Tp) , (.)

Ve
dTe

dt
= CT (T a

e − Te) + |Ψ|(Tp − Te) , (.)

where the subscript p indicates parameters in the polar box and e in the equator
box, respectively. V is the box volume, T the temperature of the well-mixed box,
CT = 3.17 × 106 m3s−1 the relaxation coefficient that modulates the exchange of
heat in each box due to the surface forcing [Wu and Mu, ]. The atmospheric
temperature is indicated by T a and averaged over the corresponding box. To calculate
the changes in SSTs induced by an AMOC weakening, we assume the system to be
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in equilibrium (i.e. dTp

dt = dTe
dt = 0). Solving this equation system for Te yields

Te(Ψ(f)) =
T a

e · CT + |Ψ(f)|
(
T a

p + T a
e

)
CT + 2|Ψ(f)| , (.)

where f is the freshwater flux into the polar box. The temperature change is thus
∆Te(f) = Te(f) − Te(f0), where f0 = 0.09 is the present freshwater flux. The
conceptual Stommel model yields a qualitative description of the AMOC response
to a changing freshwater forcing [Rahmstorf, ]. However, it does not give SST
values, but rather box temperatures for the polar (Tp) and the equator (Te) boxes,
which are averages over multiple ocean depth layers. To obtain realistic SST values for
the southern tropical Atlantic box, we therefore rescale the box SSTs after an AMOC
shutdown such that our results for Te are quantitatively reconciled with existing
global climate model (GCM) results on southern tropical Atlantic SSTs, obtained
from a simulated AMOC reduction. This yields a maximum SST change of 2.0◦C in
the southern tropical Atlantic ocean box [Williamson et al., ]. Since the SSTs
south of the equator are projected to increase due to an AMOC reduction, while they
decrease north of the equator, we defined the Stommel equator box to be located
south of the equator. Additionally, we determine a second ocean box north of the
equator. The northern tropical Atlantic box SST anomalies are set to −3.5◦C in
accordance with Williamson et al. [] (see Figure .a below for the projected
spatial SST anomaly distribution after an AMOC shutdown, and the next subsection
for the specific choice of the two two tropical boxes north and south of the equator).

... Estimating the influence of sea surface temperatures changes
on mean annual precipitation

MAP in the southern Amazon is strongly influenced by the gradient between the
northern and southern tropical Atlantic ocean [Yoon, ]. We determine the specific
locations of oceanic regions with highest impact on precipitation in the Amazon
by calculating the Pearson’s correlation coefficient (Equation .) between each
SST grid cell, and precipitation averaged over the southern Amazon box (see also
Section ..). The spatial distribution of correlation coefficients is illustrated in
Figure .a. We take the two areas with strongest positive and negative correlations,
respectively, for further analysis. One is located north and one south of the equator.
The spatially averaged SSTs in these two boxes are taken as input for a bilinear fit
to the precipitation in the southern Amazon (Figure .b). This gives the following
relation

MAP = 3590.4 mm/yr − 162.1 mm/yr
◦C

× SSTnorth + 116.0 mm/yr
◦C

× SSTsouth , (.)

with a coefficient of determination of R2 = 0.254. In case global warming is considered,
we add its amount to the SSTs in both boxes equally. We thus assume that SSTs and
SATs will change similarly in the tropical Atlantic ocean.
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Figure ..: Tree cover fraction in dependence of the mean annual precipitation as shown in
Figures .b and .b, c. a Distribution of tree cover in dependence of MAP. The
color strength indicates the frequency of occurrence. The blue solid line indicates
MAP ranges where a forest (upper line) and a savanna (lower line), respectively,
can sustain. b, c Distribution of tree cover for fixed amounts of MAP. The red
solid line illustrates the KDE fit of the data and the green dashed line the local
minimum of the distribution as separation between savanna and forest.

... Dependency of tree cover on mean annual precipitation

The tree cover fraction in the Amazon rainforest depends primarily on the MAP. As
discussed in Chapter , we can associate stable and unstable states of vegetation with
specific combinations of tree cover and MAP. For the tropical region under study, we
link high tree cover (≈ 80%) to rainforest and low tree cover (≈ 15%) to savanna.
As a reminder, we show the tree cover in dependence on the MAP in Figure .a. To
quantify the probability of an area to be a forest, we first estimate, equivalently to
Section .., the probability density function of the tree cover distribution for a fixed
range of MAP with a Gaussian kernel density estimation (KDE). For the selection of
the band width, the Silverman method is applied, i.e.

band width = n(d + 2)
4

− 1
d+4

, (.)

with the number of data points n and dimension d = 1. We use a sliding window
approach with a MAP window size of 200 mm/yr to guarantee a sufficient amount of
data points in each window. The minimum of each KDE is taken as the boundary
between forest and savanna (see Figure .b, c). To quantify the probability of a region
to be a forest, we integrate the corresponding KDE-estimated probability density
function from this boundary to the maximum tree cover of 100%. This probability
is plotted as a function of the MAP in Figure .c. Above a MAP of 2100 mm/yr,
exclusively rainforest can be sustained. Below this amount of MAP, rainforest and
savanna can both exist. If the MAP falls below an amount of 1700 mm/yr, the
probability to find a rainforest is beneath 50%. In case of MAP below 1300 mm/yr,
rainforest is virtually non-existent.





.. Results

Figure ..: Correlation of mean annual precipitation and sea surface temperatures. a Pearson’s
correlation for annual SST and the MAP averaged over the southern Amazon (green
box). The Atlantic ocean exhibits one highly negatively and one highly positively
correlated region (black boxes). b Bilinear fit between the two tropical Atlantic SST
boxes and MAP in the southern Amazon as indicated in a. The red dots illustrate
the fitted data points, and the blue plane their bilinear fit. The SSTs as well as the
MAP are averaged over the entire boxes for every time step.

.. Results

In the following, we study the combined impact of an AMOC shutdown and global
warming on the Amazon rainforest. We will first investigate the correlations between
Atlantic SSTs and MAP in the southern Amazon. For the investigation of the
interaction of the two tipping elements, we will assess how a slowing down of the
AMOC can affect the precipitation in the Amazon rainforest and thus, the forest
itself. In a second step, we take the direct influence of global warming on tropical
Atlantic SSTs into account. Finally, we will combine both effects and study their
competing impacts on the southern Amazon rainforest.

... Coherence between sea surface temperature and mean annual
precipitation in the southern Amazon

To find tropical Atlantic regions influencing the southern Amazon, the cross correla-
tion between this continental region and the Atlantic is calculated as described in
Sections ... Figure .a shows two boxes in the Atlantic, where one exhibits high
positive correlations and one high negative correlations. The box size is prescribed as
in the Stommel model. We estimate the quantitative dependence between SSTs in
the two tropical Atlantic boxes on the one hand, and precipitation in the southern
Amazon on the other hand, on the basis of the bilinear fit shown in Figure .b.
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Figure ..: Sea surface temperature (SST) anomalies due to an Atlantic meridional overturning
circulation shutdown. a Spatial distribution of the SST anomalies taken from
Williamson et al. []. The green boxes indicate the areas of highest correlations
to the southern Amazon as illustrated in Figure .a. b SST anomalies averaged
for the northern and southern tropical Atlantic box as indicates in a in dependence
of the freshwater flux.

... Impact of an Atlantic meridional overturning circulation
shutdown on the Amazon rainforest

As a first step, we examine the effect of increased ice loss from the Greenland Ice
Sheet on the AMOC strength. To this end, we use the simple two-box model by
Stommel [] introduced above. The north Atlantic deep water flow rate caused
by enhanced freshwater influx due to melting of the ice sheet shows a bifurcation
(Figure .a) [Rahmstorf, ]. Based on this simple model, we estimate a flow rate
of approximately 16 Sv at present. Faster melting of the ice sheet leads to a higher
freshwater flow and thus to a shutdown of the deep water flow rate after crossing the
bifurcation point. Hence, if the freshwater influx exceeds a critical threshold, the
AMOC could eventually break down and come to a standstill. In accordance with
the bifurcation digram and the associated hysteresis, the freshwater flux would have
to stop almost entirely to accelerate the AMOC again.

Figure . illustrates the SST anomalies caused by a shutdown of the AMOC, as
estimated in Williamson et al. []. The Atlantic ocean north of the equator is
projected to become colder, while the ocean south of the equator will become warmer,
increasing the north-south SST gradient between the two tropical Atlantic boxes.
Currently, tropical Atlantic ocean SSTs are changing slowly. Once the tipping point
is crossed, however, they are predicted to change abruptly.

Due to the projected SST changes, the gradient between the northern and southern
tropical Atlantic ocean boxes will increase (Figure .b) and consequently, the MAP
in the southern Amazon will rise (Figure .b, see Chapter  for a further discussion
on this topic). Therefore, the the rainforest will, in fact, become more stable due to
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Figure ..: Linking Atlantic meridional overturning circulation (AMOC) shutdown strength to
rainforest stability. a North Atlantic deep water flow rate in dependence on the
freshwater flux, due to Greenland ice loss as calculated from the two-box Stommel
model [Stommel, , Rahmstorf, ]. The current north Atlantic deep water
flow rate is estimated at about 16 Sv. b The MAP in dependence of the freshwater
flux. The MAP does initially not alter much due to an increase in the freshwater
flux. Beyond the tipping of the AMOC, however, the MAP will increase rapidly to
an amount of approximately 2900 mm/yr. c Probability of forest state with respect
to the MAP in the southern Amazon region. The colors indicate probability ranges
of 98% - 100% in green, 50% - 98% in yellow, and below 50% in red.

an AMOC shutdown (Figure .c).

... Impact of global warming on the Amazon rainforest

We assume that global warming is heating the SAT above both Atlantic boxes
equally. This would lead to a decrease of the MAP in the southern Amazon as
shown in Figure .a. Compared to pre-industrial levels, the current global mean
temperature has already increased by 1◦C . In our simple approach the estimated
MAP is 2100 mm/yr. A warming of 1◦C would already cause a reduction of 100 mm/yr
in MAP.

... Influences of an increasing freshwater flux and global warming
on the Amazon rainforest

Finally, we combine the simple approaches introduced above to study the long-term
influence of increased freshwater flux and global warming on the stability of the
Amazon rainforest. Figure .b shows the probability for the rainforest to sustain in
dependence of increasing freshwater flux due to Greenland ice loss, and rising SATs
in the tropical Atlantic due to global warming. An increase in freshwater flux, via
a reduction of AMOC strength and associated changes in tropical Atlantic SSTs,
enhances the MAP in the southern Amazon. This in turn, leads to MAP values
which would favor the rainforest state over the Savanna state. Global warming, on
the other hand, decreases MAP and could thus lead to a destabilization of the forest.
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Figure ..: Competing effects of global warming and a slowing down of the Atlantic meridional
overturning circulation. a Mean annual precipitation (MAP) in dependence of the
freshwater flux and global warming (in colors). Presently, we assume a freshwater
flux of f = 0.09 Sv [Rahmstorf, ] and a global warming level of 1◦C. With an
increase of the freshwater flux the MAP increases. On the contrary, an increase in
global warming leads to a decrease of MAP in the southern Amazon. b Phase-space
diagram of freshwater flux and global warming and their influence on the probability
of the southern Amazon rainforest to persist (in colors).

.. Discussion

... Coherence between sea surface temperature and mean annual
precipitation in the southern Amazon

We study the long-term correlations between Atlantic SSTs and MAP in the southern
Amazon. We find a similar correlation pattern as in Chapter . We uncover a northern
tropical Atlantic ocean region for which SST anomalies are negatively correlated
with MAP in the Amazon, and southern tropical Atlantic ocean region with positive
correlations between SST anomalies and Amazon MAP (Figure .). Due the gradient
between these two tropical Atlantic regions, the position of the ITCZ can be shifted.
A warmer (colder) northern tropical Atlantic and at the same time a colder (warmer)
southern tropical Atlantic leads to a northward (southward) ITCZ shift and thus
less (more) precipitation in the southern Amazon [Yoon and Zeng, ]. A bilinear
fit of the annual SSTs of the two boxes implies that SST changes due to an AMOC
weakening would increase the MAP in the southern Amazon. The amount of MAP
increase in the southern Amazon due to an AMOC shutdown estimated here by
this bilinear fit is in accordance with model simulations [Zhang and Delworth, ,
Stouffer et al., ].
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... Impact of an Atlantic meridional overturning circulation
shutdown on the Amazon rainforest

Our estimated response of the north Atlantic deep water flow rate to an enhancement
of the freshwater flux, based on the simple two-box Stommel model (Figure .a), is
in very good agreement simulations of considerably more complex models [Rahmstorf,
]. For example, in the GCM-based waterhosing experiments by Timmermann
et al. [], an instant freshwater forcing of 0.1 Sv leads to a decrease of the AMOC
strength of about 30%, in accordance with Figure .a. In two other GCM-based
waterhosing experiments an freshwater flux of 1.0 Sv and 0.6 Sv, respectively, lead to
an AMOC breakdown [Zhang and Delworth, , Stouffer et al., ].

We adopt the SST changes due to a tipping of the AMOC from Williamson et al.
[] (Figure .a). They are in accordance with previous studies of an AMOC
shutdown, e.g. Zhang and Delworth [], Stouffer et al. []. Combining this
projection of an increase of the tropical Atlantic SST gradient with our correlation
estimate between tropical Atlantic SSTs and MAP in the southern Amazon, we infer
that the MAP will increase by approximately 800 mm/yr due to a tipping of the
AMOC (Figure .b). This will, in turn, favor the tropical forest: At this amount
of MAP, the rainforest state would be stable (Figure .c). Additionally, it could
lead to a spreading of the forest in areas which currently favor savanna vegetation
(for the spatial distribution of tree cover in Brazil see Figure .b). However, this
correlation of SST to MAP is only true for the study area in the southern Amazon.
In the northern Amazon for instance, MAP is projected to decrease as a consequence
of an AMOC shutdown [Williamson et al., ].

... Impact of global warming on the Amazon rainforest

Compared to the impact of an AMOC slowdown, global warming has the opposite
effect on MAP in the southern Amazon (Figure .a). In our simplified model, the
SAT increases uniformly in both boxes. This leads to a decrease in MAP in the study
area. The reduction of MAP due to changing tropical Atlantic SATs in our model is
consistent with future IPCC projections (Figure .b, c) [Barros et al., ]. This
indicates that the global warming induced changes in tropical Atlantic SSTs are,
according to the CMIP models, indeed the main driver of precipitation changes in
the Amazon.

... Combined influence of increasing North Atlantic freshwater flux
and global warming on the Amazon rainforest

While the fresh water flow increases over time due to further melting of the Greenland
ice sheet, the global mean temperature rises as well. For freshwater flux values
consistent with a strong AMOC state, we observe a critical temperature of global
warming beyond which the probability, and hence also the stability, of the forest state
decreases rapidly (Figure .b). For high values of global warming, any disturbance
such as a forest fire or drought could lead to a dieback from which the rainforest
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might not be able to recover. On the contrary, an AMOC weakening or collapse, as
expected for drastic global warming levels due to the melting of the Greenland ice
sheet, would increase precipitation in the southern Amazon, and thus could cause
a stabilization of the rainforest. Our simple analysis indicates that in case of a
tipping of the AMOC, the MAP will increase to a level that even a global warming
of 11◦C cannot have a destabilizing impact on the tropical forest. For the highest
representative concentration pathways 8.5, the IPCC predicts an increase of global
SAT of 2 - 4◦C by 2100 and 4 - 7◦C by 2200 (Figure .b) [Barros et al., ]. In
case that the SAT in the tropical Atlantic rises by more than 3◦C, our conceptional
study estimates that the MAP will reduce below a point where the rainforest in the
southern Amazon might transition to savanna due to an external disturbance. Thus,
the tropical forest might be dependent on a slowing down of the AMOC in order to
sustain. Therefore, the specific way in which the Greenland ice sheet, the AMOC,
and the Amazon interact, reveals an example of a negative feedback between tipping
elements, with stabilizing effects.

.. Conclusion

In this chapter, we show first insights into the long-term impacts of a slowdown of the
AMOC on the Amazon rainforest. A shutdown of the AMOC impacts SSTs globally
[Williamson et al., ]. In the tropical Atlantic, the SSTs north of the equator
decrease, while the SSTs south of the equator increase. This leads to a southward shift
of the ITCZ and thus, to an increase in MAP in the southern Amazon. On the other
hand, MAP might decrease in this region due to the direct effects of global warming,
as shown in GCM simulations. In summary, this implies that although global warming
leads to a melting of the Greenland ice sheet and hence, to an increase in MAP in
the southern Amazon, it decreases MAP at the same time, resulting in competitive
effects. Therefore, the actual temporal trajectories of the system in Figure .b would
be diagonal (from lower left to upper right). On the one hand, a rise in the global
mean temperature reduces the probability of the forest to sustain due to a reduction
of MAP. On the other hand, an increase in the freshwater flow causes intensification
of the MAP and, therefore, increases the stability of the rainforest. The angle of
those trajectories depends on the time-scales of both events.

Our results are, partly by construction, in accordance with the mentioned CMIP
studies [Zhang and Delworth, , Stouffer et al., , Timmermann et al., ,
Williamson et al., ], and moreover capture some of the qualitative changes
suggested by paleo evidence: Mosblech et al. [] for instance conclude that the
western Amazon rainforest has been stable for the past 94000 years. This paleoclimatic
study also suggests that during the last glacial interval, abrupt changes of MAP in
the Amazon occurred in synchrony with Greenland Dansgaard-Oeschger variability,
in accordance with corresponding changes in AMOC strength.

However, due to the simplicity of our study, we neglect potential future changes in
the dependency structure between tropical Atlantic SSTs and Amazon precipitation.
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But as mentioned above, our results in this regard are consistent with the IPCC
projections, suggesting that a stationary relationship can be assumed, at least for
the next centuries. We also acquire that the rainforest is only dependent on MAP.
Of course, other parameters will have impacts on the vegetation state as well, as
e.g., increased evapotranspiration or rising temperatures in the Amazon region as
a consequence of global warming. A critical level of global warming exists, beyond
which the Amazon vegetation may rapidly shift from forest to savanna. This threshold
should not be regarded quantitatively, since our conceptual study only assesses the
impact of global warming via changes in tropical Atlantic SSTs, but neglects direct
effects of air temperature and carbon dioxide concentrations on the functioning of
the rainforest.

These first insights based on our conceptual approach underline the importance of
the interactions between different subsystems of the climate system, and in particular
the importance of feedbacks between the tipping elements in question, for the long-
term stability of the Amazon rainforest. It would be very interesting to further
analyze these impacts in spatially explicit, coupled GCM simulations. We further
suggest that the two competing effects of global warming and changes in the AMOC
strength on the fate of the Amazon rainforest need to be taken into account when
assessing the future evolution of the tropical rainforest.
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Conclusion

The aim of this dissertation was to deepen the understanding of the impacts of
changes in precipitation patterns on the vegetation in the Amazon basin. In this
context, rainfall teleconnectivity and the influence of changes in rainfall on vegetation
in South America were examined.

Rainfall in South America is mainly driven by the South American Monsoon System
(SAMS), which results from a complex interplay of various climatic phenomena. For
the detailed investigation of this monsoon system, it is necessary to study daily rainfall
data. In previous studies this has been accomplished using Event Synchronization.
However, this method is restricted to extreme events, which results in the limitation
that anomalies of average rainfall events cannot be captured. A direct application of
standard similarity measures in order to correlate rainfall time series is not possible
due to their intricate statistical properties. Thus, a detailed analysis of daily rainfall
data based on common correlation measures has so far not been possible. As we
aimed for a more complete comprehension of the SAMS in this dissertation, the entire
information encoded in the time series had to be utilized. In this dissertation we
overcame the statistical problems of daily rainfall data by introducing an appropriatly
modified correlation measure. On this basis, we were able to reveal new insights into
the specific spatiotemporal organization structure of rainfall teleconnections in the
context of the monsoon onset and withdrawal, as well as in the context of prolonged
drought events.

We further analyzed the impacts of rainfall variability in South America in the
context of droughts, and in particular their climatic causes. Hydrological extremes in
tropical South America have been linked primarily to El Ninõ events so far. Recent
studies, however, suggest that sea surface temperature (SST) anomalies in the tropical
Atlantic ocean are even a more decisive factor for droughts in the central Amazon,
due to their influence on the position of the Intertropical Convergence Zone (ITCZ).
Especially, a SST gradient between the northern and southern tropical Atlantic ocean
had been proposed to play a crucial role in triggering droughts in the Amazon basin.
Despite this finding, an early-warning signal for droughts in the central Amazon had
not be established. By analyzing the correlation structure between the northern and
southern tropical Atlantic ocean in more detail, we have demonstrated that it is
indeed possible to forecast the occurrence of droughts on annual time scales.

The amount and frequency of rainfall is projected to change substantially in the
central Amazon under ongoing global warming. While the frequency of droughts is
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likely to increase, the mean annual precipitation (MAP) is predicted to reduce. These
changes imply pronounced influences on the vegetation in tropical South America.
Recent studies suggest the Amazon rainforest to be a climatological tipping element,
which can change its state drastically once specific environmental factors cross certain
threshold. In this dissertation, we have shown that the likelihood of this tipping is
strongly dependent on the resilience of the vegetation. Specifically, by introducing a
overall notion of vegetation resilience, we could demonstrate that the resilience of the
Amazon rainforest is significantly higher in regions with higher rainfall variability
in the long-term past. This environmental training effect plays a crucial role when
estimating the resilience of the Amazon under future global warming scenarios.

In a global large-scale context, we focused on influences of the melting Greenland
ice sheet on the Amazon rainforest in combination with the direct precipitation
reductions in tropical South America, as projected in global warming scenarios. It
had previously been shown that the melting of the Greenland ice sheet is likely to
cause a slowdown or eventually even a collapse of the Atlantic meridional overturning
circulation (AMOC), which in turn would alter the SST patterns in the tropical
Atlantic ocean substantially. Until now, the effects that global warming on the one
hand, and an AMOC slowdown on the other, would have on precipitation amounts
and hence Amazon rainforest stability, have only been studied independent of each
other. We have demonstrated that both phenomena exhibit opposed ramifications on
rainfall in the Amazon region. The direct influence of global warming on the Amazon
rainforest, given by reduced precipitation, might thus be attenuated or even reversed
by a slowdown of the AMOC caused by continuous melting of the Greenland ice
sheet.

.. Contribution of this dissertation

The methods developed in this dissertation can be divided into two major parts:

Rainfall connectivity analysis

For the understanding of impacts of climate change on the Amazon rainforest, the
comprehension of the SAMS is essential. The monsoon as well as droughts are
important factors for the vegetation of the rainforest. Therefore, in the first part of
this thesis, we analyzed the structure of the South American rainfall patterns using
suitably designed network techniques. The corresponding results are consistent with
known features of the SAMS, but led to several new insights regarding characteristical
deviations in terms of the connectivity structure associated with the monsoon onset
and withdrawal, as well as with the occurrence of prolonged droughts.

To investigate the underlying structure of the SAMS, we utilized a complex network
approach. Due to the intrinsic characteristics of daily rainfall data, we introduced and
evaluated a suitable modification of Pearson’s correlation coefficient in Chapter , to
construct spatial correlation networks of daily rainfall data. Using a sliding window
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approach, we investigated the temporal evolution of the rainfall teleconnection struc-
ture in South America. Local network measures were used to study this correlation
structure in detail. Common network measures such as the degree revealed regions
which are highly correlated or isolated during specific times. The South American
convergence zone exhibits a very high number of correlations during the rainy season,
while the same region is almost entirely isolated during the dry season. Additionally,
we developed network measures which are convenient for our particular application.
The geographical neighboring degree indicates the internal connectivity of an area
and determines coherent areas of similar precipitation patterns. By studying the
temporal changes of the locally defined geographical neighboring degree, we unveiled
that the monsoon onset is characterized by an abrupt shift from a disordered to
an ordered rainfall system. The introduced path connectivity, on the other hand,
examines the teleconnectivity structure. We detected that the evolution of the path
connectivity along the South American low-level jet exhibits a characteristic annual
pattern, which is not present during droughts in the Amazon. Anomalies in this
pattern can be recognizable almost a year before.

To detect droughts as early as possible, we analyzed SST anomalies in the Pacific
and Atlantic ocean, which have been suggested to be the main cause of droughts
in the Amazon basin. In Chapter  we hence extended our approach from single-
layer to multi-layer complex networks for the investigation of the coupling between
Atlantic SSTs and rainfall in the central Amazon basin. The correlation structure
between the rainfall and tropical Atlantic SST anomalies revealed, in particular,
two coherent oceanic regions with strong correlations to rainfall anomalies in the
Amazon basin. SST anomalies in these two Atlantic regions can trigger droughts
in the central Amazon. We exploited this relationship and analyzed the correlation
structure between the two regions with regard to droughts in the central Amazon.
Using their cross correlation, we demonstrated that a dipolar behavior of the SSTs in
the two tropical Atlantic regions occurs prior to each drought. The peak of the cross
correlation, and thus the maximum of this dipole, takes place usually simultaneously
with a drought. This coherence can be explained by a northward shift of the ITCZ
due to the formation of the dipole, which causes a decrease of rainfall in the central
Amazon. Based on the cross correlation of SST anomalies of the two tropical Atlantic
regions, we developed a forecasting scheme to predict droughts in the central Amazon
basin with high skill.

Associated publications: Ciemer et al. Climate Dynamics (, P1), Kittel et
al. (in revision, P2), Ciemer et al. (in revision, P3), Ekhtiari et al. (in preparation,
P4)
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Implications of changes in rainfall patterns for the resilience of the
Amazon vegetation

The amount and frequency of rainfall in the Amazon basin is projected to change
substantially in the near future due to ongoing global warming. Already now, we
observe more consecutive drought years as in the last century. If the frequency of
droughts remains at this level or even increases and additionally the MAP decreases,
it may have devastating consequences for the Amazon rainforest. Therefore, in the
second part of this thesis, we have first demonstrated how to measure the resilience of
the rainforest and the tropical savanna, and showed that resilience can be increased
by the high rainfall variability in the long-term past, with crucial implications for
the future state of the Amazon rainforest under global warming scenarios. Finally,
we have shown that the break down of the AMOC can, via the resulting changes in
tropical SST patterns, potentially save the rainforest from a tipping from forest to
savanna.

Since the fraction of tree cover in tropical South America is most sensitive to
MAP, we have studied and compared in Chapter  the resilience of the Amazon
rainforest in dependence on this climate parameter. In order to measure resilience, we
constructed potential landscapes from the tree cover fraction and MAP distributions.
Each potential represents stable and unstable tree cover states for a specific amount of
MAP. Using these potentials, we have shown that below a particular threshold of MAP
only savanna can exist, while above a specific threshold solely forest can be found.
In the MAP range between these two thresholds, both vegetation types can persist,
but transitions between the two stable states are possible. We have introduced a new
measure for the resilience of vegetation states, based on the volume of the potential
wells associated with these states. We analyzed the spatial distribution of rainfall
variability, which is composed of seasonality and inter-annual rainfall variability. This
revealed that in the bistable region, besides the MAP, the local rainfall variability of
the long-term past shapes the resilience of the vegetation. Thus, rainfall variability
acts as an environmental filter, which selects more drought resistant plants over
time. However, this effect is mostly dominated by inter-annual variability. In view of
ongoing climate change, this pre-filtering effect could be decisive for the state of the
Amazon rainforest in the future.

In Chapter , we have shown how the tipping of one climatological tipping element
can potentially stabilize another. We have analyzed two opposing impacts of climate
change on the Amazon rainforest. While global warming can lead to a tipping
of the Amazon rainforest to savanna, a breakdown of the AMOC can lead to its
stabilization: In a conceptional model, we have studied the SST changes of tropical
Atlantic SSTs and their influence on MAP in the central Amazon. Global warming
generally increases SSTs in the tropical Atlantic, leading to less MAP in the central
Amazon, but an AMOC breakdown leads to a decrease in SST in the northern tropical
Atlantic and an increase of southern tropical Atlantic SSTs. The resulting changes in
the SST gradient between these two regions causes more MAP in the central Amazon.
Thus, the timescales on which both events happen are crucial for the future existence
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of the rainforest. Therefore, we conclude that, while global warming is said to drive
the Amazon rainforest towards its tipping point, the slowing down of the AMOC has
an opposing effect, and hence could stabilizes the rainforest. These contrasting effects
could be the reason why the Amazon rainforest persisted throughout paleoclimatic
time scales.

Associated publication: Ciemer et al. Nature Geoscience (, P5), Ciemer et
al. (in preparation, P6)

.. Outlook

This dissertation focused on the assessment of rainfall variability in South America and
its impact on vegetation. We have shown characteristic rainfall patterns of the SAMS
and have introduced an early-warning method for droughts in the central Amazon
using a complex networks approach. We have further demonstrated how to measure
vegetational resilience and have shown that the impact of large-scale climatological
changes due to global warming might have opposing effects on the vegetation in the
Amazon rainforest. Its future development thus depends on numerous variables and
is not trivial to predict. In this context, the methods and analyses presented in this
dissertation are intended to provide the knowledge and tools for further research.

However, the applicability of the introduced methods is not limited to the South
American continent. The developed methodology and research questions to enhance
our understanding of the impacts of climate change on vegetation can also be applied
to other ecosystems.

We have shown how to successfully predict droughts in the central Amazon, taking
only SST variability in the tropical Atlantic into account. However, we only briefly
discussed similar aspects related to the occurrence of floods. Extreme rainfall has
significant consequences for humans and natural systems, and can severely damage
the ecosystem. We plan to evaluate the potential of the proposed early-warning
method to predict floods in future work. Since the occurrence of floods appears to be
controlled by a more complex interaction of climate parameters, we suggest to take
additional climate variables into account for this purpose.

We have shown that the resilience of vegetation in the Amazon rainforest strongly
depends on MAP, but also on the strength of rainfall variability during the long-
term past. In addition to rainfall amounts and variability, other climate parameters
are likely to contribute to the shaping of the resilience of this ecosystem. Thus,
an extension of the employed methods by considering additional variables such
as temperature would be a promising task for future work. In this context, we
suggest a quantitative study of the extent to which each parameter influences the
rainforest’s resilience. Additionally, our findings reveal a significant dependence of
vegetation resilience on the climatological past of a region, which deserves additional
investigation.
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We are the first to investigate the future interaction of two climatological tipping
elements, namely the AMOC and the Amazon rainforest, under the influence of
global warming. The opposing effects of the AMOC breakdown on the one hand,
and global warming on the other hand, on precipitation changes in the Amazon
basin, will crucially influence the future development of the Amazon rainforest.
Implementation of the gathered knowledge about large-scale interactions as well as
vegetational resilience into respective models will help to improve assessments of the
future development of the Earth’s climate and vegetation.
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Additional material for Chapter 

A.. Error in the calculation of anomalies

To calculate monthly anomalies, we remove the long-term mean annual cycle from
the data by subtracting the long-term mean value for each month. Strictly speaking,
the subtraction of the long-term climatology involves (for all but the last year) data
from the future, which could be considered problematic for predictive purposes [Meng
et al., ]. However, changes of the climatology induced by taking only values
from the past into account for computing each monthly anomaly would come at the
expense of less accurate statistics for the climatology. We found that in our case,
taking only past values into account for computing the monthly anomalies would
change the resulting anomalies only marginally, because the corresponding mean
values for each month are very close to the value obtained for the entire time span
(Appendix Figure A.). Moreover, we emphasize that subtracting the climatology in
the standard way only involves values from the future in terms of long-term monthly
means, and not in terms of monthly variability, which dominates the correlations
between SST anomalies that are actually used for our early-warning method. For
this reason, we consider it sufficiently accurate to use the climatology of the entire
time span to compute the anomalies.

A.. Correlations between sea surface temperature
anomalies and continental rainfall anomalies

To establish the robustness of the identified correlation patterns under changes of the
correlation threshold, we plotted the cross degree for different link densities (5%, 10%,
and 15%) for positive (Appendix Figure A.) and negative correlations (Appendix
Figure A.). Notably, a smaller link density would prevent long-range connections to
appear, because they commonly have a slightly lower correlation, whereas a higher
link density would wash out some signals due to the higher number of links and more
spurious links would appear. In Appendix Figures A. and A., we demonstrate that
the qualitative differences in the spatial patterns of the cross degree between 5% and
10% are rather marginal, but the relevant patterns can be detected much better using
a link density of 10%. In turn, the patterns that are well expressed at a lower link
density are already tending to be washed out at a link density of 15%.
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Additionally, we studied the statistical significance of correlations. Here, we
randomly selected 10% of all grid cells and shuffled all time series 100 times. We
calculated the correlation between all grid cells including all shuffled realizations. From
this we obtained the 98th percentile of strongest positive and negative correlations,
which yields a threshold value of 0.1 for positive correlations and −0.1 for negative
ones, respectively. This approximately corresponds to a link density of 10%.

A.. Robustness of the proposed early-warning method

For comparison with Figure ., Appendix Figure A. shows the average cross
correlation between the two Atlantic regions (i.e., NTAO and STAO) without low-
pass filtering. In this case, also variations at higher frequencies are taken into account.
Using the same empirically found threshold of −0.06, we are able to hindcast as 6
out of 7 droughts in this case. However, we also issue 5 false alarms, due to the high
number of fluctuations of the average cross degree. This is caused by the relatively
short number of data points used to calculate the correlation. A longer number of
data points, would wash out the signal.

A.. Average cross correlation of the Pacific

When studying the average cross correlation between the two Pacific regions as
indicated in Figure ., we observe that during droughts in the Amazon, the dipole
between the two Pacific regions typically weakens (Appendix Figure A.). Note, that
this is not the case during the false alarm in 2002. However, there is no indication
that interactions between the two Pacific boxes are influencing rainfall in the central
Amazon. Moreover, the triggering of floods and droughts by ENSO events are
probably only the result of the warming or cooling of the ENSO box itself [Marengo
and Espinoza, ].





A.. Average cross correlation of the Pacific

Figure A..: Monthly mean sea surface temperature. The mean monthly temperature is averaged
over the northern tropical Atlantic. We calculated the mean temperature for each
year by adding the corresponding sea surface temperature (SST) and dividing by
the respective number of years. The dotted lines represent the mean SST as it
would be taken to calculate the anomalies on the basis of the climatology of the
entire time span.
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Figure A..: Cross degree for different link densities for positive correlations. a, c, e show the
cross degree for the continent, b, d, f for the ocean, respectively, with decreasing
link densities. a, b have a link density of 5%, c, d a link density of 10%, and e, f
a link density of 15%.





A.. Average cross correlation of the Pacific

Figure A..: Cross degree for different link densities for negative correlations. Same as Appendix
Figure A., but for negative correlations.
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Figure A..: Early warning signal for droughts in the central Amazon basin. We compare the
time evolution of the average cross correlation of the Northern Tropical Atlantic
(NTAO) and Southern Tropical Atlantic (STAO), given by the blue curve, with
the standardized precipitation index (SPI). Orange dips indicate a negative SPI.
The thick red dashed line illustrates the threshold for moderate dry periods in the
central Amazon basin (SPI < −1.0) and the thin red dashed line for severely dry
periods (SPI < −1.5). The black horizontal line indicates the forecast threshold
of −0.06.





A.. Average cross correlation of the Pacific

Figure A..: Monthly anomalies of rainfall and sea surface temperatures. a Average rainfall
anomalies in the central Amazon basin (CAB), b average SST anomalies in the
central (CPO) and southern Pacific ocean (SPO), and c average SST anomalies in
the northern (NTAO) and southern tropical Atlantic ocean (STAO).
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Figure A..: Average cross correlation in the Pacific. Time evolution of the average cross
correlation between the SPO and the CPO. Orange dips indicate a negative
Standardized precipitation index (SPI). The red dashed line illustrates the threshold
for severely dry periods in the central Amazon basin (SPI < −1.5).
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Additional material for Chapter 

B.. Comparision rainfall data sets

Unfortunately, uncertainty estimates for the CRU data are not available. However,
to assess the quality of the data in more detail, we compare the CRU data set used
in this study with the satellite-derived TRMM B data set: The TRMM data
are widely assumed to provide the most accurate precipitation estimates currently
available. However, the drawback is the much shorter time span covered by TRMM,
namely 1998 to 2016, compared to the time span from 1961 to 2012 covered by CRU.
A key factor of our study is the estimation of long-term rainfall variability, which is
impossible on the basis of the TRMM data. We hence used the CRU data set because
of its longer duration, following many related studies dealing with the dieback of the
Amazon rainforest e.g. Cook and Vizy [], Malhi et al. [], Phillips et al. [],
Hirota et al. [], Holmgren et al. [], Huntingford et al. []. A detailed
comparison of the two data sets is shown in the Appendix Figure B.. For this
comparison, the data sets are evaluated on their common time interval from 1998 to
2012, and the TRMM data are interpolated from a spatial resolution of 0.25◦ × 0.25◦

to the coarser spatial grid of the CRU data set (0.5◦ × 0.5◦). The unhatched areas in
the first row of Appendix Figure B. are the regions which are in the intermediate
rainfall regime (1300 – 2100 mm/yr), where both rainforest and savanna states are
possible. Hatched areas are hence not used for estimating resilience in our study, and
in particular not for deriving the results shown in Figure ..

Appendix Figure B.a shows the spatial distribution of mean annual precipitation
(MAP) averaged over time for the CRU data set, while Appendix Figure B.b shows
the same for the TRMM data set. It can be seen that the spatial distribution
of MAP is similar, although some regional discrepancies can be observed when
computing the absolute differences between the MAP estimates of both data sets
(Appendix Figure B.c). Nevertheless, most differences between both data sets are
between ±100 mm/yr. The rainfall variability consists of seasonality and inter-annual
variability. Note that in Appendix Figure B.d-i, we have added top-right-to-bottom-
left hatches to indicate regions that are not in the intermediate variability regimes
(i.e., the light green and light blue areas in Figure .). Thus, only non-hatched
areas in Figure B. are used to derive the respective results for resilience shown in
Figure .. In Appendix Figure B.f we can see that seasonality is represented very
similar in both data sets, especially in the specific study area (unhatched regions).
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The inter-annual variability exhibits larger differences between the two data sets in
particular in the central southern Amazon and in the most-western part close to the
Bolivian border (Appendix Figure B.i). However, these regions are mostly outside
the areas that our resilience results are based upon (bottom row of Figure .).
Hence, although some differences between CRU and TRMM can be observed in both
MAP and variability, the specific regions that we actually use to derive resilience
estimates in our study exhibit rather small differences.

Moreover, to account for potential errors in the underlying CRU data set, we
additionally used spatial Monte Carlo sampling; the corresponding uncertainties are
visualized by the shaded areas in Figure .e, f and .h, i. This way, we minimize
the impact of regional over- or underestimates of precipitation and its variability on
our final results.

B.. The principal component analysis

Generally, the principal component analysis (PCA) is used to reduce linearly the
dimensionality of the data set by using singular value decomposition of the data,
as well as to emphasize variability and therefore detect patterns in the data. It is
especially useful for high dimensional data sets. This section partly follows Shlens
[].

In the following, it will be described how a data set can be evaluated and thus
its underlying structure identified, using a traditional PCA approach. The PCA
determines a unit basis vector along which the dynamics are captured and defines
secondary unit vectors with redundant dynamics. In other words, the PCA finds a
different linear combination representation for the original data set which expresses
its structure directly. The assumption of linearity limits the reexpression of the data
to linear combinations of its basis vector.

Let X be the original data set and Y the new representation of the data set with
both being m × n matrices related by the linear combination P then

PX = Y . (B.)

P has to be chosen such that noise and redundancy is minimized. Thus, the PCA
assumes that all basis vectors {p1, . . . , pm} are orthonormal, i.e. pi · pj = δij . Hence,
P is an orthonormal matrix. Additionally, the PCA implies that the directions with
the largest variances are the most principal. Simply speaking, the PCA selects a
normalized direction in m-dimensional space along which the variance in X is maxi-
mized. This direction is called p1. As a next step, the PCA selects the perpendicular
directions with the highest variance. This selection can continue until all m directions
are found. Thus, these are the principal components p. This is not only the linear
base, but also quantifies the importance of the directions according to their variance.

To solve the PCA, we find the orthonormal matrix P, where Y = PX such that the
covariance matrix SY = 1

n−1YYT is diagonalized. The rows of P are the principal





B.. The principal component analysis

components of X. This can be done by rewriting the covariance matrix SY in terms
of the variable of choice P

SY = 1
n − 1YYT

= 1
n − 1(PX)(PX)T

= 1
n − 1PXXT PT

= 1
n − 1PAPT ,

(B.)

with A = XXT , where A is symmetric. A symmetric matrix can be diagonalized by
the matrix of its eigenvectors

A = EDET , (B.)

where D is a diagonal matrix and E is a matrix of eigenvectors of A. Now the matrix
P can be selected such that pi is an eigenvector of XXT , thus, P = ET . This yields

A = PT DP . (B.)

This can be used to further evaluate the covariance matrix SY

SY = 1
n − 1PAPT

= 1
n − 1P(PT DP)PT

= 1
n − 1(PP−1)D(PP−1)

= 1
n − 1D ,

(B.)

with P−1 = PT . Hence, the choice of P diagonalizes SY. The principal components
of X are the eigenvectors of XXT and thus the rows of P. The diagonal values of
SY are the variances of X along P.
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Figure B..: Comparison of TRMM and CRU precipitation data. a, d, j (left column) illustrate
the spatial distribution of temporally averaged mean annual precipitation (MAP),
seasonality, and inter-annual variability calculated from the CRU data set, while b,
e, h (middle column) show the same variables computed from the TRMM 3B42
data set. For quantitative comparison, we additionally show the absolute differences
between the first two columns in c, f, i (right column). Note that the inter-annual
variability is calculated as the standard deviation of the MAP values, divided by
the long-term mean of MAP (i.e., the ‘coefficient of variation’). Regions that
are not in the intermediate MAP regime (1300 – 2100 mm/yr), and hence not in
the bistable tree cover regime, are indicated by top-left-to-bottom-right hatches.
Furthermore, regions that have either very low or very high seasonality (inter-annual
variability), respectively, are indicated by top-right-to-bottom-left hatches. These
regions are not used for the resilience analyses carried out in our study (compare to
the light green and light blue regions in Figure .e,f and .h,i). Note that in
c, deviations between ±100 mm/yr are shown in white, and in f and i, deviations
between ±0.05 are marked in white. All analyses are done for the time-period 1998
– 2012, during which both data sets overlap. The TRMM data are interpolated to
the coarser grid of the CRU data.





B.. The principal component analysis

Figure B..: a, b Spatial distribution of forest and savanna (natural pasture and shrubland)
as defined by IBGE. c, d MODIS tree cover data c between 50 and 100% and d
between 0 and 50%.
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Figure B..: Surface air temperature (SAT) change by 2100. We show the median of five IPCC
models for the representative concentration pathways (RCP) a RCP ., b RCP .,
c RCP ., and d RCP .. Shading shows the absolute differences (in ◦C) between
the average MAP of the years 1990 - 2000 to the average of 2090 - 2100. It can be
observed that for all RCP scenarios, SAT fairly increases spatially homogeneously.
The rise in SAT is projected to be strongest in western South America, while slightly
weaker in eastern Brazil.
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