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Abstract

Together with the gradual change of mean values, ongoing climate change is projected

to increase frequency and amplitude of temperature and precipitation extremes in many

regions of Europe. The impacts of such in most cases short term extraordinary climate

situations on terrestrial ecosystems are a matter of central interest of recent climate

change research, because it can not per se be assumed that known dependencies be-

tween climate variables and ecosystems are linearly scalable. So far, yet, there is a high

demand for a method to quantify such impacts in terms of simultaneities of event time

series.

In the course of this manuscript the new statistical approach of Event Coincidence Anal-

ysis (ECA) as well as it’s R implementation is introduced, a methodology that allows

assessing whether or not two types of event time series exhibit similar sequences of

occurrences. Applications of the method are presented, analyzing climate impacts on

different temporal and spacial scales: the impact of extraordinary expressions of vari-

ous climatic variables on tree stem variations (subdaily and local scale), the impact of

extreme temperature and precipitation events on the flowering time of European shrub

species (weekly and country scale), the impact of extreme temperature events on ecosys-

tem health in terms of NDVI (weekly and continental scale) and the impact of El Niño

and La Niña events on precipitation anomalies (seasonal and global scale).

The applications presented in this thesis refine already known relationships based on

classical methods and also deliver substantial new findings to the scientific community:

the widely known positive correlation between flowering time and temperature for ex-

ample is confirmed to be valid for the tails of the distributions while the widely assumed

positive dependency between stem diameter variation and temperature is shown to be

not valid for very warm and very cold days. The larger scale investigations underline

the sensitivity of anthrogenically shaped landscapes towards temperature extremes in

Europe and provide a comprehensive global ENSO impact map for strong precipitation

events.

Finally, by publishing the R implementation of the method, this thesis shall enable other

researcher to further investigate on similar research questions by using Event Coincidence

Analysis.
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Chapter 1

Introduction

1.1 Climate Change and Extreme Events

In the course of the last decades climate change has become a predominant matter of

discussion, both in environmental sciences and environmental policy - and due to easy-

to-understand linkages between climate change and modern lifestyle, the issue of climate

change is nowadays an almost omnipresent part of public debate [Schäfer (2016)] as well

as of private thinking of many European citizen [Engels et al. (2013); Eurobarometer

(2008)]. Yet, the public non-scientific debate is mostly held without a clear imagina-

tion of how exactly climate change could possibly impact environmental or human life

aspects [Eurobarometer (2008)]. This discrepancy between the awareness of climate

change in general and the low knowledge about its impacts has, to a certain degree,

parallels to the development of climate change research during the past decades. During

the first decades of modern climate change research, starting around the te 50’s of the

20th century, the main focus lay on analyses of historic trends and future projections

of physical and chemical environmental parameters such as atmospheric composition,

temperature, moisture and others. Due to low data availability and/or quality as well as

coarse temporal and spacial resolutions of climate models, in-depth analysis of the im-

pacts of historic, recent or possible future climate developments on biological elements of

the earth system have been rare for long time. Just during the last few years, following

on the development of a large body of climate change studies, climate research nowadays

focuses to a larger degree on the possible impacts of changing climate parameters like

temperature and precipitation [IPCC (2013)]. Meanwhile, climate impact research has

1
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made large efforts in investigating the impact of climate change on terrestrial [Cramer

et al. (2001); Walther et al. (2002)] and marine ecosystems [Hoegh-Guldberg and Bruno

(2010)], global biodiversity [Heller and Zavaleta (2009)] and human health [Patz et al.

(2005)]. Due to the large amount of climate impact studies we are now better able to

understand recent and assess possible future developments of the interplay between a

changing climate and the connected ecosystems.

But: to a large degree these climate impact studies have so far been focused on the

impacts of gradually changing atmospheric parameters. This may have three reasons:

1) The gradual rise of global mean temperature is the predominant characteristic of

climate change and therefore assessments of the impacts of this development seems an

obvious necessity. 2) Climate projections have been focusing on the development of the

mean behavior (the climatology) of atmospheric variables like temperature and precip-

itation without providing reliable information about climate characteristics on shorter

time scales. 3) The most commonly used statistical data analysis methods to account for

the common behavior of climate and environmental variables are linear correlation and

regression analysis which (only) allow for the assessment of the mean common behavior

(common variance) of two variables of interest.

As a consequence, our knowledge about the impacts of climate events that can not be

described by a gradual change (like climate extreme events) is determined by a much

smaller amount of studies. Yet, since approximately the last five years the number of

new ecologic studies about extreme climate impacts exceeded the number of new studies

dealing with gradual changes [Jentsch et al. (2007)]. This is a very important develop-

ment, because the interrelationship between climate and environment can not in general

be assumed to be of linear nature - impacts may also for example only occur if a certain

threshold is exceeded or have other nonlinear imprints [see e.g. Burkett et al. (2005) or

Rockström et al. (2009)]. Yet, by far the largest part of these studies describe experi-

ments [e.g. Jentsch et al. (2009); Nagy et al. (2013)], are case studies only investigating

the impact of one specific example event [see e.g. Arnone et al. (2011); Luterbacher et al.

(2007); Marchand et al. (2005); Rutishauser et al. (2008)] or analyze model output data

[see e.g. Rammig et al. (2015)] just to give some prominent examples. The analysis of

the impacts of extreme climate events on parts of the ecosystem on larger spacial and

longer temporal scales based on real world observational data has remained a very rarely

addressed task. The number of studies providing analyses of that kind can actually be

counted on two hands: Ma et al. (2015) and Anderson et al. (2015) published studies
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about climate extreme impacts on vegetation for Australia and Brazil based on satellite

observations, Xu et al. (2012) and Liu et al. (2013) provided important studies using

remote sensing products, as well, and only Jentsch et al. (2009) and Crabbe et al. (2016)

explicitly analyzed climate extreme event impacts on vegetation on a European scale,

Zscheischler et al. (2014) analyzed the impact of climate extremes in GPP on a global

scale and Menzel et al. (2011) analyzed the impact of cold and warm spells on plant

phenology between 1950 and 2010 for central Europe.

On the background of ongoing climate change there is an urgent need for further compre-

hensive in depth investigations of the impacts of climate extreme events on ecosystems

and/or parts of them: After having markedly increased during the last century [Coumou

and Rahmstorf (2012); Haylock and Goodess (2004); IPCC (2013); Luterbacher et al.

(2004); Tank and Konnen (2003)], frequency and amplitude of climate extreme events

are for many parts of the world projected to increase on the course of the upcoming cen-

tury [Coumou and Rahmstorf (2012); IPCC (2013); Kundzewicz et al. (2006); Kysely

et al. (2011); Rahmstorf and Coumou (2011); Rajczak et al. (2013); Tank and Konnen

(2003)]. Although these events normally are only of small temporal extension, extremes

in meteorological conditions can be huge challenges for terrestrial ecosystems. One

example would be the temporal mismatch between symbiotic species due to different

reactions to the unprecedented meteorological conditions [see e.g. Burkle et al. (2013);

Kudo and Ida (2013); Law et al. (2000); Parmesan et al. (2000); Rafferty et al. (2015)].

As mentioned above, the lag of climate extreme event impact studies is also a matter

of the lag of suitable methods. Almost all of the above mentioned studies used the

concept of producing composites of the environmental variable of interest out of every

time step where a climate extreme was indicated. These composites were then plotted

as anomalies for visual interpretation. Anderson et al. (2015) did not even construct

composites, but plotted a large number of anomaly maps (one for every time step) in

order to visually compare the time steps with extreme climate events to other time steps

with normal climate conditions. The expedience of such approaches is debatable.

An important exception is given by the study of Liu et al. (2013) where the data analysis

was performed by a kind of ’workaround’: In a first step all pixels of the data sets

belonging to a certain group (climate regime) were combined to a large sample. Then

the quantification of extreme event impacts was achieved by applying linear correlation

analysis between the climate extreme event frequencies of all members of a group on the
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one hand and the environmental extreme event frequencies of the respective pixels on

the other hand. As a consequence, this approach comes with a strong reduction of the

spacial resolution from a global 0.5 x 0.5 degree grid to eight biome classes.

The commonly used technique of visually analyzing anomaly patterns as well as the

analysis of Liu et al. (2013) very well illustrate the necessity for a statistical tool that

is capable to quantitatively characterize statistical interdependencies between (extreme)

events of two time series. Furthermore, this necessity is also evident for time series

that are not given in discrete values for each time step, but only consist of time steps

with event and time steps without event (in the following called binary time series).

Prominent examples for this kind of data are time series of volcanic eruptions, wildfires,

El Niño or flood events. Especially in the case of binary time series it would additionally

be of high interest to apply a measure that enables users for interpretations about a

certain directionality of the relationship between the two event time series.

Thus, the research questions of this thesis, unifying and leading through the publications

listed below, are:

General questions

• How can a new statistical measure be defined that quantifies simultaneities be-

tween two event time series and that is capable to differentiate between different

directions of relationship?

• Is it possible to generate new findings about the impacts of climate extreme events

on parts of the terrestrial ecosystem using this new method?

• How do these new findings differ from already known extreme climate impacts and

do they qualitatively differ from general interrelationships found for the variables

of interest (e.g. quantified by correlation analysis)?

Specific questions

Additionally to these general research questions, the single publications follow their own

and independent questions along the course of extreme climate impacts:

• How does the flowering time of different domestic shrub species react to the oc-

currence of unusually warm and cold temperatures? Are there differences between

the species? Are there regional differences on a larger scale?
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• How do the very short term stem radius variations of domestic tree species react

to the occurrence of those events? Are there differences between individuals and

species?

• How is the overall ecosystem productivity in terms of NDVI effected by such

events? How does this reaction differ among the subregions of Europe?

• Is it possible to retrace the global impacts of El Niño/ La Niña events that have

been reported in literature by applying the new method and can this application

reveal new, so far unknown or undocumented El Niño/ La Niña impacts? How

can the different impacts of different types of ENSO events be quantified?

In order to work on this research questions, the manuscripts listed in the following chap-

ter have been published/submitted in/to international scientific peer-reviewed journals.

Additionally to answering the research questions, another important scope of this work

is to assist other researches to further contribute to the field of climate impact research

by building, publishing and distributing an implementation of the used methodology in

R, one of the most commonly used statistical frameworks in environmental sciences.
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1.2 Contributing Publications

Donges, J., C.-F. Schleussner, J. Siegmund, and R. Donner (2016), Event co-

incidence analysis for quantifying statistical interrelationships between event

time series, The European Physical Journal Special Topics, 225(3), 471–487

Publication comprehensively describing the novel approach of Event Coincidence Anal-

ysis.

My contribution to the publication:

• participation in general methodological discussions

• introduction of the bi-directionality of ECA: the differentiation between trigger

and precursor coincidence rate

• proofread of the manuscript

Siegmund, J., M. Wiedermann, J. Donges, and R. Donner (2016a), Impact

of temperature and precipitation extremes on the flowering dates of four

German wildlife shrub species, Biogeosciences, 13, 55415555, doi: 10.5194/

bg-13-5541-2016

Publication analyzing the impact of very warm/cold and very wet/dry weather con-

ditions on different time scales on the flowering date of four wildlife shrub species in

Germany using the Event Coincidence Analysis.

My contribution to the publication:

• Conception of the work

• Data analysis and interpretation

• Illustrations

• Writing the article

Siegmund, J., T. Sanders, I. Heinrich, E. van der Maaten, S. Simard, G. Helle,

and R. Donner (2016b), Meteorological Drivers of Extremes in Daily Stem

Radius Variations of Beech, Oak, and Pine in Northeastern Germany: An
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Event Coincidence Analysis, Frontiers in Plant Sciences, 7:733, doi: 10.3389/

fpls.2016.00733

Publication analyzing the impact of various extraordinary weather conditions on the

daily stem radius variations of three different tree species in terms of Event Coincidence

Analysis and notion/conception of a multivariate extension of the method: the condi-

tional event coincidence analysis.

My contribution to the publication:

• Conception of the work

• Notion of the conditional event coincidence analysis

• Data analysis and interpretation

• Illustrations

• Writing the article

Siegmund, J. F., N. Siegmund, and R. V. Donner (2017), CoinCalc - A

new R package for quantifying simultaneities of event series, Computers and

Geosciences, 98, 64–72, doi: 10.1016/j.cageo.2016.10.004

Publication presenting the new R Package CoinCalc, an R implementation of the Event

Coincidence Analysis plus examples of how the package can be used including one ex-

ample from Siegmund et al. (2016a) and one example dealing with soil sample data.

My contribution to the publication:

• Conception and implementation of the R package CoinCalc

• intensive bug-testing of the package

• Conception of the article

• Data analysis and interpretation

• Illustrations

• Writing the article
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Baumbach, L., J. Siegmund, M. Mittermeier, and R. Donner (2017), Impacts

of temperature extremes on european vegetation during the growing season,

Biogeosciences, under Review

Publication analyzing simultaneities between extreme temperature events and extreme

NDVI events over Europe using MODIS satellite remote sensing data and the Event

Coincidence Analysis.

My contribution to the publication:

• Conception and design of the work

• Illustrations

• Partly writing the article, especially the chapters ’Methods’, ’Results’ and ’Dis-

cussion’

• Critical revision of the article

Wiedermann, M., J. Siegmund, J. Donges, and R. Donner (2017), Differential

imprints of distinct enso flavors in global extreme precipitation patterns,

Climate Dynamics, under Review

Publication dealing with the impacts of two different kinds of El Niño and La Niña

Events on strong positive and negative precipitation anomalies on a global scale. My

contribution to the publication:

• Partly conception and design of the work

• Data analysis and interpretation

• Illustrations

• Partly writing the article, especially the chapters ’Methods’ and ’Results’

• Critical revision of the article
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2.1 Event coincidence analysis for quantifying statistical

interrelationships between event time series
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Abstract. Studying event time series is a powerful approach for an-
alyzing the dynamics of complex dynamical systems in many fields
of science. In this paper, we describe the method of event coincidence
analysis to provide a framework for quantifying the strength, direction-
ality and time lag of statistical interrelationships between event series.
Event coincidence analysis allows to formulate and test null hypotheses
on the origin of the observed interrelationships including tests based on
Poisson processes or, more generally, stochastic point processes with a
prescribed inter-event time distribution and other higher-order proper-
ties. Applying the framework to country-level observational data yields
evidence that flood events have acted as triggers of epidemic outbreaks
globally since the 1950s. Facing projected future changes in the sta-
tistics of climatic extreme events, statistical techniques such as event
coincidence analysis will be relevant for investigating the impacts of an-
thropogenic climate change on human societies and ecosystems world-
wide.

1 Introduction

Climate extremes and related natural disasters are of major interest for research on
climate change and its impacts, because their frequency and amplitude is projected to
increase significantly in the future [1–3]. However, when it comes to the quantification
of impacts of associated natural disasters on ecosystems [4] and society (e.g. in terms
of triggering epidemics or social unrest [5]), there are only very few studies providing

a e-mail: donges@pik-potsdam.de
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a systematic assessment beyond individual cases. In-depth studies in this field require
tailored statistical analysis tools that allow for a quantitative characterization of sta-
tistical interdependencies between event time series and are also applicable to series
comprising only a few events.
Time series of events or event series, here defined as an ordered set of N event

timings {t1, . . . , tN}, are the subject of study in many fields of science. In this paper,
such event series are considered as binary, i.e. amplitudes associated to the event
timings ti are either not available or are not taken into account in the analysis (cor-
responding to a description as unmarked point processes). There are many real-world
examples of event series of this type, including photon arrival times in physics [6],
neuronal spikes in neurosciences [7,8], exchange of messages on communication net-
works in social science [9] or timings of climatic extreme events [1,2] and armed civil
conflicts [10–12] in climate impact studies [13]. Many recent studies have focused on
investigating statistical properties of single event series or point processes such as
inter-event time distributions. For example, the analysis of human online communi-
cation reveals that waiting times between text messages do not follow an exponential
distribution as expected from an uncorrelated (Poissonian) random process, but in-
clude bursts of frequent events interrupted by long periods of inactivity that can be
better described by power-law distributions [9].
However, less work appears to be available in the literature on quantifying and

systematically studying statistical interrelationships between two or more event se-
ries, particularly when compared to the wide range of methods of this type available
for standard time series such as Pearson correlation [14], mutual information [15] or
synchronization measures [16]. Particularly in neuroscience, techniques have been de-
veloped for measuring the similarity or synchrony of event series of neuronal spike
trains [7,8,17–19]. In climatology, measures of event synchronization have been re-
cently applied to study statistical interrelationships between extreme precipitation
events and their complex spatial structure [20] using climate network approaches [21].
More specifically, this approach has been used to unravel the complex spatio-temporal
patterns of heavy rainfall events in the Indian monsoon domain [20,22], derive predic-
tors for extreme flood events in South America [23] and study regional climatological
phenomena related to extreme precipitation over Central Europe [24].
Measures of event synchronization tend to be used mostly in an explorative mode

of research aiming to reveal associations in large data sets of event series from neu-
roscience or climatology. However, some of the currently most debated problems in
climate impact research, e.g. concerning climate-related variables such as extreme
temperatures or the El Niño–Southern Oscillation as potential drivers of armed civil
conflicts [10,11], call for a more in-depth analysis of statistical interrelations between
event series. Extending upon previously applied event synchronization approaches, in
this paper we formally put forward the alternative framework of event coincidence
analysis [25] for investigating in detail the statistical interrelationships between pairs
of event time series and testing hypotheses on the nature of these interrelationships.
Event coincidence analysis is designed to measure the strength, directionality and
time lag of statistical relations between event series. The method was introduced in a
less general setting to study possible statistical interrelationships between nonlinear
regime shifts in African paleoclimate during the past 5million years and events in
hominin evolution such as the appearance and disappearance of species [25]. It has
also been applied to investigate the impacts of climatic extremes such as droughts
and heat waves on vegetation productivity based on observational data and dynamic
vegetation model runs [4]. Furthermore, event coincidence analysis has been used to
evaluate different hypotheses on socio-economic factors influencing the vulnerability
of countries to natural disasters with a focus on the possible triggering of outbreaks
of civil conflicts [5].
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Event Type B

Event Type A

Time

τ
T

Fig. 1. Schematic illustration of event coincidence analysis for quantifying statistical inter-
relationships between two event time series A and B for the case of precursor coincidences.
The assumption to be quantified and tested for is that events in B are precursors of events
in A (under the condition that an A-event has occurred). Focusing on an event in series
A (dark red bar), a (lagged) coincidence occurs with events in series B (dark blue bars) if
the latter fall into the coincidence interval of width ΔT (grey bar) that can be shifted by
a lag parameter τ . Coincidence rates are obtained by computing the relative frequency of
occurrence of such coincidences for all events in series A (Sect. 2).

We argue that event coincidence analysis is a particularly useful tool in the area of
climate impact studies, since it allows to statistically study the effects of such extreme
events on other processes and explicitly takes their nature as event series into account.
To illustrate the capabilities of our approach, we employ event coincidence analysis
to assess extreme flood events as possible drivers of epidemics extending upon earlier
work [4,5]. Applying the framework in this case study based on observational data
yields evidence that, from a globally aggregated perspective, flood events have acted
as drivers of epidemics in the same country in the past.
The structure of this paper is as follows: event coincidence analysis is thoroughly

introduced in Sect. 2 including descriptions of the basic methodology, statistical null
models for testing hypotheses and related approaches. Subsequently, the results of
applying event coincidence analysis to event series of extreme floods and epidemics
are reported in Sect. 3. Finally, Sect. 4 provides conclusions and perspectives for
promising future extensions of the event coincidence analysis methodology.

2 Methods

In this section, we develop the method of event coincidence analysis that is concerned
with quantifying the statistical interrelationships between pairs of event series, ex-
tending upon the approach introduced in [25]. A pair of event time series A and B is
here defined as two ordered event sets with timings {tA1 , . . . , tANA} and {tB1 , . . . , tBNB}
with numbers of events NA, NB , respectively. Both event series are assumed to cover
a time interval (t0, tf ) of length T = tf − t0, such that t0 ≤ tA1 ≤ · · · ≤ tANA ≤ tf and
t0 ≤ tB1 ≤ · · · ≤ tBNB ≤ tf . This yields event rates λA = NA/T and λB = NB/T .
Event coincidence analysis is based on counting coincidences between events of dif-

ferent types. In the following, the assumption to be quantified and tested for is that
events in B precede events in A, which is related to a possible causal influence from
B- to A-type events (Fig. 1). The opposite case of assuming that events in A precede
events in B can be accommodated by exchanging the labels A and B throughout the
formulae and text.
An instantaneous coincidence is defined to occur if two events at tAi , t

B
j with

tBj < t
A
i are closer in time than a temporal tolerance or coincidence interval ΔT ,

i.e. if
tAi − tBj ≤ ΔT (1)
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holds. In turn, a lagged coincidence is defined as an instantaneous coincidence between
the time shifted event at tAi − τ , where τ ≥ 0 is a time lag parameter, and the event
at tBj < t

A
i − τ , i.e. if the condition

(tAi − τ)− tBj ≤ ΔT (2)

is satisfied.
Differing from the above problem formulation that is consistently used throughout

this work, we note that event coincidence analysis can also be performed by employing
coincidence intervals that are symmetric around A-events and relaxing the assumption
that B-events must precede A-events. The resulting condition |tAi − tBj | ≤ ΔT can
be meaningful, e.g. given event series with pronounced dating uncertainties as in the
case of archeological, paleontological and paleoenvironmental data [25].
In the following, we introduce the concept of the coincidence rate between a single

pair of event series (Sect. 2.1) as well as an aggregated coincidence rate for taking
into account several pairs of event series (Sect. 2.2). Section 2.3 discusses coincidence
statistics for null models of stochastic point processes that can be used to test the
statistical significance of coincidence rates estimated from data. Moreover, we put
event coincidence analysis into the context of other related approaches for the analysis
of event time series (Sect. 2.4).
Many of the measures and significance tests described below are implemented in

the open source software package CoinCalc [26] written in the programming language
R which is available at https://github.com/JonatanSiegmund/CoinCalc.

2.1 Coincidence rates for a pair of event series

For quantifying the strength of statistical interrelationships between two event time
series A and B, we introduce two variants of coincidence rates addressing B-type
events as precursors and triggers of A-type events, respectively. In the first case, the
precursor coincidence rate

rp(ΔT, τ) =
1

NA

NA∑
i=1

Θ

⎡
⎣NB∑
j=1

1[0,ΔT ]
(
(tAi − τ)− tBj

)⎤⎦ , (3)

measures the fraction of A-type events that are preceded by at least one B-type event
(note that multiple B-type events within the coincidence interval are counted only
once, see also Fig. 1). Here, Θ(·) denotes the Heaviside function (here defined as
Θ(x) = 0 for x ≤ 0 and Θ(x) = 1 otherwise) and 1I(·) the indicator function of the
interval I (defined as 1I(x) = 1 for x ∈ I and 1I(x) = 0 otherwise). In the second
case, the trigger coincidence rate

rt(ΔT, τ) =
1

NB

NB∑
j=1

Θ

[
NA∑
i=1

1[0,ΔT ]
(
(tAi − τ)− tBj

)]
, (4)

measures the fraction of B-type events that are followed by at least one A-type
event (note that multiple A-type events within the coincidence interval are counted
only once). Distinguishing between precursor and trigger coincidence rates allows
to introduce a certain notion of directionality to the method of event coincidence
analysis. Furthermore, the parameter τ allows to explicitly take into account lagged
relationships between event series.
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2.2 Aggregated coincidence rates

In some applications, it can be relevant to have at hand an integrated measure for
coincidences that occur between several pairs of event series as in the case of events
that are available on a spatial grid or for different regions or countries. For example,
consider multiple country-wise sets of A-type events (floods) and B-type events (epi-
demic outbreaks) as in the application presented in Sect. 3. In this case, coincidences
can only be meaningfully counted on a per-country basis, but it is desirable to quan-
tify the aggregated coincidence rate over all countries in the data set or a suitably
filtered subset of countries to obtain a global measure of the strength of the rela-
tionship between the two event types considered and its statistical significance with
respect to different null hypotheses [5]. Another motivation for considering aggregate
measures of coincidence relationships is related to data quality. In some applications
with small event numbers NA, NB , only aggregation over several pairs of event series
allows to draw robust statistical conclusions.
Analogously to the case of a single pair of event series, two flavors of aggregated

coincidence rates are defined as follows given a set G of pairs of A- and B-type events.
The aggregated precursor coincidence rate

rGp (ΔT, τ) =

∑
k∈G

∑NA,k
i=1 Θ

[∑NB,k
j=1 1[0,ΔT ]

(
(tA,ki − τ)− tB,kj

)]
∑
k∈GNA,k

(5)

measures the total number of precursor coincidences occurring in all pairs of event
series normalized by the maximum possible number of such coincidences. Along the
same lines, the aggregated trigger coincidence rate

rGt (ΔT, τ) =

∑
k∈G

∑NB,k
i=1 Θ

[∑NA,k
j=1 1[0,ΔT ]

(
(tA,ki − τ)− tB,kj

)]
∑
k∈GNB,k

(6)

is the accordingly normalized total number of trigger coincidences occurring in all
pairs of event series in G. Note that for both types of aggregated coincidence rates,
multiple events falling within the coincidence window are counted only once, as in
the definition of coincidence rates for a single pair of event series (Sect. 2.1).
Studying aggregated coincidence rates can be seen as a first step towards a sys-

tematic analysis of coincidences in more general spatio-temporal event data. Such
data can be conceptionalized as being generated by spatial or spatio-temporal point
processes [27,28]. More generally, events of interest for an extended event coincidence
analysis can also take the form of higher dimensional objects with a nontrivial shape
in terms of, e.g. latitude, longitude and time, such as the spatio-temporal extremes
in the fraction of absorbed photosynthetically active radiation (fAPAR) identified by
Zscheischler et al. [29].

2.3 Statistics for null models of stochastic point processes

Treating stochastic point processes as generators of event time series allows to de-
rive distributions of coincidence rates to test the statistical significance of the results
of event coincidence analysis based on a hierarchy of null hypotheses, analogously
to classical statistics and the method of surrogates for standard time series analysis
[15,30]. Here, we focus on Poisson processes without temporal correlations between
events (Sect. 2.3.1) and point processes with a prescribed inter-event time distribu-
tion P (Δt) that allow to consider, e.g. processes with heavy-tailed P (Δt) that tend
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to produce bursts of events (Sect. 2.3.2). More generally, classes of null models for
point processes of interest include, for example, event series with higher-order mem-
ory effects such as correlations between event bursts [31] that are, however, beyond
the scope of this paper. We also briefly touch upon the possibility of constructing
surrogate event series from time series surrogates (Sect. 2.3.3).
Analytical results are given below where available, otherwise we rely on Monte

Carlo simulations. For illustration, we restrict ourselves to a single pair of event time
series, the case of sets of event series can be treated analogously. Significance tests
based on the null hypothesis of Poisson processes following a Monte Carlo approach
are applied in Sect. 3 to quantify the statistical interrelationships between flood events
and epidemic outbreaks.

2.3.1 Poisson processes

Here, we assume that both A- and B-type events are generated by Poisson processes
with event rates λA and λB, respectively. This assumption implies that both types
of events are distributed randomly, independently and uniformly over the continuous
time interval of length T . Since our focus is on using the derived statistics for hy-
pothesis testing on data sets with typically small numbers of events in each series, we
assume fixed event numbers NA = λAT and NB = λBT . Note that the analytically
derived estimators presented below are only expected to yield reliable results in the
limit of sufficiently large event numbers

NA � 1 and NB � 1. (7)

First, we analytically derive the statistics of precursor coincidence rates extending
upon [25]. The probability for a (lagged) precursor coincidence between an A-event
and a preceding B-event is given by the probability

p =
ΔT

T − τ (8)

that a B-event occurs randomly in a segment of length ΔT of the effective time span
of interest T−τ . This follows from the null hypothesis of Poisson processes generating
the event series, where the probability for events to occur is the same in any time
instant and is independent from the occurrence of other events, resulting in a linear
dependence of p on ΔT .
Then the probability of a specific A-event to coincide with at least one of the NB

B-events is given by

1− (1− p)NB = 1−
(
1− ΔT

T − τ
)NB

. (9)

Note that when counting only exactly contemporaneous coincidences with ΔT = 0,
p = 0 follows in the limit of a continuous time axis. However, in real-world data sets,
the time axis is often discrete, e.g. due to finite sampling intervals or finite numerical
precision. In this common case, p = 1/(T − τ) needs to be used in the following with
T and τ measured in numbers of time steps instead of units of absolute time when
the interest is in coincidences with zero tolerance [32].
Based on this expression, we can calculate the probability P (K;NA, 1−(1−p)NB )

that exactly K precursor coincidences are observed for a given realization of the two
Poisson processes. Even though A-events are assumed to be distributed independently
in the interval [0, T ], to proceed with the derivation we need to further assume that
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A-type events are typically spaced much more widely than the coincidence interval
ΔT , i.e.

ΔT � T/NA. (10)

When this condition (Eq. 10) is fulfilled, the events that a specific Ai-event coincides
with at least one B-event and that another specific Aj-event coincides with at least
one B-event can be considered statistically independent. Only then, P (K;NA, 1−(1−
p)NB ) is given by the binomial distribution with NA trials and a success probability
1− (1− p)NB [33] and, hence,

P (K;NA, 1− (1−p)NB )=
(
NA

K

)(
1−

(
1− ΔT

T − τ
)NB)K ((

1− ΔT

T − τ
)NB)NA−K

.

(11)
Using the relationship K = rpNA to substitute K by rp in the above equation yields
the distribution of precursor coincidence rates P (rp;NA, 1− (1− p)NB ).
From the distribution (Eq. (11)), the expectation value 〈K〉 and standard devia-

tion σ(K) can be straightforwardly derived as

〈K〉 = NA
(
1− (1− p)NB) = NA

(
1−

(
1− ΔT

T − τ
)NB)

(12)

and

σ(K) =

√
NA

(
1− (1− p)NB

)
(1− p)NB

=

√√√√NA
(
1−

(
1− ΔT

T − τ
)NB)(

1− ΔT

T − τ
)NB

. (13)

This yields the expectation value of the precursor coincidence rate

〈rp〉 = 〈K〉
NA
= 1−

(
1− ΔT

T − τ
)NB

(14)

and its standard deviation

σ(rp) = σ(K)/NA

=

√√√√ 1

NA

(
1−

(
1− ΔT

T − τ
)NB)(

1− ΔT

T − τ
)NB

. (15)

The p-value of an observation Ke with respect to the test distribution (Eq. (11)), i.e.
the probability to obtain a number of coincidencesK larger or equal to the empirically
observed number Ke, is then given by

P (K ≥ Ke) =
NA∑

K∗=Ke

P (K∗;NA, 1− (1− p)NB ). (16)

The statistics of trigger coincidence rates for event series generated by Poisson
processes can be derived analogously by assuming a wide enough typical spacing
of B-events:

ΔT � T/NB . (17)



478 The European Physical Journal Special Topics

The distribution of the number of trigger coincidences K is then given by

P (K;NB , 1− (1−p)NA) =
(
NB

K

)(
1−
(
1− ΔT

T − τ
)NA)K ((

1− ΔT

T − τ
)NA)NB−K

(18)
yielding the expectation value and standard deviation of the trigger coincidence rate

〈rt〉 = 1−
(
1− ΔT

T − τ
)NA

(19)

and

σ(rt) =

√√√√ 1

NB

(
1−

(
1− ΔT

T − τ
)NA)(

1− ΔT

T − τ
)NA
, (20)

respectively. As above, the p-value of an empirically observed number of trigger co-
incidences Ke can then be written as

P (K ≥ Ke) =
NB∑

K∗=Ke

P (K∗;NB , 1− (1− p)NA). (21)

In the case that the conditions (7), (10) and (17) are not met, Monte Carlo simu-
lations need to be applied to compute statistics of event coincidence analysis such
as the mean and standard deviation of coincidence rates or the significance level (p-
value) of an observed coincidence rate corresponding to the null hypothesis that the
empirical coincidence rate can be explained as the result of Poisson processes. To illus-
trate this issue, we compare the expectation values and standard deviations of trigger
coincidence rates for Poisson processes derived from analytics and Monte Carlo simu-
lation for different relative coincidence intervals ΔT/T and numbers of B-events NB
(Fig. 2). Indeed, the statistics are only comparable if conditions (7) and (17) are met,
i.e. for NB � 1 and NB � N cB(ΔT/T ) = (ΔT/T )−1 (green line in Fig. 2), where
N cB(·) denotes a critical value of NB . Otherwise, Monte Carlo simulations show that
the analytical approximation tends to overestimate the expected coincidence rate and
its standard deviation, even though the approximations (Eqs. (14), (15)) show the
correct asymptotic behavior of r → 0 and σ(r) → 0 for ΔT/T → 0 and r → 1 and
σ(r)→ 0 for ΔT/T → 1.

2.3.2 Stochastic point processes with prescribed inter-event time distribution

Compared to the Poisson processes discussed above, a more general null hypothesis
is that the observed values of coincidence rates can be explained by stochastic point
processes with a given distribution of inter-event times P (Δt). For example, the inter-
event time distribution for Poisson processes with average event rate λ is given by
the exponential distribution

P1(Δt) = λe
−λΔt. (22)

However, it has been shown that many event time series display bursting behavior
associated with inter-event time distributions having more slowly decaying (heavy)
tails than the exponential distribution P1(Δt) [9,34]. For example, human violent
conflicts were reported to display universal bursting behavior [34] associated with
inter-event time distributions of the form

P2(Δt) = λF (λΔt), (23)
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Fig. 2. Comparison of the expected trigger coincidence rate 〈rp〉 (A,B) and its standard
deviation σ(rp) (C,D) obtained using Monte Carlo simulation (A,C) and an analytical ap-
proximation (B,D) depending on the relative coincidence interval ΔT/T and the number of
B-type events NB . The analytical approximation is only accurate in the regime NB � 1 and
NB � NcB(ΔT/T ) = (ΔT/T )−1 (green line), where NcB(·) denotes a critical value of NB .
In this example, the number of A-type events is NA = 10, no lag is used (τ = 0), events are
distributed in the unit interval of width T = 1 and m = 1, 000 trials are used in the Monte
Carlo simulations for each considered combination of parameters.

where F (·) exhibits a power-law decay with exponent α such that
F (x) = ax−α (24)

yielding
P2(Δt) ∝ Δt−α. (25)

Power-law inter-event time distributions with an exponential cutoff

P3(Δt) = C(λΔt)
αe−λΔt/β (26)

have been reported to accurately describe the return time statistics of earthquakes
[35] and other types of event series.
While deriving analytical results for coincidence statistics based on these and

other classes of point processes with prescribed P (Δt) remains the subject of future
research, Monte Carlo simulations can be applied to obtain test distributions for
assessing the statistical significance of empirically observed coincidence rates. Note
that these tests can only be meaningfully applied in practice if either P (Δt) can be
estimated well from the empirically observed inter-event time statistics requiring a
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sufficiently large number of events, or a good process understanding exists, i.e. the
inter-event time distribution is known from theoretical considerations or observations
from analogous systems. Alternatively, ensembles of surrogate event series can be
generated by randomly shuffling inter-event time intervals given a large number of
events. These conditions are not met for the application studied in Sect. 3, implying
the need for restricting the analysis to the null hypothesis of Poisson processes there.

2.3.3 Surrogate event series generated from time series surrogates

In a number of relevant applications of event coincidence analysis, e.g. when study-
ing climatological extreme events, event series are generated from underlying time
series data. This transformation from time series to event data is typically achieved
by thresholding to identify extreme events in the time series according to a prescribed
quantile [4,32] or some other form of filtering. In this case, various types of time series
surrogates [30] can be used to generate ensembles of event series for hypothesis testing
by applying the same transformation to original and surrogate time series data. For
example, univariate iterative amplitude adjusted Fourier transform (iAAFT) surro-
gates as implemented in [36] can be used to generate surrogate event series based on
surrogate time series with the same amplitude distribution and autocorrelation func-
tion as the original data. This procedure is useful for constructing suitable significance
tests for event coincidence analysis when extreme events in the series of interest tend
to cluster due to pronounced autocorrelation in the underlying time series data, as
it was found to be the case for European temperature, precipitation, tree ring width
and simulated net primary productivity (NPP) [4]. Along these lines, bivariate event
series surrogates derived from bivariate iAAFT time series surrogates could be used
for testing the null hypothesis that observed coincidence rates can be explained by
the co-occurrence of extremes due to the conserved linear cross-correlation structure
of the underlying pair of time series.

2.4 Related methods

The complex systems-inspired framework of event coincidence analysis presented
above is conceptually related to measures from spatial statistics for the correlation of
spatial and spatio-temporal point processes [27,28] such as Ripley’s cross-K [37] as
well as various forms of regression analysis for point process data. Another popular
related approach is considering measures of event synchronization for quantifying the
similarity of event series [17,20,23]. Hence, the considerations on surrogate event se-
ries and significance tests given above could be applied to the latter concept as well,
given that the requirements and basic assumptions are met. However, it should be
noted that event synchronization lacks the distinction between coincidence interval
ΔT and lag parameter τ provided by event coincidence analysis, and also does not
allow to distinguish the cases of precursor and trigger coincidences.
While the statistical theory of temporal point processes appears generally less con-

solidated than the theory of standard time series [8], a multitude of methodologies for
studying statistical interrelationships between event time series have been developed
in the neurosciences in the last decades focussing on the specific, but important, ap-
plication to neural spike trains. These techniques include methods focussing on the
distributions of relative waiting times of events in series A with respect to events in
series B [38], cross-correlograms and cross-intensity functions as well as frequency-
domain methods, neural spike train decoding or information-theoretical methods [8].
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Certainly, this wealth of alternative methodologies holds a great potential for fruitful
applications in other fields of science, considering, for example, series of climatological
extreme events and natural disasters.
It should also be mentioned that the statistical and mathematical literature con-

tains a large number of less closely related studies of coincidences, e.g. considering the
birthday problem [39]. The term coincidence analysis is also used in different contexts
in fields such as elementary particle physics [40] or in the identification of causal de-
pendencies in configurational data [41]. This is why we choose to use the more specific
term event coincidence analysis when referring to the methodology introduced in this
paper.

3 Application: Extreme flood events as possible drivers of epidemics

To illustrate the capabilities of event coincidence analysis, we apply it here to analyze
the interrelations between two types of event time series of natural disasters, for which
a causal relation is commonly assumed in the literature: hydrological flooding events
(B-events) and outbreaks of epidemics (A-events) [42]. Our analysis is performed
on the EmDAT data base covering the time interval 1950–2009 in a monthly time
resolution [43]. This data base contains 3,468 flood events worldwide that are defined
as a significant rise of water level in a stream, lake, reservoir or coastal region as well
as 1,152 epidemic outbreaks, defined as either an unusual increase in the number of
cases of an infectious disease that already exists in the region or population concerned,
or the appearance of an infectious disease previously absent from a region. For each
country k in the data base, a pair of event series is available containing Nf,k flood
events and Ne,k epidemic outbreaks, respectively.
As described above, event coincidence analysis allows for two different test setups:

in the first setup, we test on the basis of the occurrence of epidemic outbreaks and
perform a coincidence test with flood events preceding epidemic outbreaks within a
given coincidence interval (statistics based on precursor coincidences). Since we an-
alyze coincidences based on the condition that an epidemic outbreak has occurred,
this setup may also be termed a risk enhancement test [5]. In the second case, we
perform the event coincidence analysis on the basis of occurrence of flood events that
are followed by epidemic outbreaks (statistics based on trigger coincidences). We call
this the trigger test [5], since it investigates a possible causal direction of flood events
triggering epidemic outbreaks. In the following, we do not consider additional time
lags between different types of events that are not covered already by the coincidence
interval ΔT and, hence, set τ = 0 (see Fig. 1). Furthermore, we compute aggre-
gated coincidence rates covering all countries in the data base (Sect. 2.2) as well as
coincidence rates on a country-wise basis (Sect. 2.1).
To test for statistical significance with the null hypothesis (NH) that the ob-

served coincidences can be explained on the basis of event series generated by Poisson
processes with the empirically observed event rates, Monte Carlo simulation is applied
to generate pairs of surrogate event time series with conserved event numbers on an
individual country basis by uniformly and independently drawing Nf,k, Ne,k, event
timings over the full analysis period 1950–2009. We generate m = 1, 000 ensemble
members for each country and significance levels of 95% and 99% are applied for the
rejection of the NH.
Figure 3 displays coincidence rates aggregated over all countries with available

event data for coincidence intervals ΔT ranging from 0 to 24 months. While ΔT = 0
implies considering coincidences within the same month, a 24-months window counts
coincidences between 0 and 24 months after (before) a flooding (epidemic outbreak)
event, respectively. For the risk enhancement test, we find that about 20% of all
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Fig. 3. Results of event coincidence analysis for the flood and epidemic outbreak event
time series: Aggregated precursor (A) and trigger (B) coincidence rates. Dotted (dashed)
grey lines mark the 95% (99%) significance level determined by Monte Carlo simulations.
Coincidence rates that are significant at 95% (99%) levels are highlighted by bold markers.

epidemic outbreaks have been preceded by a flooding event within a month before
the outbreak. Our corresponding results indicate that floods robustly contribute to
the outbreak risk (Fig. 3A). While no direct causal attribution is possible based on this
test, the trigger test (Fig. 3B) also robustly suggests a possible causal relationship. We
find that about 7% of all flooding events have been followed by an epidemic outbreak
in the next month, which is significant at the 99% level.
These results are robust also for other small coincidence intervals. In turn, for

window widths ΔT exceeding 3 months, we do not find indications that the NH
of the aggregated coincidence rate arising by chance can be rejected. However, this
changes for window lengths between 9 and 13 months, where the NH can be rejected
at least at the 95% level, indicating a robust long-range interrelation between the
two types of events. In fact, more than 50% of all epidemic outbreaks have been
preceded by a flooding event over a 12-months coincidence interval and about 20% of
all flooding events have possibly triggered epidemic outbreaks within the 12 months
following the natural disaster.
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It should be noted that although we perform multiple hypothesis tests for varying
coincidence intervals ΔT , standard corrections of the significance level to account for
these multiple comparisons such as Bonferroni adjustments are not applicable in our
case. This is particularly true for the corresponding universal null hypothesis that no
statistical relationship exists between flood events and epidemic outbreaks for any
of the ΔT [44,45]. In contrast, the two detected clusters of ΔT with statistically
significant rates for both precursor and trigger coincidences around monthly and
annual time scales indicate the existence of robust coincidence relationships that
are present in the data. To further investigate the robustness of these findings, we
performed Monte Carlo simulations to assess the probability that the null hypothesis
is falsely rejected for fixed pairs of Poisson data surrogates for n values of ΔT . We
find that the probability to observe n = 4 falsely rejected tests at a significance level
of 99% (compare Fig. 3) in this setting is less than 0.001, implying that the results
presented in Fig. 3 can be considered highly statistically significant when taking the
effects of multiple testing in the specific setting of our study into account.

The global frequencies of flood events and epidemics are depicted in Fig. 4A,B, and
the country-wise trigger coincidence rates for coincidences within the same month and
a 12-months coincidence interval in Fig. 4C,D. While these maps give some guidance
on where floods may have triggered epidemic outbreaks, they need to be interpreted
with great caution, since no information about the statistical significance of these rates
is conveyed. Since coincidence rates are plotted, countries with very limited statistics
(e.g. only one or very few events) can still exhibit high individual coincidence rates.
However, several epidemic-prone regions such as parts of South America, South-East
Asia, India and Sub-Saharan Africa are highlighted as having substantial trigger
coincidence rates for both coincidence intervals. At the same time, these maps also
illustrate a limitation of the tests performed here, since the data is provided on a
country-wise resolution, while the considered events, in particularly floods, are bound
to geographical regions and water-sheds. This is in particular problematic for larger
countries, where a sub-country resolution would be needed to ensure at least the
possibility of a causal relation between the event time series. While this represents
a clear limitation, it does not affect the significance of our results. The reason is
that inclusion of causally unrelated events on a country basis can only increase the
probability of coincidences occurring by chance, thereby increasing the significance
levels and rendering the test more conservative.

While being the most common natural disasters, floods are the leading cause of
natural disaster fatalities worldwide: Doocy et al. [46] estimate global fatalities due
to flood events directly to exceed half a million for the period 1980–2009. At the
same time, flood events are also found to increase the risk of outbreaks of fecal-
oral, vector-borne and rodent-borne diseases [47]. However, the interrelation between
floods and disease outbreaks is found to be complex and strongly case-dependent
[47] and, as a consequence, difficult to assess in an aggregated fashion using classical
statistical methods. The event-based event coincidence analysis applied here provides
a methodological alternative by assessing the statistical interrelationships between
the two types of event time series on a case-to-case basis. In line with a systematic
review of the literature on floods and human health [48], we report robust evidence for
both short-term and long-term impacts of floods on epidemic outbreaks. Specifically,
we find that more than 50% (20%) of all epidemic outbreaks have been preceded
by a flooding event within a 12(1)-month(s) window before the outbreak and that
about 20% (7%) of all floods might have triggered such an outbreak in the 12(1)
month(s) following the natural disaster. Our results indicate statistically significant
coincidence rates up to three months following the disaster and then between 9 and
12 months afterwards, indicating the importance of seasonal effects, which shall be
further studied in future work. In particular in tropical regions, flooding events are tied
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to the rainy season as are major drivers in particular vector-borne diseases [49]. Thus,
while the significant short-term coincidence rates might to a large extent be a direct
consequence of the flooding events, indirect effects will likely dominate the long-term
coincidence rates observed, e.g. through impacts on general health, food systems and
livelihoods exacerbating poverty and potentially malnutrition that increase long-term
susceptibility for diseases [48]. It is important to note, however, that the clustering
of floods and epidemics during the rainy season in tropical countries could lead to
statistically significant long-term coincidence rates due to the counting of causally
unrelated events in successive rainy seasons. This effect should be controlled for in
future studies.
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Given the projected increase in flood risk under anthropogenic climate change
[50,51], our findings highlight the risk of such natural disasters for human health and
call for an integrated view on climate and health risks in adaptation efforts. As a
note of caution, we would like to stress again the illustrative nature of the results
of event coincidence analysis presented for this particular application. More detailed
analyses including additional and independent data bases and taking into account
systematic effects such as biases induced by changes in self-reporting behavior as
have been reported for EmDAT and other data bases [52] are relevant subjects of
future research.

4 Conclusions

In this work, we have introduced event coincidence analysis as a method for inves-
tigating statistical interrelationships between event time series such as climate ex-
tremes, natural disasters or civil conflicts and other sources of event-like data. Event
coincidence analysis builds upon already established methodologies such as event
synchronization or measures of correlation between spatial point processes and allows
to quantify the strength (via the coincidence rate), directionality (by distinguishing
precursor and trigger coincidences) and lag of such interrelationships. Statistical sig-
nificance tests for these properties have been proposed based on different kinds of null
hypotheses on the nature of the temporal point processes underlying the event series,
including Poisson processes and stochastic point processes with a given inter-event
time distribution.
As an exemplary application in the timely context of global anthropogenic cli-

mate change, we have employed event coincidence analysis for studying statistical
interrelationships between flood events and epidemic outbreaks in the same country
on a globally aggregated level. We have found evidence that flood events may have
acted as possible drivers of epidemic outbreaks in the past, underlining this potential
causal relationship as an important subject of further studies in climate impact and
adaptation research.
Promising further methodological developments include the design and more de-

tailed mathematical analysis of appropriate null hypotheses for event coincidence
analysis including analytical derivations of the corresponding test statistics as well
as the incorporation of event amplitude information [53], i.e. by considering marked
point processes. Spatial information could be taken into account more explicitly than
is the case for the aggregated coincidence rates studied in this paper, building upon
a notion of spatio-temporal coincidences with links to the theory of spatial [27] and
spatio-temporal point processes [28]. Furthermore, multivariate extensions such as
partial or conditional event coincidence analysis [54] for measuring statistical inter-
relations between two event series conditional on a third or even more event series,
e.g. methods extending upon the PC-algorithm and its variants [55], would allow to
extract further information from rich sources of event data in hypothesis-driven as
well as exploratory research modes [8].
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CC2 (grant No. 01LN1306A)) and the Evangelisches Studienwerk Villigst. The work was
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Abstract. Ongoing climate change is known to cause an
increase in the frequency and amplitude of local temper-
ature and precipitation extremes in many regions of the
Earth. While gradual changes in the climatological condi-
tions have already been shown to strongly influence plant
flowering dates, the question arises if and how extremes
specifically impact the timing of this important phenological
phase. Studying this question calls for the application of sta-
tistical methods that are tailored to the specific properties of
event time series. Here, we employ event coincidence anal-
ysis, a novel statistical tool that allows assessing whether or
not two types of events exhibit similar sequences of occur-
rences in order to systematically quantify simultaneities be-
tween meteorological extremes and the timing of the flow-
ering of four shrub species across Germany. Our study con-
firms previous findings of experimental studies by highlight-
ing the impact of early spring temperatures on the flowering
of the investigated plants. However, previous studies solely
based on correlation analysis do not allow deriving explicit
estimates of the strength of such interdependencies without
further assumptions, a gap that is closed by our analysis. In
addition to direct impacts of extremely warm and cold spring
temperatures, our analysis reveals statistically significant in-
dications of an influence of temperature extremes in the au-
tumn preceding the flowering.

1 Introduction

In comparison to geological timescales, ongoing climate
change is extraordinarily fast (IPCC, 2013). The associated
changes in meteorological conditions, which are among the
main driving factors for plant growth, are a huge challenge
for terrestrial ecosystems: in some cases, the quick changes
may exceed their ability to adapt to the new conditions, lead-
ing to severe temporal or spatial mismatches between inter-
acting/symbiotic species that may cause critical disruptions
of the food chain and thus affect population size and health
of both species.

Beyond the gradual change in the mean climatology of Eu-
rope, the spatial extent, intensity and frequency of extreme
climate events like droughts or heatwaves have also markedly
increased over the past decades (Coumou and Rahmstorf,
2012; Tank and Konnen, 2003; Luterbacher et al., 2004;
IPCC, 2013). Both the probability of occurrence and the am-
plitude of many types of climatic extremes have been ris-
ing (Fischer et al., 2007; Barriopedro et al., 2011; Petoukhov
et al., 2013; Seneviratne et al., 2012) and are projected to
increase further (Stott et al., 2004; Rahmstorf and Coumou,
2011; Petoukhov et al., 2013). Especially during recent years,
extreme summer temperatures have been observed which
were clearly beyond the limits of previously observed ex-
treme values. Specifically, examples like the European heat-
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wave in 2003 (Schaer et al., 2004; Luterbacher et al., 2004;
Garcia-Herrera et al., 2010) or the Russian heatwave in 2010
(Trenberth and Fasullo, 2012) by far exceeded historical ex-
treme values of the past 500 years.

In terms of water availability, past and ongoing trends of
heavy rainfall events strongly depend on region and season
(Tank and Konnen, 2003; Lupikasza et al., 2011; Coumou
and Rahmstorf, 2012; Haylock and Goodess, 2004), whereas
future projections suggest increases in those events’ fre-
quency and intensity for most parts of Europe (Kundzewicz
et al., 2006; Kysely et al., 2011; Rajczak et al., 2013). In
turn, droughts as a combination of high temperatures, low
precipitation and high evapotranspiration only show low to
moderate positive trends for central Europe during the last
60 years (Spinoni et al., 2015b; Gudmundsson and Senevi-
ratne, 2015). For the future development of drought intensity
and frequency over central Europe, trend estimates have pro-
vided ambiguous results (Spinoni et al., 2015a).

The effects of climate extremes on terrestrial ecosystems
are diverse and highly complex and may lead to unprece-
dented outcomes (Frank et al., 2015; Reichstein et al., 2013).
Besides direct impacts, there is a growing body of evidence
that climate extremes can critically disturb sensitive eco-
logical equilibria (Parmesan, 2006) and mutualisms (Raf-
ferty et al., 2015). The effects of temporal displacement or
even absolute failure of flowering and fruit ripening of food
plants for nectarivores, small mammals and birds are im-
portant examples (Law et al., 2000; Jacobs et al., 2009).
A rapid population decline up to species extinction due to
phenological mismatches between plant and pollinator has
already been demonstrated (McKinney et al., 2012; Burkle
et al., 2013; Kudo and Ida, 2013). The resulting damage on
the affected population could propagate through the ecosys-
tem and endanger its structure, dynamics and stability (Post
and Stenseth, 1999; Parmesan et al., 2000; Parmesan, 2006;
Augspurger, 2009).

A widely used source of long-term observations allowing
us to study the inter-annual variability of plant growth dy-
namics is the timing of phenological phases. From several
studies, it is known that the phenological phases of most cen-
tral European plant species experience systematic, gradual
changes related to climate change. Especially the change in
temperature plays an important role for long-term variations
in the dates of foliation, flowering and leaf colouring (Ahas
et al., 2000; Sparks et al., 2000; Sparks and Menzel, 2002;
Menzel, 2003; Cleland et al., 2007; Schleip et al., 2012).

However, it is likely that seasonal temperature extremes
can affect terrestrial ecosystems much more strongly and
more directly than gradual changes (Easterling et al., 2000;
Jentsch et al., 2007, 2009; Zimmermann et al., 2009; Menzel
et al., 2011; Nagy et al., 2013; Reyer et al., 2013). Associated
with extreme weather conditions, flowering dates of temper-
ate species have been observed to be shifted by up to 1 month
or to have even failed completely (Nagy et al., 2013).

Unlike for temperature extremes, the possible impact of
drought or heavy precipitation events on plant flowering is
less well understood. So far, only few studies have explicitly
addressed this question, and those that have are of an exper-
imental nature only. The experiments of Nagy et al. (2013)
and Jentsch et al. (2009) found significantly delayed flower-
ing dates of Genistra tinctoria after drought treatment. On
the other hand, Nagy et al. (2013) also found that the aver-
age flowering date of Calluna vulgaris was not significantly
affected by drought. In a similar study, Prieto et al. (2008)
observed no shift in the flowering dates of Erica multiflora
related to drought. Heavy rainfall did not effect flowering
time at all in the experiments of both Nagy et al. (2013) and
Jentsch et al. (2009).

In general, the reaction of flowering to climate extremes
has so far mainly been analysed for individual events (Luter-
bacher et al., 2007; Rutishauser et al., 2008) or with ex-
perimental setups (Prieto et al., 2008; Jentsch et al., 2009;
Nagy et al., 2013). Systematic studies exploiting existing
large-scale spatially distributed data of phenological phases
by means of sophisticated data analysis methods are scarce.
As one notable exception, Menzel et al. (2011) presented an
in-depth analysis of the influence of warm and cold spells
on crop plant phenology over Europe. However, since agri-
cultural crops are often subject to specific treatments (which
have changed over the past decades), these results are not di-
rectly transferable to wildlife plants, for which a correspond-
ing study is still missing.

In order to close this research gap, we investigate the in-
dividual influence of extremely high- and low-temperature
and precipitation events on the flowering dates of four cen-
tral European wildlife shrub species, using a phenological
data set covering the period from 1950 to 2010. In contrast
to other recent studies (e.g. Rybski et al., 2011), we inten-
tionally focus on flowering as a single phenological phase
with paramount ecological importance. Moreover, we select
just four shrub species (see Sect. 2) as a case study to address
the following research questions:

– Do the flowering dates of these shrub species system-
atically react to temperature and/or precipitation ex-
tremes?

– Which species are more/less susceptible?

– Do these effects differ by region?

The remainder of this paper is organized as follows: af-
ter a description of the phenological and meteorological data
sets under investigation, the approaches of extreme-value
definition as well as the methodology of event coincidence
analysis are described in Sects. 2 and 3, respectively. Sub-
sequently, the results of our study are presented in Sect. 4
and further discussed in Sect. 5. We conclude this paper with
a short summary of the results in Sect. 6.

Biogeosciences, 13, 5541–5555, 2016 www.biogeosciences.net/13/5541/2016/
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2 Data

2.1 Meteorological data

As a climatological reference data set, we use an ensemble
of homogenized and expanded daily mean temperature and
precipitation time series from Österle et al. (2006), which
are based on meteorological stations operated by the Ger-
man Weather Service (DWD; Deutscher Wetterdienst, Offen-
bach, 2009). While the precipitation data are directly based
on observations made at all considered stations, mean tem-
peratures partially involve a sophisticated spatial interpola-
tion from a set of fewer stations with direct measurements
(Österle et al., 2006). Both data sets are commonly employed
as a benchmark data set for assessing the performance of
hindcast simulations of regional climate models (German
baseline scenario). The data set covers the time interval from
1950 to 2010 and comprises 1440 stations distributed across
Germany as well as a set of stations located in the adjacent
regions of some of its neighbouring countries.

2.2 Phenological data

As a source of information on the reactions of terrestrial
ecosystems to climatic drivers, we use the German Plant
Phenology Data Set, provided by DWD (http://www.dwd.de/
phaenologie). This data set contains the Julian days of the
occurrence of several phenological phases. Besides 22 fruit
species and 22 crop types, the data cover 37 wildlife species
at 6525 stations distributed over all of Germany for a period
from 1951 to 2013. However, the actually available time se-
ries length strongly varies by station. While some stations
have series covering the full considered time span, others
contain just a few or even only one observation per plant
species and phenological phase. Due to these different time
series lengths, we select only those stations for our further
analyses which contain at least 40 years of observation be-
tween 1951 and 2010.

In this work, we analyse the flowering dates of four of the
most abundant German wildlife shrub species: lilac (Syringa
vulgaris L.), elder (Sambucus nigra L.), hawthorn (Cratae-
gus monogyna (Jacq.)/Crataegus laevigata (Poir.) DC) and
blackthorn (Prunus spinosa L.). These four shrubs are repre-
sentative of the regional vegetation. Moreover, they are char-
acterized by a usually large amount of flowers during early to
late spring and constitute important components of their local
ecosystems, which are in some regions key for local insect,
bird or small-mammal populations. For example, hawthorn
and blackthorn are visited by 149 and 109 insect species, re-
spectively, with around 100 lepidoptera species among them
(Southwood, 1961). In contrast, elder is of lower importance
for insect species (only around 20 species are known to de-
pend on elderflowers or fruits; see Duffey et al., 1974), but it
is an important food source for numerous birds during sum-
mer and autumn due to its high amount of very nutritious
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Hawthorn Blackthorn
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Figure 1. Mean flowering dates (Julian days) of the four analysed
shrub species. The figure only shows those records that contain at
least 40 observations.

berries (Atkinson and Atkinson, 2002). Other shrub species
contained in the DWD data set do either not fall into the same
category regarding massive flowering and spatial distribu-
tion or the available amount of data is considerably smaller.
Therefore, these additional data are not used in the present
study, which focuses on the aforementioned four species as
illustrative examples with reliable data.

The mean flowering times of the considered shrub species
range from early April (blackthorn) to May (hawthorn and
lilac) to mid-June (elder); see Fig. 1. The distributions of the
flowering dates of all four species are, however, very wide.
Flowering can even occur 1–2 months earlier than normal
under certain conditions, which shall be further explored in
the course of this work. Due to the selection criterion of at
least 40 years of data (at most 20 missing years of observa-
tions), the data set is strongly reduced to about 1000 record-
ing sites per plant, and the spatial distribution of the corre-
sponding phenological stations becomes much more hetero-
geneous, with larger gaps existing especially for blackthorn
in northeastern Germany (Fig. 1).

www.biogeosciences.net/13/5541/2016/ Biogeosciences, 13, 5541–5555, 2016
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3 Methodology

3.1 General relationship between flowering dates and
meteorological conditions

Before explicitly focusing on the timing of extremes, it is rea-
sonable to address the general dependency between spring
temperature/precipitation and the flowering dates of the four
shrub species, taking the full empirical distribution of the dif-
ferent observables into account.

For this purpose, the raw data described in the previous
section are analysed according to the following scheme:

– The flowering dates of each individual station are nor-
malized according to their respective mean and vari-
ance, using a classical z score approach. This normal-
ization is necessary for the following investigations,
since the individual study sites differ strongly in their
year-to-year flowering date variability, so that absolute
changes cannot be compared between two stations. For
example, a shift of flowering by 10 days might be im-
portant for site A, while having only a minor impact (i.e.
it can still be within the “normal” variability range) for
station B. Hence, our normalization procedure allows
for inter-comparability between the results of different
phenological stations at the cost of losing explicit date
information, which is otherwise practically important
for common ecological studies. A combination of both
viewpoints might be helpful to get as much information
as possible out of the given data set. However, given the
focus of the present study, we restrict ourselves to the
consideration of normalized flowering dates in the fol-
lowing.

– For each meteorological station, the temperature and
precipitation observations are consolidated to mean
daily spring temperature and the sum of spring precip-
itation (using daily data for the Julian days 31 to 120
of each year), resulting in time series with one value per
year for each station. The resulting time series are trans-
formed into z scores following the same approach as for
the flowering dates.

– The z scores of temperature and precipitation from all
considered stations are categorized into 20 equiproba-
ble groups according to the 20 inter-percentile classes
of 5 % width each.

– The distribution of the flowering dates of each shrub
species taken from all stations is evaluated separately
for the 20 different categories according to the respec-
tive assignment of the associated meteorological obser-
vations.

3.2 Definition of extreme values

3.2.1 Phenology

In order to take a sufficiently large set of events into account
that allows us to draw statistically justified conclusions, we
define a flowering date earlier than the empirical 10th per-
centile of all recorded values at a given phenological station
to be extreme. Hence, each time series of flowering dates has
an individual absolute threshold date for the definition of an
early flowering event. This approach is chosen since the tim-
ings of the phenological phases of every station can crucially
depend on local conditions like altitude, exposition, water
availability, etc. Since the time series lengths differ between
the different phenological records (40 to 61 observations),
this approach also leads to different numbers of extremes
in each time series. The definition of extreme late flowering
dates is performed in full analogy using the 90th percentile.

3.2.2 Temperature and precipitation

In order to obtain information on temperature and precipi-
tation extremes that is directly comparable with the pheno-
logical information, a three-step treatment of the available
continuous daily meteorological records is necessary, which
is detailed below:

Spatial interpolation As a first step, for each phenological
station used in this study, we create one daily mean tem-
perature/precipitation series by spatial interpolation of
the existing observational records. For this purpose, we
apply inverse geographical distance-weighted mean in-
terpolation, using the four closest meteorological sta-
tions surrounding each site with phenological record-
ings. Since we are only interested in the timing of (lo-
cal and seasonal) temperature (precipitation) extremes
rather than the associated explicit values of the respec-
tive variables, we do not explicitly take other covariates
into account, although being aware of their actual rel-
evance for the specific timing of flowering. Due to the
different spatial coverage of phenological data for the
four considered plant species, this approach results in
four new temperature (precipitation) data sets to be fur-
ther exploited as described in the following.

Temporal averaging Extreme climatic conditions present
for just a single day may not be sufficient to trigger a
detectable ecological response like an anomalous date
of flowering (Menzel et al., 2011). In turn, given the
common timescales of plant physiological processes, it
appears reasonable to consider extremes in the mean
climate conditions taken over a certain period of time.
The aspect of the crucial temporal duration of a climatic
extreme event to influence flowering time is of special
interest for the interpretation of the impact of climate
change scenarios on plant flowering. Accordingly, in
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a second step of preprocessing, we calculate the average
daily mean temperature (daily precipitation) for running
windows in time. In order to explicitly study the effect
of the averaging timescale and potentially demonstrate
the robustness of the obtained results against the specific
choice of windows, we consider three different window
sizes of 15, 30 and 60 days. These windows are moved
along the time series with a step size of 1 day. For the
15- and 30-day periods, these windows start on 1 Jan-
uary of the year prior to the flowering and extend up to
1 December of the subsequent year (700 steps). For the
60-day window, the last step starts on 1 November (670
steps). This procedure leads to “window-mean temper-
atures/precipitation”, resulting in 700 (670) values for
each year from 1951 to 2010 and for each phenological
station. Notably, we use an unweighted averaging, giv-
ing the same weight to all observations within a given
time window.

Definition of temperature/precipitation extremes
Before defining extreme window-mean tempera-
tures/precipitation, we account for the numerous
missing data values of the phenological data set by
discarding the meteorological information for all those
years, where the corresponding phenological infor-
mation is missing. We then identify those among the
remaining windows for which the corresponding value
exceeds the 90th percentile (or falls below the 10th
percentile) of all windows of the same size and time
period at one station and consider them as extremes.
By using this approach, the seasonal variability of
temperature and precipitation is already included in
the threshold definition, so that no further preprocess-
ing (e.g. calculation of climatological anomalies or
z scores) is necessary.

In the case of precipitation, our approach is equivalent to
the calculation of the standardized precipitation index (SPI),
resulting in 15-day SPI, 30-day SPI and 60-day SPI values.
The application of the 10th and 90th percentile then produces
(extreme) events corresponding to the SPI category “moder-
ately dry/wet” (WMO, 2012).

3.3 Event coincidence analysis

3.3.1 Basic idea

To detect and quantify a possible statistical interrelationship
between extreme seasonal temperatures (or extreme precip-
itation) and extreme flowering dates, we apply event coin-
cidence analysis (Donges et al., 2011, 2016; Rammig et al.,
2015), a novel statistical framework which allows the iden-
tification of non-random simultaneous occurrences of events
in two series. For this purpose, for each considered pheno-
logical station we convert the two time series (window-mean
temperature/precipitation and flowering date of the given

Figure 2. Schematic illustration of the event coincidence analysis
used in this work. Upper and lower panels depict the approaches
used for defining events based on climatological (daily mean tem-
perature or precipitation) and phenological information (Julian day
of flowering), respectively. For the climate data, windows covering
the same time interval during each year are fixed for computing
window-mean values. The width and location of these windows are
varied throughout the analysis as described in the text. Extreme con-
ditions are defined by the exceedance of certain quantiles of the re-
spective variable of interest (flowering time or window-mean value
of the considered meteorological variable for the specified window
width and position, i.e. one value per year).

year) into binary vectors, representing time steps with or
without such extreme conditions, as explained above (see
Fig. 2 for a schematic illustration of the approach). Subse-
quently, we count the number Kobs of simultaneous events
(in the following referred to as “coincidences”). In order to
assess the significance of the associated normalized coinci-
dence rate κobs, we compare Kobs with the probability distri-
bution of the number of coincidences that would result from
two independent Poisson processes with the same event rate
as the series under study (see the Supplement accompany-
ing this paper for further information). Further details on this
significance test, its limitations and possible alternatives can
be found in Donges et al. (2016); Siegmund et al. (2016b).

By performing event coincidence analysis between flower-
ing time and window-mean temperature/precipitation for dif-
ferent time windows before the typical flowering date, we can
take possible lagged responses of the plants into account. In
turn, studying coincidences between extremes of, e.g., flow-
ering dates and future temperatures (which cannot causally
be linked to the flowering), provides a simple test of the re-
liability and robustness of the obtained results (see Figs. 4
and 5).

3.3.2 Differences with respect to correlation analysis

It is important to highlight that there are several fundamental
differences between event coincidence analysis and classi-
cal correlation analysis as employed in most recent studies
on the impact of climate change on terrestrial ecosystems.
While we only provide a brief discussion here, more details

www.biogeosciences.net/13/5541/2016/ Biogeosciences, 13, 5541–5555, 2016



5546 J. F. Siegmund et al.: Impact of climate extremes on flowering dates of four shrub species in Germany

can be found in the Supplement. In the latter, we also provide
some numerical examples using artificial data sets as well as
selected records studied in this work to support the comple-
mentary nature and added value of the methodology used in
this work.

The most notable differences between event coincidence
analysis and correlation analysis are as follows:

Conceptual viewpoint There are two fundamental differ-
ences between correlation analysis and event coinci-
dence analysis already at the conceptual level. Corre-
lation analysis generally takes all observations of two
data sets (with the exception of preprocessing for re-
moving possible outliers) with the explicit values of the
two variables under study (after possible normalization)
into account to provide an estimate of the strength of the
statistical interrelationship. In turn, event coincidence
analysis considers a distinctively different aspect of a
possible statistical interrelationship by making use of
preselected data points only (in our case, values in the
uppermost/lowermost percentiles of the distributions of
the variables under study) and does not use explicit val-
ues of the respective observables, but only information
about the timing of these values. In this regard, event co-
incidence analysis reduces the effective sample size by
considering only subsets of observations with distinct
features, which may help to focus on a specific research
problem where only this subset is of particular interest.

Linearity/monotonicity assumption The basic idea be-
yond correlation analysis in the classical (Pearson)
sense is estimating the strength of a statistical inter-
relationship between two variables by considering the
goodness of fit of a linear regression model linking both
variables, commonly relying on a Gaussianity assump-
tion that can only be relaxed in the case of sufficiently
large sample sizes. The linearity assumption can be re-
laxed to a monotonicity condition when replacing the
explicit time series values by rank numbers, leading to
the well-known Spearman rank-order correlation. How-
ever, fully non-linear statistical interrelationships (like
simple quadratic dependencies) cannot be properly cap-
tured by correlation analysis, but require the utilization
of more general concepts of statistical interrelationship
like mutual information, the estimation of which, how-
ever, requires much larger sample sizes. In turn, event
coincidence analysis does not make any assumption
about the actual functional shape of the interrelationship
between two variables beyond two specifically defined
“classes” of observations coinciding in terms of their
timing. This is commonly the case if a strong linear re-
lationship is present; however, due to the reduction of
the effective sample size, one may also find statistically
insignificant event coincidence rates in the case of rel-
atively large correlation coefficients or, in turn, observe

high coincidence rates when correlation coefficients in-
dicate negligible statistical dependence. We provide nu-
merical examples for both cases in the Supplement ac-
companying this paper.

Statistical significance Finally, the notion of statistical sig-
nificance used by both methods is distinctively different
due to the very different types of null hypothesis and test
statistics derived from the statistical quantity of inter-
est. For correlation analysis, a t test (or Mann–Kendall
test in the case of rank-order correlations) is the most
common tool of choice, whereas these tests are not ap-
plicable in the event coincidence analysis framework.
Instead, the test statistic of the latter method is based on
a binomial distribution (see the Supplement and Donges
et al., 2016, and Siegmund et al., 2016b, for details), the
critical values of which are either analytically computed
or numerically estimated by means of bootstrapping ap-
proaches. In the end, since event coincidence analysis
focuses on small subsets of the data under study and
thus operates on a much smaller sample size than corre-
lation analysis, its significance statements are more re-
strictive but also more uncertain (i.e. we have both a
lower specificity and lower sensitivity of the associated
significance test).

In summary, these three major differences raise the expec-
tation that information on significant event coincidence rates
cannot be directly inferred from the presence of significant
linear correlations. Following this, event coincidence analy-
sis may actually provide additional information on the emer-
gence of extraordinary reactions of wildlife plant flowering
on meteorological stressors that could be discarded by corre-
lation analysis. In the Supplement, we provide some exam-
ples highlighting the differences between the results obtained
using both methods for the given data sets.

3.4 Multiple testing

Our sliding window approach using mutually overlapping
time intervals with evident serial correlations of the meteoro-
logical variables of interest leads to a multiple testing prob-
lem. The standard approach for dealing with such problems
would be a Bonferroni adjustment of the significance level
(Shaffer, 1995). Although being aware of this approach, in
this study such an adjustment is not considered since the
analysis modified in this way would not provide practically
useful results in the context of our research agenda. Specif-
ically, our decision against a Bonferroni adjustment to be
used in this study follows the arguments raised by Perneger
(1998):

– The Bonferroni adjustment is based on one general null
hypothesis, i.e. that all individual null hypotheses are
true simultaneously. In our present study, it is not in-
tended to state that all shrub stands of one species are
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prone to climate impacts in the same manner, which
cannot be expected realistically. In turn, our analysis
rather seeks to identify general tendencies, which may
have multiple individual exceptions. In a similar spirit,
our sliding window approach with respect to the meteo-
rological conditions is used as a purely exploratory tool
for identifying time windows during which extraordi-
nary meteorological conditions have the strongest rele-
vance for the timing of subsequent plant flowering. In
turn, we do not intend to primarily interpret the per-
formed statistical tests in a confirmatory sense.

– Using a Bonferroni adjusted significance level implies
that the interpretation of a finding depends on the num-
ber of other tests performed. Since the number of phe-
nological stations and, hence, the number of signifi-
cance tests in this study is larger than 1000 for almost
all shrub species, the Bonferroni adjusted significance
level would be very close to 0. Thus, such an adjustment
cannot be of practical interest for the interpretation of
the results of our analysis, since all interdependencies
would be discarded by a test with the accordingly cor-
rected significance levels. Or, put differently, “The like-
lihood of type II errors is also increased, so that truly
important differences are deemed non-significant” (Per-
neger, 1998).

4 Results

4.1 General relationship between flowering dates and
meteorological conditions

Figure 3 illustrates the distribution of standardized flower-
ing dates (z scores) of all four shrub species for the twenty
5 % intervals of the two considered meteorological variables.
Here, the time span taken for the definition of a “mean spring
temperature” and “spring precipitation sum” is related to the
typical flowering dates of each species: Julian days (JDs) 59–
119 for lilac and hawthorn, JDs 89–149 for elder, and JDs
39–99 for blackthorn. As expected, our results demonstrate a
generally very strong negative temperature effect on flower-
ing (i.e. higher spring temperatures foster earlier flowering).
A more detailed inspection also reveals that the dependency
between spring temperature and flowering is monotonic but
slightly non-linear. Specifically, the slope of the estimated
statistical relationship increases markedly for spring temper-
atures above the 90th percentile for all four species. Besides
this, the delaying effect of particularly cold spring temper-
atures on flowering times is slightly stronger than the aver-
age dependency (slope) for lilac and hawthorn. In contrast to
the findings for temperature impacts, precipitation has hardly
any systematically positive or negative influence on the flow-
ering dates, only elder flowering dates seem to be delayed in
years with a high spring precipitation amount.

From the above results, we expect that extremely wet or
dry conditions during spring may not have a marked influ-
ence on the timing of flowering of the four considered shrub
species, while extraordinarily high or low spring tempera-
tures could have a stronger effect on the flowering dates than
could simply be expected from the outcomes of correlation
analysis. In the following, we will examine the validity of
these expectations in more detail by means of event coinci-
dence analysis.

4.2 Coincidences with positive temperature extremes

We start our detailed investigations on the impact of extraor-
dinary warm spring temperatures by considering lilac as an
example for illustrating the performance of our method in
practice. Figure 4 demonstrates the existence of significant
coincidence rates between very early lilac flowering and ex-
tremely warm window-mean temperatures for three different
window sizes and all windows from 1 January of the preced-
ing year to 1 December of the year of flowering. Significant
coincidences at a confidence level of α = 0.05 are displayed
in red, those that are also significant at α = 0.01 in black.

For all three window sizes, a maximum number of sta-
tions with significant coincidence rates is found during the
spring months, especially around March and April. For time
windows after the typical flowering time in May, there are
generally much fewer indications of corresponding interre-
lationships than for windows before May. Note that due to
the statistical nature of the employed analysis methodology,
there are always individual stations exhibiting a significant
number of coincidences just by chance, even if there can-
not be a causal link between the considered events. This is
due to the very small number of events the analysis for each
individual station is based upon, i.e. the significance of the
results for a single given station is practically irrelevant and
becomes only statistically meaningful if the whole ensemble
of stations (or a sufficiently large subset thereof) is consid-
ered. For example, at a 5 % confidence level, we may expect
that at most 5 % of the stations show false positive results
(i.e. individually significant results that occur simply due to
chance only; same at 1 % level), which is about the order of
the maximum numbers of stations with significantly many
coincidences observed after May. Hence, this behaviour is to
be expected.

Regarding the spatial distribution of stations with signif-
icant coincidence rates, we do not observe any systematic
latitudinal trend, with one exception: at the northernmost
stations, the timing of significant coincidence rates between
early flowering and extreme positive temperature anomalies
tends to extend further into the late winter than for the more
southern stations.

Considering time windows from the previous year, we find
some indications of summer (60-day windows) and autumn
(15- and 60-day windows) temperature extremes to signifi-
cantly coincide with early flowering in more cases than is to
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Figure 3. Distribution of standardized flowering dates (median plus 25 %/75 % interquartile range) of the four shrub species in dependence
on spring mean temperature and spring precipitation sum. Note the inverted direction of the x axes.
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Figure 4. Latitudinal distribution (top panels) and total fraction
(bottom panels) of stations with significant coincidence rates (red:
α = 0.05; black: α = 0.01) between very early lilac flowering and
extremely high window-mean temperatures for three different win-
dow sizes. The x axes refer to the starting date of a window. The
dashed horizontal lines at 5 % in the lower panels highlight the em-
ployed group-significance criterion.

be expected from the tolerable number of false positives in
our testing procedure (Fig. 4).

This effect is mainly present at the more northern stations.
We will further discuss possible explanations of these find-
ings in Sect. 5.

Following upon the previous findings for lilac, Fig. 5 sum-
marizes the corresponding results for the flowering of the
other three species (red lines). For convenience, we only
show the results for two window sizes and without further
latitudinal resolution (the corresponding, more detailed re-
sults can be found in the Supplement). For elder the maxi-
mum fraction of stations with significant coincidence rates
arises (due to the generally later flowering of elder) between
March and May. Later windows also show a few stations with
significant coincidence rates due to the previously discussed
test design. A clear latitudinal gradient is absent in the signif-
icance profile (see the Supplement). As an exception, for the
windows between January and March with a window size of
60 days, again mainly the more northern stations show sig-
nificant coincidence rates, exhibiting 1–2 peaks in the cor-
responding temporal profile around the previous year’s May
and September. The latter peak is especially pronounced for
the 15-day windows.

The results for hawthorn closely resemble those obtained
for elder, including a clear maximum in the fraction of sta-
tions with significant coincidence rates in late spring and no
clear influence of latitude. However, the corresponding sig-
nal during May and September of the preceding year is less
pronounced or not even visible at all. Only for the 15-day
windows, significant coincidence rates with September tem-
peratures at the northern stations are clearly beyond the ex-
pected number of false positives.
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Figure 5. Fraction of stations with significant coincidence rates be-
tween extreme flowering dates and extreme window-mean tempera-
ture for the four shrub species and two different window sizes. The
x axes refer to the starting date of a window; the y axes denote
the percentage of stations that show significant coincidence rates
for the specific window. Red (blue) lines refer to coincidences of
extreme warm (cold) temperatures with extreme early (late) flower-
ing at confidence levels of α = 0.05 (solid) and α = 0.01 (dotted),
respectively.

Finally, the results for blackthorn are markedly shifted to-
wards early spring, consistent with the generally earlier flow-
ering of blackthorn in comparison to the three other shrub
species. In contrast, the pertaining signal in the previous au-
tumn is distinctively stronger in the 30-day window than for
the other species.

4.3 Coincidences with negative temperature extremes

The blue lines in Fig. 5 display the results of event coinci-
dence analysis between negative (cold) temperature extremes
and late flowering. The general shape and intensity of the
temporal profile of the number of stations with significant
coincidence rates are similar to the results reported above
for extremely positive seasonal temperature anomalies, yet
slightly shifted towards later time windows. Our results do

not show any significant peaks in the number of stations
with statistically significant coincidence rates in the previous
year for lilac, hawthorn and elder, while for blackthorn, even
more distinct peaks in the previous year can be seen than for
positive temperature extremes (at least for small windows).
Likewise, the tendency of coincidences with temperature ex-
tremes in the previous year to be more pronounced at more
northern latitudes (as observed for warm extremes) is not vis-
ible at all within the results for cold temperatures (see the
Supplement). In turn, there is even an opposite tendency: for
blackthorn, peaks in the previous year almost completely re-
sult from stations south of 50◦ N. It is notable that this lati-
tudinal distribution has the opposite direction in comparison
with that observed for the latitudinal distribution of signifi-
cant coincidence rates between very warm autumns and very
early flowering dates.

4.4 Coincidences with precipitation extremes

As described in the Introduction, the impact of heavy or
low rainfall amounts on flowering dates is not yet a fully
understood topic. To contribute to this ongoing field of re-
search, we have performed event coincidence analysis be-
tween extremely high/low precipitation amounts and ex-
tremely early/late flowering. For all four shrub species and
all four possible extreme event combinations, we hardly ever
find more than 5 % of the stations showing significant coinci-
dence rates (see the Supplement). Only two small exceptions
are observed for blackthorn, but these are probably a result of
the fact that very warm spring conditions normally originate
from intense westerly circulation patterns, which are char-
acterized by relatively high precipitation amounts in central
Europe. For an explicit study of the latter relationship, mul-
tivariate extensions of event coincidence analysis would be
required, the development of which is a subject of ongoing
studies (Siegmund et al., 2016a). To this end, we conclude
that there is no significant indication of a marked impact of
precipitation extremes on the flowering of the four consid-
ered shrub species in Germany. Note that the productivity of
German terrestrial ecosystems is commonly not limited by
water availability. Hence, this result does not necessarily im-
ply a similar absence of relationships for other species and/or
regions, especially in situations where water stress can be
a problem. We plan to address this question further in our
future work.

4.5 Combined effects of temperature and precipitation
extremes

Figure 6 illustrates the distribution of flowering dates for
years that exhibit different combinations of early spring tem-
perature and precipitation extremes (with early spring being
defined here as the same time windows as before). Specif-
ically, we consider “warm” (“cold”) as a situation with the
mean spring temperature (as in Fig. 3) being higher (lower)
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Figure 6. Distribution of flowering dates (standard box plots) for
years that exhibit four different combinations of extreme meteo-
rological conditions during early spring (w+w: warm and wet;
w+ d: warm and dry; c+w: cold and wet; c+ d: cold and dry).

than the 90th (10th) percentile. Similarly, “wet” (“dry”) con-
ditions are defined as years with spring precipitation sums
higher (lower) than the respective percentile.

The results obtained in this way are very similar for all
four shrub species. Warm and wet as well as warm and dry
spring conditions generally lead to similarly early flowering
dates (with exception of elder, where warm and wet con-
ditions have a clearly stronger impact than warm and dry
years). Following cold and wet spring conditions, the flow-
ering dates of all four species are heavily delayed, with the
effect being somewhat stronger than for very cold and dry
conditions. Taken together, this analysis again confirms the
minor-to-negligible influence of extremes in water availabil-
ity on flowering dates in the study region. It should be noted,
however, that in each individual combination of tempera-
ture and precipitation extremes, we also find cases where the
flowering dates show a deviation from normal that is the op-
posite of what would be expected. The latter is particularly
evident for elder and indicates that early spring mean tem-
perature and precipitation sum alone cannot fully describe
the plant’s flowering dates, but it calls for the consideration
of further covariates (like temperature/precipitation in differ-
ent time windows as well as other meteorological factors not
available in the studied data set). The latter observation has a
potential relevance for developing improved statistical mod-
els for anticipating flowering dates but possibly also other
phenological phases. A further detailed investigation of this
problem is, however, beyond the scope of the present work.

5 Discussion

The results displayed in Figs. 4 and 5 suggest that event co-
incidence analysis is (in combination with a sliding window
approach) indeed an appropriate technique to identify peri-
ods during or prior to the growing season, where extreme
temperatures or precipitation sums are statistically related to
extreme flowering dates. To our best knowledge, no simi-
lar analysis has been performed so far. In turn, all previous
studies on possible relations between climate variables and
flowering times have been based on linear correlation (Ahas
et al., 2000; Sparks et al., 2000; Menzel, 2003). While cor-
relations take all parts of the distributions of the two con-
sidered observables into account, event coincidence analysis
exclusively focuses on the extremes, ignoring all other val-
ues. Although it is widely known that early spring tempera-
tures strongly influence flowering dates, the specific validity
of such a relationship for extreme values cannot be concluded
from classical correlation analysis (see the Supplement for a
detailed discussion). In turn, our methodological approach
showed that the relationship does indeed also apply to the
extreme values of temperature and flowering time for a sig-
nificant subset of the investigated stations.

Another notable observation of this study is that posi-
tive temperature extremes (warm periods) that coincide with
early flowering do not occur arbitrarily early in the year. This
general finding is valid for all four analysed shrub species.
However, an important exception can be seen at some sta-
tions in the very north of the study region and thus close to
the North and Baltic seas. For these stations, the time win-
dows for which significant coincidence rates between tem-
perature and flowering date are evident, reach much further
into late winter. This observation could result from the regu-
lating effect of these two large water bodies, the large heat
capacity of which allows maintaining relatively warm but
not necessarily extreme air temperatures (especially during
night-time, i.e. suppressing freezing conditions during win-
ter time) for a considerable period of time. As a consequence,
an extremely warm period in, for example, January can have
a persistent effect on terrestrial ecosystems in coastal re-
gions over the following weeks, resulting in coincidences be-
tween positive January window-mean temperature extremes
and early flowering. This effect also explains why the pro-
longed significance peaks (late winter until late spring) of
the northernmost stations in Fig. 4 are mainly visible for
the longer time windows, since only long-lasting unusually
warm conditions are stored for a substantial amount of time.
A similar time-lagged regulatory effect of large water bodies
on air temperatures (mediated via the long-term memory of
sea-surface temperatures) is well known for El Niño events
(Kumar and Hoerling, 2003). It was also found that North At-
lantic temperature anomalies can influence atmospheric con-
ditions in the following seasons with time lags of up to sev-
eral months (Wedgbrow et al., 2002; Iwi et al., 2006).

Biogeosciences, 13, 5541–5555, 2016 www.biogeosciences.net/13/5541/2016/



J. F. Siegmund et al.: Impact of climate extremes on flowering dates of four shrub species in Germany 5551

Our analysis also reveals another important observation:
for lilac, elder, hawthorn and blackthorn (Fig. 4), we find
a small but noticeable signature of coincidences between
very warm 15-day windows during early September and very
early flowering in the following year. This feature is rela-
tively weakly expressed in comparison to the effect of spring
temperature anomalies directly preceding the flowering but
still far larger than the expected tolerable false positive rate
of our test setting. Indications of the existence of such sig-
nificant statistical relationships between flowering and tem-
peratures of the previous growing season have already been
found by, e.g., Sparks et al. (2000) for autumn crocus and by
Fitter et al. (1995), Luterbacher et al. (2007) and Crimmins
et al. (2010) for various other plant species. Heide (2003)
reported that autumn temperatures were significantly corre-
lated with the number of days to bud burst in the subsequent
spring in field experiments with a range of latitudinal birch
populations at 60◦ N. However, the direction of the influence
of warm autumn temperatures on the timing of flowering
seems to strongly depend on plant species and geographical
conditions like elevation (Crimmins et al., 2010). Cook et al.
(2012) reported divergent responses of different plant species
to spring and winter warming: “(i) apparent nonresponders
are indeed responding to warming, but their responses to
fall/winter and spring warming are opposite in sign and of
similar magnitude; (ii) observed trends in first flowering date
depend strongly on the magnitude of a given species’ re-
sponse to fall/winter vs. spring warming; and (iii) inclusion
of fall/winter temperature cues strongly improves hindcast
model predictions of long-term flowering trends compared
with models with spring warming only”. In the context of our
present study, this accumulated evidence raises confidence
that the findings reported here are not just statistical artifacts
resulting from the auto-correlation of temperature time series
but plant physiologically meaningful. In order to further ad-
dress this question, future studies should explicitly address
the potential influence of auto-correlations in more detail,
calling for a methodological extension of event coincidence
analysis conditioning on previous events (in a similar spirit
as partial correlations or conditional mutual information; see,
e.g., Balasis et al., 2013; Siegmund et al., 2016a).

We have also considered the combined effects of very
cold/warm and wet/dry conditions. Notably, the delaying im-
pact of very cold conditions appears more effective in com-
bination with very wet than with very dry conditions. This
finding was not to be expected from independent analyses of
temperature and precipitation influences as commonly con-
sidered in the literature (Zscheischler et al., 2014), where in
our case precipitation was found not to have any statistically
significant effect. However, it may act as a potentially rele-
vant modulator of the effect of extreme temperature on plant
phenology. In the specific case of shrub flowering studied in
this work, we hypothesize that the additionally delaying ef-
fect of wet conditions could be related to snow cover. In fact,
prolonged snow cover has widely been found to delay plant
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Figure 7. Fraction of stations with significant coincidence rates
(α = 0.05) among all phenological stations for 30-day windows and
five different threshold combinations of extremely warm window-
mean temperature and extremely early elder flowering. Note that the
red line is the same as the bold red line displayed in Fig. 5, lower
right panel.

development including flowering dates for several species in
the Arctic (Cooper et al., 2011; Semenchuk et al., 2013) and
alpine regions (Inouye, 2008; Dunne et al., 2003).

In contrast, for very warm spring conditions, very high or
very low precipitation sums have little additional effect for
lilac, hawthorn and blackthorn, while the effect of warm con-
ditions appears to be slightly reduced during years with dry
springs for elder. In all cases, it has to be noted that for all
four possible combinations of temperature and precipitation
extremes, the distribution of flowering dates of the respective
years has been very broad and includes in most cases also
situations that appear to contradict the previously reported
mean effect. Further work should clarify to what extent this
observation can be related to site-specific effects.

A potential drawback of event coincidence analysis ap-
plied to non-binary data could be a dependence of the results
on the threshold used for the definition of an extreme. In this
study, we used the 90th and 10th percentiles for temperature,
precipitation and flowering time. In order to further demon-
strate the qualitative robustness of our results, Fig. 7 recalls
the results of Fig. 5 (right panel, second row) with five dif-
ferent threshold definitions. The obtained results show that
although the absolute number of stations with significant co-
incidence rates varies among the different threshold combi-
nations (as expected from the definitions of events and coin-
cidences), the general temporal profile qualitatively remains
the same for most windows. In most cases the observed num-
bers of stations with significant coincidence rates are larger
for less restrictive thresholds. As a notable exception, regard-
ing the relevance of warm autumn temperature in the previ-
ous year, we find an opposite behaviour, i.e. the event co-
incidence analysis using a more restrictive threshold (green
line in Fig. 7) results in a higher number of stations with sig-
nificant coincidence rates than the same analysis employing
more conservative thresholds (e.g. red line in Fig. 7), indi-
cating that this observation could have been caused by only
a few events per station within the considered window of
observations. Hence, whereas the relationship between ex-
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tremely positive temperature anomalies in spring and early
flowering appears to consistently apply for different event
magnitudes, for the previous autumn, the strongest positive
anomalies could have an over-proportional relevance for the
emergence of very early elder flowering.

6 Conclusions

In summary, the first-time application of the modern sta-
tistical concept of event coincidence analysis to phenologi-
cal data revealed a clear statistical relationship between ex-
tremely warm spring temperatures and very early flowering
dates of lilac, elder, hawthorn and blackthorn, as well as be-
tween extremely cold temperatures in spring and extremely
late flowering dates. Although this relationship is not evi-
dent for all investigated study sites individually, the observed
coincidences are quite homogeneously distributed over the
study area (see the Supplement).

In addition to the expected relevance of spring tempera-
tures, we identified a period during the previous year’s au-
tumn, where extremely warm temperatures significantly co-
incide with an extremely early flowering in the subsequent
year. Although the signatures of this period are not very
strong, they are clearly visible. Our study revealed that this
effect becomes even stronger when more restrictive thresh-
old definitions are used. In contrast to the confirmed depen-
dence of early and late flowering events on temperature ex-
tremes, our analysis did not identify similar marked statisti-
cal relationships between extreme precipitation amounts and
the timing of flowering unless the precipitation anomalies (in
both directions) co-occur with very cold temperatures.

To answer the research questions formulated in the In-
troduction, we conclude that extremely high (low) temper-
atures do significantly coincide with extremely early (late)
flowering, especially if the extreme period appears during
early spring. All four analysed shrub species show the same
qualitative behaviour and only differ in the timing, according
to their typical flowering time. The specific findings differ
somewhat by region, but an easily explainable pattern or spa-
tial clustering of stations with significant coincidence rates
could not be found. Our results further support the outcomes
of previous studies by underlining the fact that known inter-
dependencies between meteorological variables and flower-
ing dates do not only cover the bulk of their corresponding
empirical distributions (as highlighted by studies using lin-
ear correlation analysis) but for the tails (i.e. extreme condi-
tions).

To this end, our work presented here has served as a pi-
lot study demonstrating the application of event coincidence
analysis in the context of plant phenology. A systematic ex-
tension of the obtained results to more species, more pheno-
logical phases and more meteorological covariates appears
reasonable. In order to cope with data from study sites where
even fewer years of observations are available, recently de-

veloped group-significance tests for event coincidence anal-
ysis (Donges et al., 2016) are ready for application. In a simi-
lar spirit, multivariate extensions of this approach (Siegmund
et al., 2016b) allow the systematic study of combined im-
pacts of (simultaneous or mutually time-shifted) extremes in
different meteorological variables. For the latter purpose (es-
pecially the consideration of effects of water availability), the
meteorological data set used in this work needs to be system-
atically extended.

We emphasize that besides providing directly usable in-
formation for forest and agricultural management purposes,
future extended studies along the lines of the present work
do also have great potential value for biogeographical model
development. To date, the usability of information about
extreme weather impacts on flowering dates for numerical
ecosystem models like the Lund–Potsdam–Jena Dynamic
Global Vegetation Model (LPJ; Sitch et al., 2003) is strongly
limited by the fact that in most cases, these models use grow-
ing degree days and corresponding temperature sums for the
calculation of phenological phases. Specific extreme events
of limited temporal extent like those investigated in our study
can commonly not be considered. Furthermore, the parame-
terizations of shrubs normally does not distinguish between
different species. Here, further systematic empirical analyses
may provide valuable input to refining these parameteriza-
tions.

The findings of this study underline the risk of potential
phenological mismatches due to temperature extremes, at
least from the plant-ecological perspective. In future studies,
it will be especially important to further investigate possible
delayed influences of extremely warm temperatures on flow-
ering dates of the following growing season.

7 Data availability

The phenology data used in this study are provided by the
German weather service DWD and are available at http:
//www.dwd.de/phaenologie. For meteorological information
we used temperature and precipitation time series produced
and provided by Österle et al. (2006), which are available
upon request to peterh@pik-potsdam.de.

The Supplement related to this article is available online
at doi:10.5194/bg-13-5541-2016-supplement.
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Abstract. This document provides supplementary material
to the contents of Siegmund et al. (2016a): Impact of
temperature and precipitation extremes on the flower-
ing dates of four German wildlife shrub species, Biogeo-
sciences, 13, 55415555

S1 Introduction

In the following, we first provide additional methodologi-
cal details on the application of event coincidence analysis.
Then, we further elaborate on the differences between event
coincidence analysis and correlation analysis based on the
consideration of artificial numerical examples as well as the
results obtained for the data studied in our main paper. Fi-
nally, we provide further results on the spatial distribution
of study sites with statistically significant coincidence rates,
which may yield initial information on this aspect which
could be potentially useful for planning purposes in terms
of agricultural and forest management.

S2 Event coincidence analysis

S2.1 Analytical significance test

Under the assumption of mutually independent events and,
hence, independent exponentially distributed waiting times
between subsequent events (corresponding to the null hy-
pothesis of Poisson processes generating the event series),
the probability that exactly K coincidences are observed just
by chance can be expressed as Donges et al. (2016)

P (K) =

(
N

K

)[
1−

(
1− 1

T

)M
]K
·
[(

1− 1

T

)M
]N−K

.

(1)

In the present case,N andM denote the numbers of extreme
events in temperature/precipitation (N ) and phenology (M )
(where we have restricted most of the analyses in our main
paper – with the exception of Fig. 7 – to the case of N =
M ) and T the length of the time series (number of years of
observation). Note that Eq. (S1) takes the discrete nature of
time steps in the phenological records (one year) into account
and requires the sparseness of events, a criterion met by the
definition of our event thresholds.

Equation (S1) allows defining a simple significance test
for the observed number of coincidences (Kobs) in two paired
event series. For this purpose, we consider pairs of event se-
ries with
∑

K≥Kobs

P (K)< α (2)

with α= 0.05 (0.01) to exhibit a significantly non-random
coincidence rate at 5% (1%) confidence level.

We note that the Poissonian assumption is only valid in
case of sufficiently rare and temporally uncorrelated events
in the two series under study. If the latter are not fulfilled,
the expectation value and standard deviation computed from
Eq. (S1) are systematically biased. In such cases, we recom-
mend application of Monte Carlo methods for obtaining a
constrained resampling estimate of the probability density
function of the test statistic K used by event coincidence
analysis. For a detailed discussion of these aspects together
with different types of event surrogates that can be used for
this purpose, we refer to Donges et al. (2016).

S2.2 Trigger and precursor tests

We emphasize that under general conditions, there are two
basic modes to perform event coincidence analysis (Donges
et al. (2016)): a “precursor test” (studying the appearance of
a preceding climate extreme conditional on that of an ex-
treme flowering date) and a “trigger test” (conditioning the
timing of extreme flowering dates on previous extreme cli-
matic events). Since we consider only climatic events at fixed
points (windows) in time (instead of allowing for their ap-
pearance within a certain period potentially covering several
subsequent windows) and haveN =M , both tests are equiv-
alent in the setting used in this study.

S3 Event coincidence analysis vs. correlation analysis

In our main paper, we have already discussed the concep-
tual differences between event coincidence analysis and lin-
ear correlation analysis as the statistical approach most com-
monly used in previous phenological studies. Recall that
event coincidence analysis solely takes the timing of well-
defined events in each pair of time series into account (in
our case, these events have been defined as the extreme val-
ues in the upper and lower tails of the distribution of our
variables of interest), whereas correlation analysis uses all
explicit values in all parts of the distributions of the vari-
ables under study. Accordingly, significant coincidence rates
mean “significantly simultaneous events in both time series”,
while significant correlation coefficients imply “significant
co-variability of the two series”. Moreover, correlation anal-
ysis only captures linear interrelationships between two ob-
servables, whereas this restriction is (partially) relieved in the
case of event coincidence analysis.

Following these differences, a strong correlation does not
necessarily imply the co-occurrence of extreme values (i.e.,
rare events) in two data sets (and vice versa). The latter would
only be valid if the two variables of interest exhibit a mono-
tonic relationship across all parts of the distributions. Such
a monotonic relationship between phenological phases and
meteorological parameters could be questioned, since the
correlation coefficients found in related studies in the past
typically ranged between 0.5 and 0.85. For example, Ahas
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et al. (2000) reported an r2 value between spring tempera-
ture and Lilac pollination of 0.52, i.e., only 52% of the pol-
lination time variance could be explained by a linear model,
whereas almost half of it remained unexplained by this ap-
proach. Even in cases where the variance of a phenologi-
cal phase is much better explained by a linear regression
model using a certain meteorological variable as predictor
(e.g., r2 = 0.75 for apple pollination and spring temperature,
Ahas et al. (2000)), the remaining unexplained variance can
still be relevant. Among other possibilities, the extreme val-
ues could play an important role for that part of the total co-
variability that cannot be explained by a linear model.

In this Section, we will provide further evidence that the
results of event coincidence analysis cannot be directly in-
ferred from those of correlation-based studies. We first ex-
emplify this claim based on some artificial data sets before
proceeding to an inter-comparison between the results of cor-
relation and event coincidence analysis for the data sets under
study in our main paper.

S3.1 Numerical examples

As discussed in our main paper, high (low) correlation coeffi-
cients between two time series do not necessarily imply high
(low) coincidence rates between the uppermost/lowermost
values of these series, especially if the variables of interest
exhibit a nonlinear relationship or large noise level. Here, we
provide some numerical examples supporting these claims.

S3.1.1 Critical values of test statistics

To begin with, let us address the different sensitivity and
specificity of the resulting statistical tests, which can trigger
marked differences between the outcomes of both methods
even in the presence of a completely linear relationship be-
tween two variables in all parts of their respective distribu-
tions. For example, let us suppose a sample size of T = 100
data points in both variables of interest, and a threshold for
defining extremes corresponding to the respective 10th or
90th percentile, i.e., resulting in N = 10 events in each se-
ries. In the case of the linear correlation coefficient r, we
apply a classical t-test with the test statistics

t=
r√

(1− r2)/(T − 2)
, (3)

which asymptotically follows a t distribution with T − 2 de-
grees of freedom. At a confidence level of α= 0.05, this
corresponds to a critical value of rcrit = 0.197 above which
an empirical correlation is deemed significant. In turn, un-
der the Poissonian assumption, the probability to find more
than 3 (4) coinciding extremes out of 10 within a sample of
100 points is p(K ≥ 3) = 0.063 (p(K ≥ 4) = 0.011), so that
we would consider a critical value of the coincidence rate
κ=K/N of κcrit = 0.4. From this, it is evident that a sim-
ple scatter plot of correlation coefficient versus coincidence

rate might lead to misleading interpretations, since the distri-
butions of both statistics are (beyond exhibiting continuous
versus discrete values) not directly inter-comparable.

S3.1.2 Coincidence rates for nonlinear dependencies

Next, we will discuss a numerical example for which coin-
cidence rates cannot be directly derived from linear corre-
lation values. For this purpose, let us consider one time se-
ries {xt} of length T = 100 being given by simple Gaussian
white noise and a second one {yt} generated by the deter-
ministic function yt = 0.3x3t − bxt with a tunable parameter
b. In Fig. S1, we show the respective medians and 5%/95%
quantiles of Pearson correlation coefficients and coincidence
rates (for the uppermost/lowermost 10 values of each se-
quence) estimated from 100 independent realizations of the
noise process {xt}. For large b, the linear part in the defini-
tion of {yt} dominates, and we observe a linear correlation
coefficient of r→−1 and, consequently, coincidence rates
between the upper 10% of x-values and the lower (upper)
10% of y-values of κ→ 1 (κ→ 0). In turn, for b→ 0, only
the cubic term contributes effectively, and for values of xt
close to zero (i.e., the majority of values), this cubic term can
be roughly approximated by a linear dependence with pos-
itive shape, implying that r→ 1 and the coincidence rates
behave according to the expectations. The most interesting
behavior is found at intermediate values of b, where the cor-
relation coefficient between x and y is close to zero, but the
coincidence rates differ clearly from zero in many cases. In
this regime, the nonlinearity of the function interrelating both
variables fully pays out, and the coincidence rates cannot be
estimated from the correlation coefficients.

S3.2 Correlations and event coincidences between plant
flowering and temperature/precipitation

We next illustrate the difference between correlation and
event coincidence analysis based upon flowering dates and
mean spring temperatures for a single randomly selected
study site taken from the data set studied in our main pa-
per. Figure S2 shows that in the considered example, in four
out of six cases with the highest spring temperatures, we also
observe four out of the top six earliest flowering dates, i.e.,
we have a significant coincidence rate of κ= 4/6. In turn,
each of the two variables exhibits two extreme cases with do
not coincide with those of the other despite a clearly visible
negative correlation.

In order to further underline the necessity of an event-
based statistical approach for studying extreme flowering
dates in the study area, we proceed with a corresponding
analysis for the whole data set. Figures S3 and S4 show
scatter plots between correlation coefficients and coincidence
rates for all stations. The calculation of the mean spring tem-
peratures was performed in the same manner as for Figs. 3
and 6 in the main paper. The two figures clearly illustrate
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Figure S1. Behavior of Pearson correlation coefficient r (black)
and coincidence rates κ (green: upper/upper 10% of values, red:
upper/lower 10% of values) for ensembles of realizations of the nu-
merical example with cubic dependence for different values of the
parameter b. Thick lines indicate the median, thin lines the 5%/95%
quantiles of the respective values obtained from 100 independent
realizations of the noise. The gray lines indicate the corresponding
results for r2, which coincide remarkably well with those of the
coincidence rates in the linearly dominated regime b� 1.
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Figure S2. Scatter plot between the flowering dates and mean
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ered phenology data set. Red dots highlight cases with very high
mean spring temperatures and/or very early flowering.
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Figure S3. Scatter plot between Spearman’s rank-order correlation
coefficient and precursor coincidence rate (very warm conditions
(>90%) versus very early flowering (<10%)) of each pair of mean
spring temperature and flowering date time series. The time span
for the calculation of the mean spring temperature is related to the
typical flowering dates of each species: temperature is averaged for
the time interval of JD 59-119 for Lilac and Hawthorn, JD 89-149
for Elder and JD 39-99 for Blackthorn. Bold numbers in the lower
left corner of each panel give the values of Spearman’s rho be-
tween rank-order correlation coefficients and coincidence rates for
all study sites.

that only for roughly half of the stations the correlation co-
efficient and the coincidence rate are both significant (green
circles). In turn, there is a large number of stations where,
although the correlation is found statistically significant, the
coincidence rate for the extremes is very low and/or not sig-
nificant (red circles). This effect mainly originates from the
much smaller effective sample size utilized by event coin-
cidence analysis which makes the associated statistical tests
less powerful. Furthermore, stations with significant coinci-
dence rates (here, commonly above 0.5) show a large vari-
ability of correlations coefficients ranging from -0.3 to -0.9,
and there are even some stations that show significant co-
incidence rates without a significant correlation (blue cir-
cles). Even though the small event sample size necessarily
increases the false positive rate of statistical tests based on
event coincidence analysis, the latter finding illustrates again
that a high correlation value does not always result in a high
coincidence rate for the extremes.

In order to further highlight the importance of the differ-
ent types of significance tests together with different sample
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Figure S4. As in Fig. S3 for very cold conditions (<10%) versus
very late flowering (>90%).

sizes for correlation and event coincidence analysis, Fig. S5
provides a corresponding example showing the fraction of
study sites with significant coincidence rates and correlation
coefficients between flowering dates and window-mean tem-
perature and precipitation. One clearly recognizes that coin-
cidence rates provide much more conservative indications of
interdependencies between the respective variables than cor-
relations.

S3.3 Correlation analysis based on event data

So far, we have considered correlation analysis and event
coincidence analysis as two antagonist methods providing
complementary information on the time series under study
– one being based on the exclusive consideration of infor-
mation on whether or not a given data point constitutes an
extreme situation and the other explicitly utilizing all data
points in the time series under study. However, there are
methodological alternatives that could provide a reasonable
trade-off between both viewpoints. Specifically, we empha-
size that the transformation of explicit time series values to
event sequences practically corresponds to the generation of
a binary time series with values 1 (0) indicating an event
(non-event). Even though the direct application of the clas-
sical Pearson correlation coefficient (and even more Spear-
man’s rank-order correlation coefficient) to such data is not
meaningful, there are powerful alternatives for the analysis of
dichotomous variables, such as the φ-coefficient or Cramer’s
V . In the present study, however, the number of events is very

small by definition (i.e., the binarized time series include far
more zeros than ones), which can be expected to result in
values of the latter statistics that are similarly unstable as
those of the coincidence rates. In this spirit, we do not ex-
pect that the application of these methods provides a signif-
icant improvement of our event-based analysis of statistical
interdependencies between flowering dates and meteorologi-
cal conditions. However, this assumption may be challenged
and needs further justification by systematic analysis, which
we outline as a subject of future research.

S4 Geographical distributions of significant interde-
pendencies

S4.1 Latitudinal distribution of significant coincidences
for different time windows

S4.1.1 Warm temperatures and early flowering

Figure 3 of our main paper has already shown the temporal
and latitudinal distribution of study sites with significant co-
incidence rates between high early-spring temperatures and
very early flowering for the case of Lilac. Here, we show
the corresponding results for the other three considered shrub
species in Figs. S6-S8.

S4.1.2 Cold temperatures and late flowering

In order to complement the results shown above for warm
spring temperatures and early flowering, Figs. S9-S12 show
the corresponding results for cold temperatures and late flow-
ering for all four shrub species.

S4.2 Precipitation effect on flowering dates

In our main paper, we have already described the absence of
a statistically significant precipitation effect on the flowering
dates of the four considered shrub species. Figure S13 shows
the corresponding results for the four possible combinations
between extremely wet/dry spring conditions and extremely
early/late flowering for all four species, indicating that the
fraction of study sites showing a significant coincidence be-
tween any pair of extremes hardly ever exceeds the statistical
tolerance level of 5% – the number of false positives to be ex-
pected with our test design at an individual confidence level
of α= 0.05.

S4.3 Spatial distribution of significant coincidences
with positive temperature extremes

As discussed in our main paper, we have observed signif-
icant coincidence rates especially between early flowering
and positive temperature extremes. Specifically, the analyses
presented there revealed two time intervals of particular in-
terest: late winter / early spring and the previous year’s early
to mid-autumn. In this section, we further examine the spatial
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Figure S5. Fraction of stations with significant coincidence rates (left) and Pearson correlations (right) for Lilac flowering with a window site
of 30 days. The significance has been assessed with the binomial test statistic under the assumption of two independent Poissonian processes
and a classical t-test, respectively.

distribution of records with significantly coincident extremes
for both time windows.

Figures S14 and S15 show maps with the corresponding
results. In order to condensate the potentially large amount
of information provided by this analysis, we only plot two
maps per plant species representing the two different time
intervals. Black (red) signatures mark those stations, which
show at least one window with significant coincidences at
α= 0.01 (α= 0.05) significance level within the time inter-
vals indicated in the respective figure captions. The obtained
results allow not only studying the latitudinal distribution of
significant coincidences as shown in Fig. 3 of the main pa-
per and Figs. S6-S8 of this Supplementary Material, but also
possible patterns or regional clustering of significant results.
However, for the 30-days period in spring (Fig. S14), nei-
ther a clear pattern nor geographical clusters of stations with
significant coincidences are visible.

In contrast to the latter findings, at least the maps for
Lilac and Hawthorn in Fig. S15 show a weak tendency to-
wards a spatial accumulation of stations with significant co-
incidences in Northern Germany. In turn, the signatures for
Blackthorn concentrate more in the southern part of Ger-
many. However, this observation could also be an artifact of
the missing data for most of Northeastern Germany.

S5 Conclusions

The additional results presented in this Supplementary Ma-
terial may be used as starting points for further in-depth in-
vestigations on various aspects related to both the meteoro-
logical drivers of plant flowering as well as methodological
aspects. For example, from the visual inspection of the spatial
distribution of study sites with statistically significant coinci-
dence rates, it is not obvious if the latter have any statistically
relevant underlying pattern. In order to test for the presence
of spatial clustering, we outline the application of join-count
statistics as a corresponding further research avenue.
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Figure S6. Latitudinal distribution (top panels) and total fraction
(bottom panels) of stations with significant coincidence rates (red:
α= 0.05, black: α= 0.01) between very early Elder flowering and
extremely high window-mean temperatures for three different win-
dow sizes. The x axes refer to the starting date of a window. The
dashed horizontal lines at 5% in the lower panels highlight the em-
ployed group-significance criterion.
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Figure S7. As in Fig. S6 for Hawthorn.
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Figure S9. As in Fig. S6 for coincidences between cold spring tem-
peratures and late flowering for Lilac.
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Figure S10. As in Fig. S9 for Elder.
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Figure S11. As in Fig. S9 for Hawthorn.
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Figure S12. As in Fig. S9 for Blackthorn.
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Figure S13. Fraction of study sites with significant coincidence
rates between extremly wet/dry spring conditions and extremely
early/late flowering dates for all four shrub species. As before, ex-
tremes are defined as events outside the upper/lower decile of the
empirical distribution of each variable.
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Lilac Elder

Hawthorn Blackthornsig. α = 0.01

sig. α = 0.05

not sig.

Figure S14. Stations with statistically significant coincidence rates between very early flowering and very warm 30-days window-mean
temperatures in the time span from 15 March to 30 April (Lilac, Elder and Hawthorn) and 15 January to 15 March (Blackthorn), respectively.
Filled black (red) circles mark those stations that show significant coincidences at α= 0.01 (α= 0.05) confidence level for at least one
window during the aforementioned interval. White circles mark stations that have no significant coincidence for any of the windows.
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Lilac Elder

Hawthorn Blackthornsig. α = 0.01

sig. α = 0.05

not sig.

Figure S15. Stations with statistically significant coincidence rates between very early flowering and very warm 15-days window-mean
temperatures in the period from 1 to 15 September (Lilac, Elder and Hawthorn) and 10 to 20 October (Blackthorn) of the previous year,
respectively. Filled black (red) signatures mark those stations, that show significant coincidences at α= 0.01 (α= 0.05) confidence level
for at least one window during the aforementioned interval. White circles indicate stations that have no significant coincidence for any of the
windows.
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Observed recent and expected future increases in frequency and intensity of climatic

extremes in central Europe may pose critical challenges for domestic tree species.

Continuous dendrometer recordings provide a valuable source of information on tree

stem radius variations, offering the possibility to study a tree’s response to environmental

influences at a high temporal resolution. In this study, we analyze stem radius variations

(SRV) of three domestic tree species (beech, oak, and pine) from 2012 to 2014. We

use the novel statistical approach of event coincidence analysis (ECA) to investigate

the simultaneous occurrence of extreme daily weather conditions and extreme SRVs,

where extremes are defined with respect to the common values at a given phase

of the annual growth period. Besides defining extreme events based on individual

meteorological variables, we additionally introduce conditional and joint ECA as new

multivariate extensions of the original methodology and apply them for testing 105

different combinations of variables regarding their impact on SRV extremes. Our results

reveal a strong susceptibility of all three species to the extremes of several meteorological

variables. Yet, the inter-species differences regarding their response to themeteorological

extremes are comparatively low. The obtained results provide a thorough extension of

previous correlation-based studies by emphasizing on the timings of climatic extremes

only. We suggest that the employed methodological approach should be further

promoted in forest research regarding the investigation of tree responses to changing

environmental conditions.

Keywords: dendrometer measurements, event coincidence analysis, climate extremes, growth response
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1. INTRODUCTION

During the past 15 years the systematic installation and
operation of dendrometers and analysis of the obtained data
has received increasing interest in forestry sciences. While the
first attempts (Friedrichs, 1897) to use dendrometer data to
analyze tree response to environmental conditions were clearly
limited by the technical conditions of early instruments, recent
developments in the production of modern automated high-
precision dendrometers offer the ability to generate dendrometer
time series at very high temporal and spatial resolution (Drew
and Downes, 2009). The detailed representations of activity in
the tree stem—shrinkage, recovery, and swelling cycles—allow
for a high-temporal investigation of the tree stem as well as
long-termmorphological and short-term physiological dynamics
(Zweifel and Häsler, 2001; Deslauriers et al., 2003; McLaughlin
et al., 2003; Bouriaud et al., 2005; Daudet et al., 2005; Vieira et al.,
2013). Where additional environmental information is available,
dendrometer data can provide information on the tree stems
response to external factors, especially meteorological conditions
(McLaughlin et al., 2003; Denneler et al., 2010; Miralles-Crespo
et al., 2010; Oberhuber and Gruber, 2010; Jezik et al., 2011; Butt
et al., 2014). Investigations such as these are also important in
order to better understand the diurnal cycle of sap flow and leaf
water potential (Drew and Downes, 2009).

Beyond the fundamental understanding of tree functioning,
dendrometer data can also indirectly provide important
information on the carbon cycle at the local, regional or global
level. Even though stem radius does not allow estimates of total
cell numbers, it is an important proxy for a forest’s above ground
biomass (Schulte-Bisping et al., 2012), because it can help to
determine the wood volume available for the fixation of carbon
(Cuny et al., 2015).

To the authors’ best knowledge, almost all above-mentioned
studies have investigated dendrometer data using classical
statistical tools like linear correlation analysis or linear multiple
regression. These powerful methodological approaches have led
to an understanding of the relationship between stem size
changes and various environmental parameters. Yet, correlation-
based approaches generally take all parts of the distributions
of two variables of interest into account and therefore describe
the joint behavior of these variables. A crucial question only
sporadically addressed so far is how tree stem radius variations
(SRVs) are linked to extreme weather conditions. This question
gains special importance, since recent climate projections suggest
a rising frequency and severity of meteorological extreme events
for many parts of the world (Barriopedro et al., 2011; IPCC,
2013; Petoukhov et al., 2013). Consequently, analyzing the impact
of such extremes on tree SRVs, on the one hand can help to
better understand an event’s impact on tree functionality and
carbon cycle, and on the other hand, because different tree species
may be impacted differently, to generate recommendations
for future forest management (Spathelf et al., 2014). New
findings concerning the response of stem radius to extreme
meteorological conditions would also help to improve existing
climate-growth-models like TREERING (Fritts et al., 1999) or
CAMBIUM (Drew, 2007).

An important study addressing the response of stem-size
fluctuations and tree radius growth to climatic extremes using a
large number of dendrometer data sets was recently published
by Butt et al. (2014). However, this study did not report explicit
results regarding the response of the tree stem to extreme
meteorological conditions, due to the fact that they have only
used ordinary linear regression to analyze the data.

In this study, we employ the novel methodological approach
of event coincidence analysis (ECA) to quantify possible
simultaneities between extraordinary daily stem variations and
extraordinary meteorological conditions. Here, the commonly
used term extreme is replaced by extraordinary, referring to
the upper and lower tails of the empirical distributions of the
variables of interest. Due to the comparatively short investigation
period of 3 years (and only 8 years of climatological data), “real”
extreme events are difficult to identify or define and therefore
the investigation of extraordinary conditions shall represent a
tree’s reaction to the tails of the empirical distribution of weather
events, which may well be exceeded by future developments
under climate change. Therefore, conclusions from this study’s
results on trees’ reaction on weather extremes should be made
unter consideration of the used definition of “extraordinary
events.”

Taking into account the existing literature on SRVs and
their relation to meteorological conditions we expect that
extraordinary climatic events, specifically temperature events,
and extraordinary dendrometer variations should occur
simultaneously. Additionally, it can be expected that there
are clear inter-species differences concerning the reaction to
extraordinary meteorological events.

2. MATERIALS AND METHODS

2.1. Study Area and Data Sampling
2.1.1. Study Area
The study site was close to Lake Hinnensee (53.33◦N, 13.19◦E)
in the northeastern part of Germany. The site is located within
the Müritz National Park. Large parts of this protected area have
been classified as UNESCO World Natural Heritage in 2011.
The park is characterized by 200–300 years old mixed beech,
pine and oak stands. The climate is semi-continental, typical for
central Europe, with a mean annual temperature of about 8◦C
and an annual precipitation between 550 and 650mm. The soil
at the study site as well as at the meteorological station (see
Section 2.2.2) is a brunic arenosol on sand of outwash plains,
characterized by strong hydraulic permeability Müller (2014).

2.1.2. Data Sampling
The dendrometer data were collected for three tree species:
European beech (Fagus sylvatica), Scots pine (Pinus sylvestris),
and Sessile oak (Quercus petraea). The distances between the
individual trees range from ca. 4 to 20m and the selection of
trees was based on the canopy status of the individual trees (i.e.,
only dominant trees or co-dominant trees were equipped with
dendrometers). This study focuses on the species’ response to
meteorological conditions, hence the dendrometer data are not
differentiated according to the relative positions of the individual

Frontiers in Plant Science | www.frontiersin.org 2 June 2016 | Volume 7 | Article 733



Siegmund et al. Meteorological Drivers of Dendrometer Extremes

trees in landscape (see Section 2.3), but trees were selected
along a transect from the lake shore to a terrace ∼15m above
Lake Hinnensee, in order to sample a possibly large variation
of individual local stand variations. The equipped trees have an
average height of 26m with diameters between 50 and 70 cm at
breast height.

For each tree species, 10 individuals were equipped with
Ecomatik DR point radius dendrometers (Ecomatik GmbH,
2015) installed at 1.2m height. The sensors were installed at
the north face of the trunks in order to avoid direct irradiation.
They have a temperature coefficient <0.1m/K. Bark was mostly
removed from pine and oak trees prior to setup. SRVs were
measured at a temporal resolution of 30min over a 3-years period
between 2012 and 2014.

2.2. Data Preprocessing
2.2.1. Dendrometer Data
After a comprehensive quality check, the raw dendrometer data
were pre-processed using the following three steps:

(1) In a first step, the 30-min resolution dendrometer data
were used to calculate daily SRVs. Rather then using a
stem cycle approach (Deslauriers et al., 2003; Köecher
et al., 2012; Vieira et al., 2013) which distinguishes
between phases of contraction, expansion, and stem radius
increment, we calculated day-to-day SRVs as the first-order
differences between mean daily dendrometer recordings.
Similar methods were used, for example, by Bouriaud et al.
(2005) or van derMaaten et al. (2013). This procedure results
in positive and negative values following a clear seasonal
cycle. In contrast to van der Maaten et al. (2013), the daily
residuals were not normalized by the season’s total growth
due to the age maturity of the investigated trees.

(2) As a second step, a two-sided sliding windowmean (window
size of 15 days) was subtracted from the resulting daily
SRVs in order to account for the seasonal cycle. The
resulting residuals represent the daily stem increments of a
tree as deviations the from the 15-day mean. Finally, the
investigation period was defined fromApril 1st to September
30th of each year to cover the entire growth period for each
species. A sliding window approach (see Section 2.3) was
applied to produce comparable results which are not shifted
against each other by species or year.

(3) In order to transform the dendrometer time series into
event time series, we applied a 90th and 10th percentile
threshold to the daily increments. Values exceeding the
90th percentile of all days of the investigation period were
defined as extraordinary positive SRV events, whereas days
lower than the 10th percentile were defined as negative
events. This event definition results in 55 positive and 55
negative events during the 3-years period for each individual
tree. Due to the usage of residuals with respect to the
“normal” seasonal behavior, these events are approximately
homogeneously distributed within each year (not shown)
and the specific timings of the individual events are
determined by environmental conditions. An important
exception is a very dry period during the summer of 2013

during which only a few strong positive precipitation events
were observed.

2.2.2. Meteorological Data
In order to define days with extraordinary meteorological
conditions, data from a nearby meteorological station in Serrahn
(at a distance of less than 2 km from the study site) were used. The
soil conditions at the dendrometer site and the meteorological
station site are comparable, but not identical. Systematically
differing soil temperatures, for example, can not be excluded.
In addition to air temperature and precipitation, the station
provides information on (relative air) humidity, soil temperature,
air pressure and incoming solar radiation. The data set is available
starting January 2006 at a temporal resolution of 1 h. Similar
to the daily SRVs, the meteorological data were pre-processed
in order to identify events of extraordinary daily meteorological
conditions:

(1) The hourly information was aggregated to daily minimum,
mean, and maximum values. Observations of air pressure
and minimum radiation were not used since no meaningful
results are expected by using these variables.

(2) The daily meteorological information was transformed to
z-scores. Since the time series length of the meteorological
station spans only 8 years, the z-scores calculation differs
slightly from the classical approach: for each day of the
year the mean over all 8 years was additionally averaged
over sliding windows (with a window length of 45 days
for precipitation, 15 days for all other variables). Then,
the resulting mean seasonal cycle as well as the estimated
seasonal cycle in variance were used for obtaining z-scores.

(3) Finally, the resulting z-scores were transformed to event time
series by applying a 90th and 10th percentile threshold as
in the case of the dendrometer data. Due to the application
of these percentiles for threshold definition, the number
of events in each meteorological variable is also 55 (each
negative and positive).

The following meteorological variables were used: air
temperature at 2m (Tmin, Tmean, and Tmax), land surface
air temperature at 5 cm (LSTmin, LSTmean, and LSTmax), soil
temperature in 20 cm depth (STmin, STmean, STmax), relative
humidity (rHmin, rHmean, rHmax), total precipitation (Ptot)
and incoming solar radiation (RADmean and RADmax). Many
of these variables are highly correlated among each other.
Hence, for a study using classical statistical approaches a
principal component analysis (as performed by, e.g., Beck et al.,
2013) would be appropriate in order to reduce the number of
meteorological observables (i.e., to eliminate collinear variables).
However, in this study the novel statistical approach of ECA
(see Section 2.3) is applied, where the reduction of dimensions
based on their common mean behavior (correlation) would
not be useful, since the information of interest (timing of
extraordinary events) could eventually get lost. Additionally, this
study is particularly focused on the different variations of air,
surface and soil temperatures, for example. As an alternative,
a dimensionality reduction based on event coincidence rates
(see Section 2.3) replacing classical linear correlations as
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similarity measure could be performed as a preparatory step.
The utilization of such a novel approach is, however, beyond the
scope of the present study.

2.3. Statistical Analysis
2.3.1. Bivariate Event Coincidence Analysis
In order to investigate the simultaneity of events in
meteorological variables and SRV, we apply event coincidence
analysis (ECA) (Donges et al., 2016), a novel yet conceptually
simple statistical concept. In its basic setting, ECA considers
two sequences of events of different types (A and B). As the
hypothesis to be tested, events of type B are considered to
causally influence the timing of events of type A. To cope with
realistic scenarios, ECA allows to not only trivially quantify
the number of exactly simultaneous occurrences of events of
both types, but to consider also lagged as well as time-uncertain
responses. For the latter purpose, a time lag parameter τ as
well a temporal tolerance window 1T can be additionally taken
into account. Then, ECA counts how often events of types A
and B occur with a mutual delay τ in both sequences within a
certain temporal tolerance 1T. The resulting number of “event
coincidences,” divided by the total number of events in one of
the series is called the coincidence rate r.

Since the statistical analysis described above is not symmetric,
ECA defines two distinct types of coincidence rates, rp (precursor
coincidence rate) and rt (trigger coincidence rate). Here, rp is
defined as the number of event coincidences divided by the
number NA of events of type A, describing the fraction of events
of type A that have been preceded by at least one event of type B.
In turn, rt is defined as the number of event coincidences divided
by the number NB of events of type B, thereby describing the
fraction of events of type B that have been followed by (and, thus,
potentially triggered) at least one event of type A. When using
τ 6= 0, this differentiation is essential. A schematic illustration
of the two different types of coincidence rates can be found in
Figure 1.

In addition to the simple calculation of coincidence rates,
the R package CoinCalc used in this work for performing
the corresponding analyses provides different possibilities to test
whether the empirically found coincidence rates are significantly
different from what could result from two independent random
event sequences (Siegmund et al., 2016). In this work, we will
exclusively utilize an analytical significance test based on the
assumption of Poissonian event statistics (Donges et al., 2011,
2016; Siegmund et al., 2015).

2.3.2. Conditional and Joint Event Coincidence

Analysis
As a thorough extension of the basic ECA method for two
event sequences, in this work, we introduce new multivariate
generalizations of ECA termed conditional event coincidence
analysis (CECA) and joint event coincidence analysis (JECA).
While the above formulation of bivariate ECA is sufficient for
many applications (e.g., in Donges et al., 2011), in order to
analyze the reaction of ecological variables to extraordinary
meteorological conditions, it may be important to additionally
consider the conditioning of events on specific situations

governed by a third observable, i.e., the case that events of type B
appear simultaneously with events in series A if and only if also,
one or more events of a third type C take place. This conditioning
could, for instance, be relevant to account for the interplay
between temperature and moisture or between moisture and
radiation.

The conditioning of events of type B by events of type C
can be described by the precursor coincidence between B and
C. Therefore, the conditional precursor coincidence rate rcp and
the conditional trigger coincidence rate rct between A and B can
be defined (in analogy to rp and rt as mathematically defined by
Equations (3) and (4) in Donges et al., 2016) as:
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1

NA

NA
∑

i= 1

2





NB
∑

j= 1

2

[

NC
∑

k= 1

1[0,1Tcond]((t
B
j − τcond)− tCk )

]

1[0,1T]((t
A
i − τ )− tBj )

]

(1)

and

rct(1T, τ,1Tcond, τcond) =

1

NB,cond

NB
∑

j= 1

2

[

NA
∑

i= 1

2

[

NC
∑

k= 1

1[0,1Tcond]((t
B
j − τcond)− tCk )

]

1[0,1T]((t
A
i − τ )− tBj )

]

, (2)

respectively. Here, {tAi }, {t
B
j } and {tC

k
} are the timings of the

events of types A, B and C, respectively, NC is the number of
events of type C, 1Tcond is an additional tolerance window for
the condition, τcond a time lag parameter for the condition, and
NB,cond is the number of conditional events of type B, i.e., the
number of events of type B that show a precursor coincidence
with at least one event of type C. 2(·) denotes the Heaviside
function (i.e., takes a value of one whenever the argument is non-
negative, and zero otherwise) and 1I the indicator function of
the interval I (i.e., takes a value of one whenever the argument
is within I, and zero otherwise), respectively. In order to visualize
the basic idea of the corresponding CECA, Figure 1 illustrates the
approach in a conceptional way.

Using the definitions in Equations (1) and (2), the conditional
precursor coincidence rate describes the fraction of events in
series A, that appear simultaneously with C-conditioned events
of type B, and the conditional trigger coincidence rate is the
fraction of C-conditioned events of type B that are followed by
at least one event in series A. In the special case of a simultaneous
occurrence of events of types B and C (i.e., τcond = 0), we obtain
a setting referred to as JECA.

2.3.3. Methodological Setting in the Present Study
For the application of ECA and CECA/JECA, we dissect the
1095 days period from 2012 to 2014 by sliding windows. For the
(bivariate) ECA, the window length is chosen as 61 days with a
step size of 5 days, resulting in 75 windows per growing season (1
April to 30 September), where each window contains six events
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FIGURE 1 | Schematic illustration of (conditional) ECA. In the conditional case, only those events of type B are considered as coinciding with events of type A,

that are preceded by at least one event of type C. This conditioning is expressed by a precursor coincidence between events of type B and type C. While 1T and τ

denote the tolerance window and time lag parameter for counting coincidences between events of types A and B, 1Tcond and τcond are the respective parameters

for the conditioning of events of type B on events of type C.

on average. The window length of 61 days is a compromise
between a desired high temporal resolution and a possible large
window size necessary to produce robust statistics. The step size
of 5 days was selected in order to mimimize the computational
demand. For the (multivariate) CECA/JECA, the window length
is extended to 91 days including nine events on average, since
due to the additional conditioning, the number of events in the
meteorological variables decreases markedly. In order to cope
with the high computational demand of CECA/JECA for 15

variables, the window step size was increased to 10 days, resulting
in 15 windows per season.

As a first step, using the sliding window approach, ECA was
performed between each of the 15 individual meteorological
variables and each tree’s SRV series across each window
separately. For every window, the fraction of trees with a
significant number of coincidences was taken as a proxy
describing the reaction of the species to the considered
meteorological events. Subsequently, JECA was performed
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between the dendrometer data and all pairs of meteorological
variables. As a consequence, the chosen analysis setting results
in 15 × 14/2 = 105 different variable combinations. Note that
for τcond 6= 0, i.e., mutually shifted occurrences of events
in the two considered meteorological variables, the number of
combinations to be considered in an actual CECAwould be twice
as large. Therefore, we do not consider mutually conditioned
events in this pilot study, but leave a corresponding detailed
investigation as a subject of future work. Besides this, we do
not consider the possible extension of multivariate conditions
(involving different meteorological variables), which would be
straightforward yet lead to an even larger combinatorial variety
of different cases to be studied.

In all analyses discussed in the remainder of this work only the
(conditional) precursor coincidence rates are considered unless
stated otherwise.

2.3.4. Cluster Analysis
In order to analyze the simultaneity of event timings between the
individual trees, we additionally use the well established approach
of hierarchical cluster analysis with complete linkage. Core of the
concept of cluster analysis (in this case for dendrometer time
series) is a similarity measure, calculated between all possible
combinations of individual time series. This similaritymeasure is,
classically, a correlation coefficient. In this study, we additionally
introduce the application of event coincidence rate as similarity
measure for the cluster analysis. The calculation of the event
coincidence rate between each pair of dendrometer event time
series follows along the above mentioned approach, using τ =

1T = 0. Due to the above described data preprocessing, there
is no difference between precursor and trigger event coincidence
rate.

3. RESULTS

3.1. Event Coincidence Analysis with
Individual Meteorological Variables
Figure 2 shows the fraction of trees with significant precursor
coincidence rates between extraordinary positive/negative SRVs
and positive/negative events in each of the 15 meteorological
variables at the same day (1T = τ = 0).

For positive SRV events (Figure 2, left panel), five main
observations are made: (i) Tmin and Tmax events have an opposite
effect in almost all years and for all tree species. Extraordinary
positive SRV events mainly coincide with Tmin values above
the 90th percentile and Tmax values below the 10th percentile.
The same observation is also clearly visible for the land surface
temperature. (ii) Extraordinary soil temperature generally has a
much lower impact on positive SRV events than extraordinary air
temperature. Except for 2013 for beech, STmean and STmax only
rarely show coincidences with positive or negative SRV events,
while at least extraordinary positive minimum soil temperatures
often coincide with positive SRV events. (iii) Extraordinary
high values of relative humidity coincide with positive SRV
events in all years and for all species. The fraction of trees
showing significant coincidences has been slightly reduced in
2014 in comparison with the other 2 years. (iv) Extraordinary

high precipitation values do almost continuously coincide with
positive SRV events. An important exception is the summer
of 2013, where neither tree species showed a corresponding
significant relationship. (v) Extraordinary low values of mean and
maximum radiation, generally show pronounced coincidences
with SRVs above the 90th percentile.

In comparison to positive SRV events, negative events
clearly show fewer significant coincidences with extraordinary
meteorological conditions (Figure 2, right panel). However, two
features can be highlighted: (i) For beech, values above the 90th
percentile of the maximum temperature strongly coincide with
strong negative dendrometer anomalies in 2012, less distinct
in 2013, and hardly ever in 2014. In turn, negative oak and
pine SRV events do not coincide significantly with maximum
temperature events. (ii) Extraordinary low values of relative
humidity very often coincide with negative SRV events for all
species. This feature is variably expressed during the 3 years
of observations but particularly evident in 2012. In contrast,
during 2014 maximum relative humidity events (very wet days)
significantly coincide with negative beech SRV events.

In addition to the consideration of exactly simultaneous
coincidences as described above, Figure 3 shows the results of
precursor ECA using a tolerance window spanning the previous
2 days (1T = τ = 1 day), i.e., this kind of analysis takes
into account responses with a time lag of 1 and 2 days. While
in this case, positive dendrometer anomalies only show few
coincidences with extraordinary meteorological conditions, on
the contrary extraordinary negative stem size changes exhibit
three major patterns: (i) Maximum land surface and maximum
air temperature events show coincidences of their highest values
with negative SRV events, which is especially distinct for beech in
2013. (ii) Extraordinary minimum and mean relative humidity
values above the 90th percentile show clear coincidences with
negative SRV events in 2012 and 2013 for all tree species. (iii)
Extraordinary lowmean andmaximum radiation values coincide
with negative SRV events as well. The two last features are mainly
visible for beech and pine and are most distinct in 2012 and
2013. Notably, these results are similar to the previous analysis
for positive SRV events when using 1T = τ = 0 (see
Figure 2).

3.2. Joint Event Coincidence Analysis for
Paired Meteorological Variables
Due to the large number of possible combinations between
meteorological variables, the figures showing the results of JECA
are provided in the supplementary material. The following
analysis concerns equally directed events if the values of both
meteorological variables under study either both exceed their
respective upper threshold value or both fall below their
respective lower threshold value used for the definition of events.
In the other case where one variable takes extraordinarily high
values and the other extraordinarily low ones or vice versa, we
will speak of oppositely directed events.

3.2.1. Beech
Figure S1 shows the results of JECA between beech SRV events
and equally as well as oppositely directed events of each pair
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FIGURE 2 | Results of precursor ECA (1T = 0 and τ = 0) between positive (left panels) and negative SRV events (right panels) and extraordinarily high

(above the 90th percentile, “positive meteorological events”) and low (below the 10th percentile, “negative meteorological events”) expressions of 15

meteorological variables for beech, oak, and pine during the study period from 2012 to 2014. Colors indicate the fraction of significant coincidences (at

α = 0.05 confidence level). The dates at the x-axes denote the centers of the sliding windows (61 days).

of meteorological variables, respectively. Six main observations
are to be highlighted (which are also evident for the two other
tree species but to different degrees): (i) In 2012, extraordinary
high minimum temperatures in combination with extraordinary
high relative humidity strongly coincide with positive SRV
events. (ii) Various combinations of all temperature variables
coincide with positive SRV events, but for beech almost only
in 2014. (iii) Extraordinary low maximum land surface as well
as low maximum air temperature events in combination with
extraordinary low mean and maximum radiation coincide with

positive SRV events, mainly in 2012 and 2013. (iv) Extreme
precipitation plays a ratherminor role for beech SRV events when
applying JECA for equally directed meteorological extremes. In
turn, the combinations of extraordinary low maximum air or
land surface temperature with extraordinary high precipitation
or extraordinary high air humidity strongly coincide with
positive beech SRV events. In addition, (v) extraordinary high
minimum temperature values together with extraordinary low
radiation, and (vi) extraordinary humid conditions (in terms of
strong precipitation or high air humidity) again together with
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FIGURE 3 | As in Figure 2 but with 1T = 1 day and τ = 1 day.

extraordinary low radiation also coincide with positive beech
SRV events.

The investigation of negative beech SRV events using JECA
shows hardly any significant coincidences (see Figure S2).
Whenever evident, the behavior is simply opposite to the effects
of positive change anomalies and shall therefore not be further
detailed here.

3.2.2. Oak
The results of JECA for oak SRV events are provided in
Figure S3. The left panel shows again that (i) during a
period in early summer 2012 extraordinary high minimum

temperatures in combination with extraordinary high air
humidity coincide with positive SRV events, and (ii) various
combinations of extraordinary high temperatures coincide with
positive oak SRV events as well. Unlike beech, oak stem
variations also show this feature in 2013. (iii) Additionally,
extraordinary low maximum air and land surface temperatures
together with extraordinary low radiation coincide with positive
SRV events. (iv) Extraordinary high minimum and mean
temperatures together with extraordinary precipitation events
appear simultaneously with positive SRV events mainly in 2014
and partly in 2013. In contrast to this, similar to beech SRV
events, negative maximum temperatures events with co-occuring
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extraordinary humid conditions coincide with positive oak SRV
events in all 3 years. The features (v) and (vi) are very similar to
what has been illustrated in Figure S1 for beech.

For joint coincidences between negative oak SRV events and
pairs of meteorological variables (Figure S4), the results are
hardly significant in general. However, three specific observations
can be made regarding conditions in late summer 2013: (i)
Negative SRV events coincide with very dry conditions -
indicated by the various combinations of extraordinary low
humidity as well as (ii) positive maximum temperature events
together with negative humidity events and (iii) negative
humidity with positive mean and/or maximum radiation events.

3.2.3. Pine
The features (i), (ii), and (iii) indicated in Figure S5 are
very similar to the corresponding features in Figure S1. Yet,
feature (i) for positive pine SRV events is additionally visible
in 2013. The positive impact of very humid conditions (iv) in
terms of combinations of extraordinary high air humidity and
extraordinary strong precipitation as well as of low maximum air
and land surface temperatures and strong precipitation or high
air humidity is clearly visible in all 3 years of observations. The
features (v) and (vi) reported above are also clearly visible and in
general more distinct than for beech and oak.

Negative pine SRV events (Figure S6) coincide with the same
extraordinary meteorological conditions that were observed for
oak.

3.3. Positive SRVs and Time Lagged
Negative SRVs
As already mentioned in Section 3.1, when comparing the results
of ECA without time lag and tolerance window with the results
using1T = τ = 1 day, one very important feature is that relative
humidity and radiation show coincidences for both, positive
(1T = τ = 0) and negative (1T = τ = 1 day) SRV events.
A very similar finding was also reported by van der Maaten et al.
(2013), based on correlation analysis. The interpretation of this
observation leads to the hypothesis that in many cases, after a
positive SRV event a negative event occurs during one of the
two following days. In order to further test this hypothesis, we
also performed ECA between negative SRV events and positive
SRV events for previous days. For this purpose, we used negative
events (see Section 2) as event series A and positive events as
series B with 1T = 2 days and τ = 1 day. In this analysis a
precursor coincidence is found, if a negative event is preceded
by a positive event at one of the three previous days, whereas a
trigger coincidence is observed if a positive event is followed by
a negative event during one of the following 3 days. This analysis
was performed for all tree species and for each year separately.
Table 1 summarizes the results which indicate very high rates
of both trigger and precursor coincidence. Notably, a very high
fraction of positive SRV events (up to 64%) precede negative
events at one of the three consecutive days. In all these cases, the
observed positive SRV events very likely do not correspond to
irreversible growth, but rather reversible swelling. On the other
hand, the remaining positive events (40–50%) have not been
followed by negative events, i.e., either not followed by stem

radius decrease at all or by a gradual decrease that is not identified
as extraordinary with the employed event definition.

To further investigate this question, we additionally used
JECA with the same setup, where the positive SRV events (series
B) have been observed in parallel with extraordinarily high rH
values (series C). Table 2 summarizes the results of this analysis.
Notably, the observed joint trigger coincidence rates are clearly
higher than the trigger coincidence rates in Table 1which implies
that positive SRV events induced by high air humidity are
more likely to be followed by negative SRV events than other
positive SRV events. A possible scenario consistent with this
finding would be thunderstorms during relatively dry and/or hot
periods, where wet conditions induce positive SRVs and rapid
hydrological processes return to dry soil conditions very quickly
again. Moreover, we find that the joint trigger coincidence rates
are distinctively higher than the joint precursor coincidence
rates. This indicates that most of the humidity-induced positive
SRV events have triggered negative events, but only a smaller
fraction of negative events have been preceded by humidity-
induced positive SRV events. This finding suggests, that there are
different types of positive SRV events (followed or not followed
by negative SRV events events) and different types of negative
SRV events events (preceded or not preceded by positive SRV
events).

3.4. Coincidences of the Timings of SRV
Events between the Individual Trees
When comparing the results of both bi- and multivariate ECA
between the three tree species, the differences are relatively small.
Altogether, oak seems to not favor wet conditions as strongly as
beech and pine, but systematic inter-species differences appear
to be absent. In turn, for the mean behavior (of daily as well as

TABLE 1 | Mean precursor and trigger coincidence rates (10 trees per

species) between negative (event type A) and positive SRV events (event

type B), using 1T = 2 days and τ = 1 day (i.e., a negative event following a

positive events).

Trigger Precursor

2012 2013 2014 2012 2013 2014

Beech 0.53 0.39 0.44 0.49 0.38 0.55

Pine 0.64 0.54 0.45 0.57 0.58 0.50

Oak 0.60 0.45 0.31 0.51 0.42 0.34

TABLE 2 | Mean joint precursor and joint trigger coincidence rates (10

trees per species) between negative SRV events (series A), positive SRV

events (series B) and extraordinarily high rHmean events (series C), using

1T = 2 days, τ = 1 day, 1Tcond = 0 and τcond = 0.

Trigger Precursor

2012 2013 2014 2012 2013 2014

Beech 0.69 0.60 0.58 0.28 0.28 0.25

Pine 0.83 0.66 0.48 0.42 0.40 0.26

Oak 0.77 0.58 0.31 0.35 0.23 0.13
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subdaily features), the growth characteristics are widely known
to differ markedly between different tree species (Drew and
Downes, 2009; Miralles-Crespo et al., 2010; Köecher et al., 2012;
Butt et al., 2014). The question, whether there are differences
or commonalities regarding the tree species’ upper or lower
parts of the distribution of SRVs has not been addressed to
far. In order to investigate this issue for the three species
of this study, we performed a hierarchical cluster analysis as
described in Section 3. Figure 4 shows the results of this analysis
and reveals that although the mutual correlations between the
individual trees are quite high, the coincidence rates between
days with positive SRV events are comparatively low. Based
on correlation, we additionally find that the tree individuals
are quite well clustered, while when using coincidence rates as
similarity measure, the clusters following the individual species
are completely lost. This means that the highest SRV variations
of the individual trees vary strongly in their timing (at the daily
scale), and that this timing is not generally differing by tree
species. Hence, a clear systematic difference of the results between
the different species (Section 3) cannot be found.

4. DISCUSSION

4.1. Bivariate Event Coincidence Analysis
The two broadleaved species show a positive response to
temperature as well as LST while little positive response is found
for pine. This positive growth response is likely due to the
sufficient supply of water; possibly by reaching groundwater
reservoirs. Similar relationships have been found earlier for the
mean values (i.e., using correlation-based analyses) by van der
Maaten et al. (2013) and others. In contrast to this, the fact that
extraordinary negative Tmax and/or LSTmax events also coincide
with positive SRV events (for all species) delivers important
complementary information to the positive correlation between
stem size variations and Tmax found by van der Maaten et al.
(2013) and Deslauriers et al. (2003). Due to the fundamentally
different nature of these two statistical approaches, two time
series can be positively correlated and simultaneously show
significant coincidences between negative and positive events.
This is not contradictory, but complementary information. The
latter finding is further strengthened by the strong coincidence
between positive Tmax events and negative beech SRV events.
Since both van der Maaten et al. (2013) and Deslauriers et al.
(2003) performed their analysis for the entire (not subdivided)
growing season, it is not possible to compare the seasonal timings
of these contradicting behaviors.

Only few coincidences were found between SRV events and
soil temperature extremes. It is likely that this observation is
due to the location of the meteorological station 2 km from the
dendrometer site. Due to the variability in soil type and ground
cover throughout in the study area, actual soil temperatures
beneath the sampled trees may systematically differ from the
values measured at the station.

A positive instantaneous (lag zero) correlation between air
humidity and SRV has been observed in previous studies
(Downes et al., 1999; Deslauriers et al., 2003; Köecher et al., 2012;
van derMaaten et al., 2013). In the present work, it was confirmed

that this relationship is also evident for the upper (positive
events) and lower (negative events) tails of the distribution of
SRVs. As may be expected, a similar positive SRV coincidence
is recorded with precipitation. However, the absence of a notable
heavy precipitation impact during summer 2013 in all tree species
is a result of a 60-days dry period except for one single day
(35 mm). This suggests that one single heavy rainfall event is
not sufficient to result in a significant coincidence rate even if
it coincides with a marked positive or negative dendrometer
anomaly (which was the case for almost all 30 trees).

The significant coincidences between low radiation values and
positive SRV events can interpreted in a twofold way: One the
one hand, low radiation decreases transpiration leading to water
replenishment. On the other hand, low radiation days commonly
correspond to cloudy and foggy conditions and are therefore
often characterized by high relative humidity as well. A general
negative dependency in terms of negative correlations between
radiation and stem radius variability was reported earlier by
Downes et al. (1999) and Köecher et al. (2012).

Our analysis revealed some counter-intuitive significant
coincidences between days with extraordinary high air humidity
and negative SRV events in beech stems during 2014 (Figure 2).
One possible cause for this may be the result of high air
associated with low soil moisture conditions typical of foggy
days during spring. Further support of this theory is provided
by Figure S2, where in the upper right panel joint coincidences
between low Tmin, high rHmax and negative beech SRV events
are evident. In order to understand these joint coincidences in
more detail, Figure 5 illustrates the temperature and air humidity
development of 4 days in spring and early summer 2014,
where the above mentioned coincidences appeared. Specifically,
the figure shows very high air humidity values of up to 99%
around 9–10 a.m. which abruptly decrease simultaneously with
increasing temperature. This behavior is a common indication
of foggy conditions during morning hours—caused by inverted
atmospheric stratification—that are relieved by the rapidly
increasing temperatures on a cloud-free day. The negative SRV
events of these days are caused by the extraordinary high
temperature and low humidity values of the mid-day and are not
linked with the high air humidity values of the morning hours.
Applying a classical linear correlation analysis between daily
maximum relative humidity and daily SRVs, these days would
produce strong residuals, clearly deviating from the well-known
positive statistical interrelationship between these two variables.
Therefore, these specific days provide a very good example of
how to explain singular large residuals in classically assumed
interrelationships between weather conditions and dendrometer
variations as concluded from correlation analysis on a daily basis.

The results of bivariate (Figures 2, 3), as well as multivariate
(Figures S1–S6) event coincidence analysis show that for a
number of variables, coincidences with SRV events are not
equally evident during all the 3 years of the investigation period.
One example was mentioned in the previous paragraph. Another
example is that positive Tmax events only coincide with negative
beech SRV events in 2012 and 2013, but not in 2014 (Figure 2,
upper right panel). In this case, the reason is, that the positive
Tmax events in 2014 are, in absolute values, lower than the
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FIGURE 4 | Hierarchical cluster analysis for the 30 dendrometer time series of the growth periods of 2012, 2013, and 2014. Upper panels: Correlation

(daily stem increments) and coincidence (values above 90th percentiles) matrices between all pairs of trees used for the cluster analysis. Lower panels: Dendrograms

of the two cluster analyses. The tree stands can be further subdivided into “hill” and “valley,” indicated by h and v.

positive Tmax events of the previous 2 years. Even though the
events were defined by percentiles over the entire investigation
period, a high number of positive Tmax events in 2012 and 2013
led to this non-uniform distribution of events. In other words:
in 2014, the highest Tmax events were not warm enough to
trigger negative SRV events. The same explanation is also valid
for the absence of coincidences between positive SRV events
(for all species) with LSTmin, STmin and STmean in 2012. While
in these cases the heterogeneous distribution of coincidences
among the years can easily be explained, in other cases the
reasons are less obvious. One possible factor leading to inter-
year differences in the relation between weather conditions
and SRVs could be the effect of the previous year’s weather
conditions on the current tree growth. Corresponding impacts
on earlywood production (especially for oak, but also for the
other two species) have been reported by a variety of studies
(Lebourgeois, 2000; Rubino and McCarthy, 2000; Lebourgeois
et al., 2004, 2005; Drobyshev et al., 2008; Michelot et al., 2012;
Latte et al., 2015). Yet, all previous analyses that the authors
are aware of, addressed integrated/cumulative stem size rates

in terms of total earlywood production. So far, no statistical
evidence or physiological explanation has been reported, why and
how previous year’s conditions should influence the day-to-day
SRVs and their reaction to weather extremes.

4.2. Extraordinary Positive vs. Negative
Stem Size Variation Events
The counter-intuitive negative beech SRV events found in Figure
2 and discussed in Section 4.1 could also be explained by a
statistical artifact due to the co-occurrence between negative
SRV events and positive SRV events of the previous day. Such
a phenomenon of contradicting climatic signals in tree rings
has also been reported for high resolution tree-ring isotope data
(Schollän et al., 2013, 2014).

The various cycles of swelling and shrinkage shown by
dendrometer data have been addressed in several recent studies
(Downes et al., 1999; Köecher et al., 2012; van der Maaten et al.,
2013; Vieira et al., 2013). From previous studies like Bouriaud
et al. (2005), it is known that stems can shrink over several
consecutive days, likely induced by shrinkage of the bark and
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FIGURE 5 | Hourly values of temperature and relative air humidity of

four selected days in spring and early summer 2014. These days were all

characterized by minimum temperature, maximum relative air humidity and

negative SRV events.

relative sap-flow reduction of the stem some time after rain
events. Our study refined these findings by pointing out that there
are two kinds of strongly positive stem size variations: (1) some
that are followed by negative SRV events and (2) some that are
not followed by negative stem size changes during consecutive
days. For future studies it will be important to investigate how
to disentangle the four possible combinations of strong stem
size changes defined in this study: There are strong positive SRV
events that are followed (i.e., neutralized) by negative SRV events
vs. positive SRV events that permanently increase the stem radius,
as well as negative SRV events that simply originate from strong
positive SRV events during the previous days vs. negative SRV
events that have been forced by adverse weather conditions. A
first attempt to disentangle these distinct phenomena has been
recently published by Chan et al. (2016). The mentioned classical
approach do define growth and shrinkage in dendrometer data
(Deslauriers et al., 2003; Bouriaud et al., 2005; Köecher et al.,
2012; Vieira et al., 2013) does not solve this problem, since (as
for the procedures used by van der Maaten et al. (2013) and also
in this study) both shrinkage and growth are solely defined based
upon the preceding evolution and do not take into account the
(short or long-term) following development of the stem radius.

4.3. Joint Event Coincidence Analysis
The JECA revealed six main findings common to all three
investigated tree species. (i) The combination of high minimum
temperature with high relative humidity events coinciding with
positive SRV events describes situations of warm nights followed
by moist days. This feature was most clearly visible for pine
which is to be explained by pine having the highest potential
for water storage due to its larger amount of xylem Pfautsch
et al. (2015). (ii) The positive impact of various temperature
combinations on stem radius is a logical continuation of the
results of bivariate ECA as discussed above. (iii) The combination
between low radiation and lowmaximum temperatures describes

very cloudy days. Such days are often also characterized by high
air humidity, and this combination (high humidity and low
radiation) is highlighted by finding (vi). (iv) Heavy precipitation
as an additional event contributing to the aforementioned cloudy
and moderately cool days also favors strongly positive SRVs.
Such days are often also characterized by high night temperatures
(high Tmin) corresponding to situation (v) highlighted in
Section 3.2.

4.4. Differences in the Timing of Stem Size
Variation Events between the Species
The observations found in Section 3.4 are in fact not trivial, since
very different reactions of the analyzed species to environmental
conditions have been well documented by, e.g., Gonzalez-Munoz
et al. (2014), Lévesque et al. (2013), Garcia-Suarez et al. (2009),
or Kwiaton and Wand (2015). The difference of our analysis
to these studies is, that our dendrometer analysis specifically
takes into account the timings of SRVs and meteorological
extremes on a daily basis, whereas previous studies analyzed
relationships between tree stem growth and weather conditions
on a seasonal time scale. Therefore, the finding that no clear
species-to-species differences are evident in this study does not
contradict studies on seasonal scales. In turn, our results suggest,
that the species-specific relations on weather conditions are more
clearly expressed on longer rather than on shorter time scales.
Nonetheless, our study indicates, that the different species do
not differ markedly in their susceptibility to climate extremes on
a daily scale. General statements or even suggestions to forest
management concerning the species’ eligibility in the context of
ongoing and future climate change should not yet be drawn from
this first case study.

5. CONCLUSIONS

We have used high-resolution dendrometer data to investigate
tree species-specific responses to extraordinary meteorological
conditions. For the first time joint event coincidence analysis as
well as a hierarchical clustering analysis based on coincidence
rates have been used. This new approach allowed a detailed
analysis of the timing of observations falling in the upper
and lower tails of the empirical distributions of daily SRVs.
This opens new possibilities for interpreting tree-specific
responses to meteorological extremes. Our method is able to
provide relevant complementary information beyond what has
been known from previous correlation-based analyses. Further
potential applications of this method include the investigation
of dendrochronological data or intra-annual density fluctuations
(IADF).

For future investigations, it will be crucial to put additional
efforts into disentangling tree stem radius growth from stem
swelling, using novel data analysis approaches. Additionally,
integrated studies including dendrometer and wood density
measurements, as well as an up-scaling across a larger area will
be necessary to draw reliable conclusions on tree or forest carbon
storage dynamics in relation to meteorological extreme events.
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Figure S1. Coincidences between positive daily beech SRV events and joint positive/negative events of
pairs of meteorological variables (∆T = τ = 0). The left (right) panels show the results for equally
(oppositely) directed meteorological events. Colors refer to the direction of the meteorological event in the
first variable (indicated at the left) – green colors refer to positive and purple colors to negative events. The
respective second variable is indicated by small numbers inside the individual panels (as explained at the
left) and has either the same (left panels) or opposite (right panels) directionality of the extreme. Parts of
the plots enclosed by dashed red lines highlight the six main findings (i)-(vi) discussed in the main text.
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Figure S2. As in Fig. S1 for strongly negative beech SRVs.
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Figure S3. As in Fig. S1 for strongly positive oak SRVs.
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Figure S4. As in Fig. S1 for strongly negative oak SRVs.
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Figure S5. As in Fig. S1 for strongly positive pine SRVs.
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Figure S6. As in Fig. S1 for strongly negative pine SRVs.
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A B S T R A C T

We present the new R package CoinCalc for performing event coincidence analysis (ECA), a novel statistical
method to quantify the simultaneity of events contained in two series of observations, either as simultaneous or
lagged coincidences within a user-specific temporal tolerance window. The package also provides different
analytical as well as surrogate-based significance tests (valid under different assumptions about the nature of
the observed event series) as well as an intuitive visualization of the identified coincidences. We demonstrate the
usage of CoinCalc based on two typical geoscientific example problems addressing the relationship between
meteorological extremes and plant phenology as well as that between soil properties and land cover.

1. Introduction

In many areas of geosciences, but also other scientific disciplines
like neurosciences, there has been a rising interest in inferring
information on dynamical interdependencies between different obser-
vational series that are not given in the form of continuous or discrete-
valued time series, but as sequences of events (e.g., unmarked or
marked point processes). Traditional statistical tools like classical
(Pearson) correlation analysis are often not directly applicable to such
series or of limited explanatory value. While in neurosciences, many
methodological developments have been introduced and subsequently
applied for studying the statistical interrelationships between event
series (e.g., describing sequences of neuronal spiking activity: Brown
et al., 2004; Lewicki, 1988; Mulansky et al., 2015), there have been
relatively few attempts to transfer corresponding approaches to
geoscientific problems (Boers et al., 2013; Malik et al., 2010, 2012).

Event coincidence analysis (ECA) is a recently developed method
for studying the statistical interdependency between two event series,
which has been originally introduced and applied in a geoscientific
context (Donges et al., 2011, 2016; Rammig et al., 2015; Siegmund
et al., 2015, 2016). Unlike correlation analysis, this method exclusively
takes the timings of certain well-defined events in two series into
account and ignores potentially available other information (e.g.,
underlying explicit time series values) on the gradual variability of
related observables. Therefore, it provides a complementary view on

data that are either by definition of binary structure (event/no event) or
where only certain values (e.g., extreme events) are expected to result
in a specific response of interest. Examples include the timings of
natural disasters like earthquakes or floods (Donges et al., 2016) or
cases where strong deviations from “normal” behavior can result in
qualitatively different interdependencies between the variables of
interest (e.g., ecosystem responses to extreme environmental condi-
tions like droughts, cold spells or volcanic eruptions) (Reichstein et al.,
2013; Zscheischler et al., 2013).

So far, ECA has been successfully applied to studying problems in
biogeoscientific (Rammig et al., 2015; Siegmund et al., 2015, 2016),
socio-ecological (Donges et al., 2016) and paleoclimatic contexts
(Donges et al., 2011). The diversity of research questions discussed
in the aforementioned publications suggests a wide range of possible
future applications. While Rammig et al. (2015) and Siegmund et al.
(2015) used the approach to derive complementary information
(beyond classical correlation analysis) by looking at the timing of
events in the very tail of the distribution of the underlying continuous
variable, the analyses of Donges et al. (2011, 2016) could not have been
conducted using standard tools of classical statistics since they
addressed series of explicit events.

This paper introduces CoinCalc, an easy-to-handle implementa-
tion of ECA in the open statistical software R. We emphasize that the
Comprehensive R Archive Network (CRAN) repository already contains
the package CNA for performing an entirely different type of analysis
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referred to as coincidence analysis (Baumgartner and Thiem, 2015),
and that the same term is also used in particle physics (Zaborov, 2009)
in yet another different context. Within the framework of CoinCalc,
we exclusively refer to the definition of event coincidence analysis as
comprehensively described by Donges et al. (2016). We note that there
are various conceptually similar yet distinctively different approaches
mostly motivated by the neuroscientific problem of analyzing spike
train synchrony. Two of the most prominent examples will be briefly
discussed in the course of this paper to highlight their similarities and
differences as compared to ECA.

The remainder of this paper is organized as follows: In Section 2,
the methodological background of ECA is provided together with a
brief summary of related methods, followed by a detailed description of
the functions provided by CoinCalc and their options in Section 3.
Finally, two exemplary applications of the package to different geos-
cientific data sets are discussed in Section 4. The paper concludes with
a short summary in Section 5.

2. Methodological background

2.1. Types of event series

Let us consider two sequences of events of distinct types A and B
that occur at times ti

A and tj
B with i N= 1,…, A and j N= 1,…, B, where

NA and NB are the number of events of types A and B, respectively.
Here, we exclusively focus on the timing of events and disregard any
possibly available information on the magnitudes of these events.

Depending on the specific question under study, event series are
commonly provided in the form of one out of two generic data types.
On the one hand, we may have just a list of event times (e.g., in Donges
et al., 2011) with no continuous data upon which these events have
been defined. We will refer to this type of data, where event timings can
take arbitrary (real) values on the time axis, as event sequences in the
following. On the other hand, we may have the situation of a time series
containing time-discrete observations of some variable upon which
events are defined. The resulting event time series is conveniently
represented by a binary sequence of a length T equal to the number of
underlying observations, where entries 1 (0) correspond to time steps
with (without) an event. In contrast to event sequences, event times
within an event time series can take only discrete values often
conveniently represented by the underlying (integer) time indices of
those original observations that have been identified as the events of
interest.

To illustrate these two different types of event data, let us suppose a
set of 15 equidistant observations, where the 4th, 6th, 7th and 11th
values correspond to events. The corresponding event time series reads

(0, 0, 0, 1, 0, 1, 1, 0, 0, 0, 1, 0, 0, 0, 0),
whereas the associated event sequence object would be

{(4, 6, 7, 11), span(1, 15)},
i.e., an object containing a list of event times as well as a vector of
length 2 containing the start and end points of observations. As we will
detail in Section 3, it is possible to transform one type into the other, at
least approximately. When using CoinCalc, the choice of the appro-
priate data type should be guided by the structure of the data to be
studied.

2.2. Counting coincidences

ECA essentially counts how often events occur in both series
simultaneously (referred to as coincidences). The notion of simulta-
neity can be further specified by considering two parameters: a user-
defined time lag τ and a certain tolerance window TΔ . The considera-
tion of τ ≠ 0 can be important in order to study lagged responses of
events of type A to such of type B (or vice versa) as known for, e.g., the

energy exchange between hydrosphere and atmosphere (Iwi et al.,
2006; Kumar and Hoerling, 2003; Wedgbrow et al., 2002) or various
ecological systems (Boulton, 2003; Daan et al., 2005; Letnic et al.,
2005). In turn, ΔT allows addressing uncertain timings of events in
examples like climate reconstructions (Jones et al., 2009; Woodborne
et al., 2015), archaeological, paleontological or paleoanthropological
records (Donges et al., 2011), or events with an extended duration like
climate regime shifts and ecological or social responses to natural
disasters (Donges et al., 2011, 2016).

By definition, the notion of event coincidence is not symmetric, i.e.,
always takes one of the two event series as a reference to which the
second is compared. Commonly, in this context events of type B are
considered as possibly influencing the timings of events of type A, and
not vice versa (of course, the roles of both variables can be inter-
changed). However, there might be applications where such a pre-
sumed directional influence cannot be postulated in advance—in this
case, ECA can be utilized as an explanatory rather than confirmatory
statistical tool to test for the existence, direction and significance of
non-random relationships. We note that this setting allows for a naive
notion of causality in the physical sense of a cause always preceding (or
at most temporally coinciding with) a consequence rather than vice
versa. However, assessing causality in the common predictive (e.g.,
Granger) sense is not possible by means of ECA as formulated here.

Following this conceptual idea, ECA distinguishes between the
precursor coincidence rate
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where Θ (·) is the Heaviside function and 1 T[0,Δ ] is the indicator function
of the interval T[0, Δ ]. For TΔ = 0, the term in the inner sum will just
collapse to δ t τ t( − , )i

A
j
B , where δ (·,·) is the Kronecker delta, providing a

value of 1 if and only if both arguments are equal, and zero otherwise.
In this context, r T τ(Δ , )p denotes “the fraction of A-type events that are
preceded by at least one B-type event”, while r T τ(Δ , )t measures “the
fraction of B-type events that are followed by at least one A-type event”
(Donges et al., 2016). By definition, both coincidence rates can only
take values between 0 (complete absence of coincidences) and 1 (all
events coincide with events in the reference series).

2.3. Significance tests

Beyond the sole calculation of coincidence rates, CoinCalc cur-
rently provides three significance tests that can be selected in order to
comply with the specific properties of the event series under study.

2.3.1. Analytical test: Poissonian approximation
Under the assumption that the A and B-type events are randomly

distributed and mutually independent (i.e., follow two independent
Poisson processes) and sufficiently rare (specifically, T T N TΔ ⪡ / ⪡A ), the
probability of observing a given number of precursor coincidences
K N r= ·p A p can be approximated by a binomial distribution as
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Here, all time values are given either in absolute time units (for event
sequences) or as discrete numbers of time steps (for event time series),
which may, however, be directly identified with specific values on a
given time axis. Accordingly, we have TOL T= Δ for event sequences
and TOL T= Δ + 1 for event time series (since the interval T[0, Δ ] used
in the definition of the coincidence rates contains TΔ + 1 subsequent
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time steps, assuming uniform sampling intervals without gaps). In a
similar way, T denotes either the total time span of observations (for
event sequences) or the number of observations (for event time series).
Note that while TOL is a non-negative parameter that can be selected
according to the specific problem under study, T is itself part of the
necessary information on the event series under study that needs to be
known in order to perform ECA.

The p-value of the corresponding analytical significance test
provided by CoinCalc corresponds to the probability that Kp or more
coincidences occur due to chance according to Eq. (3),

∑p P K= ( ′ ),
′

K
K K

p
≥

p
p p (4)

where Kp is the number of precursor coincidences obtained when
comparing the event series A and B. The p-value for the corresponding
significance test of the trigger coincidence rate r K N= /t t B is obtained in
the same way by interchanging NA and NB in Eq. (3) and replacing Kp
by Kt (Donges et al., 2016). In both cases, the null hypothesis of the test
is that the observed number of coincidences can be explained by two
independent series of randomly distributed events. If the given p-value
is smaller than a user-defined confidence level α, this null hypothesis
can be rejected.

As already mentioned above, an important requirement for the
application of the analytical significance test is that the number of
events multiplied with the considered tolerance window TΔ must be
sufficiently small in comparison with the total period covered by the
underlying observations, i.e., the events to be analyzed need to be rare
(Donges et al., 2016). This is the case if the conditions N T N T TΔ , Δ ⪡A B
are fulfilled. In turn, if the latter requirement is not met, a rejection of
the null hypothesis resulting from the analytical significance test can
also result from the fact that the analytical approximation does not
hold, thus not necessarily implying that the two event series are not
independent of each other (commonly the desired type of information).
In turn, if the rarity condition is violated, CoinCalc provides two
additional significance tests based on suitably constructed surrogate
data as more appropriate alternatives, which are detailed below and
also discussed in detail in Donges et al. (2016). Note that the validity of
the assumption of rare events should in general be checked before the
selection of the analytical vs. surrogate data-based significance test.

2.3.2. Surrogate-data based tests
As stated above, beyond the analytical test described in the previous

paragraph CoinCalc provides two additional significance tests based
on surrogates. Here, surrogates denote artificial event series that are
compatible with the null hypothesis of mutually independent series but
retain certain properties of the original empirical event series. By
generating large ensembles of such surrogates independently at ran-
dom, the distributions of coincidence rates for event data with the
desired properties can be approximated numerically, which can then be
used for deriving estimates for the desired critical value at a given
confidence level.

1. Random event times (shuffle surrogates): Here, artificial data are
generated by constructing two event series of NA and NB events (as
observed in the empirical data) where the individual event times are
drawn independently and uniformly at random from the time period
of observations. In the limit T → ∞, the waiting time distribution of
such surrogate event series takes an exponential shape as expected
for a Poisson process. The empirical distribution P K( )surr p of the
resulting surrogate precursor coincidence rates from all pairs of
these “shuffled” surrogate event series approximates the distribution
of coincidence rates that would result from two event series with the
same length and number of events as the original data sets where the
individual events are completely independent of each other. Hence,
the p-value for the precursor coincidence rate can be approximated
as

p P K= 1 − ( ).K surr pp (5)

For trigger coincidences, pKt follows in full analogy.
2. Prescribed waiting time distributions (waiting time surrogates):

Besides the too large number of events in a series already accounted
for by the shuffle surrogates described above, another possible
reason for the analytical significance test to provide incorrect results
can be an empirical distribution of waiting times between subse-
quent events showing large deviations from the exponential behavior
expected for Poisson processes. For such cases, CoinCalc provides
a third significance test based on another type of surrogate event
series that resemble the original data sets in pertaining their series
length and waiting time distributions. Specifically, each surrogate
event series is produced by iteratively selecting the waiting time until
the next event from the empirical distribution of waiting times of the
original data sets uniformly at random. The calculation of p-values
then follows the same strategy as described above for the shuffle
surrogates.

Unlike analytical and shuffle tests, the latter surrogate-based test
does not make any assumption about the Poissonian nature of the
event series and is insofar more generally applicable and, hence, less
restrictive. Moreover, as the shuffle test, it allows to perform ECA for
event series that do not match the condition of rare events. However,
it still provides only approximate results for cases in which there is
evidence for serial dependence between the events of one of the
series. This situation requires the utilization of numerical approx-
imations of the distribution of the considered test statistics making
use of even more sophisticated resampling approaches (Donges
et al., 2016). A corresponding extension of the currently implemen-
ted significance tests is scheduled for future versions of CoinCalc.

2.4. Symmetric tolerance windows

Extending upon the methodological setting used by Donges et al.
(2016), CoinCalc also provides the possibility to define a symmetric
tolerance window. The definition of such a window is of specific
interest for analyses in which there is evidence for uncertainties in
the timing of the events in one or both data sets. In Eqs. (1) and (2)
discussed above, TΔ is supposed to define a non-symmetric window,
thus either preceding or following the time step of interest, resulting in
tolerance windows t τ T t τ[ − − Δ , − ]i

A
i
A for a precursor coincidence

and t τ t τ T[ + , + + Δ ]j
B

j
B for a trigger coincidence.

In turn, for τ = 0, a symmetric tolerance window corresponds to
counting coincidences of events in series B falling into a time window
including a time interval TΔ both before and after an event in series A.
Here, the definition of the time window using this approach is
t T t T[ − Δ , + Δ ]i

A
i
A (i.e., the symmetric tolerance windows are twice

as large as their directional counterparts discussed above). For inter-
vals centered around tj

B and for delayed coincidences with τ ≠ 0, the
corresponding modifications are straightforward. Hence, Eq. (1) (and
similarly Eq. (2)) can be rewritten as
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As a consequence, for the calculation of P K( )p in Eq. (3) with a
symmetric tolerance window, we have TOL T= 2Δ for event sequences
and TOL T= 2Δ + 1 for event time series.

2.5. Related approaches

When reviewing the existing literature on event-based time series
analysis, there are several methods serving a similar purpose as ECA.
In the following, we detail the similarities and differences between ECA
and two of the most common recent approaches in this field:

J.F. Siegmund et al. Computers & Geosciences 98 (2017) 64–72

66



1. One prominent example is the spike train reliability statistic R
proposed by Hunter and Multon (2003). This measure essentially
provides a normalized mean exponential temporal distance between
each event in one series and the corresponding closest event in a
second series, and thus provides large values in case of very similar
event timings and low values if both series are essentially unrelated.
Unlike ECA, the reliability statistic cannot differentiate between
possible directions of mutual influences between the two event series
under study, i.e., it provides an undirected similarity measure.
Moreover, Hunter and Multon (2003) do not provide a method to
assess the statistical significance of possible interrelationships. It
should be noted, however, that a corresponding numerical signifi-
cance test can be easily constructed by adopting the surrogate
methods implemented in CoinCalc for use together with the
coincidence rates within ECA (Donges et al., 2016).

2. Event synchronization (ES) is another method for quantifying the
simultaneity between events in two given series (Quiroga et al.,
2002), which has gained considerable popularity in the neuros-
ciences and, more recently, climatological applications (Boers et al.,
2013, 2014, 2015a, b; Malik et al., 2010, 2012,; Stolbova et al., 2014,
2016). Similar to ECA, ES essentially counts the number of pairs of
events of two considered types occur mutually close in time.
However, in contrast to ECA, this proximity is defined in some
adaptive way to account for the typical waiting times between
subsequent events in both series. In this spirit, ES is particularly
well suited for events that follow a relatively regular pacing. Due to
the more complex definition of temporal closeness, there is no
analytical significance test available for ES so far, which is a
distinctive difference in comparison to ECA.

Unlike ECA, ES takes both event series individually as references
for comparison of the second one and provides two measures—a
symmetric one characterizing the overall strength of the mutual
relationship and an asymmetric one providing information on the
possible directionality. Following these general considerations, ES is
commonly used as an exploratory statistics, while ECA can be
applied for both explanatory and confirmatory purposes, with a
particular emphasis on hypothesis testing.

It may be noted that both ECA and ES are somewhat more complex
and more sophisticated than the reliability statistic in that both provide
information on the (temporal) directionality of a possible statistical
relationship between two event series. ECA and ES are conceptually
closely related, but neither contrasting nor redundant, neither better
nor worse, but just allow addressing somewhat different scientific
questions and approaches. While this manuscript describes the first-
time fully operational implementation of ECA in R, both reliability
statistic and ES are contained in the recently published R package
mmpp (Hino et al., 2015). With this implementation and the new
package CoinCalc, one might perform a thorough inter-comparison of
the respective performance of all three methods. However, such an
investigation would be clearly beyond the scope of this work.

3. Description of the package

The R package CoinCalc provides all necessary functionality to
perform the calculation of coincidence rates and the associated
significance tests according to the user's specific requirements.
Specifically, it is possible to perform ECA for both event sequences
(hereafter referred to as es format) and event time series (ts format)
(see Section 2.1). The notation of the ts format used throughout the
remainder of this paper should not be confused with the common R
object type ts and shall exclusively indicate a time-ordered binary
vector defining an event time series.

Notably, the consideration of the es format is particularly useful for
large data sets, since the resulting computational demands are
considerably lower than for ts data. In turn, the disadvantage of the

es format is that in the current implementation of CoinCalc, the data
set must be based on continuous observations with no missing periods
of recording. In the case of missing observations, the ts format should
be used instead. Note that in the presence of missing data, only the
analytical significance test is available so far. A corresponding exten-
sion is planned to be developed and implemented in the next version of
the package. In general, performing ECA between two data sets
requires the corresponding data being given in the same format. For
this purpose, CoinCalc provides functions for transforming each of
the two formats into the other.

In the following, we give a brief overview on the functions currently
provided by the package as well as their usage and possible options:

CC.binarize(): This function binarizes a numerical vector (i.e., a
time series of an arbitrarily distributed variable) using a given thresh-
old. This threshold can either be a percentile of the variable's empirical
distribution or a specific prescribed value. The output object has ts
format (i.e., is a binary vector of the same length T as the original data).
The following arguments and options need to be provided:

• data (required): Numerical vector (time series) to be binarized.

• ev.def (default="percentile"): String specifying the event
definition method. If “percentile”, events are defined using the
value of thres (see below) as percentile threshold. If “absolute”,
events are defined according to an absolute threshold value thres.

• thres (input required): Binarization threshold. If ev.def="-
percentile", thres must be a real number within [0,1]. For
ev.def="absolute", it can take any real number within the range
of data.

• event (default="higher"): String specifying whether values
"higher" or "lower" than thres are to be considered as events.

CC.ts2es(): This function converts an event time series (ts
format) into an event sequence (es format). It has only a single
argument:

• data (required): Binary event time series to be transformed into
an event sequence.

CC.es2ts(): This function converts an event sequence (es
format) object into a binary event time series (ts format). It requires
the following arguments:

• data (required): Event sequence comprising event positions to
be transformed into an event time series.

• span (required): Numerical vector with two elements
(span[1]: starting point of the data set, span[2]: end point of
data set).

• es.round (default=0): Number of digits for rounding the given
values in data. es.round additionally defines the temporal
resolution (e.g., es.round=3 leads to a sampling interval of 0.001
time units).

CC.eca.es(): This function performs the actual ECA using two
event sequences (es format). The arguments and options are listed
below:

• seriesA (required): Numerical vector specifying the timings of
events of type A.

• seriesB (required): Numerical vector specifying the timings of
events of type B.

• spanA (required): Numerical vector of length 2 specifying the
start and end points of the data set given in seriesA.

• spanB (required): Numerical vector of length 2 specifying the
start and end points of the data set given in seriesB.

• delT (default=0): Non-negative real number for defining the
tolerance window TΔ . If delT=0, only simultaneous coincidences
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are counted.

• sym (default=FALSE): Boolean variable specifying if the tem-
poral tolerance window should be taken symmetrically or not.

• tau (default=0): Non-negative real number specifying the time
lag τ.

• sigtest (default="poisson"): String specifying the type of
significance test. If sigtest="poisson", the analytical signifi-
cance test based on the assumption of independent and sparse
Poisson processes is performed. If sigtest="shuffle.surro-
gates", the test statistics for randomly located events is numeri-
cally approximated. If sigtest="wt.surrogates", the numer-
ical approximation of the test statistics based on coincidence rates
for an ensemble of surrogate event sequences with the same waiting
time distributions as the original data is utilized.

• reps (default=1000): Positive integer specifying the surrogate
ensemble size for the numerical significance test.

• alpha (default=0.05): Desired confidence level for the signifi-
cance test specified by sigtest.

CC.eca.ts(): This function performs ECA using two event time
series (ts format). Missing values are allowed. If NAs are found in one
of the input time series, the corresponding time steps (as well as their
respective counterparts in the second series) are ignored in the
performed analysis. The following arguments and options are required:

• seriesA (required): Binary vector specifying steps with and
without events in series A.

• seriesB (required): Binary vector specifying steps with and
without events in series B.

• delT (default=0): Non-negative integer for defining the toler-
ance window TΔ (number of time steps accepted as time difference).
For delT=0, only simultaneous events are counted as coincidences.

• sym (default=FALSE): see CC.eca.es()

• tau (default=0): Non-negative integer specifying the time lag τ.

• sigtest (default="poisson"): see CC.eca.es()

• reps (default=1000): see CC.eca.es()

• alpha (default=0.05): see CC.eca.es()

CC.plot(): This function creates a visualization of the event series
and the results of ECA. The output graphics displays which individual
events correspond to coincidences. CC.plot() is currently only
available for data given as event time series (ts format); an extension
to general event sequences is planned for a future version of
CoinCalc. The arguments and options are listed below:

• seriesA: see CC.eca.ts()

• seriesB: see CC.eca.ts()

• delT: see CC.eca.ts()

• sym: see CC.eca.ts()

• tau: see CC.eca.ts()

• dates (default=NA): Vector of length T, containing characters
or numerical values providing date information for the two series. If
specified, event dates are added to the plot.

One example of an illustrative visualization produced by
CC.plot() can be found in Section 4.

4. Examples

Before illustrating the use of CoinCalc for a few real-world
geoscientific applications, we emphasize that many recent studies on
corresponding problems have been restricted to classical linear corre-
lation analyses so far. Such analyses, however, are not possible for
event sequences as considered within CoinCalc. Even for event time

series, correlation analysis and ECA provide distinctively different
views on the same data by considering either the full distribution of
the data under study or just the timing of values in certain parts
(commonly the tails) of this distribution. Besides being conceptually
different, one easily convinces oneself that high correlation values do
not need to imply high coincidence rates and vice versa. To see this, let
us consider two simple numerical examples, where the first series A is
described by Gaussian white noise with zero mean and unit variance,
and the second series B is defined as a deterministic cubic function of
A. For example, if we take B A A= −0.3 + 53 , we observe the values of A
and B being strongly positively correlated, but the coincidence rates
between their respective most positive (most negative) values is close to
zero. In turn, if we choose B A A= 0.3 −3 , the linear correlation
coefficient is relatively small (due to the dominance of the nonlinear
term) whereas the coincidence rates between values in the upper
(lower) tails of the underlying distributions is close to one.

In the following, we will turn to some real-world examples
comprising two case studied from biogeography (temperature influence
on plant flowering) and the interface of soil science and agriculture.
The data sets used for this purpose are included in the R package and
can be assessed by executing data(CC.Example. Data1) and
data(CC.example. Data2) for the examples discussed in Sections
4.1 and 4.2, respectively.

4.1. Plant phenology and meteorological extremes

As a first example for the application of the CoinCalc package, let
us reconsider the problem of identifying time windows during the year
within which unusually warm weather conditions can result in (i.e.,
coincide with) very early flowering of central European shrub species in
the same year (Siegmund et al., 2015). The information on flowering
dates was provided by the German Weather Service (DWD), and the
temperature data were obtained by an area-weighted interpolation of
temperature data from DWD-operated meteorological stations (Österle
et al., 2006).

Here, we illustrate the utilization of CoinCalc by taking one time
series of annual Lilac flowering dates and one April mean temperature
time series from 1950 to 2010 as an example. Specifically, we use the
data from a phenological station located in Niederrimbach, Germany
(49.4833°N, 10.000°E). Events in the two considered time series
correspond to “very early flowering” and “very warm conditions”,
respectively. While the former is defined as a flowering occurring
earlier in the year than the empirical 10th percentile of all historical
flowering dates in this record, a mean April temperature is considered
to be very warm if it exceeds the 90th percentile of all observed April
values. Fig. 1 shows the two time series as well as the two thresholds for
the definition of events.

In order to conduct ECA for these two time series using CoinCalc, let
the flowering dates be stored in the vector Fl.60y and the temperature
data in the vector TT.60y. Since a possible lagged effect of spring
temperatures on flowering time in a yearly resolved data set is not
considered here, τ and TΔ take their default values of 0. Thus, executing
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results in the list ca.out containing the following information:

.
In this example, the null hypotheses of independent random event

series can be rejected for both precursor and trigger coincidence rates
at a confidence level of α = 0.05. In the specific setting considered here,
the two coincidence rates and their resulting p-values are identical,
since both time series have the same length, no tolerance window is
considered ( TΔ = 0) and the same number of events (N N= = 6A B , see
Fig. 2) is present in both series due to their definition using the
empirical 10th and 90th percentile, respectively. We note again that
since the flowering dates contain some missing values, in the present

version of CoinCalc only the analytical significance test can be used.
It may be worth noting that in the present example, the correlation

coefficient between both original time series is already −0.83, suggest-
ing the existence of a strong correlation between the two considered
variables. However, as already discussed above, such a strong correla-
tion does not necessarily imply the co-occurrence of extreme values in
both records. Hence, even with a generally strong correlation, certain
parts of the distribution of the two observables can still completely
mismatch in terms of their appearance in the series. Thus, ECA is a
prospective complementary tool providing information to understand
the relationship between distinct parts of the distribution of two time
series.

Fig. 2 shows the plot generated by the function call

where FL.dates is a vector containing a sequence from 1951 to 2010.
The light blue and light red bars indicate events in the phenological (A)

Fig. 1. Time series of Lilac flowering (Julian Day (JD) of the year, upper panel) and April mean temperature (lower panel) in Niederrimbach from 1951 to 2010. The red dashed lines
mark the thresholds at the empirical 10th and 90th percentiles, respectively. Events in both time series are defined as those values, that are lower (higher) than the respective
threshold. (For interpretation of the references to color in this figure caption, the reader is referred to the web version of this paper.)

Fig. 2. Graphical output of the CC.plot function for the flowering (red) and temperature time series (blue). Blue and red bars mark time steps with events. For the series to be
compared with the respective reference sequence, light colors show events without coincidence and dark colors coincidences. For the reference series, no corresponding visual distinction
is made. Note that in the present example, TΔ = 0 and τ = 0, i.e., only simultaneous events (referring here to the same year) are considered as coincident. (For interpretation of the
references to color in this figure caption, the reader is referred to the web version of this paper.)

J.F. Siegmund et al. Computers & Geosciences 98 (2017) 64–72

69



and temperature (B) time series, respectively, where dark colors
highlight those events that correspond to coincidences. It can be seen
that in the present example, three of the six early flowering events
(series A) coincide with warm April temperatures (series B) (and vice
versa), yielding precursor and trigger coincidence rates of 0.5 as given
above.

4.2. Soil organic carbon content and land-use

Our second example illustrates the application of CoinCalc to a
quite different problem. Here, ECA is not used for studying two time
series, but a set of soil samples providing information about the soil
organic carbon (SOC) contents of 218 smallhold farmer sites in the
Nyando district, Western Kenya. The samples were collected, processed
and analyzed in 2013/2014 in the course of the project SAMPLES
(http://samples.ccafs.cgiar.org). In addition to the carbon data set,
information on the crop types planted on the sampled plot was
collected. During field work, two hypotheses were drawn: (i) The
plantation of certain crop types (e.g., sorghum) generally leads to very
low SOC contents. (ii) Intensive intercropping (i.e., the simultaneous
plantation of different crop types) generally leads to very high SOC
rates in the top soil layer (0–20 cm).

To test hypothesis (i), carbon contents below the 5th percentile of
all samples were defined as events in the SOC data set (event “time”
series carb), and the cultivation of sorghum was defined as an event in
the crop cover data set (event “time” series crop.sorghum). In this
example, both τ and TΔ are again 0, i.e., we are only interested in
“simultaneous” events. Although the given data sets are no time series,
the appropriate data format to choose here is that of event time series
(ts) where individual samples take the role of (temporal) observation
points. Executing

yields the following results contained in the list ca.out:

Hence, at the α = 0.05 significance level, both null hypotheses can be
rejected based on the analytical significance test and, thus, a non-
random statistical relationship between sorghum plantation and very
low SOC values can be deduced. By definition of the individual “events”
as detailed above, the rarity condition for the Poissonian approxima-
tion to apply appears to be fulfilled in this case. Moreover, due to the
“non-temporal” nature of the data, possible problems due to serial
dependencies can be excluded. Note that in contrast to the previous
example, precursor and trigger coincidence rates are not equal due to
the different numbers of events in both data sets. Here, the precursor
coincidence rate corresponds to the fraction of plots with low SOC
contents on which sorghum was cultivated, whereas the trigger
coincidence rate gives the fraction of plots with sorghum plantation
on which low SOC contents were observed. Since both tests indicate
statistical significant results, a possible directionality of the studied
relationship (i.e., either sorghum plantation leading to low SOC or
plots with low SOC being preferably chosen for sorghum plantation by
the farmers) cannot be unambiguously inferred from the present
analysis.

Next, in order to investigate whether intercropping systematically
co-occurs with very high top-layer SOC contents (hypothesis (ii)), we
define crop covers with at least four different crop types (crop.inter)

and SOC contents larger than the 90th percentile (carb) as events and
execute

resulting in:

In this case, despite the quite high trigger coincidence rate of 0.33, both
null hypotheses cannot be rejected at the α = 0.05 confidence level. The
high trigger coincidence rate in this example means that 33% of the
plots characterized by intensive intercropping also show very high SOC
values. But since the precursor coincidence rate is rather small, only
few plots characterized by high SOC contents have also been cultivated
with intercropping. The large difference between trigger and precursor
coincidence rate in this example arises again because the numbers of
events in the two data sets differ markedly (there are 18 events in the
carbon data set and only six events in the crop cover data set).
Therefore, to reach a significant p-value at α = 0.05, in the present
example at least three of the six intercropping fields would have to
coincide with events in the carbon data set (i.e. r ≥ 0.5p ).

For comparison, we apply the shuffle surrogates-based significance
test to the same data set using

and obtain the following result:

This example illustrates that in cases where the rejection of the null
hypothesis is based on p-values close to the desired confidence level α,
the utilization of both significance tests is recommended. Specifically, if
we relieve the requested confidence level only slightly (say, α = 0.06),
the null hypothesis of the trigger test could already be rejected,
indicating that high top-layer SOC contents are actually supported by
intercropping. Although the numbers of “events” in both data sets
(NA=18 and NB=6) are relatively small in comparison with the sample
size (T=218), the observed changes in the obtained p-values for both
precursor and trigger test indicate that the analytical significance test is
actually much more conservative than necessary for appropriately
testing for the presence of statistical interrelationships between both
event series. This suggests that in case of any doubts regarding the
validity of the implicit assumptions underlying the analytical signifi-
cance test, the surrogate-based test should be preferred.

4.3. Further possible applications

As we have detailed in Section 2.5 of the revised paper, ECA can be
used as an exploratory as well as confirmatory tool. Since there are
other conceptually similar methods (see above) particularly serving the
exploratory aspect, the previous examples kept a common focus on the
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confirmatory role, i.e., the application of ECA for statistical hypothesis
testing, which is distinctively different from what other related existing
methods like ES or spike train reliability statistic have been applied for
in the past.

In general, the parameters of ECA could also not be considered
fixed, but variable, which can provide some interesting insights when
applying ECA as an exploratory tool. For example, systematically
varying the time delay τ and computing coincidence rates in depen-
dence on this parameter would result in a coincidence function serving
a similar purpose as the classical cross-correlation function. We note
that Siegmund et al. (2015) have already discussed a corresponding
application in the context of plant phenology. Such an analysis can be
easily implemented by the user by calling the appropriate function in
some for-loop using τ as a variable changing with each iteration. In a
similar way, one could also explicitly study the dependence of the
coincidence rates (respectively the p-values of the associated signifi-
cance tests) in dependence on the width TΔ of the tolerance window to
identify the most appropriate setting in cases where a response occurs
with a certain, not exactly constant delay with respect to the triggering
event.

Finally, we underline that for continuously valued time series, the
method used to define events can be crucial for the results of ECA and
needs to be selected based on considerations regarding what kind of
(extreme or otherwise rare) event should be studied. It is beyond the
scope of CoinCalc to serve all corresponding possibilities. To this end,
the package contains just the simple function CC.binarize() for
defining events in the most common case of extremes as time series
values exceeding a certain threshold, commonly defined by a certain
percentile of the underlying distribution. Beyond this case, the main
functions of CoinCalc for the execution of ECA can also be used
together with any other type of event sequence or event time series
defined by the user according to the specific needs of the current
analysis. Notably, when working with extreme events, the coincidence
rates (and likely the cases identified as significant) can be expected to
depend on the specific threshold chosen. However, in the ideal case this
dependence should only be weak. Thus, varying this threshold system-
atically can provide some indication of robustness of the obtained
results. One corresponding example can again be found in Siegmund
et al. (2015).

5. Conclusions

The new R package CoinCalc allows performing event coincidence
analysis (ECA), a novel statistical tool for quantifying the degree of
simultaneity between two event series (Donges et al., 2011, 2016;
Rammig et al., 2015), for different types of event series. The package
provides six functions: (i) binarization of continuous time series, (ii)
data conversion of binary (event) time series to event sequence format,
(iii) conversion of event sequences to binary time series, (iv) ECA for
event sequences, (v) ECA for binary event time series, and (vi) a
plotting function for visualizing events and coincidences.

Based on two geoscientific example problems, we have illustrated
the utilization of the package and interpretation of the obtained results.
The current version of CoinCalc is freely available at GitHub (https://
github.com/JonatanSiegmund/CoinCalc) and shall be additionally
released in the CRAN repository (www.r-project.org), including
regular future updates and extensions. In its current version,
CoinCalc already provides all necessary functions for performing
ECA under relatively general conditions. Future extensions shall
include (among others) a more sophisticated surrogate-based
significance test for serially dependent event sequences (i.e., series
with correlated waiting times between subsequent events) and
functions for multivariate and conditional ECA (Siegmund et al.,
2016). Moreover, the package will be expanded in order to handle
not only pairs of series of vector format, but to also perform ECA
between time series of grid points in spatially extended data sets (e.g.,

with the dimensions latitude, longitude and time), which are typical for
climatological data sets or remote sensing products (Zscheischler et al.,
2013). This extension will also allow analyzing coincidences between
time series of different regions, opening the package to a further large
field of research questions.
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Abstract. Temperature is a key factor controlling plant
growth and vitality in the temperate climates of the mid-
latitudes like in vast parts of the European continent. Be-
yond the effect of average conditions, the timings and mag-
nitudes of temperature extremes play a particularly crucial
role, which needs to be better understood in the context of
projected future rises in the frequency and/or intensity of
such events. In this work, we employ event coincidence anal-
ysis (ECA) to quantify the likelihood of simultaneous oc-
currences of extremes in daytime land surface temperature
anomalies (LSTAD) and the normalized difference vegeta-
tion index (NDVI). We perform this analysis for entire Eu-
rope based upon remote sensing data, differentiating between
three periods corresponding to different stages of plant de-
velopment during the growing season. In addition, we ana-
lyze the typical elevation and land cover type of the regions
showing significantly large event coincidences rates to iden-
tify the most severely affected vegetation types. Our results
reveal distinct spatio-temporal impact patterns in terms of ex-
traordinarily large co-occurrence rates between several com-
binations of temperature and NDVI extremes. Croplands are
among the most frequently affected land cover types, while
elevation is found to have only a minor effect on the spa-
tial distribution of corresponding extreme weather impacts.
These findings provide important insights into the vulnera-
bility of European terrestrial ecosystems to extreme temper-
ature events and demonstrate how event-based statistics like

ECA can provide a valuable perspective on environmental
nexuses.

1 Introduction

At a global scale, the year 2016 was the warmest year on
record, presenting the third consecutive annual record among
more than 100 years of observational data (NOAA National
Centers for Environmental Information, 2017). For Europe,
it was still the third warmest year after 2014 and 2015. In the
context of ongoing anthropogenic greenhouse gas emissions,
these general tendencies are likely to continue, resulting in
an increasing trend of extreme temperature events (Benis-
ton et al., 2007; Coumou et al., 2013). Particularly, hot days
and heat waves have been observed to increase in intensity
and frequency in the course of the last few decades – promi-
nent examples include the European summer heat waves of
2003, 2006 and 2010 (De Bono et al., 2004; Rebetez et al.,
2009; Barriopedro et al., 2011). Additionally, late spring frost
events may pose a threat to plant development due to contin-
uously earlier bud burst of plants in spring (Way, 2011).

Both positive and negative temperature extremes can ad-
versely affect a plant’s development and vitality. On the one
hand, heat stress leads to changes in plant metabolism and
the integrity of cells, causing phenomena such as the inhi-
bition of photosystem II, thermal denaturation of proteins

Published by Copernicus Publications on behalf of the European Geosciences Union.



4892 L. Baumbach et al.: Impact of temperature extremes on NDVI

or the formation of reactive oxygen species (Hasanuzzaman
et al., 2013). On the other hand, low temperatures and frosts
slow down biochemical processes within the plant cells and
may result in the direct damaging or necrosis of new shoots
or plant roots as well as indirect damages due to the lack of
water access in the frozen soil (frost drought) (Beck et al.,
2004). The susceptibility of vegetation to these threats may
vary, e.g., depending on the seasonal stage of development
(phenophase) and vegetation type (see Sect. 3). Foremost,
cultivated plants/croplands show high vulnerabilities to ex-
treme temperatures as their optimal climatic niche is rela-
tively narrow (Larcher, 1994). Thus, temperature as a sin-
gle variable can already have severe impacts and even be of
predominant importance for future agricultural production in
Europe (Semenov and Shewry, 2011; Deryng et al., 2014).
A basic problem related to analyzing such impacts lies in the
definition of temperature extremes. One way to identify ex-
traordinary temperatures is to investigate anomalies of long-
term average temperatures during specific time intervals. In
this work, we focus our attention on land surface temperature
anomalies during daytime (LSTAD), which represent a suit-
able observable, since they integrate temperature informa-
tion over the daily active time (photo-period) of most plants.
However, we emphasize that nighttime temperatures can also
have considerable effects on plants in terms of heat stress by
stimulating carbon loss by respiration.

At the prospect of increasing frequencies and/or intensi-
ties of extreme temperature events in Europe (Coumou and
Rahmstorf, 2012; Tank and Konnen, 2003; Luterbacher et al.,
2004; IPCC, 2013; Barriopedro et al., 2011; Petoukhov et al.,
2013; Seneviratne et al., 2012), plant communities will in
general face ever more challenges to resist the stress imposed
on them. A widely used measure for identifying plant stress
at regional scales based on remote sensing observations is
the normalized difference vegetation index (NDVI). While
other more recently developed indices for vegetation charac-
teristics (such as the enhanced vegetation index or the net pri-
mary productivity) have been shown to yield advantages over
the NDVI in terms of stress detection in plants, the NDVI is
still in frequent use. Despite its lower sensitivity to changes
of the vegetation cover, the NDVI is a conservative, robust
measurement tool (Pettorelli, 2013) and has been compre-
hensively studied regarding its relationship with temperature
variability (see, e.g., Schultz and Halpert, 1993, 1995; Kawa-
bata et al., 2001; Karnieli et al., 2010; Kim et al., 2010). The
global data availability for a relatively long period of obser-
vations has made NDVI easily applicable to remote sensing
studies without the need for exhaustive preprocessing. Be-
cause of this, we focus in this work on the analysis of NDVI
characteristics while outlining refined studies using more so-
phisticated indices as a subject of future research.

Up to now, research on climatic drivers of NDVI varia-
tions has often concentrated on a global scale (e.g., the afore-
mentioned Schultz and Halpert, 1993, 1995; Kawabata et al.,
2001; Karnieli et al., 2010; Kim et al., 2010), whereas re-

gional studies like Wang et al. (2003) and Hao et al. (2012)
are still rare. In the face of global warming, however, espe-
cially inter-regional climate disparities are projected to in-
crease (Ciscar et al., 2011; Iglesias et al., 2012), thus empha-
sizing the need for regional research.

Moreover, most previous studies on the environmental im-
pacts of changing temperatures have focused on the detection
of linear relationships between different variables by means
of correlation and regression analysis (see, e.g., Schultz and
Halpert, 1995; Los et al., 2001; Ichii et al., 2002; Wang et al.,
2003; Stöckli and Vidale, 2004; Hao et al., 2012). Linear
correlation analysis is a widely applicable tool allowing us
to discover linear statistical relationships between environ-
mental variables. However, corresponding changes associ-
ated with global warming cannot a priori be assumed to be
of linear nature, but may, for example, only occur when a
certain threshold is exceeded (see, e.g., Burkett et al., 2005;
Rockström et al., 2009). Liu et al. (2013) took this idea a
step further by investigating the sensitivity of vegetation to
climate extremes by conducting a pixel-wise regression be-
tween extremes in vegetation dynamics subject to a Box–Cox
data transformation and extremes of precipitation, Palmer
drought severity index and temperature.

While the aforementioned approach explored anomalies in
the data distribution and took into account a broad ensemble
of drought-related indicators, in this work, we specifically fo-
cus on analyzing the impacts of extraordinary warm or cold
temperature events by utilizing the novel and straightforward
method of event coincidence analysis (ECA; Donges et al.,
2016). This method differs from linear correlation analysis in
that it does not assess the dependence between two variables
as a whole, but focuses on simultaneous occurrences of spe-
cific events. The theoretical differences between correlation
analysis and ECA, as well as the differences in the interpre-
tations of the outcomes of both methods, have been compre-
hensively discussed in previous papers (Donges et al., 2016;
Siegmund et al., 2016a, b, 2017). In summary, correlation
analysis reveals the general common behavior (covariance)
between two time series, while ECA addresses the common-
ality in the timing of occurrences of values in a specific part
of the empirical distributions (in our case, the tails) of the
variables of interest.

Drawing upon the previous considerations, this study aims
to identify regions of Europe with a vegetation cover that
is particularly sensitive to temperature extremes. For this
purpose, we utilize the land surface temperature anomalies
during daytime (LSTAD) as a temperature variable and the
NDVI as a proxy for the vegetation condition. By study-
ing the behavior during three distinct periods of the year
individually, we will distinguish between different types of
temperature–vegetation relations during different parts of the
growing season. For each of these periods, we additionally
study the distributions of statistically significant event coin-
cidence rates among different classes of land cover and ele-
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vation to unveil which types of terrestrial ecosystems may be
affected the most by extremal temperature conditions.

The remainder of this paper is organized as follows. The
data used in this study and statistical analysis methods em-
ployed are introduced in Sects. 2 and 3, respectively. Our
main results are described in Sect. 4, followed by a discus-
sion in Sect. 5. The paper concludes with a summary of our
main findings.

2 Data

The analyses of this study focus on the region from 33 to
73◦ N and 25◦W to 55◦ E, encompassing the entire European
continent plus some of the surrounding regions of northern
Africa and the Levant. For our calculations, the following
data sources are used:

– LSTAD and NDVI satellite images from the Moderate
Resolution Imaging Spectroradiometer (MODIS) be-
tween 2000 and 2015 are retrieved from the NASA
Near Earth Observations Program archive (available at
http://neo.sci.gsfc.nasa.gov) at a spatial resolution of
0.1◦. For both variables, the highest temporal resolu-
tion available is chosen – i.e., 16-day intervals for NDVI
(NASA, 2017b) and 8-day intervals for LSTAD (NASA,
2017a).

– Land cover data are obtained from the NASA NEO
archive (NASA, 2017c) at the same spatial resolution
of 0.1◦. Here, the data of the most recent available year
(2011) are used.

– For topographic information, the ETOPO1 Global Re-
lief data set (Amante and Eakins, 2009) is downloaded
at a 1 arcmin resolution and resampled to a resolution of
0.1◦ by means of spatial averaging.

3 Methods

Since we aim to study statistical relationships between the
occurrences of extreme events in LSTAD and NDVI (see
Sect. 2) for different periods (Sect. 3.1), we first identify
these events for each grid cell (in the following referred
to as a pixel) individually (Sect. 3.2). We then apply ECA
(Sect. 3.3) to the resulting pairs of event sequences for each
pixel. The resulting event coincidence rates are then pre-
sented on maps of the study area and additionally evaluated
regarding their dependence on land cover type and elevation
(Sect. 3.4).

3.1 Analyzed time periods

We subdivide our analysis into different periods of time
during the growing season. This distinction reflects the

hypothesis that a plant’s vulnerability to temperature ex-
tremes strongly depends on its respective stage of develop-
ment – i.e., its phenophase (Hatfield and Prueger, 2015).
Strictly speaking, it would be beneficial to define the rele-
vant phenophase for each pixel within our study area sepa-
rately (reflecting different climatic conditions and predom-
inant plant types). However, an investigation of this kind
would also require the consideration of a large number of ad-
ditional effects influencing local vegetation (e.g., continen-
tality, micro-climate, interannual phenophase shifts). Since
such an analysis would extend beyond the limits of the
present study, we take here an average continental-scale per-
spective to identify regional instead of local impact patterns.
Therefore, we base the subdivision of the analysis on cen-
tral European average phenology (Ellenberg and Leuschner,
2010). The chosen time intervals of March–April, May–June
and July–September here correspond to the prevernal, vernal
and serotinal phases of central European vegetation. Specifi-
cally, the prevernal phase (early spring) represents the first
development of shoots and usually covers the time from
March to April in central Europe. In the subsequent vernal
phase (spring) lasting from May to mid-June, leaves are fully
proliferated. The time between July and September can be di-
vided into the aestival (mid-June to mid-July) and serotinal
phase (mid-July to September), the latter of which is charac-
terized by the aging of the foliage (Tansley, 1993). As most
plants are already fully developed at the start of the aestival
phase, we extend here our working definition of the seroti-
nal phase to cover all of July and expand the vernal phase
up to the end of June for the sake of simplicity. This results
in three different parts of the growing season investigated in
this study: March–April (prevernal phase), May–June (vernal
phase) and July–September serotinal phase). We emphasize
that this classification is only accurate for central Europe,
while the phenophases differ in onset and length in other
parts of Europe. The subdivision should thus be understood
as a starting point for differentiating between impacts during
different seasons but does not allow for a systematic inter-
comparison between vegetation responses to climate stress
among different parts of Europe from the plant physiological
perspective.

3.2 Event definitions

3.2.1 NDVI

The temporal resolution of the available NDVI data already
determines a minimum time interval of 16 days that an event
would represent. We emphasize that the notion of the term
“event” as used in the present work should therefore be un-
derstood in a statistical, not a synoptic-scale meteorologi-
cal sense. While the investigation of shorter intervals may
appear desirable, one has to note that the reaction time of
the NDVI to temperature changes can strongly depend on
the type of ecosystem and its resilience or vulnerability in
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the presence of perturbations (Gonzalez et al., 2010). In this
context, NDVI responses to climate extremes can either be
instantaneous or show time lags of even up to 1 month (Tan
et al., 2015). Bearing this fact in mind, in addition to the prac-
tical necessity of this strategy, defining extreme NDVI events
upon a temporal resolution of 16 days appears a reasonable
trade-off to account for both instantaneous and delayed re-
sponses at least to a certain degree.

To distinguish between the presence or absence of an ex-
treme event at the given temporal aggregation level, we chose
the 10th and 90th percentiles of the available data for each
pixel and each time period as upper and lower thresholds
for defining extremely low and extremely high NDVI values.
This approach already accounts for the diverse nature of the
very large study area because, e.g., an “extremely low NDVI
value” is always defined in relation to the typical distribu-
tion of local NDVI values at a given pixel during the time
period being analyzed. For example, a “low NDVI event” in
a semiarid savanna region might have a very different practi-
cal meaning than a “low NDVI event” in a humid temperate
forest. Yet, both events are unusual with respect to the lo-
cal conditions and the current phenophase. By defining the
events separately for each time period, the seasonal develop-
ment cycle is taken into account automatically, and no further
preprocessing like (practically rather challenging) deseason-
alization of the data prior to further analysis is necessary.

It should also be noted that changes in the NDVI may
be attributed to different underlying mechanisms, which
may not be distinguished safely through analysis of remote-
sensing-based observations. While in this work, we specifi-
cally analyze the co-occurrence of very atypical NDVI values
with episodes of extraordinary temperature anomalies, other
factors including human activities like harvests or land use
changes may also lead to NDVI anomalies, which need to be
considered for an appropriate interpretation of the results.

Lastly, we note that for regions with a dense vegetation
cover and a correspondingly high leaf area index during the
vegetation period, NDVI is known to follow a saturation
curve and to be insensitive to changes in leaf area or biomass
at high levels (see studies by, e.g., Huete et al., 1997; Apari-
cio et al., 2000). However, this issue mostly applies for high
biomass situations like those present in tropical rain forests
and is unlikely to affect the results for our study region to a
critical extent.

3.2.2 Temperature

The definition of the extreme temperature events is per-
formed in the same way as for the NDVI, with the only dif-
ference that the 8-day LSTAD information is averaged to
16-day data first. The temperature values thus obtained do
not exhibit any temporal mismatch with respect to the NDVI
data. Moreover, as for the NDVI, the pixel-wise approach for
different time periods accounts for the spatial and seasonal
variability.

3.2.3 Event combinations

The discrimination of the 16-day LSTAD and NDVI data into
three time periods results in time series of 64 (March–April
and May–June) or 96 (July–September) data points for each
pixel. Accordingly, for the time intervals March–April and
May–June, the 10 and 90 % threshold definitions identify six
low (negative) and six high (positive) events per time series,
while for July–September, nine low and nine high events are
selected. Takeing these different types of events in both time
series (NDVI and LSTAD) leaves us with four possible event
combinations to be considered for each part of the growing
season:

1. both LSTAD and NDVI are greater than their respective
empirical 90 % quantiles (in the following referred to as
T90–V90),

2. both LSTAD and NDVI are lower than their 10 % quan-
tile (T10–V10),

3. LSTAD lower than its 10 % and NDVI greater than its
90 % quantile (T10–V90), and

4. LSTAD greater than its 90 % and NDVI lower than its
10 % quantile (T90–V10).

In summary, we emphasize that in the present study, the
term extreme describes values in the tails of the distributions
of both considered types of data set rather than record-like
events. The limited time span of available satellite measure-
ments results in these extremes also including potentially
still relatively moderate seasonal anomalies. However, in the
classical peaks-over-threshold sense, it appears reasonable to
consider the identified events as extremes.

3.3 Event coincidence analysis

In order to test for the non-random nature of potential co-
occurrences between events in two time series, we apply
ECA using the R package CoinCalc (Siegmund et al.,
2017). ECA computes the empirical fraction of simultane-
ous events in two series (so-called coincidences), which is re-
ferred to as the event coincidence rate (ECR). By definition,
this ECR takes values between 0 and 1, where 0 indicates
that the events in both series never occur simultaneously (in-
dicating the absence of a corresponding instantaneous sta-
tistical relationship), whereas an ECR of 1 implies that the
events in both series always occur simultaneously. We em-
phasize that similar approaches have also been used recently
by other authors in the context of remote-sensing-based anal-
yses of ecosystem responses to climatic drivers (Zscheischler
et al., 2015).

We assess the statistical significance of the ECRs thus ob-
tained using a simple analytical significance test against the
null hypothesis of two independent Poisson processes with
low event rates (Donges et al., 2016), using a significance
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Table 1. Share of each land cover class on the total study area. Pix-
els classified as “no data” cover 1.23 % of the area.

IGBP land cover units Areal share (%)

Croplands 25.190
Mixed forest 20.870
Grasslands 14.245
Cropland/natural vegetation mosaic 9.318
Woody savannas 8.279
Open shrublands 7.022
Evergreen needleleaf forest 5.913
Barren or sparsely vegetated 4.118
Deciduous broadleaf forest 1.362
Permanent wetlands 0.826
Urban and built-up 0.819
Permanent snow and ice 0.504
Savannas 0.274
Closed shrublands 0.017
Evergreen broadleaf forest 0.006
Deciduous needleleaf forest 0.002

level of α = 0.05. Thereby, we obtain spatial and temporal
patterns of statistically significant event coincidence rates
(SCRs). Specifically, we apply ECA for each joint pixel of
the NDVI and LSTAD data individually, resulting in one
ECR for each pixel and time period.

Note that in this work, we do not further account for possi-
ble lagged vegetation responses to temperature extremes due
to the coarse temporal resolution of our data, which may re-
sult in time windows capturing both instantaneous as well
as lagged responses. Methodologically speaking, if an addi-
tional time lag were included, one would have to consider the
ECA as a directional analysis tool that distinguishes between
the so-called precursor rate and trigger rate (Donges et al.,
2016). In our setting, however, both rates are always the same
by definition.

3.4 Land cover and topography analyses

In addition to the spatially explicit (pixel-wise) analysis de-
scribed above, we are also interested in the role of elevation
and land cover type as possible covariates determining the
vegetation response to temperature extremes.

For the possible effects of elevation, the altitude values of
all pixels were grouped into six classes defined based on the
altitudinal zonation of Frey and Lösch (2014) as follows: pla-
nar (below 100 m a.s.l.), colline (100–500 m a.s.l.), submon-
tane (500–1000 m a.s.l.), montane (1000–1600 m a.s.l.), sub-
alpine (1600–2000 m a.s.l.), alpine (2000–3000 m a.s.l.) and
nival (above 3000 m). Since only very few pixels fell under
the definition of the nival zone, these were combined with
the alpine class.

The land cover classification followed the International
Geosphere-Biosphere Programme (IGBP) land cover classi-
fication scheme (Strahler et al., 1999), excluding the class

“water bodies”. The shares of the individual land cover
classes are summarized in descending order in Table 1. As
evergreen broadleaf forests and deciduous needleleaf forests
make up a negligibly small fraction of the total study area,
these two classes have been excluded from the land cover
analysis, effectively leaving 14 classes. Furthermore, due to a
discrepancy of land–water masks, the land cover image iden-
tified some pixels as water area which the NDVI and LSTAD
images does not. To account for this data issue, the affected
pixels were classified as “no data” and also excluded from
the land cover analysis.

4 Results

4.1 March–April

Figure 1a and b summarize the results of ECA for the time
period March–April. The combination of extremely high
temperatures with high NDVI values (T90–V90, green pixels
in Fig. 1a) results in SCRs on 14.65 % of the terrestrial part
of the study area. In central and southern Europe, we find
spatially contiguous regions of SCRs over mountain regions
such as the Alps, the Caucasus and the Carpathians. Further
important patches of SCRs exist in large parts of the low-
lands of northeastern Europe (e.g., the East European Plain
and Finnish Lakeland) as well as along the southeastern coast
of Norway and the coastal regions of Iceland.

In contrast, SCRs between low-temperature extremes and
extremely low NDVI values (T10–V10, red pixels in Fig. 1b)
are widely spread on disconnected patches across large parts
of continental central Europe, the British Isles and south-
ern Scandinavia. The aforementioned mountain ranges do
not appear in this analysis. In total, 13.44 % of the study
area shows SCRs between low-temperature and low-NDVI
events.

The SCRs between low-temperature extremes and ex-
tremely high NDVI values (T10–V90, green pixels in
Fig. 1b) are sparsely sprinkled across Europe’s south, North
Africa and northern Scandinavia, covering only about 2.5 %
of the total study area. Given the considered confidence level
of our significance test, we would accept a false positive rate
of 5 % in our detected pixel-wise SCRs, implying that the ob-
served pixels with SCRs barely carry any practically relevant
information. A similar conclusion applies to the combina-
tion between high-temperature extremes and extremely low
NDVI events (T90–V10, red pixels in Fig. 1a), which also re-
veals only few pixels with SCRs (3.34 % of the study area),
mainly within the Fertile Crescent and across the Mediter-
ranean coast of North Africa.

4.2 May–June

Unlike the results for early spring, Fig. 1c only shows a small
fraction of SCRs for T90–V90 during May and June (green
pixels). As an exception, Scandinavia exhibits a relatively
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Figure 1. Spatial patterns of significant event coincidence rates (SCRs) between different combinations of low (a, c, e) and high (b, d, f) tem-
perature and NDVI extremes during the three considered time periods, derived from MODIS satellite measurements from 2000 to 2015. Red
colors show SCRs between temperature-related extremes and extremely low NDVI values, green colors such for extremely large NDVI
values. Gray areas indicate pixels with non-significant event coincidence rates.

high density of pixels with SCRs, which contribute most to
the 5.52 % of pixels with SCRs within the total study area.

The combination T10–V10 (Fig. 1d, red pixels) also shows
only a relatively low density of pixels with SCRs with the
exception of northwestern Russia along the coastline of the
Arctic Ocean (7.80 % of the total study area).

In turn, the analysis of T10–V90 during May and June
(Fig. 1d, green pixels) reveals SCRs in 9.37 % of the study
area. Here, the most important agglomerations can be found
in eastern Europe around the Black Sea, Caspian Sea and
Anatolia (especially in its western part).

The most prominent signature of spatially contiguous ar-
eas with SCRs during May–June can be observed in Fig. 1c
for the analysis of T90–V10 (red pixels). Here, the SCRs
cover 16.58 % of the total area and concentrate in five distinct
regions: (i) in a belt-like region around the west, north and
east of the Black Sea; (ii) along the Fertile Crescent, includ-
ing more northern regions around Azerbaijan; (iii) in a large
patch over southern France north of the Pyrenees; (iv) in
more or less the entire Iberian Peninsula (excluding the Pyre-
nees and the Atlantic coast); and (v) along the Mediterranean
coast of the Maghreb regions. We particularly note that over

large parts of Wallachia (the flatlands between the Carpathi-
ans and the Balkans), the analysis for T90–V10 reveals ECRs
of 1.

4.3 July–September

The third considered time period only exhibits a negligible
number of SCRs over Europe for T90–V90 (Fig. 1e, green
pixels). Only a small agglomeration of SCRs can be found
in northwest Mesopotamia, accounting for just 1.79 % of the
total study area.

For T10–V10, a broad geographic distribution of SCRs is
present (Fig. 1f, red pixels). Notably, these results resemble
the observations for the same combination in May–June to a
certain degree: the SCRs are loosely spread in the Scandes
and northwest Russia (6.88 % of the total study area).

The co-occurrence patterns of T10–V90 (Fig. 1f, green
pixels) are concentrated in a latitudinal belt (approximately
between 40 and 45◦N) from the Caspian Depression via the
Kuma-Manych Depression (north of the Caucasus Moun-
tains), the Balkans, almost entire Italy to parts of the Iberian
Peninsula. The Caucasus Mountains and the Alps appear to
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Figure 2. Distribution of pixels with SCRs among the seven altitudinal classes (in percent) for all four event combinations in the three time
periods. The width of the columns represents the fraction of pixels with SCRs of the specific event combination within the total study area.

be distinctively excluded from this pattern. In total, 21.93 %
of the study area shows SCRs for T10–V90.

Finally, the combination T90–V10 (Fig. 1e, red pixels) ex-
hibits a widespread SCR pattern, which covers almost all of
western, central and eastern Europe. Especially high ECRs
are found between the Adriatic and the Black Sea, while re-
markable areas without SCRs include major mountain ranges
like the Alps, the Pyrenees, the northern Carpathians and the
Caucasus Mountains. For this combination, 35.52 % of the
total study area is covered by SCRs.

4.4 Topographical effects

Figure 2 illustrates the distribution of pixels exhibiting SCRs
(for every combination of events and all three time periods)
among the six elevation classes. The width of the displayed
bars indicates the fraction of pixels with SCRs among the to-
tal study area and therefore (to a certain degree) underlines
the relevance of this event combination during the respective
time period. The SCRs for the two event combinations T90–
V90 and T10–V10 during March–April (Fig. 2, left panel)
mostly occur on elevation levels of the planar and colline
zone, while T10–V10 has a slightly higher tendency towards
higher elevations than T90–V90. The alpine zone also ex-
hibits a notable number of pixels with SCRs as compared to
the other two event combinations. When comparing this to
Fig. 1a, b, the pixels of the alpine zone seem to mainly result
from event coincidences in the European Alps for T90–V90
and the Pyrenees and Caucasus Mountains for T10–V10. The
few significant pixels of the other two event combinations
(T90–V10 and T10–V90) are evenly distributed throughout
all elevation classes but the alpine zone.

For the time period May–June (Fig. 2, central panel), the
largest differences between the event combinations can be

found in the planar zone, where T10–V90 exhibits SCRs at
a more than twice as large fraction of pixels as compared to
T90–V90. Notably, the event combination T10–V90 shows a
clearly higher contribution at the subalpine and alpine zone
than the other event combinations, which presumably mainly
results from the SCRs in western Anatolia (see Fig. 1d).

The two event combinations showing the most SCRs dur-
ing the time July–September (T90–V10 and T10–V90, right
panel of Fig. 2) again contain the most pixels in the lowest
two elevation zones. Yet, T10–V90 has a distinctively larger
fraction of pixels with SCRs in the higher four zones than
T90–V10, especially in the alpine zone.

4.5 Land cover effects

The results for the analysis of the underlying land cover
classes of the SCRs are summarized in Fig. 3. Like for the to-
pographical analyses, the fraction of pixels exhibiting SCRs
is plotted in stacked bars, where the width of the bars reflects
the share of significant pixels on the entire study area.

Within the time period March–April (Fig. 3, left panel)
SCRs of the event combinations T90–V90 and T10–V10
mainly occur on pixels classified as mixed forests and ever-
green needleleaf forests as well as the two cropland classes.
The fraction of pixels with SCRs on forests is clearly larger
for T90–V90 than for T10–V10, which is replaced in T10–
V10 by grassland and cropland. The two other event com-
binations, which exhibit much fewer SCRs in general, are
dominated by open shrubland and cropland.

During May–June (Fig. 3, central panel) the SCRs of the
event combinations T90–V90 and T10–V10 are relatively
evenly distributed among mixed and evergreen needleleaf
forests, woody savanna, open shrubland and grassland. In
contrast, the SCRs of T90–V10 and T10–V90 almost only
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Figure 3. Same as in Fig. 2, for the 14 land cover classes.

occur on pixels classified as cropland or grassland, where for
T10–V90 grassland plays a much more important role than
for T90–V10.

Finally, for the time from July to September (Fig. 3, right
panel) the dominant event combinations T90–V10 and T10–
V90 show a picture similar as for May–June, yet with a dis-
tinctively higher fraction of SCRs on mixed forests.

5 Discussion

5.1 March–April

The most important finding for the time period March–April
is that the strongest impacts of temperature extremes ap-
peared for the two event combinations V90–T90 and V10–
T10 (joint positive and negative extreme values, respec-
tively). This suggests a generally positive statistical relation-
ship between LSTAD and NDVI in early spring. Although
temperature is widely known to be among the most crucial
factors for most plants’ physiological regulation during this
period of the year (see, e.g., Summerfield and Roberts, 1988;
Srikanth and Schmid, 2011), it is surprising that the SCR sig-
natures in Fig. 1a, b only cover comparatively small parts
of the study area. In more detail, most SCRs for V90–T90
occur in regions which normally exhibit low temperatures
(as compared to the rest of the study area) at that time of
the year: northern Europe and high mountain ranges such
as the Alps and the Caucasus Mountains. The topographical
analysis (Fig. 2) confirms the increased relevance of higher-
elevation classes. Similar observations have been made by
Cannone et al. (2007), who found fast growth responses of
alpine vegetation to increasing temperatures, since the length
of the snow cover season decreased. At the same time, earlier

bud burst at these altitudes increases the vulnerability of the
vegetation to freezing events after a short window of warm
conditions (Wheeler et al., 2014).

The land cover analysis suggests that especially croplands,
mixed forests, evergreen needleleaf forests and grasslands
benefit from extraordinary warm conditions during early
spring. On the other hand, also negative effects of cold pe-
riods are mainly visible on croplands in the East European
Plain (chiefly wheat and corn fields) and central Europe (fruit
trees, field crops). Being adapted to a narrow range of cli-
matic conditions, most of these croplands have been reported
to be vulnerable to late spring frost events and might be
at even larger risk when the growing season extends ear-
lier into the year (Chmielewski et al., 2004; Lavalle et al.,
2009; Trnka et al., 2014). For example, in 2007 the wheat
belt of the North European Plain (stretching from northern
France to the Baltic) experienced a spring backlash after an
unusually warm winter followed by a dry and cold spring
(USDA, 2007). As a result, heat-advanced crops were dam-
aged throughout northern central Europe, which is also visi-
ble in the results of Fig. 1b.

Although the patterns for the other two event combinations
are not as pronounced as for the aforementioned two, three
distinct regions showed very specific behaviors: the Scan-
des, the Atlas Mountains and Mesopotamia (see Fig. 1a, b).
The dominant land cover class in these three regions is open
shrubland (see Fig. 3), which the IGBP classifies as “lands
with woody vegetation less than 2 m tall and with shrub
canopy cover between 10 and 60 %. The shrub foliage can be
either evergreen or deciduous” (Strahler et al., 1999, p. 17).
This sparse canopy cover leaves the soil prone to a loss of
moisture during high temperature events, which may in the
course damage non-perennial grass seedlings that heavily de-
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pend on moist conditions in the top soil layer (Harrington,
1991). While this phenomenon can already be observed in
spring in these regions, it appears throughout the season and
seems to reach its peak in the time period May–June.

Already at this point, it is very important to note that the
SCR patterns of T90–V90 and T10–V10 (as well as those of
T10–V90 and T90–V10) do not match in many cases. This
implies, that in many parts of Europe, a positive or negative
relationship between temperature and NDVI is only valid for
one tail of the empirical distribution, which presents a finding
that could not be deduced based upon classical linear corre-
lation analyses (e.g., Schultz and Halpert, 1995; Los et al.,
2001; Ichii et al., 2002; Wang et al., 2003; Stöckli and Vi-
dale, 2004; Hao et al., 2012).

5.2 May–June

For the time between May and June, SCRs for the event com-
bination T90–V90 exhibit a distinct pattern in the northern
Scandes. When comparing these results to the same combi-
nation during March–April, the observed phenomenon ap-
pears to have shifted northwards, presumably due to the later
onset of spring in these latitudes. On the other hand, SCRs of
T10–V10 are particularly frequent in the northeastern parts
of the study area. As mentioned before, this observation may
be due to damages induced by cold spells during bud burst
or, more likely, late snowfall events that hide the sparse tun-
dric vegetation cover (Dierßen, 1996) from being seen by
MODIS.

The largest amount of SCRs appeared for T90–V10. While
this heat stress situation is found relevant for vast parts of
Europe, croplands and partly grasslands were the most af-
fected land cover types. One reason for this particular sensi-
tivity could be the following. As crops are meant to produce
a maximum yield, they often demand high standards in nur-
turing and water availability and are vulnerable to sudden
changes (Semenov and Shewry, 2011; Ma et al., 2015). As
already discussed in the Introduction, extreme temperatures
can cause substantial losses in crop yields (see, e.g., Schaap
et al., 2011; Lesk et al., 2011; Moriondo et al., 2010; Wre-
ford and Adger, 2010). For instance, in 2011 France experi-
enced one of the warmest springs on record which resulted
in a 12 % decrease in grain harvest (Coumou and Rahm-
storf, 2012; NOAA, 2012). Similarly, based on our results
(Fig. 1c), the Wallachia proved to be particularly prone to
heat stress. This corroborates observations of Spinoni et al.
(2015), who identified almost annually recurring heat waves,
with the most extreme cases occurring in 2003 and 2007.
However, other lowlands at similar latitudes like the Padan
Plain in northern Italy did not exhibit such a behavior. For
most parts, we suggest a different water supply situation of
these areas (e.g., influenced by continentality, size of the wa-
tershed and irrigation) to lead to this finding, while also dif-
fering water demands of the vegetation due to different dom-
inating crop types may play a role.

Regarding the repeated appearance of grasslands among
the most affected land cover classes for the combination
T90–V10, we note that a rapid loss of soil moisture dur-
ing high temperature events is expected to result in negative
NDVI events (Teuling et al., 2010).

5.3 July–September

The combination T90–V10 resulted in the highest fraction of
SCRs for the time July–September. This result suggests that
extremely high temperatures pose a severe threat to the vege-
tation particularly during this time of the year. Notably, three
of the most severe heat waves on record (in the summers
of 2003, 2006 and 2010) occurred during our study period
(2000–2015) and most likely constitute a main part of the
selected upper 10 % of temperature values. Previous studies
from these summers confirm largely adverse effects on veg-
etation throughout Europe, with regionally higher intensities
along the Mediterranean coast (De Bono et al., 2004; Ciais
et al., 2005; Fischer and Schär, 2010).

While heat waves themselves already pose a considerable
challenge to plants, the meteorological conditions preceding
these events also need to be considered as they may exacer-
bate the impacts of heat on vegetation. The 2003 heat wave
provides a good example, as it was preceded by unusually
dry conditions between February and August (Fischer et al.,
2007), which left the vegetation at severe drought stress even
before the actual extreme event. Hence, the high share of pix-
els with SCRs may also result from vegetation, which had
already been stressed in previous months and was thus more
vulnerable to repeated temperature extremes.

Interestingly, like in May–June, croplands and grasslands
were among the most affected land cover types. These results
match well with modeled future crop production (Deryng
et al., 2014; Teixeira et al., 2013), which also sees south-
eastern and eastern Europe at a particularly high risk of crop
failure due to extreme temperature events in late spring and
summer. Still, it needs to be noted that during this time
of the year parts of the extremely low NDVI events may
also be the result of harvesting activities (Wardlow et al.,
2007). For example, in Ukraine winter wheat harvest usually
takes place between the end of June and mid-August (USDA,
2016), which would be compatible with the low NDVI val-
ues present in this region during the time periods May–June
and July–September.

At the same time, SCRs of T10–V90 were found in large
areas around the Black and Mediterranean seas. This could
be interpreted as a “pause for breath” for crop species that are
under continuous stress during that time period of the year.
In contrast, the high fraction of grassland pixels among all
SCRs of this event combination contradicts this idea, since
the composition of grass species can be assumed not to be
anthropogenically influenced and thus to be well adapted to
the local climate. Another explanation could be that the cold
temperature events during this time period also coincide with

www.biogeosciences.net/14/4891/2017/ Biogeosciences, 14, 4891–4903, 2017



4900 L. Baumbach et al.: Impact of temperature extremes on NDVI

periods of high precipitation, and that the latter (or a com-
bination of both factors) is actually causing the increase in
NDVI. This hypothesis shall be further tested in future work.

On a final note, it should be pointed out that the analy-
sis of altitudinal zones yielded no clearly interpretable result.
The distribution of SCRs among the different classes more
or less represented their parent distributions over the whole
study area. This outcome may largely be owing to the fact,
that the altitudinal classes were defined uniformly across Eu-
rope. That said, especially when looking at the largest Eu-
ropean mountain ranges in isolation, the Alps, Carpathians,
Pyrenees and Caucasus Mountains indeed showed unique re-
sponse patterns, which highlights their exceptional position
among the European landscape.

6 Conclusions

In the context of projected increasing frequencies of temper-
ature extremes in Europe (Coumou and Rahmstorf, 2012;
Tank and Konnen, 2003; Luterbacher et al., 2004; IPCC,
2013; Barriopedro et al., 2011; Petoukhov et al., 2013;
Seneviratne et al., 2012), the present study has delivered a
spatially resolved statistical assessment of the impacts of
very high and very low temperature events on European
vegetation. By applying event coincidence analysis to high-
resolution remote sensing data, we have investigated the co-
occurrences of extremes in daytime land surface temperature
anomalies and the normalized difference vegetation index
over a period of 16 years (2000–2015). We have analyzed
patterns of significant local event coincidence rates, account-
ing for the type of land cover and altitudinal zone and assess-
ing which regions might be especially vulnerable to possibly
rising frequencies and/or intensities of future extreme tem-
perature events.

Our results revealed that the vulnerability to heat stress
(particularly between May and June) is very heterogeneously
distributed over Europe. The time between July and Septem-
ber displayed the highest densities of significant event coin-
cidence rates for both high- and low-temperature extremes.
This was especially true for southern Europe, which empha-
sizes the vulnerability of this region to climate extremes also
in the context of expected increasing frequencies of future
heat waves.

Our analysis of the distribution of significant event coin-
cidence rates among altitudinal classes did not reveal clear
results. From a geographical point of view, however, high
mountain ranges like the Alps and the Caucasus Moun-
tains formed a visible pattern, which points to unique re-
sponses of alpine vegetation as compared to the main patterns
across Europe. In contrast, the analysis for the different land
cover types revealed that the areas suffering from both low-
and high-temperature extremes are mostly anthropogenically
shaped landscapes. These ecosystems appear to be particu-
larly sensitive to temperature extremes. Another important
finding is that forests hardly exhibited significant event co-

incidences rates, which indicates that these vegetation types
are more resilient against temperature extremes than others.
Mixed forests are an important exception, which clearly ben-
efit from warm temperature events during spring.

Despite the reported achievements, further research
on simultaneous occurrences of climatic extremes with
vegetation-related extremes is strongly recommended. First,
an explicit consideration of moisture-related variables (like
precipitation, soil moisture or drought indices) within the
framework of event coincidence analysis would surely yield
further valuable insights (for example, for differentiating
between heat and drought stress, see also Kogan, 2001).
Second, an investigation of the vegetation vitality and at-
mospheric conditions preceding extreme temperature events
could clarify the actual impact of a specific event itself
on vegetation. Third, further validation of the obtained re-
sults based upon different remote sensing data sets (Scheftic
et al., 2014) as well as ground-based observations (Loew
et al., 2017) appears necessary. In this context, we particu-
larly highlight the necessity to consider additional observ-
ables related to vegetation stress in order to study the ro-
bustness of our approach and reveal further details on the
associated plant physiological processes. For the latter pur-
poses, we also emphasize the possibility of employing previ-
ously developed multivariate extensions of the present anal-
ysis methodology (Siegmund et al., 2016b). We outline such
investigations as a subject of future work.
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Abstract The specific impacts of El Niño’s two flavors,
East Pacific (EP) and Central Pacific (CP) El Niño,

have been studied intensively in recent years, mostly by
applying linear statistical or composite analyses. These
techniques, however, focus on average spatio-temporal

patterns of climate variability and do not allow for a
specific assessment of related extreme impacts. Here,
we use event coincidence analysis to study the differen-
tial imprints of EP and CP types of both, El Niño and

La Niña on global extreme precipitation patterns, which
have already been shown to severely affect, among oth-
ers, agricultural and biomass production or human health.

We demonstrate that EP events usually coincide with
spatially coherent patterns of seasonal hydro-metereological
extremes, while more spatially dispersed patterns emerge

for respective CP phases. Our analysis recaptures pre-
viously reported interrelations and uncovers further re-
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gional extremes arising along with different ENSO phases
that have not been reported so far. Ultimately, our re-

sults imply that a proper discrimination of El Niño and
La Niña into its distinct phases are crucial for antici-
pating metereological as well as related socio-ecological

impacts.

Keywords El Niño Southern Oscillation · El Niño

Modoki · Extreme precipitation · Central Pacific El
Niño

1 Introduction

The El Niño Southern Oscillation (ENSO) with its pos-

itive (El Niño) and negative phase (La Niña) is known
to trigger climatic responses in various parts of the
Earth, an effect that is often referred to as teleconnec-

tivity Trenberth (1997); Neelin et al (2003). Specifically,
it has been observed in recent years that El Niño fur-
ther exhibits two distinct types, usually referred to as
the East Pacific or canonical El Niño and the Central

Pacific El Niño or El Niño Modoki, respectively (Ashok
et al, 2007; Kao and Yu, 2009). A similar proposition
regarding the existence of two distinct flavors was made

recently for La Niña as well (Kug and Ham, 2011),
but is a subject of ongoing discussions (Kao and Yu,
2009; Ren and Jin, 2011). For El Niño, it has been

shown that its two types may cause different climatic
responses in certain regions, such as reduced rainfall
over eastern Australia during EP El Niños (Chiew et al,
1998) contrasted by an increase in precipitation over the

same area during CP El Niños (Taschetto and England,
2009).

Most previous studies on El Niño’s teleconnective

impacts have either applied linear statistical tools, such
as correlation analysis (Diaz et al, 2001), or investigated
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corresponding composites of the climatic observables
under study (Hoell et al, 2014). Both approaches share
the limitation that they focus on linear or average in-
terdependencies between ENSO and possible response

variables, which do not necessarily hold for extreme val-
ues. However, with global climate change projected to
increase the strength and frequency of both, extreme

climatic events (Jones et al, 2007; Karl and Trenberth,
2003; Easterling et al, 2000) as well as extreme ENSO
periods (Cai et al, 2014) it has become a pressing issue

to specifically assess possible linkages between these two
aspects (Allan and Soden, 2008). Therefore, we devote
the present work to quantify and spatially resolve sig-
natures of extreme climatic events that are likely to co-

incide with an ENSO phase of a certain type. In partic-
ular, we focus here on heavy precipitation and dry peri-
ods, i.e., hydro-meterological extreme events, as ENSO

has been shown to largely affect rainfall patterns at
both global and regional scales (Dai and Wigley, 2000;
Ropelewski and Halpert, 1987).

The main goal of this study is to quantify the like-
lihood of simultaneous or time-delayed occurrences of
localized seasonal precipitation extremes along with an

ENSO phase of a given type. For this purpose, we em-
ploy event coincidence analysis (ECA) (Donges et al,
2011, 2016) for estimating the probability of co-occurrences

between such events. This framework has already been
successfully applied to quantifying the likelihood of cli-
matic extreme events triggering certain ecological or so-

cial responses, such as extreme annual (Rammig et al,
2015) and daily (Siegmund et al, 2016a) tree growth or
flowering dates (Siegmund et al, 2016b) as well as the
outbreak of epidemics (Donges et al, 2016) or armed

conflicts (Schleussner et al, 2016). Acknowledging the
already observed differential impacts of EP and CP El
Niños, we aim here to further characterize specific ex-

treme impacts of the two flavors of both, El Niño and
La Niña.

Several schemes to distinguish EP from CP events
have been proposed in the recent past. One prominent
example is the ENSO Modoki Index that is computed

as the weighted average sea surface temperature in the
equatorial Pacific (Ashok et al, 2007). Other studies
used empirical orthogonal functions (Graf and Zanchet-
tin, 2012; Kao and Yu, 2009) or combinations of the

Nino3 and Nino4 indices (Kim et al, 2011; Hu et al,
2011) to provide the desired discriminations. In con-
trast to statistics related solely to the dynamics within

the equatorial Pacific, Wiedermann et al (2016) recently
introduced an index to discriminate different ENSO fla-
vors based on the assessment of global teleconnections
in surface air temperature. This index shows a more

distinct and sharp discrimination as compared to pre-

viously proposed measures based on average tempera-

ture observations (Ashok et al, 2007). This particular
property is important for our present analysis as ECA
relies on the assessment of event sequences, which are

easily computed for a spike-like signal in contrast to a
smoothly varying one.

We use the index proposed by Wiedermann et al
(2016) together with the classical Oceanic Nino Index

(ONI) (provided by the Climate Prediction Center of
the National Oceanic and Atmospheric Administration,
NOAA-CPC) to construct four event series representing

EP and CP El Niño and La Niña phases. We then uti-
lize ECA to quantify simultaneous occurrences of either
of the four ENSO types with spatially resolved seasonal
precipitation extremes (wet and dry) in boreal fall and

winter of the same year as the start of a certain ENSO
episode, and spring of the following year. The data and
methods applied in this work are presented in Sec. 2.

Section 3 shows the results of our analysis. We start by
evaluating the effects of the canonical El Niño on ex-
treme precipitation and demonstrate the validity of our
approach by comparing the obtained spatial patterns

with recent studies. We then focus on CP El Niños and
highlight differences with their EP counterparts. Ulti-
mately, we study La Niña periods and show that most

extreme rainfall responses are attributed to the EP type
of ENSO’s negative phase. We thus conclude that in
the light of recent discussions on the existence of two

types of La Niña (Kug and Ham, 2011) it is meaningful
to distinguish one type that significantly affects global
precipitation signals and one that shows hardly any spa-
tially coherent impact. Wherever appropriate, we also

discuss possible socio-ecological consequences of the ob-
served seasonal precipitation extremes. Finally, Sec. 4
provides the conclusions of this work as well as sugges-

tions for future research.

2 Data & Methods

2.1 GPCC rainfall data

We utilize gridded monthly precipitation data provided
by the Global Precipitation Climatology Centre (GPCC)

at a spatial resolution of 2.5◦ × 2.5◦ (Schneider et al,
2015). Since reliable estimations of El Niño and La Niña
periods according to the ONI as well as a discrimina-

tion into their respective EP and CP flavors are only
available for the second half of the 20th century so far,
we restrict our analysis to the period from 1951 to 2015.

Note that the density of stations from which the data
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Fig. 1 (A) Network transitivity index indicating EP El Niños
or La Niñas if its value exceeds the baseline (dashed line),
and CP phases otherwise. Red and blue shaded areas indicate
periods of El Niño and La Niña according to the ONI. (B)
Corresponding series of EP (solid) and CP (dashed) El Niño
(red) and La Niña (blue) events, respectively.

is derived varies between 0 and more than 100 per grid

cell and for different years (Lorenz and Kunstmann,
2012), which generally results in a lower accuracy and
reliability of the data for those areas with only few sta-
tions (Rudolf et al, 1994). We therefore consider only

grid cells where the average number of stations between
1951 and 2010 is larger than 1, yielding a total number
of N = 2248 cells. From the monthly time series, we de-

rive separate records for three seasons s by aggregating
the precipitation amounts of the corresponding three-
month periods September to November (SON), Decem-
ber to February (DJF) and March to May (MAM). This

results in three time series Pi,s(t) per grid cell i with
M = 62 annual values each.

2.2 Network transitivity index of ENSO flavor

Previous approaches to distinguish different flavors of

El Niño (Hendon et al, 2009) like empirical orthogonal
function (EOF) analysis (Graf and Zanchettin, 2012)
or the ENSO Modoki Index (EMI) (Ashok et al, 2007)

often yielded ambiguous or mutually inconsistent re-
sults (Wiedermann et al, 2016). Radebach et al (2013)
were the first to observe that characteristics related to

the global correlation structure of surface air tempera-
tures expressed as a complex network can provide sharp
discriminators between EP and CP El Niños. Inspired
by this approach, Wiedermann et al (2016) recently

developed an index based on climate network transitiv-
ity T , a measure to quantify the degree of localization
of ENSO’s global teleconnections, displaying different

spatial characteristics for EP and CP flavors of El Niño
and La Niña.

The transitivity index is computed upon daily global
surface air temperature anomalies (SATA) from the
NCEP/NCAR reanalysis (Kistler et al, 2001) used to

construct a sequence of 365-days long running-window
cross-correlation matrices Cn = (Cn,ij) between all

pairs of time series in the data set. The most relevant

information captured by Cn is contained in the 0.5% of
strongest absolute correlations for each window n and
expressed using thresholds Tn such that

Wn,ij = |Cn,ij | ·Θ(|Cn,ij | − Tn), (1)

with Θ(·) denoting the Heaviside function. One major

characteristic of the resulting matrix Wn is the transi-
tivity index

Tn =

∑
i,j,k wiWn,ijwjWn,jkwkWn,ki∑

i,j,k wiWn,ijwjWn,jkwk
∈ [0, 1] (2)

with

wi = cos(λi). (3)

Here, λi denotes the latitudinal position of each time se-

ries’ corresponding grid point on the Earth’s surface (Heitzig
et al, 2012; Tsonis et al, 2006). A comprehensive de-
scription of the above framework is given in Wieder-

mann et al (2016).
Figure 1A shows the temporal evolution of the tran-

sitivity index. In contrast to the EMI, it provides a

sharp and distinct discrimination between the two El
Niño flavors (and also two corresponding types of La
Niña phases), such that a peak in the index indicates
an EP type while its absence points to a CP event.

A corresponding baseline T (dashed horizontal line in
Fig. 1A) above which values of T are considered a peak
is given as well. It is derived as the transitivity com-

puted over the same 30-year periods that are used to
determine the base periods for the computation of sea
surface temperature anomalies in the definition of the

ONI.

2.3 Data preprocessing

We define years with seasons s (DJF, SON, or MAM,
see Sec. 2.1) exhibiting extraordinary high or low pre-
cipitation amounts from the corresponding time series
Ps,i(t) for each grid cell i, individually. Specifically, we

consider values above (below) the 80th (20th) percentile
p+s,i (p−s,i) in each of the time series Ps,i(t) as extraordi-
nary high (low) seasonal precipitation sums. We choose

these particular thresholds to ensure the presence of
a sufficient number of particularly dry and wet sea-
sons that is comparable with the number of different
ENSO phases in the considered time period. It has been

checked that the results obtained in the following do
not change qualitatively if more restrictive thresholds
are applied (not shown).

According to these considerations, we obtain six bi-
nary time series P±

s,i(t) per grid cell,

P±
s,i(t) = Θ(±Ps,i(t)∓ p±s,i), (4)
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where P±
s,i(t) = 1 indicates the presence of a seasonal

precipitation extreme at grid cell i during season s in
year t. By following the above procedure, no further de-
seasonalisation of the precipitation data is necessary,

since the grid cell-specific seasonality of precipitation is
already taken into account. Furthermore, the events are
defined for each location independent from the others

and therefore spatial heterogeneity is taken into account
as well.

In addition to the precipitation data set, we cre-

ate similar binary indicator time series for the differ-
ent ENSO phases (Fig. 1B), e.g. an EP El Niño series
XEPEN (t) with XEPEN = 1 if t marks the onset year
of an El Niño period (as defined by the ONI) and Tn
exceeds T for at least one month of that considered pe-
riod. All remaining El Niño periods are classified as CP
events, yielding a corresponding event series XCPEN (t)

(solid and dashed red lines in Fig. 1B). The same pro-
cedure is applied to La Niña periods, yielding event se-
ries XEPLN (t) and XCPLN (t), respectively (blue lines

in Fig. 1B).

2.4 Event Coincidence Analysis

We apply event coincidence analysis (ECA), a statisti-

cal tool to quantify simultaneities between events in two
series (Donges et al, 2011; Rammig et al, 2015; Donges
et al, 2016). It computes for each grid cell the fraction
of EP (CP) El Niño (La Niña) phases that coincide

with extreme precipitation sums in SON or DJF of the
same year or MAM of the following year, revealing if
the timing of precipitation extremes is non-randomly

related to the presence of a given type of ENSO phase.
Specifically, the event coincidence rate ECR±

s,i,• for one
pair of ENSO and precipitation event series is given by

ECR±
s,i,• =

∑
tX•(t)P ±s,i (t− τ)∑

tX•(t)
. (5)

Here, X•(t) represents one of the four time series indi-
cating EP and CP types of El Niño and La Niña. The
offset τ reads τ = 0 for SON and DJF and τ = 1 for

MAM.
To assess the statistical significance of the obtained

event coincidence rates, we assume both involved event

sequences to be distributed randomly, independently
and uniformly (Donges et al, 2011; Rammig et al, 2015;
Siegmund et al, 2016b,a). A corresponding p-value is
estimated analytically from the (binomial) probability

distribution of event coincidence rates that would occur
by chance only. We consider an empirical event coinci-
dence rate as statistically significant if its p-value is

smaller than a confidence level of α = 0.05 (for mathe-
matical details, see Donges et al (2016)).

3 Results & Discussion

3.1 Seasonal precipitation extremes and EP El Niño

We first investigate event coincidences rates between
EP El Niños and the timing of seasonal precipitation
extremes. Figures 2A,C,E show locations with signif-
icant coincidence rates ECR±

•,i,ENEP between EP El

Niños and extremely dry (red squares) and wet periods
(blue squares) in SON, DJF and MAM, respectively.

During SON of EP El Niño years, we find an ele-
vated probability of extremely dry conditions over In-

donesia, the Philippines and the southwestern Pacific
islands as well as over northern South America and the
northern Amazon Basin (Fig. 2A). The latter dry events
have been linked to an increased risk of biomass loss in

the Amazon which would otherwise serve as a long term
carbon sink (Phillips et al, 2009).

For the same season, we also observe an increased
likelihood of very wet conditions over the central Pacific

islands and the west coast of North America (Fig. 2A).
Similarly, wet conditions are found over Ecuador and
the South American east coast in SON and DJF (Fig. 2A,B).
We further find extremely wet conditions over parts of

the Chilean Andes in SON (Fig. 2A) which may result
in an increased risk for the occurence of floods in this
area (Bookhagen and Strecker, 2012; Boers et al, 2014).

All these observations agree well with previous climato-
logical studies (e.g. Diaz et al, 2001). Coinciding with
EP El Niños, we also observe more frequent wet ex-

tremes over the Mediterranean region (Fig. 2A) in SON,
which was partially also reported earlier by Shaman
and Tziperman (2010). Furthermore, the wet conditions
over East Africa during the same season (Fig. 2A) have

previously been described in parts by Camberlin et al
(2001). The observed dry conditions in southwestern
Africa during DJF (Fig. 2C) were also reported recently

by Hoell et al (2014). Finally, we observe significant co-
incidences between EP El Niños and extremely wet con-
ditions over the Western Caribbean (especially Haiti),
which may pose an increased risk for tropical disease

outbreaks associated with extreme precipitation (Her-
rador et al, 2015).

Generally, our ECA results are in good agreement
with previously reported interrelations between El Niño

and global precipitation, which have mostly been iden-
tified using linear correlation analysis. Thus, we con-
clude that (i) the application of ECA to assess ENSO-
related extreme impacts provides valid results, and that

(ii) extreme responses to the canonical El Niño display
roughly similar spatial patterns as the average statisti-
cal interdependency between ENSO-related indices and

climatic observables. However, we note that most pre-
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vious studies have not discriminated between the two
El Niño flavors. Thus, the agreement between our re-
sults for EP El Niños and the recent literature suggests

that the previously observed linear effects might just be
dominated by the (on average stronger) EP events.

3.2 Seasonal precipitation extremes and CP El Niño

Next, we focus on the specific effects of the less in-

tensively studied CP El Niño and estimate event co-
incidence rates between these phases and seasons with
extreme precipitation sums (Fig. 2B,D,E). We first dis-
cuss those regions that display significant coincidence

rates for EP El Niños (see Sec. 3.1) but an absence
or altered likelihood of seasonal precipitation extremes
during CP periods. Notably, the dry events over Cen-

tral America and the Amazon that frequently occur to-
gether with EP El Niños become more likely during

DJF (Fig. 2D) but show insignificant coincidence rates
in SON (Fig,. 2B). The latter also holds for the wet
events along the western coast of Central and North

America that have been observed for EP El Niños. In
the same manner, the wet SON patterns over Southern
China, the Mediterranean, and South-East Africa co-
inciding with EP El Niños disappear during CP events

(Fig,. 2B). We further note, that the large-scale dry
events over Indonesia observed along with EP events
during SON become less spatially coherent for CP El

Niños (Fig. 2B). For MAM, the wet and dry patterns
over Europe become insignificant (Fig. 2F). Ultimately,
we find that the dry pattern in DJF over the central Sa-

hel in Africa observed in coincidence with EP El Niños
increases in its spatial extent (Fig. 2B,D) and is likely
to decrease agricultural production (Epule et al, 2014).

While the above observations indicate decreased or

weakened impacts of CP El Niños in comparison with
the EP type, we also observe the emergence of new
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patterns that are not present during EP El Niños but
emerge only along with CP phases. Specifically, dry
events become more likely along Australia’s east coast
during SON (Fig. 2B). Such events could thus trigger

severe impacts on river ecosystems and agriculture in
the area. In particular, dry events in Eastern Australia
are likely to cause a cascade of low river inflows, i.e.,

water scarcity and large scale floodplain forest mortal-
ity as well as an increase of toxicity in the surrounding
lakes (Leblanc et al, 2012). These natural hazards in

turn have large-scale effects on agricultural production
in terms of a severe reduction in irrigated crop yields
of up to 99% (van Dijk et al, 2013).

In addition to reduced rainfall responses, significant
coincidence rates with wet events arise over the south

of Chile pointing towards increased rainfall during CP
El Niños as compared to their canonical counterparts.
In DJF months coinciding with CP events, we observe
the emergence of new wet patterns over Central Asia

and China as well as a dry pattern over the north of
Chile (Fig. 2D). Ultimately, for MAM we observe a pro-
nounced dry pattern over Southeast Africa (Fig. 2F).

Generally, we note a decrease in the spatial coherence
of seasonal precipitation extremes coinciding with CP
El Niños in comparison with EP phases.

3.3 Seasonal precipitation extremes and EP/CP La
Niña

We finally perform the same analysis for La Niña peri-

ods. For the EP, i.e. canonical, La Niña type (Fig. 3A,C,E)
we again find various patterns that were reported in ear-
lier studies. Specifically, during SON coinciding with
EP La Niña phases (Fig. 3A) we find the expected

wet conditions over Australia and Indonesia (Arblaster
et al, 2002) and exceptionally dry conditions in parts
of southern Europe (Pozo-Vázquez et al, 2005) and the

south of Brazil (Ropelewski and Halpert, 1996). We
further observe significant coincidence rates with dry
events in the middle East and with extreme rainfall

over central Europe. For DJF, our analysis confirms
findings by Nicholson and Selato (2000) of wet condi-
tions over South Africa and dry events over West Africa
(Fig. 3C), where specifically the latter may cause agri-

cultural losses (Karpouzoglou and Barron, 2014) as well
as impose increased health risks (Rataj et al, 2016).
We further observe a prominent extreme precipitation

dipole with dry conditions over Mexico and increased
precipitation in the southwestern part of Canada. The
latter has become an important aspect of local water re-

source management (Lute and Abatzoglou, 2014) but
along with other parameters like wind and tempera-

ture also poses the threat of landslides in coastal ar-

eas (Guthrie et al, 2010).

For MAM seasons associated with EP La Niñas, we

observe a tendency towards extreme rainfall over Ama-
zonia (Rogers, 1988) and parts of Northern Australia
(Arblaster et al, 2002) (Fig. 3). We further find pro-

nounced significant coincidences between EP La Niñas
and very dry conditions in MAM over the Caribbean
which may negatively impact rainfed agriculture in the
corresponding area (Aladenola et al, 2016).

In contrast to the coherent patterns observed for EP
La Niña phases, we find only a few spatially organized

structures along with CP events (Fig. 3B, E, F). Most
prominently, we recover previously reported wet con-
ditions over parts of Australia in DJF (Arblaster et al,

2002; Cai and Cowan, 2009) (Fig. 3B). Additionally, we
uncover strongly reduced rainfall over Florida in DJF,
and over Scandinavia and the south of Russia in MAM.
Thus, similar as for El Niño, we again observe that CP

La Niñas coincide with less spatially coherent extreme
precipitation responses.

Following upon the presented findings, we pick up
the recently raised question whether it is actually mean-
ingful to distinguish La Niña into two flavors in the

same fashion as El Niño (Kug and Ham, 2011). While
Kao and Yu (2009) and Ashok and Yamagata (2009)
advocated for such a distinction, Kug et al (2009)
and Ren and Jin (2011) argued that based on correla-

tion analyses between La Niña related SST patterns no
distinct discrimination into two types is evident. Con-
tributing to this discussion, Wiedermann et al (2016)

demonstrated that according to the transitivity index
characterizing ENSO teleconnectivity it is indeed mean-
ingful to provide a discrimination of La Niño periods

analogous to El Niño. The results of our current work
demonstrate that seasonal precipitation extremes ac-
companied by EP La Niñas are generally more likely to
arise in a spatially coherent way (Fig. 3) than such ob-

served along with CP phases. The same property also
holds for El Niño periods (Sec. 3.2), which highlights
again a symmetry not only within the spatial patterns

of El Niño and La Niña themselves, but also with re-
spect to their induced extreme precipitation responses.
Thus, from an impact-oriented point of view, our work
provides further evidence in favor of a distinction be-

tween two types of La Niña indicated by the presence
or absence of induced seasonal precipitation extremes.
In other words, from the viewpoint of extreme events

(and thus possibly in contrast to observations based on
linear statistical analysis) it seems reasonable to dis-
criminate La Niña into two types in the same way as

for El Niño periods.
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4 Conclusion & Outlook

We have carried out a detailed analysis of ENSO im-
prints in global patterns of seasonal precipitation ex-
tremes. Specifically, we discriminated both, El Niño and

La Niña into two distinct types (East Pacific and Cen-
tral Pacific) by utilizing the network transitivity index
T introduced by Wiedermann et al (2016). From T ,

four distinct event series were defined such that an event
in each series corresponds to the presence of the respec-
tive type of ENSO event. The globally gridded GPCC
rainfall data set was aggregated to grid point-wise sea-

sonal precipitation sums, and corresponding event se-
ries were obtained by applying the 80th (20th) per-
centile to define extremely wet (dry) periods.

We then used event coincidence analysis (Siegmund
et al, 2016a; Donges et al, 2016) to identify grid points
with significant coincidence rates between different types

of ENSO phases and seasonal precipitation extremes.
Our analysis confirmed that previously observed inter-

relationships based on linear correlation or composite
analysis also apply to the associated extremes. In addi-

tion, we identified further impacts of ENSO episodes,
especially of the Central Pacific types of both, El Niño
and La Niña, which have to our best knowledge not

been described so far. This implies that in these cases,
standard analysis methods may not be sufficienct to
capture such interrelations. Moreover, it shows that even

though a general linear relationship between ENSO and
precipitation might be weak or absent for a given re-
gion, dry periods or heavy rainfall can still be possible
effects of specific types of ENSO phases. At the same

time we observe that most previously observed interre-
lations only hold for events corresponding to East Pa-
cific ENSO flavors. This implies that with a proper dis-

crimination of event types, threats like possible droughts
or flooding as well as their socio-ecological consequences
could be better anticipated, since for most regions of
the Earth, CP types of ENSO events have no or a less
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phases (C,D). For all indicated areas related to EP (CP) phases, seasonal precipitation extremes occur with a probability of
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spatially organized impact on seasonal precipitation ex-
tremes.

Our analysis contributed to the ongoing discourse
whether or not it is (statistically and climatologically)
meaningful to discriminate La Niña into two flavors in
the same way as done for El Niño. The obtained results

suggest that such congruence between ENSO’s positive
and negative phase is meaningful in both ways as (i)
the transitivity index clearly distinguishes between two

types of events for El Niño as well as La Niña and (ii)
event coincidence analysis shows that the EP La Niña
displays more spatially coherent seasonal precipitation

extremes, while fewer impacts are found for its Central
Pacific counterpart.

In conclusion, our analysis provided a detailed and
global overview on the large-scale imprints of different

ENSO phases and flavors in extreme seasonal precipi-
tation patterns. All findings are ultimately summarized
in Fig. 4, which displays schematically all regions for

which the four different types of ENSO phases show
significant coincidence rates with seasonal precipitation
extremes together with the approximate values of these.

Future work shall apply the concepts used in this
work to also study ENSO related extreme impacts on

further climatic observables, such as temperature. Fur-
ther, our framework could be applied to directly re-
late ENSO and its distinct phases more thoroughly to

climate impacts, such as those on agricultural yields
or water availability. Also, an intercomparison between
results obtained from linear and event statistics could

prove useful in assessing which regions are most affected
in terms of extreme climatic responses to the presence of
either type and phase of ENSO. Ultimately, it could be
useful to apply the presented framework also to future

climate projections in order to assess possible changes
in the spatial extent and frequency of ENSO related
extreme events.
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Chapter 3

Discussion

The central theme leading through the publications included into this manuscript is the

statistical method of event coincidence analysis and how it can be used to analyze the

impacts of extreme (or extraordinary) climate events on parts of terrestrial ecosystems.

This new approach is a tool that enables researchers to statistically quantify simultane-

ities between events of two [e.g. Siegmund et al. (2016a)] or more [Siegmund et al.

(2016b)] time series.

The novelty of this method in comparison to other event statistics like the ’spike train

reliability statistic R’ [Hunter and Multon (2003)] or ’event synchronization’ [Quiroga

et al. (2002)] is the distincty defined directionality (taking into account two possible dif-

ferent temporal orders of the events of interest) with significance tests being performed

individually for both directions. Although this statistical framework is not capable to

detect causal relationships, the output of ECA and especially of CECA can support the

interpretation of possible directed causal interplays between events.

A further advantage of the method is the easy-to-understand concept. This is a very

important and not to neglect characteristic of a statistical method, because the maybe

most important part of a scientific study - the interpretation of the results - can only be

of success if author and audience can understand the underlying methodology. Further-

more, a well accessable basic concept fosters the distribution of a method in the scientific

community and, thus, supports new scientific contributions. For example, at the time of

the writing of this manuscript, ECA and the CoinCalc package are already being used

at numerous international research institutions like the German Research Centre for

Geoscience (GFZ), the Commonwealth Scientific and Industrial Research Organisation
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(CSIRO), Australia, the Second University of Naples, Italy, the Royal Museum for Cen-

tral Africa, Belgium, the Universidad National de La Pampa, Argentina, the University

of Texas at Austin and others.

In difference to the application of ECA on time series with self-defined events like in e.g.

Donges et al. (2016), Schleussner et al. (2016) or partly in Wiedermann et al. (2017), the

results of ECA on continuous time series where the events have to be defined by thresh-

olding [e.g. Siegmund et al. (2016a), Siegmund et al. (2016b), Baumbach et al. (2017)]

can be assumed to be strongly dependent on the specific definition of this threshold. In

Siegmund et al. (2016a) it was suggested to cope with this problem by performing the

analysis with an ensemble of event time series with each member being created using

slightly varied event thresholds. While small quantitative differences of the results must

be expected in this case, the result can be accepted as robust if the entire ensemble

shows results of the same quality and similar magnitude. In contrast, a dependency of

ECA results on a specific threshold definition can also be used to systematically investi-

gate critical thresholds. This could easily be achieved by iteratively rising or lowering a

certain threshold. Such an explorative data analysis approach could be usable for a large

variety of research questions in environmental sciences and other disciplines dealing with

nonlinear systems.

The general research questions given in the Introduction part of this thesis have been

answered by the entity of the contributing publications:

First, the definition of Event Coincidence Analysis [Donges et al. (2016)] and it’s specifi-

cations the Conditional and Joint Event Coincidence Analysis [Siegmund et al. (2016b)]

deliver quantitative measures of simultaneity for event time series that also allow for

deduction of directionality. Second, it could be demonstrated that this new method

is well capable to deliver new findings about the impact of extreme weather events on

terrestrial ecosystems [Siegmund et al. (2016a), Siegmund et al. (2016b), Siegmund et al.

(2017), Baumbach et al. (2017), Wiedermann et al. (2017)]. Third, in all of these publi-

cations some results (sometimes even oppositely) differed from previous findings based

on linear correlation analysis and similar approaches.

The specific research questions given in the Introduction part of this thesis have com-

prehensively been investigated and discussed within the contributing publications:

In Siegmund et al. (2016a) and Siegmund et al. (2016b) it could be shown that the ECA

is a very appropriate method to investigate the impact of extraordinary climatic condi-

tions on individual plants. For the relationship between flowering times and temperature,
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literature classically assumes a strong negative linear correlation [see e.g. Ahas et al.

(2000), Sparks et al. (2000), Menzel (2003)] but so far it had not been shown that this

interdependency is also true for the tails of the distribution. In Siegmund et al. (2016a)

it could be demonstrated that on the one hand the negative relationship also holds for

extreme events at many of the sites but on the other hand also many investigated sites

do no exhibit significant coincidences for the tails of the distribution. Both findings are

new in respect to so far published literature and could not have been obtained by the

application of classical linear correlation analysis. Furthermore, we found that unusually

warm conditions in autumn occur simultaneously with very early flowering in the fol-

lowing year. Hints to such long range inter-seasonal effects of temperature on flowering

had already been given by Sparks et al. (2000), Fitter et al. (1995), Luterbacher et al.

(2007) and Crimmins et al. (2010), but as a result of our data explorative approach

one explicitly defined period in Autumn could be identified for each of the investigated

species. Yet, a physiological explanation for this statistical finding is still missing.

In Siegmund et al. (2016b) it could be shown that the generally assumed positive cor-

relation between tree diameter variation and temperature [see e.g. Deslauriers et al.

(2003); van der Maaten et al. (2013)] can not be confirmed for the extraordinary warm

and cold events on a daily time scale: very warm and very cold days even showed signif-

icant coincidence rates with negative and positive stem radius variation (SRV) events,

respectively. This finding provides a very good example of how classically assumed re-

lationships (commonly investigated using linear correlation analysis) are not necessarily

valid for the entire range of data values and it illustrates how important it is to have a

closer look.

Furthermore in the course of this high temporal resolution dendrometer analysis one

specific weather situation could be identified where very humid air conditions did coin-

cide with negative SRV events on a daily scale although the interplay between relative

humidity and tree ring width is widely accepted to be characterized by clear positive

correlations [see e.g. Deslauriers et al. (2003); Koecher et al. (2012); van der Maaten

et al. (2013)]. It could be shown that the negative SRV events were not linked to the

positive air humidity events, but to positive air temperature events on the same days.

This example very well illustrates that deducing a causal relationship from significant

coincidence rates is not possible because the analysis also detects non-causal simultane-

ities.

In Siegmund et al. (2016b) it could also be shown that the impact of extraordinary
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weather conditions is strongly depending on the time of the year and may even be revers

during the growing season. This is an important fact because it illustrates how difficult

it is to assess the vulnerability of specific species in the course of ongoing climate change.

In order to assess how a tree species might be able to cope with future climate extreme

events very detailed knowledge about the temporal variability of the atmospheric avari-

ables would be necessary. Additionally, by using coincidence rates as similarity measure

for a hierarchical cluster analysis (an approach that has been suggested in Siegmund

et al. (2016b) for the first time) it could be shown that the intra-species differences

concerning the timing of SRV events on a daily scale are not systematically smaller than

the inter-species differences, although clear inter-species differences have been shown on

longer time scales [see e.g. Garcia-Suarez et al. (2009); Gonzalez-Munoz et al. (2014);

Levesque et al. (2013)]. This finding again makes assessments of the species’ susceptibil-

ity to more frequent climate extreme events a big challenge, at least when talking about

extreme events on very short time scales.

In addition to the cluster analysis on a coincidence basis, in Siegmund et al. (2016b) the

novel approach of conditioned and joint coincidence analysis (CECA) was presented. In

combination with the distinction between trigger and precursor coincidence rate, CECA

provides a strong tool to investigate statistical simultaneities in more detail. For ex-

ample the detection of joint coincidences between positive air humidity events, positive

SRV events and negative SRV events on one of the consecutive days delivered valuable

new insights in the daily cycles of swelling and shrinkage of tree stems.

The analysis of Baumbach et al. (2017) revealed that the well known positive relationship

between temperature and NDVI in spring and the negative relationship between both

during summer [see e.g. Hao et al. (2012); Stöckli and Vidale (2004)] can for the tails

of the distributions (very high/low temperature, very high/low NDVI) not be confirmed

for entire Europe, but rather show very diverse and inhomogeneous patterns. It was

shown that especially those regions are effected that are characterized by intensive an-

thropogenical shaping (e.g. croplands) while less regulated land cover classes like mixed

forests are distinctly less effected. Although also other factors like harvesting could have

influenced the analysis especially in late summer, the results emphasize the susceptibil-

ity of especially eastern European crop production to extreme temperature events and

future challenges for argriculture in the course of ongoing climate change. The study

also provided an example of how the novel approach of ECA can be used to quantify

the impact of climate extremes on a large spacial scale without using the widely used
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but somehow circuitous approach of comparing anomaly maps.

The extreme events of the El Niño southern oscillation (ENSO) can also be understood

as local extreme (sea surface) temperature events. The impacts of these extreme cli-

mate events on the precipitation patterns on a global scale have been investigated in

Wiedermann et al. (2017). By analyzing two different types (’flavors’) of El Niño/La

Niña events a comprehensive image of possible ENSO teleconnections could be drawn:

besides confirming many individual previously found results that have been published

in isolated regional studies, the analysis could also detect so far undocumented possible

ENSO teleconnections in terms of significant coincidence rates between El Niño/La Niña

events and extraordinary high or low precipitation amounts. Although not providing

physical explanations for the found statistical interdependencies, the study revealed the

power of the ECA on one of the most intensively investigated issues of climate research.



Chapter 4

Summary

In the course of the publications presented and discussed above it could be shown that

the Event Coincidence Analysis (ECA) is a well appropriate tool to investigate the

impacts of climate extreme events on different parts of the terrestrial ecosystem. With

its quantitative and directed nature ECA enables users to draw statistically robust

conclusions about simultaneities of events in two or more time series. The method

provides a strong new tool that can reveal new information about the interplay between

environmental variables especially when the relationship is not constant over all parts

of the empirical distributions. In Siegmund et al. (2016a), Siegmund et al. (2016b)

and Baumbach et al. (2017) has been shown that the application of ECA concerning the

question of how climate extremes impact terrestrial ecosystems can refine already known

relationships based on classical methods and also deliver substantial new findings to the

scientific community. In addition Wiedermann et al. (2017) illustrated the application of

ECA on the investigation of El Niño teleconnections - one of the most classical event time

series in environmental sciences - and could (besides identifying new teleconnections)

unify the various global ENSO precipitation teleconnections to a distinct El-Niño-event-

impact-map. In addition, the manuscripts included in this thesis represented a travel

across scales: the analyses presented investigations on impacts of climate extremes from

local [Siegmund et al. (2016a)] over regional [Siegmund et al. (2016b)] over continental

[Baumbach et al. (2017)] to global [Wiedermann et al. (2017)] spacial scale and from

subdaily [Siegmund et al. (2016b)] over weekly and monthly [Siegmund et al. (2016a)

and Baumbach et al. (2017)] to seasonal [Wiedermann et al. (2017)] temporal scale.

Finally, by publishing the R package CoinCalc, holding an implementation of the ECA,
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this thesis not only provides new findings about the impacts of climate extreme events on

terrestrial ecosystems, but also enables other researcher to further investigate on similar

research questions by using Event Coincidence Analysis.
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