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Abstract
Earth’s Climate has always affected mankind. On the other hand, humans started to
affect Earth’s climate. The consumption of fossil fuels leads to higher global temperatures and more climate extremes. Extreme events, such as heat waves or droughts, can
have adverse effects on societies and ecosystems. An improved understanding of their
drivers helps to mitigate their impacts. However, extreme events are rare and changes
in their frequency are hard to detect as natural variability is superimposed on possible
trends.
The land surface is an integral part of the climate system and is coupled to the
atmosphere via the exchange of water and energy. Thereby, soil moisture conditions
can influence the partitioning of the available surface net radiation into the latent and
sensible heat flux. When the soil is sufficiently wet, the latent heat flux is controlled
and limited by radiation, whereas under drought conditions it is limited by moisture
availability. Hence, dry soils tend to decrease the latent heat flux, thereby increasing
the sensible heat flux, exacerbating hot extremes during heat waves.
In this thesis, I investigate the influence of past climate change and of the land
surface on climate extremes. The importance of climate change for extreme events can
be quantified with probabilistic event attribution. This method compares the probability
of an extreme event in the current climate to its probability in a counterfactual climate
absent anthropogenic influence. The effect of the land conditions on the atmosphere
is assessed with numerical sensitivity experiments prescribing soil moisture in global
climate models. This decouples the land from the atmosphere and therefore allows to
infer the effect of soil moisture on climate.
In the first part of this thesis I investigate the influence of climate change on climate
extremes. Using the 2015 meteorological summer drought in Europe as test case, I
assess the importance of methodological choices for probabilistic event attribution. The
summer of 2015 was characterized by record low rainfall and river levels. Using a wide
range of observations and model simulations I show that the conclusion whether this
event is related to anthropogenic climate change heavily depends on methodological
decisions. Our results highlight that uncertainties of event attribution studies are larger
than commonly assumed, implying a high risk of erroneous attribution statements.
In the second part of the thesis I investigate the influence of the land surface on
climate extremes. I contrast four different methods to prescribe soil moisture, and
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compare the ramifications of prescribing the mean versus the median soil moisture
climatological seasonal cycle. I show that soil moisture prescription methods that alter
the soil ice content lead to large, undesirable, ground heat flux anomalies in the employed land model. Therefore, I developed a novel approach to prescribe soil moisture
that prevents the ground heat flux anomalies, while still muting the land–atmosphere
coupling. Furthermore, I find that the the median soil moisture climatology is lower
than the mean for most regions and that prescribing the mean climatology leads to
larger temperature anomalies. However, prescribing soil moisture does not conserve
water, and I show how the atmospheric temperature response is directly related to
the amount of artificially added and removed water, which implies that not the entire
temperature signal can be attributed to land–atmosphere coupling.
In the third part of the thesis I investigate the joint influence of climate change and
the land surface on climate extremes. In 2010 western Russia experienced a severe heat
wave, which led to record-high temperatures. It was hypothesized that climate change
and land–atmosphere interactions were important for the build-up of the observed
temperature extremes. To test this hypothesis, I combine the approaches introduced in
the first two parts of this thesis and I conducted dedicated climate model simulations
that allow to disentangle to effect of recent climate change from that of dry soils. I find
that climate change alone has increased the probability of the event threefold since the
1960s. Prescribing the soil moisture conditions observed during the event indicates
that dry soils made the event six times more likely. Finally, the joint effect of the soil
moisture anomaly and climate change leads to a 13-fold increase in the event probability.
In two co-authored articles presented in the appendix, I briefly showcase two further
methods to investigate the influence of climate change and the land surface on extremes.
The first uses trend detection and attribution to identify the drivers behind the trend in
the growing season length, a climate index indicating conditions favourable for plant
growth. We show that in extratropical regions where some of the world’s major crops
are grown, the observed increase in the growing season length can be attributed to
anthropogenic climate change. The second analysis illustrates how land–temperature
coupling metrics can be used to assess the importance of soil moisture for heat waves.
Using two different coupling metrics we illustrate how dry soils exacerbated the extreme
temperatures during the 2015 heat wave in the Western United States.
Overall, the presented findings enhance the understanding of the role of climate
change and land–atmosphere interactions for climate extremes. They highlight the
importance of climate change for extreme events, but also demonstrate large uncertainties in some of the assessments. The results further underline the relevance of
land–atmosphere interactions for aggravating temperature extremes during heat waves.
The presented scientific advances emphasize the usefulness of combining different
methodological frameworks, and serve as an example of fruitful collaboration across
research communities.
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Zusammenfassung
Seit jeher wurde die Menschheit vom Klima beeinflusst. Andererseits beeinflusst auch
der Mensch das Klima. Das Verbrennen von fossilen Energieträgern erhöht nicht nur
die globale Temperatur, auch Klimaextreme werden häufiger. Extremereignisse wie
Hitzewellen und Dürren können Gesellschaften und Ökosysteme negativ beeinflussen.
Ein besseres Verständnis ihrer Entstehung kann helfen ihre Auswirkungen zu lindern.
Extremereignisse kommen jedoch nur selten vor, und es ist schwierig Änderungen in
ihrer Häufigkeit zu bestimmen, da allfällige Trends von der natürlichen Variabilität
maskiert werden können.
Die Landoberfläche ist ein integraler Teil des Klimasystems. Sie ist über Wasserund Energieflüsse mit der Atmosphäre gekoppelt. Bodenfeuchte spielt dabei eine wichtige Rolle – sie ist entscheidend für die Aufteilung der verfügbaren Strahlungsenergie
in den latenten und fühlbaren Wärmefluss. Ist der Boden feucht, wird der latente Wärmefluss durch die verfügbare Strahlungsenergie limitiert, bei Trockenheit hingegen ist
er durch die Bodenfeuchte limitiert. Trockene Böden führen also zu einem grösseren
fühlbaren Wärmefluss und können Temperaturextreme während Hitzewellen verstärken.
In dieser Doktorarbeit untersuche ich den Einfluss des Klimawandels und der
Landoberfläche auf Klimaextreme. Um die Bedeutung des Klimawandels für einzelne
Extremereignisse abzuschätzen verwende ich die Ereignisattributionsmethode. Diese
Methode vergleicht die Wahrscheinlichkeit eines Ereignisses im heutigen Klima mit
seiner Wahrscheinlichkeit in einem hypothetischen Klima ohne Einfluss des Menschen.
Die Relevanz der Landoberfläche für die Atmosphäre wird mit numerischen Experimenten, welche in einem Klimamodel Bodenfeuchte vorschreiben, untersucht. Diese
Methode entkoppelt die Landoberfläche vom Einfluss der Atmosphäre und erlaubt den
Effekt der Bodenfeuchte zu bestimmen.
Im ersten Teil der Doktorarbeit untersuche ich den Einfluss des Klimawandels auf
Klimaextreme. Dabei dient die Trockenperiode im Sommer 2015 als Fallstudie und ich
eruiere die Anfälligkeit der Ereignisattributionsmethode auf methodische Entscheidungen. Der Sommer 2015 war gekennzeichnet durch rekordtiefe Niederschlagssummen
und Flusspegel. Durch Verwenden einer grossen Auswahl an Beobachtungsdatensätzen und Modelsimulationen kann ich zeigen, dass die Schlussfolgerung, ob das
Ereignis durch den Klimawandel wahrscheinlicher wurde, stark von methodischen
Entscheidungen abhängt. Dies zeigt auf, dass die Ereignisattributionsmethode grössere
Unsicherheiten beinhaltet als bisher angenommen, was dazu führen kann, dass der
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Einfluss des Klimawandels überschätzt wird.
Im zweiten Teil der Doktorarbeit untersuche ich den Einfluss der Landoberfläche
auf Klimaextreme. Ich vergleiche vier Methoden die Bodenfeuchte vorzuschreiben.
Ausserdem schätze ich die Auswirkung ab, wenn entweder das klimatologische Mittel
oder der klimatologische Median des Bodenfeuchtejahresganges vorgeschrieben wird.
Ich kann zeigen, dass diejenigen Methoden, welche den Eisanteil im Boden künstlich
verändern, im verwendeten Landmodel zu grossen, unerwünschten Bodenwärmeflüssen
führen. Deswegen entwickelte ich eine neue Methode um Bodenfeuchte vorzuschreiben, welche nicht zu solchen Bodenwärmeflussanomalien führt, die Landoberfläche
aber immer noch von der Atmosphäre entkoppelt. Weiter zeige ich, dass der Median
des Bodenfeuchtejahresganges grundsätzlich trockener ist als das Mittel und, dass das
Vorschreiben des mittleren Bodenfeuchtejahresganges die grösseren Temperaturanomalien verursacht. Allerdings führt das Vorschreiben der Bodenfeuchte auch dazu, dass
Wasser im Landmodel nicht vollständig erhalten bleibt und ich kann zeigen, dass die
Temperaturanomalie direkt mit der Menge an künstlich hinzugefügtem und entferntem Wasser zusammenhängt. Dies bedeutet, dass nicht das ganze Temperatursignal
aufgrund der deaktivierten Kopplung zwischen Land und Atmosphäre zustande kommt.
Im dritten Teil der Doktorarbeit untersuche ich den gemeinsamen Einfluss des Klimawandels und der Landoberfläche auf Klimaextreme. Im Jahr 2010 gab es im Westen
von Russland eine starke Hitzewelle mit Rekordtemperaturen und es wurde vermutet,
dass sowohl der Klimawandel wie auch Land–Atmosphären Wechselwirkungen zu den
Temperaturextremen beigetragen haben. Um diese Hypothese zu testen, kombiniere ich
die Methoden, welche ich im ersten und zweiten Teil dieser Doktorarbeit angewandt
habe. Dafür benutze ich Klimasimulationen, welche erlauben den Einfluss des Klimawandels vom Einfluss der Landoberfläche zu separieren. Der Klimawandel allein hat
das untersuchte Ereignis dreimal wahrscheinlicher gemacht. Wird die während dem Ereignis beobachtete Bodenfeuchte vorgeschrieben, so macht dies das Ereignis sechsmal
wahrscheinlicher. Der gemeinsame Einfluss von Bodenfeuchte und Klimawandel hat
zu einer Verdreizehnfachung der Ereigniswahrscheinlichkeit geführt.
Zusätzlich gehe ich in zwei von mir mitferassten Artikeln kurz auf weitere Methoden ein, die den Einfluss des Klimawandels und der Landoberfläche auf Klimaextreme
untersuchen. Die erste, die sogenannte Trend Detektions- und Attributionsmethode,
wird verwendet, um herauszufinden ob der Klimawandel die Ursache von Trends
in Klimaindices ist. Mit dieser Methode zeigen wir, dass der in aussertropischen
Weizen- und Maisanbaugebieten beobachtete Trend in der Länge der agronomischen
Anbausaison dem Klimawandel zuzuschreiben ist. Die zweite Analyse illustriert wie
Land–Atmosphäre Kopplungsmetriken verwendet werden können, um den Einfluss
von Bodenfeuchte auf Hitzewellen nachzuweisen. Für eine Hitzewelle im Sommer
2015 im Westen der Vereinigten Staaten zeigen wir mit zwei dieser Metriken, dass
trockene Böden während der Hitzewelle zu höheren Extremtemperaturen geführt haben.
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Insgesamt hat diese Doktorarbeit zu einem verbesserten Verständnis des Einflusses
von Klimawandel und von Land–Atmosphären Wechselwirkungen auf Klimaextreme
beigetragen. Die Resultate heben die Bedeutung des Klimawandels für Klimaextreme
hervor, zeigen aber auch auf, dass die Analysen mit grossen Unsicherheiten verbunden sind. Weiter betonen sie, dass Land–Atmosphäre Wechselwirkungen für die
Entwicklung von Hitzewellen entscheidend sein können. Der erzielte wissenschaftliche Fortschritt unterstreicht den Nutzen, verschieden Fachgebiete miteinander zu
kombinieren und diese Doktorarbeit kann als positives Beispiel für eine erfolgreiche
Zusammenarbeit zwischen Forschungsgemeinschaften dienen.
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Introduction
1.1

Motivation

The summer of 2003 marked a turning point in the perception of climate for many
Europeans, including me. I still remember the urge to take a shower in the first rain
after weeks of no precipitation and exceptionally hot temperatures. No wonder – 2003
featured the hottest European summer in 500 years (Luterbacher et al., 2004; Orth et al.,
2016a) with local temperatures exceeding the 1961 to 1990 mean by over 5 ◦C (Schär
et al., 2004), and extremely low precipitation amounts (Fink et al., 2004). The heat
wave caused a large number of heat-related excess deaths (Vandentorren et al., 2004;
Hémon, Jougla, et al., 2003; Robine et al., 2008) and led to large financial loss due to
crop failure and forest fires (Heck et al., 2004).
Less than ten years later, in 2010, western Russia and Eastern Europe was hit by
an even stronger and more severe heat wave and drought. It lasted from the beginning
of July to mid-August (Otto et al., 2012) and broke long-standing temperature records
(Barriopedro et al., 2011; Tingley and Huybers, 2013). Additionally, precipitation was
drastically reduced (Barriopedro et al., 2011; Bastos et al., 2014; Hauser et al., 2016).
The heat wave facilitated huge wildfires in Russia, and lead to tens of thousands of
casualties (Guha-Sapir et al., 2011). Crop production was strongly reduced and the
economy suffered substantial losses (Barriopedro et al., 2011).
In the summer and early autumn of 2015, Central Europe was again struck by four
short but intense heat waves (Sippel et al., 2016b). The event broke local temperature
extremes, but the impacts on the hydrological cycle were even more pronounced. 2015
was the driest Central European summer in at least 115 years (Orth et al., 2016b), and
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the precipitation deficit had large impacts on the agricultural sector, river levels, and
inland navigation (Laaha et al., 2016; Van Lanen et al., 2016).
Heat waves and droughts are climatological extreme events – the pronounced
impact of the presented examples illustrates the importance to study the mechanisms
underlying them. Two of those mechanisms are studied in this thesis: anthropogenic
climate change and land surface–climate interactions.

1.2
1.2.1

Background
Climate extremes and climate indices

Owing to their substantial impact on societies and ecosystems, climate extremes have
been studied for a long time (e.g. Gumbel, 1942; Revfeim, 1983; Mearns et al., 1984).
A better understanding of the physical drivers and statistical properties of extremes can
ameliorate their prediction and long-term projections. This can improve adaptation and
mitigation strategies, for example by better preparing large cities against heat waves
(Masson et al., 2013). Formally, climate extremes are defined as the occurrence of
a climate variable (e.g. temperature, precipitation) at the lower or upper end of their
distribution (Seneviratne et al., 2012). In this thesis I use the term climate extreme for
climate variables in the tails of the distribution, while extreme event refers to a specific
event, such as the heat wave in 2010. In this thesis I focus on temperature maxima
(heat waves) and precipitation minima (droughts).
Heat haves Heat waves are periods with anomalously high temperatures. They can
occur during the whole year, but in summer they coincide with the peak temperatures
in the seasonal cycle, which exacerbates their impacts. Hence, heat waves are mostly
considered in this season. Large-scale atmospheric blocking (i.e. persistent high
pressure systems) are a first order driver of heat waves, especially in Europe (Schubert
et al., 2014). The diversion of cyclones, warm-air advection, subsidence, and associated
clear skies and increased insolation lead to periods of good weather and to dry and
warm conditions (Xoplaki et al., 2003; Meehl and Tebaldi, 2004). Indeed, blocking
anticyclones were the dominant meteorological phenomena during the events in 2003,
2010, and 2015 (Black et al., 2004; Barriopedro et al., 2011; Sippel et al., 2016b). Land–
atmosphere feedbacks can also be an important contributor to temperature extremes,
see Section 1.2.4 and Section 1.4. Further physical drivers that contribute to heat
waves, are sea surface temperature (SST) patterns (e.g. Vautard et al., 2007; Stefanon
et al., 2012), and heat storage in the atmospheric boundary layer (Miralles et al., 2014).
Additionally, anthropogenic climate change is also expected to change the probability
of heat waves (Section 1.2.3 and Section 1.3).
Many heat wave indices are defined with a specific impact group or sector in
mind, e.g. human health, agriculture, or wildfire (Perkins and Alexander, 2013). They
measure the length, magnitude, frequency, or a combination thereof (Frich et al., 2002;
Orlowsky and Seneviratne, 2012; Perkins and Alexander, 2013; Russo et al., 2014).
This thesis only considers a simple index measuring the magnitude of temperature
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extremes: the annual maximum daily maximum temperature (TXx).
Droughts The main cause for droughts is lack of precipitation. However, droughts are
complex phenomena due to the interplay of climatological and hydrological parameters.
Many processes influence the occurrence and persistence of droughts, e.g. temperature,
wind, antecedent storage terms (soil moisture and snow), and the timing of precipitation
(Mishra and Singh, 2010). Notably, evapotranspiration, i.e. the combined evaporation
of the soil (and from the canopy) and transpiration of plants, is also an important driver
of droughts (Seneviratne et al., 2006b; Seneviratne and Koster, 2012; Sheffield et al.,
2012).
Owing to their complex nature, several definitions of droughts have emerged
(Wilhite and Glantz, 1985; Heim, 2002): meteorological drought (lack of precipitation),
soil moisture or agricultural drought (lack of water in the soil), hydrological drought
(depletion of sub-surface water reservoirs and resulting low flow), and socio-economic
drought (water demand is higher than water supply). In this thesis we are interested in
meteorological droughts and will assess area-averaged precipitation sums.

1.2.2

The land energy and water balances

The global climate system is driven by radiation from the sun. Incoming solar radiation
is absorbed, scattered and reflected in atmosphere by gas molecules, aerosols, and water
droplets (clouds and fog). Shortwave radiation that reaches the land surface (SWin ) is
then absorbed or reflected, depending on the albedo (α) of the ground. The outgoing
shortwave radiation (SWout ) is thus given as SWout = α · SWin . The land surface emits
longwave radiation (LWout ) according to the its temperature and emissivity (Stefan,
1879; Boltzmann, 1884). On its way to the top of the atmosphere, a part of LWout is
absorbed by greenhouse gases (GHGs), which re-emit longwave radiation downward
(LWin ). Combining all radiation terms leads to the net radiation balance (Rn ) at the
land surface:
Rn = SWin − SWout + LWin − LWout,
|
{z
} |
{z
}
SWnet

(1.1)

LWnet

Generally, the four radiation terms do not sum to zero, and must be balanced. At an
infinitesimal small layer, i.e. assuming no change in the heat storage, at the land surface,
the energy balance is given by:
Rn = G + SH + LH,

(1.2)

with G as ground heat flux, SH as sensible heat flux, and LH as latent heat flux, see
Figure 1.1. LH can also be expressed as λET, the latent heat of vaporization (λ)
multiplied with the rate of evapotranspiration (ET).
Similarly to the energy balance, the water at the land surface is conserved, and the
land water balance (Figure 1.1) can be written as:
dS
= P − ET − Rs − Rg .
dt

(1.3)
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S is a state variable that includes all water reservoirs in/ on the soil (ground water,
soil moisture, canopy water). Changes in S are governed by the sum of precipitation
(P), evapotranspiration (ET), and the surface and subsurface runoff (Rs and Rg ). As
illustrated in Figure 1.1, ET is part of both, the land surface energy balance and the
land surface water balance, tightly coupling the two.

Figure 1.1: Schematic illustration of the land water balance (left) and the land energy balance
(right). From Seneviratne et al. (2010).

1.2.3

Climate change

Since the industrial revolution human activity has changed the concentration of GHGs
and aerosols in the atmosphere. Mainly the increase of GHGs (carbon dioxide, methane,
and others) perturbed the energy balance of the earth by absorbing outgoing thermal
radiation and re-emitting it in all directions, including downward. Thus, climate change
mainly alters the surface energy balance through LWnet , and led to a net radiative forcing
of 2.3 W m−2 since 1750 (Myhre et al., 2013). This increased the total energy content
of the climate system, and influences the weather on local and global scales (Stocker
et al., 2013). Naturally, there are a variety of climate change feedbacks, such as changes
in the albedo or in the circulation patterns, which can diminish or amplify the climate
change signal.
For mean temperature, the imprint of climate change is unequivocal. Rising
temperatures are observed in virtually all land regions (Hartmann et al., 2013). The
influence on mean precipitation is less clear due to the larger interannual variability,
although some regions with robust precipitation trends emerge (Hartmann et al., 2013).
Patagonia, and eastern North America, show an increase in precipitation, while it
decreased in eastern Asia and Australia. Europe and the Mediterranean form a dipole
with positive precipitation trends in the north and negative trends in the south. Central
Europe lies in the transition zone, and historical changes as well as projections of
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precipitation remain very uncertain in this region (Orlowsky and Seneviratne, 2013;
Gudmundsson and Seneviratne, 2016; Orth et al., 2016b).
Climate change not only alters the mean state of the climate, but also the magnitude
and frequency of extremes. Figure 1.2 illustrates how temperature extremes can be
affected by changes in the temperature distribution. Good data coverage exists since (at
least) 1950, and suggests that hot extremes have increased in many regions of the world,
except eastern North America and parts of South America (Hartmann et al., 2013).
Extreme temperatures may even increase when there is no corresponding increase in
global mean temperatures (Seneviratne et al., 2014). Trends in droughts are more
difficult to assess, due to the variety of drought definitions and insufficient (direct)
observations (Seneviratne et al., 2012), and while some indications for more droughts
exist, results are dataset- and method-dependent (Hartmann et al., 2013).
It is compelling to link the change in GHGs to changes in extremes, but these
correlations do not yet imply causality. For extreme events this link is even more
difficult to establish, because every individual event can in principle occur by chance,
governed by the internal variability of the climate system. Fortunately, formal statistical
frameworks exist to establish the influence of climate change on climate extremes.
Trends of climate variables can be attributed to anthropogenic climate change with
the help of trend detection and attribution, discussed in Section 1.3.1. Attributing
individual extreme events to anthropogenic climate change needs a different formalism,
named event attribution, discussed in Section 1.3.2.

1.2.4

Land–climate interactions

The land surface and the atmosphere form a coupled system. They constantly exchange
mass, energy, and momentum, which modulates the long-term climate but can also
influence individual weather events (e.g. Pielke et al., 1998). Soil moisture is a key
component in this regard (see Seneviratne et al., 2010, for a review) as it impacts both,
the water and the energy balance at and below the soil surface (Section 1.2.2). In
this thesis I concentrate on the soil moisture–temperature coupling, but note that soil
moisture conditions were also found to be important for precipitation (e.g. Guillod
et al., 2015).
Soil moisture
As its name suggests, soil moisture refers to a reservoir of water in the ground. Soil
moisture denotes the water contained in the upper part of the soil, which is generally
unsaturated (Hillel, 2003). It supplies plants with water and nutrients, and recharges
groundwater reservoirs. A common measure for soil moisture is volumetric water
content (θ), defined as the volume of water (Vwater ) per volume of soil (Vsoil ):
θ=

Vwater
.
Vsoil

(1.4)

Equation (1.4) can be rewritten, as θ = hwater /hsoil , with hwater and hsoil as the height
of the volume of water and soil per unit area, respectively. In this thesis, I will generally
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Figure 1.2: Hypothetical temperature distributions with and without climate change. (a) Shifting
the entire distribution to higher temperatures, increases hot extremes and simultaneously decreases
cold extremes. (b) When climate change increases the variability, both, cold and hot extremes
become more likely. (c) A changed symmetry can leave cold extremes almost unaffected, but lead
to more hot extremes (Seneviratne et al., 2012). Figure from Lavell et al. (2012).
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report hwater (in mm) for a given hsoil , instead of θ.
The maximum amount of water in the soil is given by the soil porosity, which
strongly depends on its mineral composition (Hillel, 2003). Water drains from the soil
under gravitational force until it reaches the field capacity (θ FC ). At the field capacity,
adhesive and cohesive forces of the soil matrix equal the gravitational force, and some
of the water is retained. With soil moisture below the field capacity plants need to apply
suction to draw water from the soil. When the soil moisture content is even lower and
has reached the permanent wilting point (θ PWP ) the water is held too strongly in the
soil and (most of the) plants can no longer obtain the remaining water (Hillel, 2003).
Soil moisture in the climate system
Soil moisture mainly affects the atmosphere via its control on the partitioning of the
net radiation (Rn ) into LH and SH, quantified with the evaporative fraction (EF):
EF =

LH
LH
=
.
Rn − G SH + LH

(1.5)

An EF equal to one indicates that all available energy is used for ET, while SH reduces
to zero; and vice versa for EF = 0. EF is quasi-constant during daytime, and mostly
determined by the local vegetation and soil moisture availability (Gentine et al., 2007;
Gentine et al., 2011). By controlling EF, soil moisture has a direct influence on SH, and
thereby the temperature of the atmosphere. EF is not only important for temperature,
but also for precipitation, as LH is a water source for the atmosphere (Seneviratne et al.,
2010).
Evapotranspiration regimes The latent heat flux is limited by the availability of soil
moisture and the atmospheric conditions. If the available water was not constrained,
evapotranspiration would reach a maximum value, termed potential evaporation (ETp ).
ETp thus represents the energy limit on evapotranspiration, and mainly depends on net
radiation (Rn − G), but is also affected by the water vapour pressure deficit, wind speed,
vegetation, etc.. Usually, actual ET is smaller than ETp . Depending on whether energy
or moisture limits ET, the system is said to be in an energy limited or soil moisture
limited regime (Figure 1.3).
Soil moisture regimes Similarly to the ET regimes, three soil moisture regimes can
be identified: (i) a dry regime with soil moisture values below the plant wilting point
(θ pwp ) and no evapotranspiration, (ii) a wet regime with θ larger than a critical value
(θ crit ) and EF = EFmax , and (iii) a transitional regime between the dry and wet regime
(Figure 1.3). In the dry regime, ET is sensitive to changes in soil moisture but the
variations are generally small. In the wet regime, ET is controlled by the atmospheric
demand, and a change in SM has little effect on the atmosphere. Only in the transition
regime EF (and thus ET) is strongly controlled by soil moisture (e.g. Guo et al., 2006;
Seneviratne et al., 2010).
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EF = λET/Rn
Energy limited

Soil moisture limited
EFmax

Dry
0

Wet

Transitional
θ pwp

θ crit

SM

Figure 1.3: Evapotranspiration and soil moisture regimes. After Koster et al. (2004) and
Seneviratne et al. (2010).

Soil moisture–temperature feedback Soil moisture and temperature form a feedback loop: soil moisture not only affects temperature, but temperature also influences
soil moisture, mediated by ET, see Figure 1.4. A decrease in soil moisture can lead to
a decrease in ET (A), which lowers EF and leads to a higher SH. A higher sensible
heat flux contributes to higher surface temperatures (B). Higher temperatures in turn
correspond to a higher evaporative demand, potentially increasing ET, which in turn
decreases soil moisture (C).

Figure 1.4: Processes contributing to the soil moisture–temperature coupling and feedback loop.
Positive arrows (red) indicate processes that lead to a drying/ warming in response to a negative
soil moisture anomaly and blue arrows denote potential negative feedbacks (the hatched blue
arrow indicates the tendency for enhanced temperature to lead to more evaporative demand; if
this results in an increase of evapotranspiration, this in turn leads to a further drying of the soil
and thus to a positive feedback loop). Note that possible links to the radiation (clouds and water
vapour) are not included, and that the displayed relationships similarly apply for positive soil
moisture anomalies (leading to negative temperature anomalies). (A), (B) and (C) refer to the
different steps of the feedback loop. From Seneviratne et al. (2010).

While the physical foundations of the soil moisture–temperature coupling are well
established, it is not trivial to assess. One possibility is to analyse soil moisture
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anomalies preceding heat waves/ temperature extremes. Land–atmosphere coupling
metrics based on observational data identify spatio-temporal regions with coinciding
anomalies of temperature and LH. A third possibility are (idealized) model simulations,
muting the impact of the atmosphere on the soil. Section 1.4 presents an overview of
studies applying these methods to investigate the land–atmosphere coupling.

1.2.5

Global climate models

Climate models are used to study the climate system, i.e. the atmosphere, pedosphere,
hydrosphere, and cryosphere, and simulate the climate of the past, present, or future.
Climate models come in differing complexity, from very simple zero-dimensional
models, solving only the radiative equilibrium of the Earth, to very complex models,
simulating the geophysical, and biogeochemical cycles of the global climate.
General circulation models (GCMs) simulate the energy, momentum and mass
fluxes of the atmosphere, ocean, land surface, sea ice, and glaciers. For each component,
the governing equations are derived from first principles, i.e. from the equations of
motion, the conservation of mass and energy. The equations are solved on a discretized
grid, with a typical horizontal resolution of 100 km to 250 km. Some processes
(e.g. precipitation, or radiative transfer) cannot be explicitly resolved, and need to be
parametrized, either based on physical understanding of the processes or on empirical
knowledge. Two general types of GCMs can be distinguished: models with and
without an interactive ocean. The former include an ocean model and compute SSTs
interactively, and are also called fully coupled models. Models without interactive
ocean prescribe SSTs, from observations or fully coupled models. These models do
not simulate feedback processes with the ocean.
Land surface models (LSMs) simulate the hydrological, biogeophysical, and biogeochemical processes of the land surface, and interact with the atmosphere via moisture,
energy, and momentum fluxes. First-generation LSMs solve the water and energy
balance of the land in a very simplistic way. The second generation of LSMs include
a biophysical control on evapotranspiration (Sellers et al., 1997), which led to more
realistic simulations of evapotranspiration and precipitation (e.g. Henderson-Sellers
et al., 1995). The current, 3rd -generation, models include the carbon and nitrogen cycles of plants and the soil, and may even represent dynamical changes in biogeography
(vegetation dynamics, land use change, and urbanization, e.g. Pitman, 2003).
Climate models require the specification of boundary conditions, such as the
concentration of GHGs, aerosols, and (if the ocean is uncoupled) SSTs. GHGs, soot,
or sulphate aerosols from combustion are classified as anthropogenic forcing agents,
while volcanic aerosols or changes in the solar constant are natural boundary conditions.
By prescribing specific boundary conditions, e.g. the historical period or projections of
possible future climates can be modelled (Chapter 2, Chapter 3 and Chapter 4). Further,
the influence of a certain process on the climate system can be isolated by turning it
off in the climate model (Chapter 3 and Chapter 4).
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Community Earth System Model
The Community Earth System Model (CESM, current version 1.2) is a communitydeveloped climate model. It consists of six model components responsible for simulating the Earth’s atmosphere, land, land-ice, ocean, sea-ice and rivers that interact
through a central coupler (Hurrell et al., 2013). CESM is the main climate model used
in this thesis (Chapter 3 and Chapter 4).
The LSM of CESM is the Community Land Model, (CLM, current version 4;
Oleson et al., 2010; Lawrence et al., 2011). CLM is a 3rd -generation LSM, calculating
the soil temperature, soil moisture, momentum and energy fluxes of the land surface by
accounting for many aspects such as plant physiology, soil physics, radiative transfer
at the surface, and hydrology. The surface is represented by five sub-grid land cover
types (glacier, lake, wetland, urban and vegetated), where the vegetated part is further
divided into a number of plant functional types. The soil is represented by 15 layers
with exponentially increasing depth.
Coupled Model Intercomparison Project phase 5 (CMIP5)
A large number of simulations from coupled climate models are readily available from
the Coupled Model Intercomparison Project phase 5 (CMIP5, Taylor et al., 2012).
CMIP5 is a set of coordinated climate model experiments, providing simulations with
a large range of boundary conditions. Table 1.1 presents the names of the experiments
and associated boundary conditions used in this thesis.
Table 1.1: Names of simulations used in this thesis. The simulations differ in their boundary
conditions: OBS, and PROJ, stands for boundary conditions derived from observations and
projections, respectively. CONST can either mean constant pre-industrial concentrations or
constant background concentrations (e.g. for volcanic aerosols). The last two columns indicate
which kind of simulation was used for trend detection and attribution (DA) and event attribution
(EA) in this thesis, respectively.

Name (abbreviation)

Natural
forcings†

Anthropogenic
forcings‡

time

historical (ALL)
RCP8.5
historicalGHG (GHG)
historicalNAT (NAT)
piControl (piC)

OBS
CONST
CONST
OBS
CONST

OBS
PROJ
OBS
CONST
CONST

1850–2005
2006–2100
1850–2005
1850–2005
> 500

† volcanic

Used for
DA EA
X
X
X
X

X
X
X
X

aerosols, solar radiation. ‡ greenhouse gases, anthropogenic aerosols.

Historical simulations use observed anthropogenic and natural forcings and attempt
to simulate the observed climate a closely as possible. However, they end in 2005,
and to study the more recent or future climate, projections must be used. These
simulations are forced with scenarios known as Representative Concentration Pathways
(RCPs, Meinshausen et al., 2011). The four available RCPs within CMIP5 (RCP2.6,
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RCP4.5, RCP6.0, and RCP8.5) provide possible trajectories of atmospheric boundary
conditions for the next century. The naming convention of the RCPs is such that the
number in the name represents the radiative forcing at the end of the 21st century,
e.g. RCP8.5 corresponds to a radiation imbalance of 8.5 W m−2 in 2100. Note that
the differences between the scenarios only become apparent after approximately 2030
(Kirtman et al., 2013). HistoricalGHG simulations use observed anthropogenic, and
constant natural forcings. HistoricalNAT simulations, on the other hand, use preindustrial anthropogenic, and observed natural forcings. Finally, pre-industrial control
simulations, include constant natural forcings and GHG concentrations. These model
experiments will be important for the next section about the trend and event attribution
methodologies.

1.3

Attributing the anthropogenic influence on climate extremes

Here, I present methods that allow to trace changes in climate variables back to
anthropogenic influence. The first method, trend detection and attribution tests if
long-term changes (trends) can be ascribed to climate change. The second method,
event attribution, investigates if the probability of extreme events has changed due to
increased GHG concentrations. Although the two methods are very different in detail,
both largely rely on climate model simulations. Simply speaking, they compare climate
simulations with and without anthropogenic forcing.

1.3.1

Trend detection and attribution

Trend Detection and Attribution (DA) studies test the hypothesis that observed trends
in a climate variable are consistent with climate change, and inconsistent with a climate
absent trends in GHGs. Here, I will first introduce the method and some key results.
Then, Box 1 provides an example application of the detection and attribution method
for a temperature-based index measuring the potential length of the growing season.
Method
The principle of DA is illustrated in Figure 1.5 for an arbitrary temperature index (T*).
Panel a shows the observed anomaly time series of T*. It was derived by averaging the
gridded observations in space (here by using all land grid points), and time (here by
taking five year means). In our example we only consider model simulations with two
different boundary conditions: NAT, and ALL (see Table 1.1 for the names). To make
the model simulations comparable to the observations, they are first regridded to the
resolution of the observations, then masked by the data availability of the observations,
and finally, they undergo the same spatio-temporal averaging than the observations
(Panel b). Only one model simulation per boundary condition is shown, but usually
a large number of them is used. Finally, the observations are individually regressed
against the ALL and NAT forcing simulations. The resulting regression coefficients,
called “scaling factors” (β), are shown in Panel c. The scaling factor for ALL includes
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one but not zero, while it includes zero for NAT. Therefore, the observed change in T*
could be attributed to climate change, and is inconsistent with natural forcings alone.

b

4

4

2

2

0

2

4

4
2000

1
0
1
2

1960
OBS

beta

2

0

2

1960

c

X

scaling factor [-]

Y

T* [K]

T* [K]

a

2000
ALL

ALL

NAT

NAT

Figure 1.5: Trend detection and attribution for idealized time series of an arbitrary temperature
index (T*). See main text for explanaition. (a) Observed evolution of T*. (b) Simulated time
series of T* for different forcing conditions. (c) Resulting scaling factors.

In detail, the following linear regression model is used (Hasselmann, 1979; Allen
and Tett, 1999):
Y = β(X − V) + ,
(1.6)
where Y , and X are the vectors of the observations and model simulations, respectively,
and V and  are noise terms. Both, the observations and the simulations, are subject
to sampling uncertainty, because only one observation and a finite number of climate
model simulations are available. Therefore, it is recommended to use the total- instead
of the ordinary-least squares algorithm, because only the former gives an accurate
estimate of β (Allen and Stott, 2003). The noise terms V and  are assumed to be
Gaussian and represent internal climate variability (Allen and Tett, 1999). To obtain
optimal scaling factors, and for the uncertainty analysis, the covariance (and its inverse)
of the noise terms need to be known (Allen, 2003; Ribes and Terray, 2013). They
are usually estimated from long, unforced control simulations (pre-industrial control
simulations). A review of the DA methodology is given in Hegerl and Zwiers (2011).
Results
DA has been done extensively for the observed increase in mean temperatures, which
could be attributed to GHGs at the global and continental scale (Tett et al., 2002; Zwiers
and Zhang, 2003; Bindoff et al., 2013). For global land precipitation, there is some
evidence for an anthropogenic influence, especially in high latitudes (Bindoff et al.,
2013).
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One of the first detection and attribution studies investigating extremes was by
Hegerl et al. (2004). Using a perfect model approach (where model simulations were
used as pseudo-observations), they found that detecting changes in extremes is no more
difficult than for the mean. The first formal detection study using observed extremes
(Christidis et al., 2005) investigated the detectability of changes in the coldest and
warmest day and night of the year (TXn, TXx, TNn and TNx) and found a significant
human influence for all indices, except TXx. Further progress was made by using
non-stationary extreme value theory, which is more suitable to describe the distribution
of extremes. Applying extreme value theory, human influence was detectable in all
four extreme indices on global and to a certain degree also on regional scales (Zwiers
et al., 2011; Christidis et al., 2011). For drought, however, there is low confidence that
changes can be attributed, due to the large internal variability and poor observations
(Bindoff et al., 2013).

Box 1: Illustration of detection and attribution: growing season
length
This box is based on the article “Lengthening of the growing season in wheat and
maize producing regions” (Weather and Climate Extremes, 9, doi:10.1016/ j.wace.
2015.04.001) to which I made substantial contributions. The full text is reproduced
in Chapter A.
This box illustrates the trend detection and attribution method for a temperaturebased climate index, the growing season length.
Introduction Climate change is expected to have a large impact on crops. Global
wheat yields, for example, are estimated to decrease by 6 % for every 1 ◦C of warming
(Asseng et al., 2015; Liu et al., 2016). However, increasing temperatures may also
lead to an extension of the area suitable to grow crops, or even allow to harvest the
same field twice per year (double-cropping), due to an lengthening of the growing
season (GS). The growing season length (GSL) is a climate index that measures the
length of the temperature conditions favourable for plant growth. It is defined as the
number of consecutive days per year with a temperature above 5 ◦C. In this study,
we investigate if the GSL has increased in the historical period, and if these changes
can be attributed to anthropogenic climate change. We focus our analysis on wheat
and maize areas, due to their importance for global food production (FAO, 2014b).
Data and postprocessing Observational GSL data with a resolution of 2.5° × 3.75°
was obtained from HadEX2 (Donat et al., 2013). We use climate model simulations
from CMIP5 for the years 1956 to 2005. Three experiments were considered: NAT,
GHG, and ALL (see Table 1.1 for an explanation of the names), and at least 36
simulations were used per experiment (see Table F.1). All data was regridded to the
resolution of the HadEX2 dataset.
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We conduct a one-region, temporal detection by considering all extratropical
land areas (see Figure 1.6) for wheat and maize, respectively. Therefore, we select
all grid points north of 25 °N and south of 25 °S where either wheat or maize is
grown on at least 1 % of the area. We compute spatial averages and take five-year
means. This reduces the size of our dataset considerably and makes the inversion of
the covariance matrices possible (Section 1.3.1) The same postprocessing is applied
to the CMIP5 data, before using Equation (1.6) to obtain the scaling factors. To test
if the climate models also capture the spatial structure of the GSL trends, we conduct
a spatio-temporal DA analysis. Therefore, we concatenate the area-averaged time
series of the three focus regions (Asia, Europe, America, see Figure 1.6) into one
vector.

Observed GSL trend

US

75°N

EU

AS

50°N
25°N
0°
25°S
50°S
180°W

0.35

120°W

0.25

60°W

0.15

0°

0.05 0.05
days / year

60°E

0.15

120°E

0.25

180°E

0.35

Figure 1.6: Trend in observed GSL between 1956 to 2005. White land areas indicate missing
data. Note the difference to Figure A.5 in south America, which is due to the use of a new
HadEX2 version for the plot shown here. For the DA analyses, we consider the northern and
southern hemispheric extratropics (regions not overlaid with dark gray) as well as the three
focus regions indicated with boxes: Asia (AS), Europe (EU) and North America (AM).

Results Figure 1.6 shows the linear trend in GSL observations from 1956 to 2005.
Almost all land areas show an increase in the length of the GS. A trend analysis of
the CMIP5 simulations shows that the observed trends are consistent with the trends
in the ALL and GHG simulations, but not with the NAT simulations (Figure A.5).
We use the DA methodology to test the hypothesis that changes in GSL can
only be explained if anthropogenic forcing is considered. Figure 1.7 shows the
obtained scaling factors of the DA analysis. Scaling factors and confidence intervals
including one but excluding zero can be found in the extratropics for ALL forcing
and in the 3-region-setup for ALL and GHG. They indicate that the model-simulated
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responses under ALL and GHG forcing are detected (i.e. distinguishable from internal
variability) and consistent with observations. The scaling factors for the GHG signals
are smaller than for the ALL signal, which reflects the lack of the negative impacts of
aerosols and volcanic forcing on temperature and subsequently, GSL. In all regional
setups, simulations under NAT forcing do not represent the observations well, which
can be seen in scaling factors that are consistent with or below zero and have large
confidence intervals.
Conclusions Our results suggest that anthropogenic GHGs have changed the growing season length significantly. The analyses are performed over regions that cover
small land areas in total but are dispersed widely within continents. The narrow
confidence intervals for the ALL-forcing simulations provides strong evidence that
DA of temperature-based indices is possible even for small land areas, provided that
a large number of model simulations are considered.

a

Wheat

b

Maize

2

Scaling factors

1
0
1
2

ALL
GHG
NAT
Extratropics

AS-EU-AM

Extratropics

AS-EU-AM

Figure 1.7: Scaling factors from DA analyses. Scaling factors for CMIP5-simulations with
ALL, GHG and NAT forcing over wheat (a) and maize (b) regions for temporal detection
(extratropical region) and spatio-temporal detection (3 northern hemispheric regions, see
Figure 1.6). Best estimates are displayed with dots and the 90 % confidence intervals with
full lines.

1.3.2

Event attribution

Detection and attribution investigates the human imprint on trends in the climate system,
however, it does not allow to investigate individual extreme events. Here, I present an
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short introduction to event attribution. Two comprehensive reviews on the topic can
be found in a recent report by the National Academy of Sciences (referred to as NAS,
2016, hereafter), and in Stott et al. (2016).
Method
Extreme events are rare and subject to large internal variability, implying that every
event could also happen by chance (Allen, 2003). This stochastic element makes it
impossible to determine if an extreme event was caused (in a deterministic sense) by
climate change. Therefore, event attribution uses a probabilistic approach and assesses
if the event was made more or less likely by climate change. A measure for this change
is given by the risk ratio (RR):
p
RR = f ,
(1.7)
pc
where pf is the occurrence-probability of the event in the current, factual climate, and
pc refers to the probability of the event in a counterfactual climate without climate
change. The probabilities pf and pc are defined for a weather variable exceeding (or
falling below) a threshold. Figure 1.8 illustrates the principle of event attribution.
Event attribution is based on observations and models, which are used to estimate the
distribution of the investigated variable. In a conditional event attribution assessment,
the RR is calculated depending on the climatic conditions present during the event. For
example the event attribution can be conditional on the state of the El Niño Southern
Oscillation (ENSO), the SST patterns, or even the atmospheric circulation during the
event. There will always be uncertainty in an event attribution statement, as reflected
by an uncertainty bands of the RR. If the lower (upper) end of the uncertainty range
of the RR is above (below) one, climate change has made the event more (less) likely.
However, the event cannot be attributed if the RR includes one.
Event definition
Every past extreme event has evolved in its own unique way, but to tackle the event
attribution question, the investigated event has to be defined in a measurable way. First, a
climate variable must be chosen such that it best represents the event. However, simple
metrics (e.g. the maximum temperature or mean precipitation) are often preferred,
because the variable must be available in observations and models. Typically, the
variable is averaged over a particular area and time (e.g. summer mean precipitation
over central Europe). Also, the threshold to calculate pf and pc needs to be defined
(see Figure 1.8). Often, the second largest event on the record is chosen, to avoid a
selection bias (Stott et al., 2004).
Clearly, the event definition will influence the results of the study, and influence the
magnitude of the RR. Generally, using a larger spatial extent or a longer time period,
will point to a larger anthropogenic contribution, because the role of internal variability
decreases (Fischer et al., 2013; Uhe et al., 2016; Stott et al., 2016).
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Figure 1.8: Illustration of probabilistic event attribution. (a) Distribution (including uncertainty)
of a climate variable in the factual climate (red) and the counterfactual climate (blue). The
probability of the event is given by the cumulative probability up to the threshold (see inset). (b)
The risk ratio and its uncertainty can be calculated from these probabilities (pf and pc ). While
the risk ratio is again a distribution, often a confidence interval is shown (e.g. the 2.5 % to 97.5 %
confidence interval). After Hauser et al. (n.d.), submitted.

Observation-based event attribution
For observation-based event attribution no counterfactual climate data exist. A commonly applied approach is to contrast a time period at the beginning of the observational
record, when human influence was still smaller, with a time period at its end, i.e. the
current climate. This approach assumes that the effect of natural forcings is small
compared to that of anthropogenic forcings. Observation-based event attribution is
often done in a regression framework to enhance the signal-to-noise ratio (van Oldenborgh, 2007; Cattiaux et al., 2009; Otto et al., 2012; Gudmundsson and Seneviratne,
2016). The observed time series of the climate variable in question is regressed against
smoothed global mean temperature, which is considered a proxy of climate change.
In this context, the global mean temperature is smoothed to minimize the influence
of ENSO (van Oldenborgh, 2007). By inserting the global mean temperature of the
year of the event, and of a historical period, into the regression equation pf and pc is
calculated.
Model-based event attribution
Observation-based assessments often have a large uncertainty, due to the large internal
variability of the climate and a potentially short observational record. These limitations
can partly be addressed through the use of global climate models. Climate models can
be forced with arbitrary boundary conditions (Section 1.2.5), which allows to simulate
large ensembles of the factual and counterfactual climate. However, climate models
have biases and errors, and thus require a careful evaluation and bias correction (Stott
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et al., 2016).
Coupled climate models Using model simulations with a coupled ocean is attractive
for event attribution, because they include ocean–atmosphere interactions, and because
a large number of simulations is readily available (e.g. from CMIP5). The SSTs of
uncoupled simulations do not correspond to the ones observed in this year. Therefore, assessments with coupled climate models are usually regarded as unconditional.
However, certain (simple) aspects can be controlled for, e.g. the state of ENSO (Lewis
and Karoly, 2013). Due to the generally coarse resolution, there are better suited to
investigate large-scale events.
For the factual climate, historical, or RCP-forced simulations are used (Table 1.1).
The counterfactual climate, is estimated from simulations with pre-industrial GHG
forcing, i.e. historical natural (NAT) or pre-industrial control simulations (piC). Further,
it is possible to estimate the counterfactual climate from historical simulations, using a
time period in the beginning or middle of the 20th century, similarly to the approach used
for observation-based event attribution. The impact of using different counterfactual
climates on the RR is assessed in Chapter 2.
Atmosphere-only climate models To make an attribution statement conditional on
the observed state of the ocean, climate models with prescribed SSTs are used. For
the factual climate, the simulations are forced with observed SSTs. This can decrease
model biases and cut the computational cost considerably, allowing to simulate larger
ensembles. However, ocean–atmosphere feedbacks are muted, which could affect some
events. For the counterfactual climate, an estimate of ‘natural’ SSTs is required, which
is not trivial to obtain. The prevailing method is to subtract a warming pattern (∆SST)
from the observed SSTs. ∆SST is estimated from historical and historical natural
CMIP5 simulations, thus, RRs based on atmosphere-only climate models are not fully
independent of coupled models.
Results
There is a wealth of event attribution studies. For example, the Bulletin of the American
Meteorological Society annually publishes an collection of papers analysing extreme
events of the previous year (Peterson et al., 2012; Peterson et al., 2013; Herring et al.,
2014; Herring et al., 2015; Herring et al., 2016). In the following I will present a few
key findings for the attribution of heat waves and droughts.
Heat waves The first successful event attribution investigated the European heat wave
in 2003, and found that it was ‘very likely that human influence has at least doubled the
risk of a heat wave’ (Stott et al., 2004). After this ground-breaking work, many studies
attributing heat waves followed, most of them finding an increased probability of the
event under climate change conditions (e.g. van Oldenborgh, 2007; Hansen et al., 2012;
Lewis and Karoly, 2013; Fischer and Knutti, 2014; Black et al., 2015; Dong et al.,
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2016). Indeed, due to the clear climate signal on temperature at the global and local
scale (Hartmann et al., 2013), heat waves can often be attributed (e.g. NAS, 2016).
One case where the attribution of an extreme event was debated is the 2010 heat
wave in Russia. Due to the small local temperature trends, Dole et al. (2011) found no
human contribution to the predictability of the heat wave, and concluded that internal
variability likely played a large role in the unfolding of the event. However, analysing
the number of unprecedented extremes in time series data, Rahmstorf and Coumou
(2011), reach a seemingly contradictory result, namely that exceeding July temperatures
in Moscow was made five times more likely due to climate change. Using a large
ensemble of climate simulations, Otto et al. (2012) could reconcile these findings. They
show that climate change substantially decreased the return time of the event, while it
only contributed marginally to its magnitude. In Chapter 4 we will revisit the Russian
heat wave and attempt to assess the influence of climate change and land–atmosphere
feedbacks.
Droughts There are considerably less event attribution studies for droughts than
for heat extremes. The interplay of multiple climatic factors, and the high internal
variability of precipitation, makes droughts more difficult to assess (e.g NAS, 2016).
Consequently, attribution studies do not always find a strong influence of anthropogenic
climate change. Some studies can attribute droughts in certain regions, but not in
others (Gudmundsson and Seneviratne, 2016), other studies find a clear signal, which
is, however, mainly linked to an earlier snow melt (Barnett and Pierce, 2009), or can
show that other factors than climate change were important for the drought (mainly
population growth and increased water consumption; Otto et al., 2015). Also model
biases can have a large influence on drought studies, by either making the results
dependent on the bias correction method (Shiogama et al., 2013), or even hindering
a reliable attribution (Wilcox et al., 2015). Chapter 3 assesses the methodological
uncertainty associated with the attribution of droughts on the example of the 2015 dry
summer in Europe.

1.4

Assessing the influence of the land surface on climate extremes

After introducing methodologies to investigate the influence of anthropogenic climate
change on climate extremes, we now turn our attention land–climate interactions. I start
by presenting observation-based assessments, and first give a short overview on studies
investigating soil moisture conditions as precursors for temperature extremes. Then I
introduce two coupling metrics that measure the strength of land–climate interactions
in observations. Additionally, I present a case study contrasting these two metrics
for the 2015 heat wave in the Western United States in Box 2. Idealized experiments
with climate models are an additional method to assess this coupling. By suppressing
the coupling of the atmosphere with the land, they provide a possibility to artificially
mute the influence of soil moisture variations on weather and climate. Comparing the
climate with that of fully interactive reference simulations allows to estimate the soil
moisture impact. Section 1.4.2 provides an overview of studies using this approach.
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Observation-based assessment

Antecedent soil moisture conditions
The influence of antecedent soil moisture deficits on indices of extreme temperature
was investigated in many studies. One major issue all these studies faced is the limited
availability of large-scale in-situ measurements of soil moisture conditions. Therefore,
soil moisture is often estimated indirectly, either from the Standardized Precipitation
Index (SPI), or from land surface models.
Regional analyses for Europe and North America found a relationship between
antecedent soil moisture deficits and temperature extremes (Durre et al., 2000; Hirschi
et al., 2011; Whan et al., 2015). The largest impacts were thereby observed at the warm
end of the distribution. A higher occurrence-probability of hot extremes after rainfall
deficits was also found in a global analysis for many regions, including North and
South America, Europe, Australia and parts of China (Mueller and Seneviratne, 2012).
These findings suggest that in these regions wet springs could inhibit hot extremes in
summer (Quesada et al., 2012), although cloud cover and dry-air advection may also
play an important role (Vautard et al., 2007).
Coupling metrics
On climatological time scales the coupling between soil moisture and temperature is
often measured with correlation-based metrics, e.g. by the Pearson correlation, ρ(·),
between temperature (T) and ET, ρ(T, ET) (Seneviratne et al., 2006b; Jaeger et al.,
2009; Lorenz et al., 2012). A strong soil moisture–temperature coupling leads to
negative values of ρ(T, ET), whereas positive ρ(T, ET) are indicative of an atmospheric
control on ET.
A similar metric, Π, additionally takes potential ET into account, and is calculated
as follows (Miralles et al., 2012):
Π = ρ(SH, T) − ρ(SHp, T),

(1.8)

where SHp is the sensible heat flux which would occur if soil moisture would not limit
ET (i.e. SHp ≤ SH), and it is calculated as SHp = Rn − LHp , with LHp = λETp . Π
compares the skill of SH and SHp to explain near-surface temperature. Hence, positive
values of Π are indicative of regions where considering a soil moisture–induced
reduction of evaporation better explains variations in temperature.
However, ρ(T, ET), and Π do not allow to investigate the soil moisture–temperature
coupling on weekly or daily time scales. In the following I present two such metrics.
The π metric The actual and potential ET can have large day-to-day fluctuations, as
they depend on, e.g. cloud cover and temperature. Their difference, however, should
only be controlled by the soil moisture conditions (Miralles et al., 2012). Therefore,
the daily coupling metric (π) can be defined similarly to Equation (1.8):
!
Ti − T SHi − SH SHp,i − SHp
πi =
−
,
(1.9)
σT
σSH
σSHp

L a n d i n f lu e nce on climate extremes

21

where i indicates the day of the year, T, SH, and SHp are the averages of, T, SH and
SHp , and σT , σSH , and σSHp are its standard deviations. The anomalies and standard
deviations are calculated for each day of the year individually, comparing different
years. By dropping the subscript ‘i’ this equation can be rewritten as:


π = T 0 SH 0 − SHp0 ,
(1.10)

Anomaly

π

where T 0 , LH 0 , and LHp0 are anomalies expressed as standard deviations. A large π is
indicative of a strong soil moisture–temperature coupling, which has two requirements:
positive temperature anomalies and a large difference between potential and actual ET
(Figure 1.9).
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Figure 1.9: Illustration of π and its constituents for the state of Washington (USA) in the summer
of 2015 (see Box 2). (a) Daily values of the coupling metric π for 2015 compared to 1979 to
2014. (b) the contributions from T0 , and SH0 − SH0p for 2015. Adapted from Philip et al. (n.d.),
submitted.

The 2003 heat wave in Europe led to high values (>8) of π. These large values
were almost only observed over France, even though temperature anomalous were
present over most of central Europe, indicating the important role of SH 0 − SHp0 for π
(Miralles et al., 2012). Values of similar magnitude π were observed for the 2010 heat
wave in western Russia, however, with a larger spatio-temporal extent than in the 2003
European heat wave (Miralles et al., 2014).

22

Introduction

EF = λET/Rn
Energy limited

Soil moisture limited

VACa

EFmax

Cc
VA
Dry
0

VACb

Cd
VA
Wet

Transitional
θ pwp

θ crit

SM

Figure 1.10: Depiction of the four VAC categories with respect to the soil evapotranspiration
regimes (after Zscheischler et al., 2015).

The Vegetation Atmosphere Coupling index A second metric to assess the shortterm land–atmosphere coupling is the Vegetation Atmosphere Coupling index (VAC;
Zscheischler et al., 2015). VAC identifies regions where large anomalies of temperature
and LH coincide and allows to determine if the investigated region is in a energy-limited
or water-limited regime on a certain day.
Four coupling (and one neutral) regimes are assigned to all combinations of negative
and positive anomalies in temperature and LH, according to percentile-dependent
thresholds:


a





b



VAC = c



d




0


if T 0 < −thT
if T 0 > thT
if T 0 > thT
if T 0 < −thT
otherwise

and LH 0
and LH 0
and LH 0
and LH 0

< −thLH
> thLH
< −thLH ,
> thLH

(1.11)

where T 0 and LH 0 correspond to T and LH anomalies, respectively. The thresholds thT
and thLH are determined on absolute anomalies through the choice of a percentile (p),
i.e. Pr[|X | ≥ thX ] = p, where Pr[·] is the probability, X stands for either T or LH and
| · | denotes the absolute value.
Figure 1.10 shows how the four VAC categories fall into the EF regimes. The first
category (VACa , blue) occurs in the energy-limited EF regime during cold anomalies
with small ET. VACb (orange) denotes concurrent positive anomalies in temperature
and LH indicating a drying of the soil and atmospheric control. For VACc (red),
positive anomalies in temperature coincide with negative anomalies in LH, indicating
dry soil and coupling controlled by land. Finally, in VACd (green) ET is increased due
to large rainfall over dry soils.
The VAC metric is helpful to identify energy and water limited soil moisture
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regimes. For example, large areas were classified as VACc during the 2010 droughts in
western Russian and in the Amazon region. The event in Russia was identified as the
largest spatiotemporally contiguous occurrence of VACc in the Northern Hemisphere in
the available observational record (1982 to 2011, Zscheischler et al., 2015). However,
VAC not only allows to identify hot and dry extremes, it is also possible to recognize
spontaneous greening (VACd ), when precipitation potentially allows plant growth in
usually hot and dry regions. As for example after strong rainfall events in December to
February 1997/98 in east Africa.

Box 2: Land atmosphere coupling metrics for the 2015 Western
US heat wave
This box is based on my contribution to the article “Western US high June 2015
temperatures and their relation to global warming and soil moisture” (submitted to
Climate Dynamics). The full text is reproduced in Chapter B.
Although π and VAC both characterize the instantaneous coupling of the land
surface with the above-ground temperature, a direct comparison of these metrics is
still lacking. In this analysis, I contrast them for the first time, using the example of
the 2015 heat wave in the Western United States.
Introduction The year 2015 was characterized by record-breaking early-summer
temperatures in the US Pacific states, both for individual days and locations and the
June monthly mean state averages. In both, Washington (WA) and Oregon (OR), the
temperature anomaly of June 2015 was the most extreme ever recorded. The mean
June temperature in California (CA) was also record high, although not as extreme
as in WA and OR.
Data To obtain a best estimate of the latent heat flux, we forced the Community
Land Model with 6 hourly ERA-Interim data. The simulation on a 0.5° grid extends
from 1979 to 2015. This approach is similar to ERA-Interim/Land (Balsamo et al.,
2015), which, however, only extends to 2010.
Soil moisture–temperature coupling The spatial distributions of the coupling
metrics and their constituents for June 2015 are shown in Figure 1.11. Panel a reveals
that π is largest in WA and in northern OR. The spatial pattern of π reflects variations
in SH 0 − SHp0 rather than T 0 , whereas the overall magnitude of π is determined by T 0
rather than SH 0 − SHp0 . This indicates that anomalies in the surface energy balance
likely contributed locally to the temperature extremes, but they are not the sole
mechanism that can explain the temperature extremes. Large positive temperature
anomalies can be found over the whole of the Western US and are thus much more
widespread than strong anomalies in the surface energy balance. The absolute values
for π are lower than those reported for the 2003 heatwave in Europe, the 2006
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heatwave in the central US, and the 2010 Russian heatwave (Miralles et al., 2012;
Miralles et al., 2014). This can be explained by the longer (monthly) time period
considered in Figure 1.11, whereas the other studies focussed on the period with
maximum temperature anomalies.
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Figure 1.11: Land–atmosphere coupling metrics and anomalies for June 2015. (a) π metric,
(b) VAC, (c) sensible heat flux minus potential sensible heat flux anomaly (SH0 − SH0p ), (d)
temperature anomaly (T0 ) and (e) latent heat flux anomaly (LH0 ).

VAC for monthly anomalies in T and LH is shown in Panel b. The ‘light’
colors are used for anomalies exceeding one standard deviation (70th percentile), the
‘dark’ colors are used if they exceed two standard deviations (95th percentile). VAC
identifies the interior of WA and OR as a region of strong land–atmosphere coupling
(VACc ), in close agreement to π. Additionally, it shows a ring of VACb indicating a
strong loss of soil moisture due to enhanced evapotranspiration. Both metrics agree
in the strong coupling between soil moisture and temperature in June 2015.
In the following, we consider weekly and daily timescales. Figure 1.9 shows the
evolution of daily π values for WA and the contributions from T 0 , SH 0 , and SHp0 . We
applied a 31-day running mean for the daily anomalies and filtered out events where
T 0 and SH 0 − SHp0 are both negative. WA shows a strong coupling between soil
moisture and temperature, π values exceed 5 in June and July 2015. As a reference,
π rarely exceeds 2 in other years (Figure G.5 for OR and CA).
Figure 1.12 compares the evolution of weekly VAC and π for June and the first
half of July. Both metrics identify two phases of the heat wave. During the first peak
(11.06) a strong ‘positive’ coupling occurs in the middle of WA. The ring of VACb
indicates that these regions are not water limited. This strong soil moisture loss can
also be seen in soil moisture time series (Supplementary Figure B.5). During the
second peak of the heat wave, the area of strong positive coupling is larger for VACc
and π is larger. In mid July, the signal has vanished.
VAC and π are in close agreement in terms of spatial extent and temporal
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evolution, and they complement each other. π concentrates on the positive coupling
of the land and the atmosphere and it is possible to compare the strength of different
events. For VAC the strength of the anomaly is less fine-grained but it provides
additional information about the land–atmosphere coupling.
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Figure 1.12: Weekly values of the two coupling metrics π (top row) and VAC (bottom row)
from the 04.06.2015 to the 16.07.2015.

1.4.2

Model Based assessment: prescription of soil moisture

Climate models offer the possibility to decouple the land from the atmosphere by
prescribing soil moisture (or other land surface variables) to pre-defined values, irrespective of the atmospheric forcing. This isolates the influence of the land on the
atmosphere, and allows to infer causal relationships regarding the effect of soil moisture on climate. In practice, this signifies that precipitation which infiltrates the soil
is artificially removed, and water that is lost from the soil by evapotranspiration or
drainage is artificially replaced. Thus, such experiments do not fully conserve water.
The general purpose of experiments prescribing soil moisture is to isolate the
influence of the soil on the atmosphere. However, various aspects of the atmospheric
response were investigated and I present four categories of assessments. Note that the
classification of the presented studies is not always clear-cut.
Land–atmosphere coupling The first type of study investigates the influence of
inter-annual soil moisture variability on the variability of temperature and precipitation.
These studies prescribe the same seasonal cycle in multi-ensemble or multi-year
simulations and estimate the land–atmosphere coupling strength, i.e. how much the
inter-annual variability of precipitation or temperature has decreased due to the soil
moisture prescription.
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The Global Land Atmosphere Coupling Experiment (GLACE; Koster et al., 2004),
was a multi-model intercomparison project assessing the coupling strength of a northern
hemisphere summer in a neutral ENSO year. For precipitation, the Sahel, equatorial
Africa, the Great Plains, and India were found as multi-model “hot spots” of land–
atmosphere coupling (Koster et al., 2004). For temperature, the same regions, and
additionally eastern China, were identified as regions with a strong coupling, and the
coupling strength was generally higher than for precipitation (Koster et al., 2006). However, the analysis also revealed large differences in coupling strength between models,
which could primarily be traced back to different sensitivity of evapotranspiration to
soil moisture in the models (Guo et al., 2006).
For Europe, the GLACE experiments did not identify a strong multi-model
land–temperature coupling. In contrast, Seneviratne et al. (2006b) find a soil moisture–temperature coupling, south of the Alps for the period 1970 to 1989. They trace
this difference to the different model, model resolution or the inclusion of inter-annual
variability in SSTs. More importantly, however, the region with a large soil moisture–temperature coupling extends northward in the 21st century, which is probably
related to a drying. This implies that climate change could lead to a higher summer
climate variability in Central Europe.
Land vs. ocean control of atmospheric variability SSTs and soil moisture both
show considerable persistence (“memory”), which allows to predict them into the future
(Koster and Suarez, 2001; Seneviratne et al., 2006a; Jin and Kinter, 2008; Orth and
Seneviratne, 2012). However, this predictability is only relevant for (seasonal) weather
forecasts if soil moisture and/ or SSTs actually influence the atmosphere. Studies in
this category investigate how much of the atmospheric mean state and variability is
controlled by soil moisture and SSTs. To remove the inter-annual variability of land
and ocean these studies often prescribe soil moisture and SSTs.
Early work on this topic identified the land as driving force for precipitation
variability (Koster and Suarez, 1995). However, ocean-to-land teleconections were
probably not correctly accounted for in the employed GCM. Subsequent analysis with
newer GCMs found that the land and the ocean have similar effects on precipitation
anomalies (Koster et al., 2000; Reale and Dirmeyer, 2002). However, there are
important regional and seasonal differences in the ocean and land influence. SSTs
are generally dominant in the tropics, while soil moisture has the largest influence
in mid-latitude summer (Conil et al., 2007). Moving beyond mean temperature
and precipitation, Orth and Seneviratne (2017b) could show that high quantiles of
temperature and precipitation are more strongly affected by soil moisture and SST
variability than the mean. Generally, these studies suggest that a correct initialisation
of the land in weather forecasts could improve state-of-the-art dynamical seasonal
predictions (Koster et al., 2010).
Influence on heat waves Soil moisture can have a large influence on heat waves by
amplifying temperature extremes and potentially prolonging the event. Prescribing
dry, wet, or climatological soil moisture conditions in regional climate models (RCMs)
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offers a possibility to isolate the contribution of soil moisture to the event from the
contribution of the large-scale circulation. RCMs are the tool of choice for such
assessments because, in contrast to global models, they are able to reproduce – more
or less – the exact event, as the circulation is specified as boundary conditions.
For four major European heat waves in 1976, 1994, 2003, and 2005, Fischer et al.
(2007a) could show that the land–atmosphere coupling accounts for 50 % to 80 % of the
total number of hot days. For the 2003 heat wave specifically, the temperature anomaly
could be reduced by up to 40 % when increasing soil moisture to the climatological
seasonal cycle (Fischer et al., 2007b). The memory effect of soil moisture also plays a
major role for heat-wave persistence: heat waves were found to be shorter when holding
soil moisture constant, even when dry conditions are prescribed (Lorenz et al., 2010).
Jaeger and Seneviratne (2011) quantify the role of temporal variability of soil
moisture on European extreme temperatures and precipitation. They prescribe soil
moisture values smoothed with low-pass filters of different length, and found that
temperature extremes are affected by the absolute soil moisture levels and to a smaller
degree also by changes in the temporal variability. By conducting long-term (1959
to 2006) simulations with and without prescribed soil moisture, they were able to
relate trends in daily maximum temperature to decreasing soil moisture (see also next
section).
In Chapter 4, I provide a similar analysis for the 2010 heat wave in western Russia.
However, I turn the argumentation around: instead of asking how much less likely the
heat wave would have been under climatological soil moisture conditions in an RCM
(where the event is expected to be reproduced), I ask how much more likely the event
was, given the observed soil moisture conditions during the event in a global GCM
(where the event is not expected to be reproduced).
Influence of soil moisture for future climate Projections of the 21st century show
a large increase of temperature extremes (e.g. Collins et al., 2013; Seneviratne et al.,
2016). Soil moisture is also expected to be strongly influenced by climate change.
Indeed, the multi-model median projections from CMIP5 show a decrease in surface
soil moisture in North America, Europe, the Amazon, southern Africa and Australia
(Berg et al., 2017). Studies in this last of the four presented categories try to disentangle
the increase in temperature extremes into a part that was due to increased global mean
temperatures and a part that is due to a decrease in soil moisture.
The GLACE-CMIP5 project (Seneviratne et al., 2013) provides CMIP5-type transient climate simulations and projections for the period 1950 to 2100 (based on RCP8.5),
with and without changes in soil moisture. Besides a control run with interactive soil
moisture, two experiments were carried out where the mean seasonal cycle of soil
moisture was prescribed. In the first experiment soil moisture was prescribed to the
1971 to 2000 climatology, thus removing long-term trends. The second experiment
uses a 30-year running mean soil moisture, which preserves long-term trends but
removes the inter-annual variability.
Temperature extremes on most land areas were significantly reduced, and precipitation extremes in the tropics were enhanced by the suppressed inter-annual soil moisture
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variability in GLACE-CMIP5 (Lorenz et al., 2016). Comparing the simulations with
and without the projected drying trends shows a strong increase in the duration, frequency and intensity of temperature extremes. Annual maximum temperatures, for
example, are up to 4 ◦C higher at end of the 21st century due to the decrease in soil
moisture (Seneviratne et al., 2013). Soil moisture trends were found to be more important than short-term soil moisture variability for the temperature extremes (Vogel
et al., 2017), but the trends themselves differ substantially between models (Lorenz
et al., 2016).
Douville et al. (2016) use factorial experiments which allow to disentangle the
contribution of changes in soil moisture and and climate change on temperature
extremes. They find that up to one third of the temperature change in the 21st century
is due to a decrease in soil moisture, while the rest can be attributed to the increase in
GHGs. Similarly, Rowell and Jones (2006) partition the projected drying over Europe
into changes in soil moisture, and atmospheric circulation. They show that the decrease
in spring soil moisture is one of the main factors responsible for the drying.
Currently, a further model intercomparison project is planned. The Land Feedback
Model Intercomparison Project (LFMIP) within the Land Surface, Snow and Soil
Moisture Model Intercomparison Project (LS3MIP, van den Hurk et al., 2016) aims
to quantify and compare the role of soil moisture in climate change simulations. The
planned experiments follow a similar protocol to GLACE-CMIP5, but also consider
ocean–atmosphere feedbacks by not prescribing SSTs. In Chapter 3, I investigate the
sensitivity of such assessments to the choice of the soil moisture climatology and the
method to prescribe soil moisture.

1.5

Aims and outline

Climate change and land–atmosphere feedbacks are two important phenomena potentially aggravating climatic extreme events. In this thesis, I set out to investigate
these relationships and to assess the methodological uncertainties associated with the
employed techniques. This thesis consists of five chapters and seven appendices. The
core of this thesis consists of three articles, of which one is submitted (Chapter 2), and
two are published (Chapter 3 and Chapter 4). In addition, two original research articles
on which I am co-author are presented in the appendix (Chapter A and Chapter B).
Each chapter is included as individual scientific contribution, containing an abstract,
introduction, main part, and conclusions, and addresses the following questions:
• Can we robustly attribute pan-European droughts, as the one in 2015, to anthropogenic climate change, and what is the associated methodological uncertainty?
• How do differences in the method to prescribe soil moisture, and the used climatology influence the atmospheric response, including temperature extremes?
• Can we assess the relative importance of climate change and land–atmopsphere
feedbacks for the Russian heat wave in 2010?
• Is it possible to relate trends in the growing season length to climate change?
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• What was the influence of land–atmosphere coupling and climate change for the
2015 Western United States heat wave?
Chapter 2 “A case for multi-model and multi-evidence based event attribution: The
2015 European drought”. Hauser et al. (n.d.), submitted to Earth’s Future.
In the summer of 2015 Europe experienced a severe drought, with record precipitation deficits and low river levels (Orth et al., 2016b; Laaha et al., 2016). I
perform a probabilistic event attribution to assess if climate change has influenced the
meteorological drought in 2015. I am particularly interested in the spread of attribution
statements based on different methods and data sources.
Chapter 3 “Investigating soil moisture–climate interactions with prescribed soil
moisture experiments: an assessment with the Community Earth System Model (version
1.2)”. Hauser et al. (2017), Geoscientific Model Development.
This study investigates the link of the land surface to weather and climate, with
experiments describing soil moisture in CLM. As discussed, such experiments artificially add and remove water from the soil. I use different methodologies to prescribe
soil moisture and prescribe two different estimates of the climatological seasonal cycle.
I am particularly interested how these methodological differences impact temperature
extremes, and the amount of prescribed soil moisture.
Chapter 4 “Role of soil moisture versus recent climate change for the 2010 heat
wave in western Russia”. Hauser et al. (2016), Geophysical Research Letters.
Soil moisture–temperature coupling was shown to be essential for the build up of
the severe heat wave in western Russia (Miralles et al., 2014). Climate change also had
an considerable impact on the return time of the event (Otto et al., 2012). In this study
I set out to assess the joint influence of recent climate change and soil moisture on this
heat wave.
Chapter 5 Conclusions and outlook.
In this chapter I draw overall conclusions and provide an outlook, introducing
potential future research topics.
Chapter A “Lengthening of the growing season in wheat and maize producing
regions”. Mueller et al. (2015), Weather and Climate Extremes.
The first chapter of the appendix presents a trend detection and attribution study
investigating the observed changes in the growing season length. Box 1 is based on
this study.
Chapter B “Western US high June 2015 temperatures and their relation to global
warming and soil moisture”. Philip et al. (n.d.), submitted to Climate Dynamics.
The Western United States experienced extremely high temperatures in June 2015.
I investigate the role of anthropogenic climate change and land–atmosphere coupling
for this heat wave. Box 2 is based on this study.
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Methods and model dependency of
extreme event attribution: The 2015
European drought

submitted to Earth’s Future∗ , Mathias Hauser1, Lukas Gudmundsson1, René Orth1,
Aglaé Jézéquel2, Karsten Haustein3, Robert Vautard2, Geert Jan van Oldenborgh4,
Sonia I. Seneviratne1
Abstract Science on the role of anthropogenic influence on extreme weather events,
such as heatwaves or droughts, evolved rapidly in the past years. The approach of
“event attribution” compares the occurrence-probability of an event in the present,
factual, climate with its probability in a hypothetical, counterfactual, climate without
human-induced climate change. Several methods are used for event attribution, based
on climate model simulations and observations, and usually researchers only assess
a subset of methods and data sources. Here, we explore the role of methodological
choices for the attribution of the 2015 meteorological summer drought in Europe. We
present contradicting conclusions on the relevance of human influence as a function
of the chosen data source and event attribution methodology. Assessments using the
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maximum number of models and counterfactual climates with pre-industrial greenhouse
gas concentrations point to an enhanced drought risk in Europe. However, other
evaluations show contradictory evidence. These results highlight the need for a multimodel and multi-method framework in event attribution research, especially for events
with a low signal-to-noise ratio and high model dependency such as regional droughts.

2.1

Introduction

Event attribution is a quickly growing field (National Academies of Sciences, 2016,
referred to as NAS, 2016, hereafter) with high visibility and potential key implications.
It has for instance been suggested that evidence from event attribution research could
be used in courts of law to obtain reparations following impacts of extreme weather
events (Allen, 2003; Thompson and Otto, 2015; Stott et al., 2016). In event attribution
a change in the occurrence probability of an extreme event is quantified with the
Risk Ratio (NAS, 2016), RR = pf /pc , where pf is the probability of the event in the
factual climate including climate change, and pc the probability of the same event
in a counterfactual climate without anthropogenic climate change (Figure 2.1). This
probabilistic framing is suited for events defined via the exceedance of a threshold of a
weather variable, which always have some stochastic behaviour. The observed event
is thereby only used to define the threshold, and different meteorological situations
could lead to events of the same magnitude. Although event attribution assessments
are sensitive to methodological choices (e.g. Lewis and Karoly, 2013; Shiogama et al.,
2013; Otto et al., 2015; Uhe et al., 2016), it is still common to rely on a limited number
of models and methods (e.g. Sippel et al., 2016b; Dong et al., 2016; Schaller et al.,
2016; Mitchell et al., 2016). In this study we analyse the role of methodological choices
for the attribution of the 2015 European drought.
In the summer of 2015, Central Europe experienced a pronounced drought and
heat wave. The event broke local temperature extremes (Dong et al., 2016; Sippel et al.,
2016b), and was characterized by very low precipitation (Orth et al., 2016b), which
resulted in significantly reduced surface water availability (Van Lanen et al., 2016;
Laaha et al., 2016). While the extreme temperatures occurring during that event were
shown to have a larger probability due to climate change (Dong et al., 2016; Sippel
et al., 2016b), the role of human influence on the meteorological drought (precipitation
deficit) has not yet been assessed.
The use of general circulation models (GCMs) is central in event attribution
studies. They allow to compute large ensembles of the factual climate as well as of
the counterfactual climate, for which no observations exist. However, using GCMs
also involves a number of methodological choices, potentially influencing the RRs
obtained from them. In this study we will assess the influence of the following choices
on the RR: different counterfactual climates, the selection of the climate model, the
representation of sea surface temperatures (SSTs), and additionally the effect of using
different datasets for observation-based RRs.
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Figure 2.1: Illustration of probabilistic event attribution and the risk ratio (RR). (a) Hypothetical
Probability Density Functions (PDFs) of precipitation in the factual (red) and counterfactual
(blue) climate. The thin, light lines indicate parameter uncertainty of the two PDFs. The
magnitude of the investigated extreme event is indicated with the thick black line. To avoid a
selection bias, we use the second largest event on the observational record as threshold, shown
with the thin black line. (inset) pf and pc are calculated as the gray area under the PDF. (b) PDF
of the RR, taking the parameter uncertainty into account (magenta), 95 % credibility interval
(black), and best estimate (median, white line).

2.2
2.2.1

Methods
Factual and counterfactual climate

The factual climate should represent the ‘real’, current, climate as closely as possible
and its estimates (referred to as PRES, hereafter), stem from simulations forced with
boundary conditions (greenhouse gases, aerosols, and potentially SSTs) representing
observed, current-day values. The counterfactual climate, on the other hand, should
represent a climate undisturbed by human influence and the scientific literature has
introduced at least three possibilities, which we will refer to as PAST, NAT, and piC,
hereafter (Table 2.1). PAST consists of historical simulations forced with observed
boundary conditions, but uses a time period from the middle of the 20th century,
when the human imprint on climate was still smaller. NAT is also forced by observed
solar and volcanic boundary conditions, but greenhouse gas concentrations are set
to pre-industrial levels (i.e. historical natural simulations). The third counterfactual
climate, piC, stems from pre-industrial control simulations. These are freely evolving
simulations with greenhouse gas concentrations representative for the year 1850 but
without present-day natural boundary conditions, notably volcanic eruptions.
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Table 2.1: Overview of observation- and model-based event attribution methods. SSTOBS is an observed SST dataset and ∆SST is the change in SSTs due
to climate change, derived from models in the Coupled Model Intercomparison Project (CMIP5).

Name

Factual climate (pf )
(with climate change)

Counterfactual climate (pc )
(without climate change)

Models

PRES vs. PAST

Anthropogenic forcing simulation
of present-day period with:
(1) Interactive SSTs
(2) Prescribed SSTOBS

Anthropogenic forcing simulation
of past time period (‘1960s’) with:
(1) Interactive SSTs
(2) Prescribed SSTOBS

PRES vs. NAT

Anthropogenic forcing simulation
of present-day period with:
(1) Interactive SSTs
(2) Prescribed SSTOBS

Natural forcing simulations
of present-day period with:
(1) Interactive SSTs
(2) Prescribed SSTOBS - ∆SST

PRES vs. piC

Anthropogenic forcing simulation
of present-day period with:
(1) Interactive SSTs

Natural forcing simulation
of pre-industrial time period with:
(1) Interactive SSTs

Regression-based

Present

Past (e.g. 1960s)

Observations

The 2015 European drought

Data basis

Data
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Not only the choice of the counterfactual climate is expected to influence the
outcome of an attribution study, but also the selection of the GCM (or GCMs) may
play an important role. Furthermore, the degree of conditioning of the GCM will
influence estimates of RR. For example, SSTs can either be interactively computed by
the model, or prescribed, e.g. from observations. Thus, we will also contrast RRs from
models with interactive and prescribed SSTs. An additional possibility is provided by
simulations where regional climate models (RCMs) are used to dynamically downscale
the generally coarse-resolution GCM output.

2.2.2

Computation of risk ratios

Due to the different available sample sizes, different methods have emerged to calculate
RRs from models and observations. For the model-based RR, we assume that the
precipitation data follows a gamma distribution. We fit one gamma distribution to
the simulated factual precipitation, and one to the counterfactual precipitation. From
these two gamma distributions we compute the probability to fall below the chosen
threshold, in the factual climate (pf ) and the counterfactual climate (pc ), respectively.
We calculate uncertainties in a Bayesian setting and use a Markov Chain Monte Carlo
(MCMC) sampler that is affine-transformation invariant (Goodman and Weare, 2010;
Foreman-Mackey et al., 2013) to estimate the parameters of the gamma distributions.
Starting from noninformative priors, the converged posterior distributions (50000
non-independent samples) give an estimate of the parameter uncertainty.
For the observation-based event attribution we follow a recent study (Gudmundsson
and Seneviratne, 2016) and fit the precipitation data to a Generalized Linear Model
(GLM, McCullagh and Nelder, 1989) with global mean temperature as covariate,
assuming a logarithmic link function and gamma distributed residuals. Global mean
temperature from GISTEMP is smoothed with a LOWESS filter (Cleveland, 1979,
using 5 % of the data) to minimize the influence of the El Niño-Southern Oscillation
(van Oldenborgh, 2007). For the factual climate (pf ) we insert the global mean
temperature of 2015 into the GLM. For the counterfactual climate (pc ) we use the
average temperature between 1960 and 1969. The same MCMC algorithm as for the
model-based RR is used to calculate the posterior distribution. The return time of the
event is calculated as the inverse of the probability to stay below precipitation of the
event (p−1
).
f

2.3
2.3.1

Data
Observational data

To assess the uncertainty in observed precipitation, we consider four observational
datasets: (i) the European Climate Assessment and Dataset (ECAD) E-OBS dataset
(Haylock et al., 2008), (ii) the National Oceanic and Atmospheric Administration’s
(NOAA) PREcipitation REConstruction over Land (PREC/L, Chen et al., 2002), (iii)
the Climate Prediction Center (CPC) Merged Analysis of Precipitation (CMAP, Xie
and Arkin, 1997), and (iv) the Climatic Research Unit (CRU) Time Series datasets

36

The 2015 European drought

(CRU TS, Harris et al., 2014). As global mean temperature dataset we employ the
Goddard Institute for Space Studies (GISS) analysis of global surface temperature
(GISTEMP, Hansen et al., 2010).

2.3.2

Model data

For the model-based assessment of European drought risk we use simulations from a
total of 23 climate models. Three types of models are considered: GCMs which have
interactive SSTs, GCMs with prescribed SSTs, and RCMs downscaling the output of
GCMs.
Most of the considered models (namely 19), have interactive SSTs and stem from
the Coupled Model Intercomparison Project, Phase 5 (CMIP5, Taylor et al., 2012,
Supplementary Table C.1). The factual climate (PRES) is estimated with simulations
forced with the representative concentration pathway (RCP) 8.5 scenario (Meinshausen
et al., 2011), because the historical simulations from CMIP5 end in 2005. RCP8.5
deviates slightly from the observations by now, however, the differences between the
scenarios are not relevant until after 2030 (Kirtman et al., 2013). The modelled SSTs
in the CMIP5 simulations do not correspond to the observed SSTs in the corresponding
year, therefore we use a 20-year window around the event (2006 to 2025 for PRES). For
HIST we use historical simulations and select the years 1951 to 1970. NAT is estimated
from historical natural CMIP5 simulations. Because these end in 2005, we selected
the years 1986 to 2005. To align the base periods of PRES and NAT, we additionally
calculate RRs using the years 1986 to 2005 for PRES. Finally, for piC, we use the last
200 years of the longest pre-industrial control simulation from each model, such that
all GCMs contribute the same number of data points and the end point is closest to the
starting point of the historical simulations to minimise the effects of model drift.
Two models, namely HadGEM3-A, and the weather@home system (w@h, Massey
et al., 2015), prescribe SSTs (Supplementary Section C.1.1 and Section C.1.2). They
use observed SSTs to force simulations of the factual climate. For the counterfactual
climate, a climate change signal (∆SST) is removed from the SST observations. ∆SST is
derived from from historical and historical natural CMIP5 simulations. For HadGEM3A, ∆SST is estimated from the multi-model mean, while for w@h eleven individual
CMIP5 models are used (Schaller et al., 2016). The last two models are RCMs from
the the Coordinated Downscaling Experiment over the European Domain (EUROCORDEX, Jacob et al., 2014). Each RCM is forced with historical and RCP8.5
simulations from five GCMs participating in CMIP5 (Supplementary Section C.1.3).

2.3.3

Postprocessing

All used observational and model data undergoes the same postprocessing. We first
calculate cumulative June-to-August (JJA) precipitation on land, area-averaged over
the Central European region defined in the Special Report on Managing the Risks
of Extreme Events and Disasters to Advance Climate Change Adaptation (SREX,
Seneviratne et al., 2012) on the original grid of each dataset. All area-averaged data
(models and observations) are then bias corrected using a power transformation (e.g.
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Figure 2.2: Precipitation in Central Europe. (a) Map of precipitation anomaly over Europe for
the summer of 2015 (JJA, relative to 1965 to 2013). The black outline shows the study region.
(b) Absolute precipitation over the study region for four observational datasets (see Section 2.3).
The horizontal lines denote the lowest (P2015, thick line) and second lowest (P1992, thin line)
observed precipitation in the E-OBS dataset. We use P1992 as threshold to compute pf and pc
(see Figure 2.1). The gray shading indicates the reference period (1965 to 2013).

Gudmundsson et al., 2012) to best match the cumulative density function of the E-OBS
dataset for the period 1965 to 2013 (1985 to 2013 for the w@h simulations, and 1971
to 2013 for the RCM simulations). This is done for every model individually, pooling
all available ensemble members. The same bias correction is then applied to the
counterfactual simulations.

2.4

Results

The cumulative precipitation anomaly in Central Europe was very large in 2015, it
exceeds −140 mm in some regions (Figure 2.2a). Averaged over the target area, 2015
was the driest year on the observational record (Figure 2.2b and Orth et al., 2016b). To
assess the anthropogenic influence on this event, we estimate the probability to stay
below a precipitation threshold in the factual (pf ) and counterfactual (pc ) climate. As
threshold we choose the largest observed event before 2015 (Figure 2.2b) to avoid a
selection bias (Stott et al., 2004). Thus, we do not estimate the RR for the exact event,
but for a class of events more severe than the driest summer before 2015.
We start our assessment with GCM simulations with interactive SSTs (i.e. a fully
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coupled ocean) obtained from CMIP5. Although the multi-model mean precipitation
over Europe shows only a small bias (Flato et al., 2013), individual models exhibit
considerable offsets (Supplementary Figure C.1), which we correct for (Section 2.3.3).
The assumption of gamma distributed data is visually assessed with quantile-quantile
(QQ) plots of the historical simulations (Supplementary Figure C.2). The QQ plots give
high confidence that the gamma distribution is appropriate to describe the used rainfall
data. To derive a comprehensive attribution statement with several GCMs, it is common
to pool individual models (Lewis and Karoly, 2013). In Figure 2.3a, we present two
model pools based on all used CMIP5 members: (i) every ensemble member of each
model, and (ii) one ensemble member of each model (to assign each model equal
weight). Comparing the factual climate to the pre-industrial control simulations (PRES
vs. piC) indicates a strong human contribution to the 2015 drought when considering
all ensemble members, but not when considering one ensemble member per model.
However, an anthropogenic influence on European drought risk is uniformly suggested,
when using historical natural simulations as counterfactual climate (PRES vs. NAT).
Note that PRES and NAT do not share the same base period, and consequently their
natural forcing differs, especially the volcanic aerosols. However, aligning the base
period changes the RRs only slightly (Supplementary Figure C.3a). Finally, with
a historical period as counterfactual climate (PRES vs. PAST), the pooled CMIP5
ensemble indicates no human influence on precipitation. Additionally, we show a
RR derived from ten high-resolution RCM simulations, but only PRES vs. PAST can
be compared, as no simulations without anthropogenic forcing are available. The
RCM-based assessment conforms with the CMIP5-derived RRs (PRES vs. PAST) and
yields no detectable precipitation signal. These comparisons show a first striking result.
Namely, that the choice of the counterfactual climate used as a baseline can strongly
affect the conclusions reached with respect to event attribution.
While the choice of counterfactual climate was found to be central to the result,
we also expect that the results are dependent on the considered models. We assess the
inter-model spread for the five GCMs with at least five ensemble members (Figure 2.3b).
For PRES vs. piC only one out of the five models show significantly increased RRs.
Using NAT as counterfactual climate yields RRs with a particularly large range. Three
models suggest no change in drought risk, one (CSIRO-Mk3-6-0) indicates a doubling
of the drought risk (lower uncertainty bound), while another (GISS-E2-H) suggests
half the drought risk (upper uncertainty bound). Finally, for PRES vs. HIST the model
results mostly conform with the multi-model RRs. Only CSIRO-Mk3-6-0 suggests
an attributable increase in drought probability. Aligning the base period for PRES
to the base period of NAT increases the RRs for all models, except CAN-ESM2
(Supplementary Figure C.3b). In essence, different subsets of CMIP5 models and
counterfactual climates produce different attribution statements.
Next we assess GCM simulations with prescribed SSTs (HadGEM3-A and w@h),
where ocean temperatures are used as lower boundary condition. European summer
precipitation is close to observations in Europe for HadGEM3-A (Vautard et al.,
n.d., submitted), but w@h shows a large absolute bias and overestimates variability
(Massey et al., 2015, Supplementary Figure C.1). Therefore, we also bias-correct
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Figure 2.3: Risk ratios for all model simulations, datasets, and counterfactual climates considered
in this study. Bars show the best estimate (median) and 95 % credibility interval of RR on a
logarithmic axis. Dates in the legends indicate years used to estimate pf and pc , respectively.
(a) Pooled GCMs with interactive SSTs (from CMIP5), and RCMs (from EURO-CORDEX) for
three counterfactual climates (Table 2.1). (b) Individual GCMs (from CMIP5) with five ensemble
members each. (c) Model simulations with prescribed SSTs. On the left HadGEM3-A and the
pooled w@h simulations. On the right all eleven w@h simulations forced with individual ∆SST
patterns. (d) RRs for four observational datasets. See Supplementary Table C.2 to Table C.4.
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these simulations. Comparing PRES vs. NAT for HadGEM3-A and the pooled w@h
simulations yields a RR that is indistinguishable from one – no human influence is
detectable (Figure 2.3c). The w@h simulations highlight the important role of different
∆SST patterns. Eight of the them yield no significant change in drought risk, but
the other three indicate a reduced drought probability. The w@h simulations only
start in 1985, therefore we cannot compare PRES vs. PAST. In HadGEM3-A, PRES
vs. PAST points to an increased drought risk and is highly significant, most likely
because of negative precipitation trends in HadGEM3-A, which are in disagreement
with observations (Vautard et al., n.d., submitted).
Finally, we perform an observation-based event attribution analysis with four
datasets (Figure 2.3d). Precipitation is regressed against smoothed global mean
temperature, which is considered a proxy of climate change (van Oldenborgh, 2007;
Otto et al., 2012; Gudmundsson and Seneviratne, 2016). The observation-based RRs
have comparatively large confidence intervals, the RRs range from 0.01 to 12.5 (95 %
confidence interval), and none of the datasets indicate a change in Central European
drought risk, in line with Gudmundsson and Seneviratne (2016). Precipitation trends
are not homogeneous in Central Europe – they tend to be positive in the east and negative
in the west (not shown). However, even when splitting the region into a western and
eastern part, no human influence is detected in the observations. The return time of
the precipitation amount in 2015 is larger than 90 years (lower uncertainty bound at
the 2.5th percentile). Results with an alternative observation-based methodology also
show only a small precipitation difference between a recent and past time period, and
are thus consistent with the regression-based assessment (Supplementary Figure C.4).
This second method evaluates the thermodynamic effect of climate change (Analogue
Method, Supplementary Section C.1.4).

2.5

Conclusions

The comprehensive assessment to attribute a human impact on the 2015 European
summer drought presented in this study illustrates the complexity of the exercise. We
find that the drought could be more likely, less likely or unaffected by anthropogenic
forcing, depending on the methodology and data source. Thus, we are not able to
conclusively determine whether the 2015 drought was attributable to anthropogenic
forcing. We note, however, that the RR with the largest signal-to-noise ratio, obtained by
maximizing the number of considered models (whole CMIP5 ensemble) and using the
largest forcing difference (through using pre-industrial greenhouse gas concentrations),
suggests a detectable human influence on the likelihood of Central European droughts.
This result should not be overstated, though – the uncertainty of the multi-model
assessment could be too small, as the individual models are not fully independent
(e.g. Knutti et al., 2013). Additionally, great care has to be taken when interpreting
results from pre-industrial control simulations, as natural forcings can be different
from historical simulations (Taylor et al., 2012) and some models may have drift. We
try to minimise the effect of model drift by using the last years of the pre-industrial
control simulations. Note that RRs are indeed sensitive to the time period used from
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the pre-industrial control simulations (Supplementary Figure C.5). Using the mid20th century as counterfactual climate (PRES vs. HIST and the observations), on the
other hand, may underestimate the climate change signal, because one-third of the
anthropogenic forcing occurred before this period. When tested with CMIP5, however,
the net effect was found to be negligible (not shown). Our analysis also reveals a strong
model dependency, consistent with earlier findings for drought projections (Orlowsky
and Seneviratne, 2013). Additionally, GCMs miss some observed precipitation trends,
especially near coasts (van Haren et al., 2013). Finally, precipitation has a large
interannual variability, which may mask existing trends (Orlowsky and Seneviratne,
2013). We restricted our analysis to meteorological droughts and would expect a
stronger anthropogenic signal in variables with a tighter link to temperature (e.g. soil
moisture, or precipitation minus evapotranspiration).
In this study we highlight that any event attribution statement can – and will –
critically depend on the researcher’s decision regarding the framing of the attribution
analysis, in particular with respect to the choice of model, counterfactual climate, and
boundary conditions. This suggests that single-model assessments could overlook,
or falsely detect signals, even when using a large number of ensemble members, an
approach commonly applied in the literature (Otto et al., 2012; Sippel et al., 2016b;
Dong et al., 2016; Schaller et al., 2016; Mitchell et al., 2016). Our results also
emphasize the difficulty of attributing drought events, even for an event as extreme
as the 2015 drought, an aspect possibly underestimated in the research community
(NAS, 2016) but in line with findings from other drought attribution studies (Shiogama
et al., 2013; King et al., 2014; Kelley et al., 2015; Wilcox et al., 2015; Otto et al.,
2015; Gudmundsson and Seneviratne, 2016). In the view of the consideration of event
attribution in legal frameworks, it is thus crucial to assess human influence on climate
extremes using multi-model and multi-method based event attribution.
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Investigating soil moisture–climate
interactions with prescribed soil
moisture experiments: an assessment
with the Community Earth System
Model (version 1.2)

Geoscientific Model Development, doi:10.5194/gmd-10-1665-2017∗ , Mathias Hauser1,
René Orth1, and Sonia I. Seneviratne1
Abstract Land surface hydrology is an important control of surface weather and
climate. A valuable technique to investigate this link is the prescription of soil
moisture in land surface models, which leads to a decoupling of the atmosphere and
land processes. Diverse approaches to prescribe soil moisture, as well as different
prescribed soil moisture conditions have been used in previous studies. Here, we
compare and assess four methodologies to prescribe soil moisture and investigate the
impact of two different estimates of the climatological seasonal cycle used to prescribe
soil moisture. Our analysis shows that, though in appearance similar, the different
approaches require substantially different long-term moisture inputs and lead to different
temperature signals. The smallest influence on temperature and the water balance is
∗ This publication was slightly changed from its original version to ensure consistency throughout this thesis.
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found when prescribing the median seasonal cycle of deep soil liquid water, whereas
the strongest signal is found when prescribing soil liquid and soil ice using the mean
seasonal cycle. These results indicate that induced net water-balance perturbations in
experiments investigating soil moisture–climate coupling are important contributors to
the climate response, in addition to the intended impact of the decoupling. These results
help to guide the set up of future experiments prescribing soil moisture, as for instance
planned within the “Land Surface, Snow and Soil Moisture Model Intercomparison
Project” (LS3MIP).

3.1

Introduction

The interplay between the land surface and the atmosphere can induce or modulate
anomalies in temperature (Hirschi et al., 2011; Whan et al., 2015) and precipitation (e.g.
Guillod et al., 2015). Soil moisture (SM) is a key quantity in this context (Seneviratne
et al., 2010). The complex role of SM in land–atmosphere dynamics can be investigated
with General Circulation Models (GCMs). Typically in this context, land state variables
are set – prescribed – to predefined target values in GCM simulations. Such experiments
are performed since decades (e.g. Shukla and Mintz, 1982). Prescribing land state
variables suppresses interactions between the land and the atmosphere and can hence
be used to infer the role of land–atmosphere interactions for the climate.
The Global Land Atmosphere Coupling Experiment (GLACE, Koster et al., 2004;
Koster et al., 2006) was the first major multi-model effort to comprehensively analyse
the impact of SM on several atmospheric variables in the context of present climate.
In multi-model simulations of a particular northern hemisphere summer, regions of
coupling between precipitation and evaporation were identified. While some regions
emerged as multi-model ‘hot spots’, the experiment revealed a large inter-model spread
in the land–atmosphere coupling strength, pinpointing to different sensitivities of the
models with respect to the link between SM and evapotranspiration, and the link
between evapotranspiration and precipitation (Guo et al., 2006).
More recently, the role of SM-climate feedbacks in climate change projections
has been investigated in the multi-model project Global Land–Atmosphere Coupling
Experiment of the Coupled Model Intercomparison Project, Phase 5 (GLACE-CMIP5,
Seneviratne et al., 2013). In GLACE-CMIP5, an ensemble of GCMs performed two
distinct experiments for the period 1950 to 2100 to assess the role of inter-annual
SM variability, and of SM trends for climate change simulations. The removal of
both, interannual SM variability and the long-term SM trend by prescribing the mean
seasonal cycle from 1971 to 2000 (‘experiment A’, Seneviratne et al., 2013), leads to
large decreases in temperature extremes as well as effects on precipitation extremes
(Seneviratne et al., 2013; Lorenz et al., 2016; Vogel et al., 2017). In another experiment
(‘experiment B’) the 30-year running mean of the reference experiment is prescribed
to preserve long-term SM trends. Projected SM drying trends were found to be
accompanied by a further increase of temperature extremes. However, the simulated
SM trends were strongly model-dependent.
In the context of the upcoming CMIP6 modelling cycle, the Land Surface, Snow
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and Soil Moisture Model Intercomparison Project (LS3MIP, van den Hurk et al., 2016)
plans a variety of experiments to quantify and compare the role of multiple land
state variables in climate change simulations. Particularly, the Land Feedback Model
Intercomparison Project (LFMIP) within LS3MIP plans experiments similar to the
GLACE-CMIP5 project which aim to quantify the role of land–atmosphere feedbacks
at the climate time scale. In contrast to the GLACE-CMIP5 experiments, simulations
will be run with an interactive ocean.
Additionally to the above-mentioned GLACE-type experiments, a large number of
studies analysed the influence of SM on the atmosphere from multiple perspectives
(e.g. Koster et al., 2000; Douville et al., 2001; Reale and Dirmeyer, 2002; Douville,
2003; Seneviratne et al., 2006b; Rowell and Jones, 2006; Vautard et al., 2007; Fischer
et al., 2007a; Fischer et al., 2007b; Conil et al., 2007; Jaeger and Seneviratne, 2011;
Lorenz et al., 2012; Hauser et al., 2016; Douville et al., 2016; Orth and Seneviratne,
2017a, early online release). The different goals, and also the different employed land
surface models in these studies motivated, and necessitated different techniques to
prescribe SM. They include the prescription of (1) all land state variables, (2) only SM
at all soil depths, (3) SM in subsurface soil layers only, (4) nudging SM values, and
(5) restricting the SM prescription to certain regions. In addition, the prescribed SM
values vary widely between studies. Some use the plant wilting point and the field
capacity to simulate extreme dry and wet conditions, respectively. Others use simulated
SM from a particular year, a climatological seasonal cycle, or a smoothed seasonal
cycle. Furthermore, the SM climatology can be estimated (calculated) in different
ways: either using the mean (as done in e.g. Seneviratne et al., 2013) or the median (as
done in Orth and Seneviratne, 2017a). A third difference between the SM-prescription
methodologies is the temporal resolution of the SM target dataset – they comprise
instantaneous, daily, and interpolated monthly data.
Similarly to prescribing sea surface temperatures in GCMs, which does not allow
for conservation of the energy balance, modelling experiments prescribing SM infringe
the water balance of the land model. However, water is only added or removed
by the prescription algorithm within the soil and not in the atmosphere or at the
land–atmosphere interface. Thus, and because such experiments analyse only the
atmospheric response, the perturbation of the soil water balance is ‘deemed acceptable’
(Koster et al., 2006). Still, prescribing SM induces artificial sources and sinks of water
in the model. To our knowledge a quantification of this water-balance disturbance and
its impact is currently lacking. In particular, the distinct effects of different existing
methodologies on these water imbalances and their impact have not been systematically
compared so far. This is an important gap because it is possible that they could lead to
methodologically-induced discrepancies between studies.
In the present article, we analyse differences in SM-prescribing set-ups that aim
to remove the inter-annual variability while conserving the seasonal cycle of SM to
assess its impact on surface climate. In this context, we focus on methodologies which
are relevant for the LS3MIP experiment such that our conclusions can contribute to the
final implementation of its experimental design.
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3.2

Prescribed soil moisture experiments

Model description

In this section we first introduce the employed GCM and the corresponding land
surface scheme. Thereafter, we describe the different tested approaches to prescribe
SM. Finally, we provide an overview of the conducted experiments.
In this study, we use the Community Earth System Model (CESM, Hurrell et al.,
2013, version 1.2). This is a fully coupled Earth System Model, combining separate
modules for the atmosphere, the ocean, and the land. Land surface processes and their
coupling to the atmosphere are simulated by the Community Land Model, version
4.0 (CLM4, Lawrence et al., 2011). CLM4 is a third-generation land surface model
(Sellers et al., 1997; Pitman, 2003), incorporating the hydrological cycle (see below),
land surface energy fluxes, a variety of land surface types (wetlands, glacier, vegetated,
etc.) and up to 15 generic plant types (‘plant functional types’), among others.

3.2.1

Short overview of hydrology in the Community Land Model

Water in CLM4 is stored in four reservoirs: on the canopy, as snow, as groundwater,
and in the soil. The soil is divided into 15 vertical layers with exponentially increasing
thickness from top to bottom. However, only the ten first layers are hydrologically active
and extend to a depth of 3.8 m (the last five layers act only as thermal sink/ source).
Water reaching the soil surface through precipitation and stemflow is partitioned into
surface runoff and infiltration, i.e. water entering the uppermost soil layer. Water
is removed from the soil by subsurface runoff (drainage) and canopy transpiration
through root extraction. The water flux within the soil is governed by Darcy’s Law.
The corresponding hydraulic properties are a function of soil water content and texture.
Water can occur in liquid and solid states, which will be referred to as LIQ and ICE for
the remainder of this study. A comprehensive description of CLM4 can be found in
Oleson et al. (2010).

3.2.2

Prescription of soil moisture in the Community Land Model

The aim of SM prescription is to control the soil’s water content, i.e. to force it to a
predefined target value (e.g. a climatological seasonal cycle, the plant wilting point or
others), irrespective of the actual conditions in the soil. As this is not possible with the
default model version, we extend the original model code of CLM4 with a module that
reads the target value from a previously prepared file and overwrites the actual value in
the model after each time step. The goal of this study is to assess and compare various
approaches of prescribing SM. The tested techniques comprise established as well as
novel methods as shown in Figure 3.1.
In previous studies (Koster et al., 2006; Lorenz et al., 2012; Seneviratne et al., 2013)
SM in CLM was prescribed by setting LIQ and ICE individually to the predefined values
at each time step (Figure 3.1a). This technique will be referred to as PRES_LIQ+ICE.
A second technique, named PRES_FRAC (Figure 3.1b) also prescribes LIQ and ICE,
but lets the land surface model interactively compute the fraction of LIQ (e.g. applied in

M o d e l d e s c ription

47

(a) PRES LIQ+ICE

(b) PRES FRAC

Soil Liquid

Soil Ice

Soil T

Level

Soil T

ICE = ICEt

≶ 0 ◦C

1

LIQ = f ·SMt

ICE = (1 − f )·SMt ≶ 0 ◦C

2

LIQ = LIQt

ICE = ICEt

≶ 0 ◦C

2

LIQ = f ·SMt

ICE = (1 − f )·SMt ≶ 0 ◦C

3
..
.

LIQ = LIQt

ICE = ICEt

≶ 0 ◦C

3
..
.

LIQ = f ·SMt

ICE = (1 − f )·SMt ≶ 0 ◦C

10

LIQ = LIQt

ICE = ICEt

≶ 0 ◦C

10

LIQ = f ·SMt

ICE = (1 − f )·SMt ≶ 0 ◦C

Soil T

Level

Level

with ICE (example)

Soil Liquid

Soil Ice

Soil Liquid

Soil Ice

Soil T

1

LIQ = SMt

ICE = 0

>0 ◦C

1

LIQ = SMt

ICE = 0

>0 ◦C

2

LIQ = SMt

ICE = 0

>0 ◦C

2

LIQ = interactive

ICE = interactive

<0 ◦C

3
..
.

LIQ = SMt

ICE = 0

>0 ◦C

3
..
.

LIQ = interactive

ICE = interactive

≶ 0 ◦C

10

LIQ = SMt

ICE = 0

>0 ◦C

10

LIQ = interactive

ICE = interactive

≶ 0 ◦C

Soil T

Level

Depth

Depth

Soil Ice

LIQ = LIQt

(c) PRES LIQ no ICE

with ICE (example)

(d) PRES LIQ DEEP no ICE
Level

Soil Liquid

Soil Ice

Soil Liquid

Soil Ice

Soil T

1

LIQ = interactive

ICE = interactive

≶ 0 ◦C

1

LIQ = interactive

ICE = interactive

≶ 0 ◦C

2

LIQ = SMt

ICE = 0

>0 ◦C

2

LIQ = SMt

ICE = 0

>0 ◦C

3
..
.

LIQ = SMt

ICE = 0

>0 ◦C

3
..
.

LIQ = interactive

ICE = interactive

<0 ◦C

10

LIQ = SMt

ICE = 0

>0 ◦C

10

LIQ = interactive

ICE = interactive

≶ 0 ◦C

Depth

Depth

Soil Liquid

1

Depth

Depth

Level

LIQt , ICEt , and SMt = LIQt + ICEt : target LIQ, ICE, and total SM values
f = LIQ/(LIQ + ICE): fraction of LIQ

Figure 3.1: The four tested approaches to prescribe SM in CLM. The target, LIQ, ICE, and
SM values are denoted LIQt , ICEt , and SMt , respectively. SMt corresponds to the sum of LIQt
and ICEt (i.e. SMt = LIQt + ICEt ). In general the target values depend on time (day of year),
location (grid point), and depth (soil level). In this study we use the 30-year mean and median
seasonal cycle, however, other targets are possible, e.g. a specific year. (a) LIQ and ICE are
both prescribed in PRES_LIQ+ICE. (b) In PRES_FRAC, total SM is prescribed, but the fraction,
f = LIQ/(LIQ + ICE) is interactively computed by the model. Note that the hydrology in CLM4 is
still active. (c) Illustration of the new approach (PRES_LIQ), prescribing LIQ in all soil levels if
the soil temperature is above freezing (left) and for an example with soil level two below freezing
(right). (d) PRES_LIQ_DEEP: as PRES_LIQ but the first soil layer is always interactive.

Douville et al., 2016). Hence, the model has an additional degree of freedom compared
to PRES_LIQ+ICE.
Furthermore, we propose an alternative approach where SM is only prescribed when
the soil temperature is above 0 ◦C (PRES_LIQ). If the soil is frozen, LIQ and ICE are
both computed interactively. The climatological total SM (i.e. LIQ + ICE) is converted
into LIQ for the prescription. The important characteristic of this new algorithm is
that it never artificially adds ICE (see Section 3.3.2). Although (supercooled) LIQ
and ICE can coexist in CLM4, we leave the soil hydrology entirely interactive below
the freezing temperature. In detail the algorithm works as follows: LIQ is prescribed
starting from the uppermost soil level, and then further down until either the soil bottom
is reached, or until a layer with soil temperature at or below 0 ◦C is found (Figure 3.1c).
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This follows the methodology employed in the (optional) irrigation module of CLM
(Oleson et al., 2013).
Following an approach presented in Douville (2003), and also used in Koster
et al. (2006), we additionally test a similar methodology as in PRES_LIQ, but without
prescribing the topmost soil layer, hereafter named PRES_LIQ_DEEP (Figure 3.1d).
Whereas in the other prescription approach the land–atmosphere coupling is entirely
removed, this allows for a limited feedback between the soil and the atmosphere. Even
though the topmost layer is only 1.8 cm thick, it controls bare-soil evaporation, which
forms a significant part of the total evapotranspiration. Additionally, SM in the topmost
layer – in contrast to the deep(er) soil layers – may not be well predictable as it does
not have its considerable inertia and memory (Koster and Suarez, 2001; Seneviratne
et al., 2006a; Orth and Seneviratne, 2012).
For all four methods the hydrology in CLM4 is still active – SM is removed by
root extraction and drainage and added by infiltration. However, at the end of each
time step, this interactively calculated SM is overwritten and set to the target value.
We record the difference of the interactively computed SM and its target value as the
water-balance perturbation. If it is positive, the algorithm has artificially ‘added SM’,
while it has ‘removed SM’ if the difference is negative.
Finally, we have to choose the time resolution of the SM dataset from at least four
possibilities: (1) monthly data with linear interpolation to daily mean values, (2) daily
mean values, (3) daily mean values with linear interpolation to every model time step,
and (4) instantaneous values at every model time step. In this study we use daily mean
values as linearly-interpolated monthly values can be too coarse (see below).

3.2.3

Overview of the experiments

All simulations (Table 3.1) are conducted with CESM. As reference simulation we
perform a fully coupled simulation from 1950 to 2099 (hereafter called REF), combining
the historical forcing and the Representative Concentration Pathway 8.5 scenario
(RCP8.5, Meinshausen et al., 2011). The daily SM output from REF between 1971
and 2000 is used to calculate the mean and median climatology at every grid point, soil
level, and day of the year for LIQ and ICE individually.
Table 3.1: Names of simulations used in the study.

Number
0
1
2
3
4
5
6
7

Name

SM Climatology

REF
PRES_LIQ_MEAN
PRES_LIQ_MEDIAN
PRES_LIQ_DEEP_MEDIAN
PRES_LIQ+ICE_MEAN
PRES_LIQ+ICE_MEDIAN
PRES_FRAC_MEAN
PRES_FRAC_MEDIAN

—
mean
median
median
mean
median
mean
median

R e s u lt s a n d discussion

49

We perform seven simulations with prescribed SM that differ in the method to
prescribe SM (Section 3.2.2 and Figure 3.1), and the target SM climatology. In the
simulations with prescribed SM, we also prescribe sea surface temperatures (SSTs) and
sea ice from REF to suppress impacts from changed SSTs in response to the prescribed
SM (as done in GLACE-CMIP5, Seneviratne et al., 2013). The first two simulations
(PRES_LIQ_MEAN and PRES_LIQ_MEDIAN) use the new SM prescription scheme
described above with mean and median climatologies, respectively. The third simulation, PRES_LIQ_DEEP_MEDIAN, also uses the new prescription scheme but leaves
the first layer interactive. In the fourth and fifth simulation (PRES_LIQ+ICE_MEAN
and PRES_LIQ+ICE_MEDIAN), we prescribe LIQ and ICE and also compare mean
and median SM climatology. Finally, simulations six and seven also prescribe LIQ
and ICE, but calculate the respective fractions interactively (PRES_FRAC_MEAN and
PRES_FRAC_MEDIAN). In our analysis we concentrate on the simulations that do
not prescribe ICE because both techniques that do so lead to large, unrealistic surface
temperature and ground heat flux anomalies (see Section 3.3.2). The variety of soil
moisture prescription approaches considered here makes this study a valuable basis
for the final planning of the soil moisture prescription methodology for the LS3MIP
simulations.

3.3
3.3.1

Results and discussion
Soil moisture climatology

Mean vs. median soil moisture
The daily mean and median SM climatologies only differ if the inter-annual SM values
are not symmetrically distributed. As an example, Figure 3.2a shows the evolution
of SM throughout the year in the topmost 10 cm of the soil for a location in India.
This grid point shows a distinct seasonal cycle with a dry period from February to
May and high soil moisture values during the rest of the year. In the dry season the
median is generally smaller than the mean, with large rainfall events leading to outliers
on the wet end of the distribution. For example on the 5th of April, the difference is
−2.3 mm, or −14.0 % (Figure 3.2b). During the wet period the median is usually larger
than the mean, and it is dry years that lead to the asymmetry. However, the difference
between median and mean are generally smaller than during the dry period; e.g. on
the 21st of December it is 1.0 mm, or 3.8 % (Figure 3.2c). There are many processes
that contribute to non-symmetric SM distributions: the positively skewed distribution
of precipitation, the upper and lower bound in the water holding capacity of the soil
(between the wilting point and saturation), as well as the strong nonlinear function of
water flow (hydraulic conductivity) within the soil with respect to the SM state (Laio
et al., 2001).
In Figure 3.2d and e, we show the relative difference between the mean and median
SM for two depth intervals. We thereby focus on the three hottest consecutive months
of the year, as we expect SM differences in these months to have the largest temperature
impact. The hottest months of the year are determined from REF. On land in the
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Figure 3.2: Difference between mean and median SM. (a) Seasonal cycle of total SM in the
top 10 cm for an example grid point in India (10.4 ◦ N, 77.5 ◦ E) as simulated by CLM for the
climatological period (1971 to 2000). Shown are the individual years (gray lines), and their mean
(red) and median (blue). Light gray background shows the three consecutive hottest months at
this grid point and vertical black lines the two days depicted in (b) and (c), respectively. (b) and
(c) Kernel density estimate of the SM distribution (thick black line), including the individual years
(thin gray lines) and the mean (red) and median (blue) SM values for the 5th of April (b) and 21st
of December (c). (d) and (e) Relative difference in the SM climatology between median and mean
for the hottest months of the year in the surface layer (0 cm to 10 cm, d) and in 10 cm to 100 cm
depth (e).

mid- and high latitudes these three hottest consecutive months generally correspond to
summer, i.e. June to August in the Northern Hemisphere and December to February in
the Southern Hemisphere (Supplementary Figure D.1). The largest relative differences
between the mean and median are found in the uppermost 10 cm of the soil (Figure 3.2d).
Regions for which the median is drier than the mean include Australia, North Africa,
the Mediterranean, and Western America, while it is wetter in Central Africa, Central
Europe, Western Asia and Central North America. As for the example grid point in
India, negative differences are generally stronger than positive differences. In contrast
to these large relative SM differences in the top 10 cm, the relative differences are
generally below 2 % in depths between 10 cm and 100 cm (Figure 3.2e), and from
100 cm to 380 cm (not shown). The absolute differences, however, are higher for
deeper soil levels, as these are thicker. A difference between the mean and median
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climatologies in the topmost 10 cm of the soil is not only a feature of CESM but it is also
evident in other models participating in GLACE-CMIP5 (Supplementary Figure D.2).
Daily vs. interpolated monthly soil moisture
In this study we prescribe daily SM values whereas some previous studies used daily
values obtained from a linear interpolation of monthly means (e.g. some simulations in
the GLACE-CMIP5 experiment, Seneviratne et al., 2013). True daily and interpolated
monthly SM values can differ in regions with a short sharp peak in the seasonal cycle,
as exemplified for a grid point in Central Africa (Figure 3.3a). It shows true daily
values (blue line) and the corresponding monthly means (blue dots). The orange line
illustrates daily values linearly interpolated from the monthly mean values, where these
monthly values were assumed to occur in the middle of each month. While true daily
and interpolated monthly values match closely for most of the year, the latter does not
entirely capture the summer minimum. In addition, the monthly means derived from
the interpolation (orange dots) are not equal to the true monthly means derived from
the daily time series. In contrast, the annual mean of the daily and monthly interpolated
values are equal.
We show the median absolute differences of the warm season months between true
daily and interpolated SM values in Figure 3.3b and c. While the difference is generally
smaller than between mean and median SM climatologies, it is comparable in some
regions, e.g. the Sahel, Southern Africa, and Australia (Figure 3.2b). For the depth
intervals 10 cm to 100 cm, and 100 cm to 380 cm (not shown), the relative difference
is generally below 2 %. In contrast to the difference between the mean and median SM
climatologies, positive and negative deviations between daily and interpolated monthly
SM climatologies compensate when integrated over time. This analysis shows that
other methodological differences apart from using mean or median seasonal cycle may
(regionally) cause important implications.

3.3.2

Temperature response

Prescribing soil liquid water only
In this section we investigate the influence of the newly developed SM prescription
methodologies on surface air temperature. Figure 3.4a to c show the climatological
temperature between 1971 and 2000 for each methodology compared to REF. In all
three simulations the mean land temperature is lower than in REF. The largest difference
is found for PRES_LIQ_MEAN which has negative temperature anomalies for almost
all land grid points. PRES_LIQ_MEDIAN has smaller temperature anomalies than
PRES_LIQ_MEAN, corresponding to the regions with smaller climatological SM when
comparing the median to the mean (Figure 3.2). For PRES_LIQ_DEEP_MEDIAN we
obtain the smallest anomalies. We find similar results when comparing the experiments
to REF for the time period 2070 to 2099 (Supplementary Figure D.3a to c). Thus, the
global land warming between 1971 to 2000 and 2070 to 2099 is only slightly larger
in REF than the experiments. This is in line with earlier findings (Seneviratne et al.,
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Figure 3.3: Difference between interpolated monthly and daily SM. (a) Seasonal cycle of median
SM climatology for one grid point in Central Africa (0.9 ◦ N, 25 ◦ E), illustrating the difference
between daily and interpolated monthly values. (b) and (c) Absolute difference [%] in the median
SM climatology between daily and interpolated monthly values in the surface layer (0 cm to 10 cm,
b) and in 10 cm to 100 cm depth (c).

2013), although experiments in this study are at the lower end of the range of the
individual GLACE-CMIP5 models.
In addition to changes in annual mean temperature in response to prescribed
SM, we also investigate corresponding changes in annual maximum daily maximum
temperature (TXx), shown in Figure 3.4d to f. In most regions the TXx differences
are larger than the annual mean differences. This stronger impact of SM changes on
extremes versus mean temperatures is a well-known characteristic of land–atmosphere
coupling (e.g. Seneviratne et al., 2010; Seneviratne et al., 2013). TXx in PRES_LIQ_
MEDIAN are cooled by more than 2 ◦C by the SM prescription for Australia, South
Africa, India and Brazil. The results for PRES_LIQ_DEEP_MEDIAN are similar to
PRES_LIQ_MEDIAN, except in South Australia and Northern High Latitudes. These
results are in line with earlier studies (e.g. Lorenz et al., 2016). The cooling increases
towards the end of the 21st century in all three simulations (Supplementary Figure D.3d
to f).
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Figure 3.4: Difference in the median of the simulation with prescribed SM and REF (anomaly)
for the period 1971 to 2000. (a) to (c) annual mean Temperature, (d) to (f) TXx. Significance is
tested with a Wilcoxon-Mann-Whitney-U test (e.g. Wilks, 2011). Conducting a significance tests
at each grid point increases the probability to falsely reject the null hypothesis (e.g. Wilks, 2016).
We therefore control for this with the approach described by Benjamini and Hochberg (1995),
using a global p-value of 5 %.

Prescribing soil ice
In this section we analyse PRES_LIQ+ICE_MEAN and PRES_LIQ+ICE_MEDIAN,
i.e. the simulations that prescribe ICE. Using the PRES_LIQ+ICE methodology leads
to a similar anomaly in global land mean temperature in the 1971 to 2000 period
than prescribing LIQ only (PRES_LIQ+ICE_MEAN: −0.8 ◦C and PRES_LIQ+ICE_
MEDIAN: −0.3 ◦C, Supplementary Figure D.4). However, these land temperature
differences increase strongly toward the end of the 21st century (Supplementary Figure D.5) in contrast to the simulations without prescribed ICE. As the climate and
hence the soils warm, the soil ice melts, and, as the ICE climatology is based on the
time period 1971 to 2000, more soil ice is prescribed. Consequently, melting occurs
during every modelling time step and the soil ice is re-prescribed at the end of the time
step, thereby constantly cooling the land surface and hence near-surface temperature.
Thus, prescribing soil ice leads to a strong disturbance of the model’s energy balance.
This is also evident in the large ground heat flux anomalies of the simulations with
prescribed ICE (more than 10 W m−2 locally and 1.9 W m−2 globally for 2070 to 2099,
Supplementary Figure D.6). In contrast, experiments that do not prescribe ICE do
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not show any noteworthy ground heat flux anomalies. As the climate warms, there
is an increasing land area where the air temperature is no longer consistent with a
frozen ground, thus the land mean temperature anomaly increases with time. The
largest temperature signal occurs locally in the mid- and high latitudes. However,
non-local effects due to heat advection and/ or altered atmospheric circulation can not
be excluded.
Note that most climate models, for instance within GLACE-CMIP5, do not prescribe
ICE and thus do not suffer from this problem. However, ICE was prescribed in CESM
in earlier studies (Koster et al., 2004; Lorenz et al., 2012; Seneviratne et al., 2013).
This may have caused an increased temperature perturbation that does not affect the
main conclusions of these studies. In the GLACE experiments Koster et al. (2004)
simulate a summer in the current climate, which reduces the influence of prescribing
ICE. Additionally, they concentrate their analysis on the variability of precipitation
on non-ice land points. Seneviratne et al. (2013) compare two simulations that both
prescribe ICE, such that the effects cancel while others excluded CESM simulations
from their analysis (e.g. Berg et al., 2016).
Interactive fraction of liquid and frozen soil water
The last two simulations, PRES_FRAC_MEAN and PRES_FRAC_MEDIAN, prescribe total SM, while the relative proportions of LIQ and ICE are interactively computed by the model. Hence, this technique should circumvent the problem of repeatedly
adding and melting ICE. However, due to vertical liquid water transport in the soil it
also leads to large temperature and ground heat flux anomalies in CLM4 (Supplementary Figure D.4 and Supplementary Figure D.6). In contrast to PRES_LIQ+ICE the
annual mean temperature anomaly is already apparent for the period 1971 to 2000 and
increases only slightly toward the end of the 21st century (Supplementary Figure D.5).
Nonetheless, we think that this technique is viable, and that the problem reported here
is CLM4-specific. For example, Figure 2 in Douville et al. (2016) gives no indication
of a large temperature anomaly due to the prescription of ICE. It is recommended
to calculate the ground heat flux anomalies when prescribing SM, as this is a good
indicator of ICE-induced energy balance perturbations.

3.3.3

Amount of prescribed soil moisture

SM is usually prescribed to suppress the land–atmosphere coupling. This comes at
the cost of water balance perturbations. To quantify the introduced imbalance, we
separately compute the total of (intendedly) added and removed SM for all simulations
with respect to REF (for which it is zero). During 1971 to 2000, the average amount of
added SM (over the whole soil column) is about 650 mm a−1 (not shown). This is about
three quarters of the global land mean precipitation in REF. However, a similar amount
of SM is removed and the net water balance perturbation is much smaller because
positive and negative perturbations largely compensate when integrated over the entire
soil column. A large amount of water is usually removed from the uppermost soil
layers because rain infiltrates the topmost soil layer but has not enough time to reach
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deeper soil layers before this wet SM is replaced with a (usually) drier climatological
value at the end of the time step. Consequently, the deeper layers are too dry and water
is added by prescribing the climatological SM.
For these reasons we focus on the net water balance perturbations in the remainder of
this Section. In PRES_LIQ_MEAN (Figure 3.5a), comparatively large amounts of water
(>250 mm a−1 ) are added in Australia, India, Mainland Southeast Asia (Indochina),
southern Brazil and parts of Africa. The regions with large amounts of net added
SM coincide with regions where we find the strongest TXx reductions in Figure 3.4,
a consequence of the (muted) land–atmosphere coupling. These regions show large
positive anomalies in evapotranspiration, which is responsible for the large amounts of
added LIQ, as well as the reduction of the sensible heat flux, which in turn leads to
lower TXx. Interestingly, TXx decreases almost at all land grid points, while in many
regions more water is removed than added. This is explained by evapotranspiration
which increases in most land areas (not shown) thus indicating that the SM prescription
ensures availability of water even during hot and dry periods. To set the water-balance
perturbations into perspective, we scaled the amount of net SM changes by the annual
mean precipitation at each grid cell (Figure 3.5d for PRES_LIQ_MEAN). In many
regions, the net water-balance perturbation is more than 30 % of the annual mean
precipitation amount (Figure 3.5d). Not surprisingly, we find the largest relative
changes in regions with large absolute SM changes, but also regions with small
precipitation amounts (Sahara, Arabian Peninsula).
Simulations with prescribed median SM generally display smaller water-balance
perturbations. In PRES_LIQ_MEDIAN (Figure 3.5b and e), the net water-balance
perturbation is generally below 200 mm a−1 . This corresponds to a perturbation of
less than 15 % of annual mean precipitation in most regions. Regions where less water
is added in PRES_LIQ_MEDIAN than PRES_LIQ_MEAN also show substantially
smaller evapotranspiration, because the median SM climatology is smaller than the
mean. On the other hand, regions where more water is added with the median
SM climatology, often show more rainfall, especially northern Brazil. Results for
PRES_LIQ_DEEP_MEDIAN (Figure 3.5c and f) are similar, with the exception that
the land area where SM amounts larger than 30 % of annual mean precipitation are
removed is strongly reduced, probably because water infiltrated in the topmost layer is
evaporated (or persists in this layer) instead of removing it by the algorithm.
In terms of global net SM changes, PRES_LIQ_DEEP_MEDIAN introduces the
smallest water balance perturbation of all simulations, (−2 mm a−1 , during 1971 to
2000). This is only slightly more in the case of PRES_LIQ_MEDIAN (−5 mm a−1 ).
We find stronger water balance perturbations in PRES_LIQ_MEAN (43 mm a−1 ). Note
that in individual years, the water balance perturbations can be larger (Figure 3.6a).
Until the middle of the 21st century these perturbations are relatively constant for
all three simulations and decrease thereafter. Thus, the small negative anomalies in
PRES_LIQ_MEDIAN and PRES_LIQ_DEEP_MEDIAN become about −45 mm a−1
for 2070 to 2099. For PRES_LIQ_MEAN, on the other hand, the large positive water
balance perturbations decrease to 5 mm a−1 . This is caused by increased rainfall over
land, which is only partially compensated by increased evapotranspiration (Figure 3.6b

56

Prescribed soil moisture experiments

Water Balance Perturbation

Water Balance Perturbation / Precipitation

Land: 43 mm / yr

(a)
PRES_LIQ
MEAN

60°N
30°N
0°
30°S
60°S

(d)

Land: -5 mm / yr
(b)
PRES_LIQ
MEDIAN

60°N
30°N
0°
30°S
60°S

(e)

PRES_LIQ_DEEP
MEDIAN

Land: -2 mm / yr
(c)

180°W

90°W

0°

90°E

(f)
60°N
30°N
0°
30°S
60°S
180°E 180°W

[mm / yr]

90°W

0°

90°E

180°E

[%]
250 150 100 50 50 100 150 250

15

10

5

5

10

15

Figure 3.5: Mean annual SM perturbation for 1971 to 2000. (a) to (c) net water balance
perturbation in mm a−1 , (d) to (f) net water balance perturbation scaled by the annual mean
precipitation.

and c). As the mean SM climatology is generally wetter than the median climatology,
this wettening brings the interactively computed SM closer to the mean climatology,
such that less water balance perturbations are introduced by the SM prescription.
Consequently, there is also an increase in global land mean total SM in REF (Figure 3.6d)
in the CESM model. Note that this stands in contrast to other models (Berg et al.,
2016), which mostly display drying trends over land. In these models, the water-balance
perturbation for prescribing the mean SM climatology would probably increase and
not decrease in the future. Thus, on global maps of net water balance perturbations for
2071 to 2100 (Supplementary Figure D.7), the regions with large amounts of added SM
are similar as shown in Figure 3.5a, but more regions show larger amounts of removed
SM.

3.4

Conclusions

Soil moisture is commonly prescribed in General Circulation Models to study the
interplay of the land surface with weather and climate. As other types of sensitivity experiments (e.g. prescribing sea surface temperatures), this approach introduces
perturbations, in particular to the land water balance, because it artificially removes
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Figure 3.6: Time series of global-land, annual-mean (a) net prescribed soil moisture, (b)
precipitation, (c) evapotranspiration and, (d) total soil moisture content. Total soil moisture in the
simulations with prescribed soil moisture is not entirely constant because ICE is still computed
interactively. The light gray background shows the two time periods used for the climatology.

rainwater that infiltrates the soil and replaces water in the soil that is lost via evapotranspiration and drainage. It is important to be aware of these perturbations because they
induce changes in the surface climate and constitute a substantial fraction of the climate
response to the prescribed soil moisture conditions. Thus, independent experiments
investigating the impact of soil moisture–climate interactions may come to different
conclusions if they use different approaches to decouple the land surface. However,
perturbing the water balance is necessary and cannot be avoided when aiming at an
estimation of the land–atmosphere coupling strength. Therefore, we investigate the
impact of different prescription techniques on climate, and, for the first time, also report
the water balance perturbations induced by soil moisture prescription.
We implement and test four approaches to prescribe soil moisture, and use two
methods to estimate the soil moisture climatology (mean and median) in the Community
Earth System Model (CESM) with its land component, the Community Land Surface
Model (CLM). We show that the mean and median soil moisture climatologies differ,
with the most notable relative differences in the uppermost soil layers. This difference
is also observed in other General Circulation Models within GLACE-CMIP5.
The first method to prescribe soil moisture that was originally developed for
CESM/ CLM does not only prescribe soil liquid water but also soil ice (e.g. simulations
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contributing to GLACE experiments, Koster et al., 2006). This leads to large anomalies
in the ground heat flux and the global mean temperature, especially toward the end of
the 21st century, and is therefore generally not recommended. Similar problems are
apparent in CLM (version 4) when total soil moisture is prescribed while computing
the relative proportions of soil liquid water and soil ice by the model. We propose an
alternative methodology where no soil moisture is prescribed if the soil temperature
in a particular layer is below freezing point, and only soil liquid water is prescribed
otherwise. This method remedies the large global mean temperature and ground heat
flux bias of the first method, while it still allows to mute the land–atmosphere coupling.
For this method, we compare the difference between using the mean and the median soil
moisture climatology. When prescribing the mean climatology, large net water balance
perturbations arise (global land mean of 50 mm a−1 , for 1971 to 2000). Whereas in the
case of prescribing the median soil moisture climatology, the land mean water balance
perturbation is much smaller (−5 mm a−1 ). Thus, prescribing the median soil moisture
climatology leads to a considerably smaller perturbation of the water balance. However,
long-term soil moisture trends may also influence the water balance perturbations when
prescribing a fixed (past) SM climatology. This illustrates the utility of reporting the
water balance perturbations, which is also planned within LS3MIP (van den Hurk et al.,
2016).
Corresponding to different water balance perturbations, there are different impacts
on temperature: when prescribing the mean soil moisture climatology we find a land
mean cooling of more than 0.5 ◦C, while prescribing the median leads to a mean land
cooling of only 0.3 ◦C. Regionally, temperature differences of 2 ◦C are observed when
prescribing the two climatologies. Our results allow to disentangle the influence of the
soil moisture–temperature coupling and the influence of the water-balance perturbation.
For comparison, we furthermore test another well-established method (Koster et
al., 2004; Douville, 2003) to prescribe soil moisture where the topmost soil layer is
computed interactively and soil moisture is only prescribed in the lower layers. Results
with this method are very similar to the findings obtained when prescribing the whole
soil column. Due to the interactive top layer, the water-balance perturbation, and also
the temperature signal are slightly smaller.
This study shows that a careful design of the soil moisture prescription methodology
can help to minimize its influence on the model climate. Therefore, Table 3.2 provides
a summary of our findings, and recommendations for the set up of studies prescribing
soil moisture. These recommendations can guide the implementation of the LFMIP
experiments within LS3MIP. Particularly, the method to prescribe soil moisture is not
specified within LS3MIP and this paper can serve as reference for model developers.
We note that the originally planned LS3MIP setup mentions the use of the mean
climatological soil moisture (van den Hurk et al., 2016). Using the median climatology
as recommended in this study would require a small adaptation of the protocol, but this
may still be possible as the simulations are not yet started.
As the land–atmosphere coupling is removed in all experiments in this study, the
observed differences in the temperature signals are solely related to differences between
the induced water balance perturbations. While these perturbations are inevitable for
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suppressing the land–atmosphere coupling, our results suggest that the role of these
perturbations for the resulting temperature signal is not negligible. Hence, not the
entire temperature signal can be attributed to the land–atmosphere coupling. This
problem can be addressed by prescribing the median SM climatology, which helps to
reduce water balance perturbations because of the non-symmetrically distributed SM
in many regions.
Table 3.2: Summary of the findings and recommendations for prescribing soil moisture in land
surface models.

Whole column vs. subsurface prescription of soil
moisture
Soil moisture climatology
(median vs. mean)
Temporal resolution of the
soil moisture climatology
(daily vs. monthly soil moisture values)

Water-balance perturbation
as output
Prescribing soil ice

Prescribing soil moisture in subsurface soil levels only,
rather than the entire soil column, leads to a marginally
smaller water balance perturbation and atmospheric response.
Prescribing the median rather than the mean soil moisture
leads to a considerably smaller perturbation of the water
balance and also of the atmospheric response.
Daily soil moisture follows the seasonal cycle more
closely and avoids the difference in monthly means of the
reference simulation and the simulation with prescribed
soil moisture. While not tested with simulations in this
study, the differences in terms of water balance and temperature perturbations when prescribing true daily versus
interpolated monthly SM (see Section 3.3.1) may regionally be as large as the ones we find between prescribing
mean versus median seasonal SM cycles.
We recommend to output the amount of water that is
added/ removed by the algorithm as this may help to
disentangle the water-balance perturbation and the land–
atmosphere coupling.
Prescribing soil ice leads to large temperature and ground
heat flux anomalies. To prevent such anomalies the
soil moisture prescription should be stopped as soon as
the soil reaches freezing temperature. It should thus
be ensured that the ice (or water to ice ratio) in the
soil can evolve freely. If soil ice should nevertheless
be prescribed, using a running median of soil ice and
liquid of the control simulation will lead to the smallest
perturbations.

Code availability The used code and the link to the documentation is available at
https://github.com/IACETH/prescribeSM_cesm_1.2.x. The code is released under a
MIT license. Revision 67cf64 was used to conduct simulations 1 to 5 and revision
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c38753 for simulations 6 and 7. Note that the model framework (and code) of CESM/
CLM is necessary to compile and use the code given in the repository.
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Role of Soil Moisture vs. Recent
Climate Change for the 2010 Heat
Wave in Western Russia

Geophysical Research Letters, 43, doi:10.1002/2016GL068036∗ , Mathias Hauser1,
René Orth1, and Sonia I. Seneviratne1
Abstract The severe 2010 heat wave in western Russia was found to be influenced
by anthropogenic climate change. Additionally, soil moisture–temperature feedbacks
were deemed important for the build-up of the exceptionally high temperatures. We
quantify the relative role of both factors by applying the probabilistic event attribution
framework and analyse ensemble simulations to distinguish the effect of climate change
and the 2010 soil moisture conditions for annual maximum temperatures. The dry
2010 soil moisture alone has increased the risk of a severe heat wave in western Russia
six-fold, while climate change from 1960 to 2000 has approximately tripled it. The
combined effect of climate change and 2010 soil moisture yields a 13 times higher
heat wave risk. We conclude that internal climate variability causing the dry 2010 soil
moisture conditions formed a necessary basis for the extreme heat wave.
∗ This publication was slightly changed from its original version to ensure consistency throughout this thesis.
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4.1

Role of soil moisture for 2010 heat wave

Introduction

The western Russia heat wave in 2010 (RHW) led to severe socio-economic impacts and
was likely the hottest summer in the last 500 years in eastern Europe/ western Russia
(Barriopedro et al., 2011). Recent studies have investigated the role of climate change
for this event. The first study to investigate the RHW found no influence of greenhouse
gas (GHG) warming or sea surface temperatures (SSTs) on the predictability of the event
(Dole et al., 2011). However, an analysis of the unprecedented number of extremes in
time series data suggest that the heat record in 2010 was made five times more likely
due to climate change (Rahmstorf and Coumou, 2011). This apparent controversy was
resolved by Otto et al. (2012) who pointed out that the probability of occurrence of the
RHW was increased by human influence while its magnitude was within the range of
internal variability of the system, and that the contribution of anthropogenic forcing
to the overall anomaly was small compared to that of natural variability. Similarly,
Watanabe et al. (2013) found a 5-fold increase in the probability of reaching August
2010 temperatures between pre-industrial and current climate conditions.
From a dynamical perspective the most important feature of the RHW was a
blocking anticyclone (e.g. Barriopedro et al., 2011), an atmospheric feature that played
a role in most major heat waves in this region (Schubert et al., 2014). Indeed, blocking
anticyclones inhibit precipitation by deflecting storm systems. Additionally, descending
air in the high pressure system increases temperature and leads to less clouds which
allows more insolation.
Another important contributor to the formation of heat waves are land–atmosphere
feedbacks, which are dependent on the soil water content (e.g. Seneviratne et al.,
2010). Soil moisture (SM) influences the partitioning of the available surface net
radiation into latent (LH) and sensible heat fluxes (SH). When the soil is sufficiently
wet, LH is limited by radiation. In contrast, under drought conditions it is limited by
moisture availability. Hence, a dry soil tends to decrease LH, thereby increasing SH
and consequently inducing a surface warming. Observational data indicate a strong
relationship between precipitation deficits and hot extremes in many regions of the
world (Hirschi et al., 2011; Mueller and Seneviratne, 2012) and a negative relationship
between preceding SM conditions and summer monthly maximum temperatures in
Europe (Whan et al., 2015). The importance of SM for European heat waves has
also been shown in modeling studies (e.g. Fischer et al., 2007a; Fischer et al., 2007b;
Vautard et al., 2007; Jaeger and Seneviratne, 2011).
Particularly for the RHW many studies suggest an important role of SM (Barriopedro et al., 2011; Dole et al., 2011; Rahmstorf and Coumou, 2011; Sedlacek et al., 2011;
Watanabe et al., 2013). Lau and Kim (2012) use re-analysis data to estimate a LH
anomaly of about −15 W m−2 due to reduced SM. Miralles et al. (2014) show that there
was strong SM-temperature coupling during the RHW. They highlight that low SM
and high heat advection are both essential to reach very high afternoon temperatures
and that LH contributes about half of the heat input to the atmospheric boundary layer.
However, a quantification of the contribution of the dry soil conditions to the record
temperature is lacking.
The main goal of this study is to quantify the effect of the 2010 SM conditions on
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annual maximum temperatures in the region of the RHW with the framework of event
attribution (e.g. Allen, 2003; Stott et al., 2004). For this purpose we run ensemble
simulations with a global climate model, with and without prescribed “observed” 2010
SM conditions and compare the resulting temperature distributions. In particular, we
quantitatively assess the relative contributions of the 2010 SM conditions and recent
climate change to the occurrence probability of the RHW.

4.2
4.2.1

Data and methods
Data

We investigate the hottest daily maximum temperature of the year (TXx) in a region
in western Russia (50 °N to 60 °N and 35 °E to 55 °E, the same region as in Dole et al.
(2011) and Otto et al. (2012)). Even though the heat wave extended over more than one
month, we use TXx as heat wave index in this study. Using TXx offers the possibility
to employ generalized extreme value theory, which is suited to statistically model
values in the upper tail of the distribution (see Section 2.3) and provides a framework to
extrapolate return periods beyond the number of model years. Moreover, TXx correlates
well with mean July temperatures (see Section 3.1). This suggests that results obtained
for TXx are qualitatively similar to results that would be obtained by analysing mean
monthly temperatures. We select TXx in the target area from the regional average
of daily maximum temperatures (TX) and not the regional mean of TXx at each grid
point. This is a more representative measure of regional maximum temperatures, as
the annual maximum of each grid cell can occur on different days of the year. We
use the extreme temperature dataset HadGHCND (the Hadley extreme temperature
dataset, based on the Global Historical Climatology Network Daily database; Caesar
et al., 2006), which provides TX from 1951 to 2010. TXx is compared with mean July
temperatures over the target region. Additionally, we use global mean temperatures
for our statistical analysis. Both, the monthly regional mean and annual global mean
temperatures, are calculated from the Goddard Institute for Space Studies analysis of
global surface temperature (GISTEMP-1200; Hansen et al., 2010).

4.2.2

Experimental design

The Community Earth System Model (CESM 1.2; Hurrell et al., 2013) is used to
investigate the influence of various forcings on temperature in the study area. CESM
couples the Community Atmosphere Model (CAM 5.3; Neale et al., 2012) and the
Community Land Model (CLM 4.0; Lawrence et al., 2011). In our set up SSTs, sea
ice, and GHG concentrations are prescribed.
We conduct five sets of ensemble simulations that are summarized in Table 4.1.
The first two are designed to assess the influence of recent anthropogenic climate
change on temperature. They are forced by SSTs and GHGs from the 1960s (“R1960s”)
and the 2000s (“R2000s”). By choosing the 1960s as reference period we follow the
approach of Otto et al. (2012). Whereas other studies use a no-climate-change scenario
as reference (e.g. Stott et al., 2004), which potentially leads to a larger climate change
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signal, we chose observed climate of the past, where climate change had less effect as
today, as a reference. This allows us to compare our model simulations with observed
temperature data, and to employ observed SSTs. The main goal of this study is to
quantify the effect of the 2010 SM conditions on TXx in western Russia. Thus, in
the next two simulations, “R1960s+SM2010” and “R2000s+SM2010”, we repeat the
setting of R1960s and R2000s, respectively and additionally prescribe SM to 2010
conditions. The SM prescription is performed by re-setting the computed values at
every time step as in Koster et al. (2004) and Seneviratne et al. (2006b) and Seneviratne
et al. (2013). To test if the 2010 ocean forcing increases the heat wave risk, the last
simulation, “R2010”, differs from R2000s only by using 2010 SSTs. Each of these
five simulations is run for 150 years by repeatedly applying the SST forcing. The
chaotic nature of the atmosphere leads to different initial conditions at the start of each
simulated year and provides a sampling of the internal model climate variability.
Table 4.1: Name and forcing conditions of the simulations. We use the decadal-mean for the GHG
and individual years for the SST forcing. Additionally, CLM-ERA represents ERA-Interim-forced
CLM simulations (1981–2010).

Name
R1960s
R2000s
R2010
R1960s+SM2010
R2000s+SM2010

GHG
1960–1969
2000–2009
2000–2009
1960–1969
2000–2009

SST
1960–1969
2000–2009
2010
1960–1969
2000–2009

SM
interactive
interactive
interactive
CLM-ERA 2010
CLM-ERA 2010

Ensemble
15 x 10 y
15 x 10 y
150 x 1 y
15 x 10 y
15 x 10 y

To estimate SM conditions and evapotranspiration in our land model under realistic
forcing conditions (“SM2010” conditions), we perform offline land simulations with
CLM 4.0. They are forced with 6-hourly atmospheric analysis and prediction fields
of the European reanalysis dataset (ERA-Interim; Dee et al., 2011), hereafter called
“CLM-ERA”. We validate the simulated SM2010 conditions against (i) SM estimates
from ERA-Interim/Land (Balsamo et al., 2015) and (ii) total water storage from the
Gravity Recovery and Climate Experiment (GRACE; see e.g. Wouters et al., 2014).

4.2.3

Statistical analysis

To characterize the upper tail of the temperature distribution we employ the block
maximum method, which is commonly used for the study of extremes in climate (see
e.g. Coles, 2001). It is based on the extremal types theorem (Fisher and Tippett, 1928;
Gnedenko, 1943) stating that the maximum of a large number of independent and
identically distributed random variables asymptotically approaches the generalized
extreme value (GEV) distribution. Although daily temperatures are not independent,
the GEV distribution is still appropriate, given the autocorrelation at long lag times
is small (Leadbetter, 1983). The GEV distribution has three parameters: location,
scale and shape. A change in the location parameter shifts the whole distribution
without influencing its form, the scale is a measure of variability and the shape
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determines if it has a lower, an upper, or no bound. Additionally, the GEV distribution
allows to incorporate covariates for the parameters to include nonstationarities. To
analyse trends in the observation data we model the location parameter as a linear
function of a covariate (time and global mean temperature, respectively, Section 4.3.1).
Best estimates and uncertainties are calculated with an affine-transformation invariant
Markov Chain Monte Carlo sampler (Goodman and Weare, 2010; Foreman-Mackey et
al., 2013), starting from non-informative priors. Point estimates of the GEV parameters
are computed as the median of the converged posterior distribution.
The investigated region was specifically chosen to be “the region of highest heat
wave intensity” (Dole et al., 2011) and is thus subject to a selection bias for our analysis.
Therefore, we do not consider the magnitude of the 2010 heat wave directly but compute
probabilities to exceed the second warmest event on the historical record (as in Stott
et al., 2004).
We use the risk ratio (RR) as the main diagnostic to express the influence of SM
and climate change on heat waves. It expresses how more (or less) likely an event is
made by a certain forcing. The RR is related to the fraction of attributable risk (FAR):
p
1
,
RR = for =
pref
1 − FAR

(4.1)

where pref , and pfor , is the probability for exceeding a temperature threshold in the
reference and the forced model simulations.

4.3
4.3.1

Analysis of the 2010 heat wave
Trend detection in annual maximum temperatures

The hottest year on the observed TXx record is 2010 (named TXx2010, Figure 4.1a).
It is more than 2 ◦C warmer than the second hottest year, 1998 (TXx1998). As TXx
only captures one day, we test its temporal representativeness by comparing the areaaveraged GISTEMP-1200 July temperature against TXx and find a Pearson correlation
coefficient of 0.68. The correspondence between TXx and mean July temperatures
suggests that the magnitude of heat waves can be assessed with the temperature of its
hottest day.
To detect if climate change has increased TXx in western Russia we investigate
trends in the HadGHCND dataset (Figure 4.1a) by introducing a covariate in the GEV
location parameter. Using time as covariate results in a non-significant linear trend.
In contrast, employing global mean temperatures (from GISTEMP-1200, smoothed
with a 3-year running mean) as covariate results in a significant trend. These results
for TXx trends are similar to earlier findings for mean July temperatures (Dole et al.,
2011; Otto et al., 2012). See Section E.1 for details.

4.3.2

Model validation

We compare R1960s and R2000s against HadGHCND data to validate the CESM
simulations. The simulations R1960s+SM2010 and R2000s+SM2010 cannot be vali-
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Figure 4.1: (a) Time series of TXx for the HadGHCND dataset (black). The investigated region
is shown in the inset. A covariate is fitted to the location parameter. The linear trend (blue)
is non-significant, while the global mean temperature as covariate (red) is significant. The
gray shadings indicate time periods of the climate simulations (1960s, 2000s and 2010). (b)
Bias-corrected TXx of the simulations. The horizontal black lines indicate the hottest (TXx2010)
and second hottest (TXx1998) event on the record.

dated and R2010 represents only one year. Both simulations exhibit a median bias of
about 1.75 ◦C that we correct by subtracting it from all simulations (Figure E.1). The
annual median precipitation of R1960s, R2000s, and CLM-ERA is virtually the same
(Figure E.2a). Also, mean SM agrees well and is only slightly (4 % in summer) lower
in the coupled simulations than in CLM-ERA (Figure E.2b and Figure E.3). While it
is important that the SM climatologies in the offline and coupled simulations agree
to prevent spurious temperature signals, we argue that the observed difference – if
anything – acts to decrease the risk ratios for the simulations with prescribed 2010
SM conditions presented in Section 4.3.4, which make our results rather conservative
(Section E.2).
The bias corrected TXx from the three reference simulations (R1960s, R2000s,
and R2010) sample the range of the observations well, except for 2010 (Figure 4.1b).
Compared to R1960s, the distribution of R2000s and R2010 are clearly shifted toward
warmer temperatures. R2000s+SM2010 is clearly the warmest of the four shown
ensemble experiments and the only one with ensemble members reaching temperatures
around TXx2010 (Figure 4.1b).
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Soil moisture and water fluxes in 2010

To characterize the evolution of the heat wave we provide in Figure 4.2 time series of TX,
SM and the accumulated water flux during 2010, based on observations (HadGHCND,
GRACE) and observation-driven land simulations (ERA-Interim/Land, CLM-ERA).
CLM-ERA shows SM anomalies of around −2 standard deviations (σ) before the start
of the heat wave. The SM anomaly in ERA-Interim/Land is less extreme but gradually
develops after the snow melt. GRACE indicates a total water storage anomaly of around
−1 σ to −2 σ throughout the whole year. Note that the base period for GRACE and
the other two datasets are not equal. Interestingly, evapotranspiration (ET) drops from
high spring values to low summer values due to the very dry soil that cannot provide
enough water to evaporate. Consequently, ET was mostly energy-limited in spring and
strongly moisture–limited in summer. During the heat wave, temperatures exceed the
historical range and are up to 10 ◦C above the climatological mean. Despite high water
demand (Miralles et al., 2014), precipitation minus runoff (P − R) is almost 0 mm and
ET stays small (see inset). The SM anomaly peaks at around −3 σ during the heat
wave.
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Figure 4.2: Time series of 2010 temperature, SM and water balance conditions in the RHW focus
region. The approximate duration of the heat wave in 2010 is shaded in light red. (a) Daily
absolute observed anomaly of TX for 2010 (black) and 1950 to 2009 (gray). (b) SM anomaly in
standard deviation for 2010 as given by ERA-Interim/Land and CLM-ERA in the top 1 m and
total water anomaly given by GRACE. Reference period 1981 to 2010 (ERA-Interim/Land and
CLM-ERA), and 2002 to 2012 (GRACE). (c) Cumulated water fluxes and storage change from
CLM-ERA. The inset shows the total precipitation minus runoff and evapotranspiration during
the heat wave period.

To infer the influence of climate change on 2010 SM we estimate the anomaly for
a natural climate without anthropogenic impact by assuming (i) uniformly decreased
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temperatures or (ii) decreased ET on cloud-free days in response to reduced longwave
downward radiation (Section E.3). The temperature- and radiation-based approach lead
to wetter soils in the order of +0.5 σ and +0.06 σ, respectively (Figure E.4). Although
the former shows a considerable signal, 2010 still remains the driest year on the record
by far in both cases. Thus, we assess that the influence of anthropogenic climate change
on the development of SM during 2010 was small to negligible.

4.3.4

Role of soil moisture and anthropogenic climate change for the
2010 heat wave

We compare the role of climate change, the ocean forcing, and SM on TXx using a
return time plot and the RR (Figure 4.3). Both are based on the probability density
function (PDF) of the GEV distribution that we estimate from the TXx ensemble of
the CESM simulations (Figure E.5). The GEV distribution fits the TXx data well
as assessed by quantile-quantile plots (Figure E.6). The return time for TXx2010 is
larger than 1000 years for all simulations without prescribed SM. In R2000s+SM2010
the return time is drastically reduced compared to the other simulations, showing the
importance of SM on summer temperatures in western Russia. Events of the magnitude
of TXx1998 or larger are more common. While estimated as an 80-year event in
R1960s, it becomes a 25-year event in R2000s. By comparison, Otto et al. (2012) find
that the return time of a 2010-magnitude heat wave decreased from 99 years in the
1960s to 33 years in the 2000s. Due to the different temperature measures (TXx vs.
mean July temperatures) and the different considered thresholds (second warmest vs.
warmest on record) these return times are not directly comparable. Nonetheless, we
confirm the result of Otto et al. (2012) suggesting that there is a human influence on
the return time of heat waves in western Russia.
Next we assess the influence of different forcings with the RR, using R1960s as
reference. For climate change (R2000s) the best estimate of the RR is 3.1. Our results
suggest that the chance of exceeding TXx1998 has more than tripled since the 1960s
and therefore climate change contributed to the 2010 heat wave. There is a spread in
the RR according to the uncertainty of the GEV parameters, but it is very likely (>90 %
confidence) that there was at least a 1.5-fold risk increase due to human influence. To
investigate the influence of 2010 SM independently of climate change we calculate
the RR of R1960s+SM2010 with R1960s as reference. We obtain a RR of 6.2 (3.3 at
90 % confidence) suggesting a stronger effect of SM compared to that of anthropogenic
climate change. Note that our RR for R1960s+SM2010 are conditional on the 2010
SM state. The combined influence of climate change and 2010 SM (R2000s+SM2010)
results in a RR of 13.1 (7.1 at 90 % confidence).
Considering R2010, the risk of exceeding TXx1998 has a best estimate of 1.7 but
the RR at 90 % confidence is only 0.77 (i.e. a reduced heat wave risk). This indicates
that the 2010 ocean forcing did not support or amplify the heat wave. However, by
prescribing a single year of SST this experiment has less year-to-year variability. Thus,
our results agree with the study of Dole et al. (2011) who found no strong influence of
ocean forcing on July temperatures in ensembles of two atmospheric general circulation
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Figure 4.3: (a) Return value as function of return time including the 95 % uncertainty range for
four of the model simulations. Horizontal black lines show observed TXx in 1998 and 2010. (b)
Fraction of attributable risk (bottom axis) and risk ratio (top axis) for the second warmest event
on record with respect to R1960s. Vertical solid (dashed) lines indicate the best (10th percentile)
estimate of each experiment.

models.

4.4

Conclusions

We assess the influence of climate change (GHGs and SSTs) and land--atmosphere
feedbacks (SM state) on the probability of exceeding the second warmest annual
maximum temperature (TXx) in a region in western Russia. SM in western Russia is
estimated with offline land surface model simulations forced with ERA-Interim data.
From these, summer 2010 is determined as very dry with a SM anomaly of more
than three standard deviations below the 1981 to 2010 reference period. We find that
summer 2010 would still have been exceptionally dry and only slightly wetter than
observed when reproducing the heat wave in 1960s conditions.
We sample the TXx distribution with five 150-year long CESM simulations with
prescribed SSTs and GHGs. The change in probability of exceeding the second warmest
TXx with the different forcings (compared to the 1960s) is summarized in Figure 4.4.
Recent climate change (1960s vs. 2000s) is shown to increase the heat wave risk
three-fold. On the other hand, the 2010 SSTs do no lead to a larger heat wave risk
compared to 2000–2009 SSTs. To quantify the (unidirectional) influence of SM on TXx
in Russia, 2010 SM conditions are prescribed in additional sensitivity experiments. SM
forcing alone (without climate change signal) increases the risk to exceed the second
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warmest temperature on record by 6 times. The combined influence of climate change
and SM forcing leads to a 13-fold heat wave risk increase.
Risk Ratio (TXx > TXx1998, reference R1960s)
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Figure 4.4: Risk ratio of exceeding the second warmest TXx on the observational record relative
to R1960s for different forcings. Please refer to Table Table 4.1 for forcing conditions of the
simulations. Bars and numbers indicate the best estimate (median) RR. The 10th percentile
(i.e. 90 % confidence) and 90th percentile RR are indicated with the black and gray error bars,
respectively.

The large increase in heat wave risk highlights the importance of SM on summer
temperatures in western Russia, emphasizing the role of SM as a necessary prerequisite
for the occurrence of record-breaking temperatures in the investigated region. While
the presented analysis focuses on heat waves in western Russia, our methodology is
applicable to assess the role of SM in any heat wave, and more generally to attribute
extreme events to physical processes.
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Conclusions

The land surface and the atmosphere form a coupled system through the exchange of
energy and water. This coupling between the land and the atmosphere is mediated
via soil moisture, which can influence the partitioning of the available surface net
radiation into the latent and sensible heat flux, and can thus exacerbate heat waves.
In addition, rising extreme temperatures are expected due to the ongoing human
impact on climate. The presented thesis investigates the influence of land–atmosphere
interactions and past climate change on climate extremes with a particular emphasis
on the assessment of methodological choices. I used probabilistic event attribution to
assess the anthropogenic influence of individual extreme events, and demonstrate that
large uncertainties are associated with this technique (Chapter 2). By prescribing soil
moisture in global climate models I estimated how the land surface can modulate the
atmospheric conditions, and point out that the temperature effect of these experiments
can be related to the amount of prescribed water (Chapter 3). I combined methods to
gauge the importance of land–atmosphere interactions and climate change for the 2010
Russian heat wave (Chapter 4). The influence of the land on surface air temperature in
observations was quantified with soil moisture–temperature coupling metrics, which
uncover the important role of dry soils for a heat wave in the Western United states
(Box 2). I tested if trends in a climate variable are consistent with anthropogenic climate
change using trend detection and attribution, and show that observed trends in the
growing season length were caused by climate change (Box 1). The main conclusions
of this thesis are given below.
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The 2015 European drought reveals large uncertainties in event attribution In
Chapter 2 the 2015 European drought was used as a test case to study if meteorological
drought over a central European region was made more likely due to climate change,
using probabilistic event attribution. To address the methodological and data uncertainty, a variety of observational datasets and a large number of model simulations
were used: risk ratios were derived from four different observational datasets and more
than 15 000 simulation-years from 23 climate models. Furthermore, different choices
of the climate without human influence were explored.
As a main result the study revealed a large spread in the risk ratio, depending on the
employed dataset and counterfactual climate. The observations indicate no change in
drought risk. However, the model-based assessments range from a strong decrease to a
strong increase in the drought probability in Europe. Thus, no clear conclusions can
be drawn with respect to a climate change-induced change in drought risk in Central
Europe.
Land–atmosphere coupling strength dependent on soil moisture prescription
methodology The strength of land–atmosphere coupling can be estimated by decoupling the land surface from the atmosphere in a climate model. This decoupling
is usually done by prescribing a pre-defined soil moisture evolution in the model
simulations. While this allows to isolate the influence of the land on the atmosphere, it
also induces perturbations of the land water balance. These perturbations can affect
surface temperatures, and this signal is then superimposed on the influence of the
land–atmosphere coupling on temperature. In Chapter 3, I tested the influence of (i)
prescribing soil moisture with different methods, and (ii) prescribing the mean versus
median soil moisture climatological seasonal cycle.
Using the Community Earth System Model (CESM) and its land component,
the Community Land Model (CLM), I showed that the temperature response of the
atmosphere differs substantially between the four tested methods to prescribe soil
moisture. Methods manipulating the soil ice content in CLM lead to large ground heat
flux and surface temperature anomalies, and should generally be avoided. Therefore, I
introduced a novel method to prescribe total soil moisture at non-frozen grid points only.
This method prevents the large ground heat flux anomalies, while it still allows to mute
the land–atmosphere coupling. Further, I found only small temperature differences
across experiments where this method was applied to the entire soil column, and to
sub-surface layers only, respectively.
Moreover, I compared the mean and median soil moisture climatology and showed
that they can differ substantially. The mean climatology tends to be wetter in many
regions, which leads to larger evapotranspiration rates, and thus lower mean and
extreme temperatures. The differences between mean and median are related to
precipitation events in dry regions or individual dry years in wet regions. Generally,
the water balance perturbations across the experiments are consistent with the resulting
temperature response: a larger artificial soil moisture input corresponds to larger
negative temperature anomalies. This highlights that the soil moisture prescription
method and the chosen estimate of the climatological seasonal cycle are both crucial
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for the resulting impact of land–atmosphere coupling on temperature. Hence, for an
accurate estimation of the undisturbed land–atmosphere coupling impact, soil moisture
should be prescribed using a methodology that keeps water balance perturbations at a
minimum.
Strong influence of the land surface and climate change in the 2010 heat wave in
western Russia Chapter 4 brought together the approaches presented in Chapter 2
and Chapter 3 in an comparison of the role of soil moisture versus recent climate change
for the 2010 heat wave in western Russia. In 2010, western Russia experienced record
high annual maximum temperatures (TXx), accompanied by very dry soils, as estimated
from ERA-Interim-forced CLM simulations. Using event attribution, I compared the
importance of recent climate change and the observed soil moisture anomalies. I
defined the event as the exceedance probability of the highest TXx observed before
2010, i.e. the probability to reach a new record. As usual in event attribution studies,
the magnitude of the actual event was not taken into account to avoid a selection bias.
To quantify the influence of the land surface versus that of climate change, I performed
four model experiments with adjusted soil moisture (normal versus observed) and
human influence on climate (comparing the 2000s to the 1960s).
I found that climate change alone increased the probability of the event three-fold.
Soil moisture alone caused a six-fold increase of the drought risk, while the combined
effect of soil moisture and climate change led to a 13-fold increase of the probability to
exceed the second warmest temperature on record. The employed approach provides a
novel method to compare the influence of the land surface and anthropogenic climate
change on heat waves. It builds on advances in event attribution presenting risk ratios
as a function of the state of the atmosphere or ocean, and can thus be seen as an event
attribution conditional on the state of the land surface.
While the analysis is inspired by earlier work investigating the influence of the land
surface on heat waves, it takes a different approach. These studies (e.g. Fischer et al.,
2007a; Fischer et al., 2007b) assess the influence of wetter soils, conditional on the
large-scale atmospheric circulation. Specifically, they use a regional climate model
and conduct two simulations, one with interactive soil moisture and one prescribing
climatological soil moisture. As the regional climate model is forced with observed
boundary conditions, it reproduces the large-scale features of the event, irrespective
of the soil moisture conditions. Thus, these simulations allow to estimate how much
the magnitude of the event decreased, assuming the soil had been wetter. In contrast, I
used a global climate model (where the event is not reproduced) to sample the internal
variability of the climate system, and prescribed the observed soil moisture conditions.
Besides the three main chapters, this thesis contains two further analyses tracing
the influence of the land and climate change on the atmosphere. Box 1 investigated
observed changes in the growing season length (GSL) for extratropical regions where
either wheat or maize are grown. The positive GSL trends could be attributed to
anthropogenic climate change but were inconsistent with simulations absent trends in
greenhouse gases. The analysis demonstrates the utility of the detection and attribution
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methodology to identify a causal link between observed changes in climatic variables
and external drivers of climate change. See also Chapter A.
In 2015 the Western United States experienced a record-breaking heat wave and
drought. In Box 2 we investigated the importance of land surface controls on the build
up of the observed temperature extremes with two different soil moisture–temperature
coupling metrics, (i) the Vegetation Atmosphere Coupling index (Zscheischler et al.,
2015) and (ii) the π metric (Miralles et al., 2012). Both metrics point to a strong soil
moisture–temperature coupling during the event, especially in Washington and Oregon,
indicating that dry soils likely exacerbated the temperature extremes during the heat
wave. See also Chapter B.
Overall, this thesis has advanced land climate research, and it has introduced a set
of powerful tools to investigate the influence of the land surface and climate change on
extremes. I could reliably demonstrate that both, the land surface and climate change,
can play a major role for long-term climate and individual extreme events. However, the
analysed methods are also associated with uncertainties which need to be accounted for.
In particular, this is the case for probabilistic event attribution, as shown for the 2015
Central European drought. Assessing methodological uncertainties is crucial to better
understand the obtained results, and to draw accurate conclusions, as was illustrated in
the case of prescribing soil moisture that can lead to an overestimated impact of land–
atmosphere coupling on surface temperatures. Nonetheless, assessing methodological
uncertainties also helped to isolate the true temperature impact of land–atmosphere
coupling in climate models. Finally, moving towards more physically-based event
attribution, soil moisture effects were included in such a framework, complementing
the classical climate change assessment.

5.2

Outlook

The work presented in this thesis has made important scientific and methodological
contributions to the understanding of the role of climate change and the land surface in
the climate system. At the same time, the results have indicated exciting avenues for
future research.

Attributing trends in extreme temperatures to trends in soil moisture
Increasing extreme temperatures are found in many regions of the world. Using the
classical detection and attribution framework it can be tested if these trends are compatible with a climate including anthropogenic greenhouse gases, and incompatible with a
climate with constant greenhouse gas concentrations (Section 1.3.1). However, trends
in soil moisture were also shown to be important for trends in extreme temperatures
(Section 1.4.2). To test if observed changes in extreme temperatures are consistent with
a climate absent changes in soil moisture the detection and attribution methodology
could be (ab-) used. The first step is to test if observed trends in an extreme temperature
index (e.g. TXx) are consistent with trends in historical simulations, exactly as in clas-
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sical detection and attribution studies. In a second step the analysis would be repeated,
but this time with historical simulations absent soil moisture trends, which could reveal
if trends in soil moisture are a prerequisite for trends in extreme temperature.
I think this approach is promising, however, there are some difficulties associated
with it. (i) Detection and attribution requires a large number of simulations. While
these are available with included soil moisture trends (i.e. from CMIP5), it would be
challenging to compute the simulations without soil moisture trends. However, the
GLACE-CMIP5, or the upcoming LS3MIP project (Section 1.4.2) could serve as a
platform for such a modelling effort. (ii) Soil moisture trends differ across models
(e.g. Lorenz et al., 2016), and may be inconsistent with real trends. This could require
selecting only certain models or restricting the investigated region. (iii) Removing
the interannual soil moisture variability could lead to changes in the variability of
temperature, which might violate the statistical assumptions of the method.

Advancing event attribution
Every climate extreme event provides a new opportunity to conduct an event attribution
study. Here, I present potential methodological advances in event attribution which
would help to (i) include previously-missing sources of uncertainty, (ii) make better
use of the available model data, (iii) allow to calculate spatially-explicit risk ratios, or
(iv) provide alternative possibilities to include the effect of the land surface.
Including observational uncertainty in event attribution In event attribution an
observed event is compared to models, often global general circulation models. The
models can have large biases, especially at the regional scale (Flato et al., 2013).
Therefore, model data must be bias corrected, which can be done in several ways, e.g.
by subsetting the model ensemble (Sippel et al., 2016a), or by working with return
times instead of absolute values (Jeon et al., 2016). However, simple adjustment of the
mean is still the most commonly used technique. For temperature, the bias-corrected
0 ) is calculated as: T 0 = T + (T − T ), with T as the original model
time series (Tm
m
m
o
m
m
time series and Tm and To as the mean temperature of the model and the observations,
respectively. This approach assumes that Tm and To are exactly known and ignores
the associated uncertainties. Some preliminary tests by the author (by using a range
of reasonable values for Tm − To ) found no effect on the lower bound of the risk
ratio. Nonetheless, this can probably not be generalized and the uncertainty from bias
correction should be included in event attribution assessments. This could be achieved
by explicitly including the estimate of the bias in the statistical model, following a
method developed for the bias correction of projections of climate change (Buser et al.,
2009).
Hierarchical modelling of risk ratios In Chapter 2, I presented risk ratios for five
individual models, and for a pool of models, as illustrated in Figure 5.1a. However,
this approach provides a sub-optimal use of the data. The uncertainty of the risk ratios
for the individual models are most likely overestimated, because each model is treated
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as as independent estimate. For the pooled estimate, on the other hand, differences
between models are completely ignored, and the uncertainty of the multi-model pool
is underestimated. A (Bayesian) hierarchical model as depicted in Figure 5.1b allows
to learn about the individual and the pooled risk ratio simultaneously, and would thus
be a valuable enhancement of the event attribution methodology.
a

b

M1

M2 . . . Mn

RR1

RR2 . . . RRn

M1

M2 . . . Mn

RRp

M1

M2 . . . Mn

RR1

RR2 . . . RRn
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Figure 5.1: Calculation of risk ratios (RRi ) from model simulations (Mi ), where the subscripted
numbers (i) indicate individual models from 1 to n, and p stands for the pooled estimate. (a)
Approach used in Chapter 2. (b) Proposed approach with hierarchical modelling.

Robust spatially-explicit event attribution using spatial statistics Event attribution is often done for very large spatial regions, as in Chapter 2 and Chapter 4. The
smaller the selected region, the larger the internal variability such that the uncertainty
in the resulting risk ratios increases (Stott et al., 2016; Uhe et al., 2016). However,
stakeholders and policy makers are potentially more interested in results on the local
scale
Spatial statistics focuses the analysis of georeferenced datasets, originally developed
to predict ore grades for mining operations (Krige, 1951). Spatial statistics allows reduce
the uncertainty at the local scale by taking into account neighbouring locations. It has
been successfully applied in the case of environmental extremes (e.g. for precipitation
or floods Sang and Gelfand, 2008; Heaton et al., 2010; Cooley et al., 2012; Najafi and
Moradkhani, 2013) and could potentially be adapted for extreme event attribution.
Another possibility to derive robust but spatially explicit risk ratios is given by
principal component analysis. Instead of spatial mean values the principal components
of the correlated grid data would be considered. These components can have a direct
interpretation, i.e. they may denote the mean, the altitude of a station or a north-south
and west-east gradient, respectively. The event attribution would then be carried out
for the first n principal components.
Land influence in extreme event attribution studies In Chapter 4, I tested the
relative importance of soil moisture and climate change for the 2010 Russian heat wave.
To this end, I conducted simulations that prescribe soil moisture conditions associated
with the heat wave. Thus, the prescribed soil moisture values include part of the signal
of the event, and may point to an overly large influence of the land surface on the event.
The overestimation is due to the fact that soil moisture is prescribed and not interactive.
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This highlights the need for alternative approaches in future attribution studies. One
possibility is to initialize dry soil moisture conditions in the model, e.g. a month or
a week before the event, and leave the soil interactive afterwards. Alternatively, the
event attribution could be done conditionally on the soil moisture conditions before the
event in simulations with interactive soil moisture.

Soil moisture prescription
Ideas for sensitivity experiments In Chapter 3, I found that the near-surface climate
is sensitive to the method and the dataset used to prescribe soil moisture. In addition
to the applied methods and datasets, further approaches could be tested:
• Nudging provides a further possibility to prescribe soil moisture (e.g. Douville
et al., 2016). With this technique soil moisture is generally interactive, however
the nudging ‘draws’ the soil moisture conditions to the prescribed value. Thus,
nudging controls the slowly-varying component of soil moisture while still
leaving the day-to-day land–atmosphere coupling interactive.
• Only prescribing the topmost soil layer would allow to isolate the influence
of bare-soil evaporation from plant transpiration. However, this may cause
problems with the infiltration of precipitation, and would need to be thoroughly
tested.
• Soil moisture-atmosphere coupling was found to differ substantially between
models (e.g. Koster et al., 2004), thus it would be important to assess how other
GCMs respond to prescribing mean versus median SM climatology
• I only tested a soil moisture data set with the current climatology. Prescribing
low-pass filtered soil moisture would enable to disentangle the influence of
inter-annual variability from long term trends. However, in contrast to GLACECMIP5 and LS3MIP, I would prefer not to use a running mean, as this filter has
some undesired properties: (i) A long period at the beginning and the end is
lost, i.e. the first 15 years do not have a trend in GLACE-CMIP5 (Seneviratne
et al., 2013). (ii) In the frequency domain the running mean corresponds to a
sinc function, and thus, high frequency artefacts can enter the ‘smoothed’ time
series.
Energy balance decomposition By taking the total derivative of the surface energy
balance (Section 1.2.2) it is possible to decompose soil-moisture-prescription induced
change in the surface temperature into the contributions from evapotranspiration,
changes in the albedo, or cloud-radiative feedbacks (Juang et al., 2007; Luyssaert
et al., 2014; Thiery et al., 2017). While evapotranspiration is expected to have the
largest influence on surface temperature, other components may also play an important
role. Applying this method to simulations prescribing soil moisture could bring further
insight how the decoupling of the land surface influences the temperature.
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Impact of soil moisture prescription on the water cycle The analysis in Chapter 3
shows a large interannual variability of the net amount of prescribed soil moisture.
Similarly to the above-proposed energy balance decomposition, the artificially added or
removed water could be traced. This would help to better understand the modifications
of the atmospheric water cycle by the soil moisture prescription.

Irrigation experiments
Irrigation is important to sustain global food production. By applying water to the
land surface it also influences the local climate and mitigates heat extremes (Thiery
et al., 2017). Decreasing soil moisture is projected for some regions of the world
(Lorenz et al., 2016), posing a substantial risk for regional crops. To test if or how
long irrigation could compensate for that drying, and to further explore its effects on
climate, two sets of climate model experiments were computed with CESM. The first
ensemble only uses water available from runoff to sustain current-day soil moisture
conditions. In a second ensemble, the water for irrigation is also taken from runoff, but
additionally a reservoir is available such that e.g. surplus water from spring could be
used for irrigation in summer. Thus, water is applied to the soil if (i) the soil is dryer
than in the 1971 to 2000 median climatology and if (ii) water is available for irrigation
as described above.
While irrigating the whole land area is certainly unrealistic, these sensitivity
experiments can place an upper limit on the potential of irrigation to mitigate climate
change. Additionally, it can be assessed how long current soil moisture conditions
could be sustained without perturbing the water balance. Certain irrigation modules
impose no limit on the water available for irrigation (e.g. Oleson et al., 2013). This
approach tests a method to restrict the withdrawal of water for irrigation, which could
be implemented in the irrigation module of CLM. Assessing the potential of irrigation
to counteract climate change-induced drying is crucial to adapt future crop selection
and practices.
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Lengthening of the growing season in
wheat and maize producing regions
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Abstract Human-induced increases in atmospheric greenhouse gas concentrations
have led to rising global temperatures. Here we investigate changes in an annual
temperature-based index, the growing season length, defined as the number of days
with temperature above 5 ◦C. We show that over extratropical regions where wheat
and maize are harvested, the increase in growing season length from 1956-2005 can
be attributed to increasing greenhouse gas concentrations. Our analyses also show that
climate change has increased the probability of extremely long growing seasons by
a factor of 25, and decreased the probability of extremely short growing seasons. A
lengthening of the growing season in regions with these mostly rain-fed crops could
improve yields, provided that water availability does not become an issue. An expansion
of areas with more than 150 days of growing season into the northern latitudes makes
∗ This publication was slightly changed from its original version to ensure consistency throughout this thesis.
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more land potentially available for planting wheat and maize. Furthermore, doublecropping can become an alternative to current practices in areas with very long growing
seasons which are also shown to increase with a warming climate. These results
suggest that there is a strong impact of anthropogenic climate change on growing
season length. However, in some regions and with further exacerbated climate change,
high temperatures may already be or may become a limiting factor for plant productivity.

A.1

Introduction

The global number of undernourished people has decreased from over a billion (or
18.7 % of global population) in 1990-1992 to around 805 million people (11.3 %) in
2012-2014. Reaching the Millennium Development Goal of halving the proportion
of undernourished people in developing countries between 1990 and 2015 might be
possible (FAO et al., 2014). Several factors have contributed to reducing world hunger
in the last decades. In general, an increase in agricultural production can be obtained
through an increase in the area under production or an increase in productivity on
existing farmland. The most important factor for the decline in hunger over recent
decades is increased crop yields (Foley et al., 2011), i.e. the productivity per unit area.
Both developing new crop varieties and increasing planting densities can increase yields
(McClung, 2014). Production can further be increased by harvesting two crops on the
same field each year (double-cropping). Double-cropping is currently still relatively
insignificant (Borchers et al., 2014) and mostly confined to the tropics (Siebert et al.,
2010), but could have huge potential for food security as it can nearly double yields.
Wheat and maize are the crops with the largest area harvested and second only to
sugar cane in their annual production (data for 2012, FAO, 2014b). Both agricultural
output (production) and yields have increased steadily over the last decades, while the
area harvested has stayed nearly constant (Figure A.1). In order to meet future demands,
it is projected that production would need to double and reach 891 and 1343 million
tonnes for wheat and maize, respectively, by 2050 (Ray et al., 2012).
Climate change can have either negative or positive impacts on crop production,
depending on the region (Chen et al., 2011; Porter et al., 2014). In high latitudes,
warmer temperatures lead to longer growing seasons and an increase in potential
agricultural land (Gornall et al., 2010). We here select areas where wheat and maize
are grown to investigate whether growing season (GS) length (GSL) in such important
agricultural areas has increased and whether it can potentially contribute to increased
production. We therefore first analyze whether the area with GS long enough to
grow wheat and maize or to do double-cropping has increased. We further investigate
whether changes in GSL in wheat and maize areas can be attributed to human activity. A
significant lengthening in nearly-global GS has been found and attributed to an increase
in anthropogenic greenhouse gas concentrations (Christidis et al., 2007). However,
such an attribution has not been previously done specifically for wheat and maize
regions. We also employ a larger set of climate model simulations and more recent
data than Christidis et al. (2007).
We investigate changes in the occurrence of extremely long or short GSL since both
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Figure A.1: Production, yield and area harvested for wheat (red) and maize (blue) over the last
two decades. Data source: FAO (2014a).

types of extremes can substantially impact crop production. Based on an ensemble
of possible GSLs from observationally constrained climate model simulations, we
investigate changes in the probability of extreme GSL over recent years and estimate the
effects that human-induced greenhouse gas emissions have had on these probabilities.

A.2

Regions with wheat and maize production

Due to their importance for global food production, our analyses are focused on wheat
and maize areas. The definition of areas with wheat and maize is based on data
from EarthStat (www.earthstat.org), a collaborative effort between the University of
Minnesota’s Institute on the Environment-Global Landscapes Initiative and McGill
University’s Land Use and the Global Environment lab. EarthStat provides harvested
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area and yields for 175 crops around the year 2000, which they obtained by combining
national and sub-national agricultural census records with satellite imagery. The data
are described in Monfreda et al. (2008).
Figure A.2 shows the areas where wheat and maize are produced (data for year
2000, interpolated to a 2.5° × 3.75° grid). For each crop, we consider grid cells that
are more than 1 % covered with the respective crop. Note that the areas partly overlap
and our results for the two crop areas are thus not independent. We obtain 4.54 % of
all land area as our wheat area and 4.65 % as maize area.

A.3

Observed growing season length

Even though some varieties of wheat can resist temperatures down to −20 ◦C in their
early stages of growth, wheat and maize cannot tolerate frost during their main growth
period. Minimum daily temperatures of about 5 ◦C are needed for measurable growth
of both winter and spring wheat, and slightly higher temperatures are required for
maize. The optimum temperature for wheat growth is between 15 ◦C and 20 ◦C. We
select a temperature threshold for our growing season definition of 5 ◦C, above which
wheat and maize both grow well and for which a global observational GSL dataset is
available. The annual length of the growing season is defined as the number of days
between the first span of at least 6 days with daily mean temperature warmer than
5 ◦C and the first span of 6 days with daily mean temperature below 5 ◦C. For this
calculation, a year lasts from 1st Jan to 31st Dec in the northern hemisphere and from
1st July to 30th June in the southern hemisphere (Frich et al., 2002).
Observational GSL data on a 2.5° × 3.75° latitude-longitude grid are obtained from
HadEX2 (Donat et al., 2013), which provides gridded land-based data of a variety of
temperature and precipitation indices, many of which are pertinent to extremes. The
data can be downloaded from www.climdex.org. The HadEX2-definition of GSL is
identical to the one chosen here.
GSL can be seen as an indicator for potential plant productivity, and we evaluate its
value for estimating changes in plant growth. Figure A.2 (bottom) shows correlations of
observed annual GSL values and corresponding satellite-derived Normalized Difference
Vegetation Index (NDVI) values from the Advanced Very High Resolution Radiometer
(AVHRR), which is an indicator of vegetation greenness (see Figure F.1 for correlations
with an alternative NDVI dataset). In the extratropics, the correlations are relatively
good. As the agreement is especially high north of 40 °N, we use these areas (Asia,
Europe, America) indicated with boxes in Figure A.2 for our tempero-spatial detection
and attribution analysis (see Section A.5). In temperate climates, wheat is usually
grown as a rain-fed crop (FAO, 2014a). As such, water is usually not limited and warm
temperatures are likely more important than rainfall for crop growth. We therefore
select the northern and southern temperate zones (north of 25 °N and south of 25 °S,
extratropics) for our analyses, i.e. the entire extratropical region.
Even though a relatively small area of the surface is used to grow wheat and maize
(Section A.2), from a temperature perspective alone, a much larger fraction of the
land surface is suitable to grow wheat and maize. Figure A.3 shows the percentage
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Figure A.2: Percentage of land-areas covered with wheat (top) and maize (middle, sum of maize
for human consumption and animal feeding). Units are percentage of grid-cells. Data from
Monfreda et al. (2008). Correlation of GSL-anomaly and annual (January to December in the
northern hemisphere and July to June in the southern hemisphere) averaged NDVI-anomaly
(AVHRR) from 1981-2002 (bottom). Pearson correlation (colours) and two-sided Pearson-test
(stippling where significant at 5 %-level). For the detection and attribution analyses, we consider
the northern and southern hemispheric extratropics (regions not overlaid with gray) as well as
the three regions indicated with boxes (Asia (AS), Europe (EU) and North America (AM)).

of extratropical land area with GS longer than 150 days, 200 days, 250 days, and
300 days. These GSL thresholds encompass a range of lengths needed to grow wheat
and maize: 100 days to 130 days for spring wheat, 180-250 days for winter wheat, and
100-200 days for maize (FAO, 2014a). The change in land area with GSL of 250-300
days is particularly important as it potentially allows double-cropping of winter wheat
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(∼200 days) and summer maize (∼100 days) if enough water and sun light are available.
These areas increase from 35 % of extratropical land areas to 38 % (250 days) and
27 % to 28 % (300 days) over our 50-year analysis period. Areas for all thresholds
show a positive trend over the time-period 1956-2005, but are largest for the shorter
thresholds, with an increase from 76 % to 87 % and from 53 % to 60 % for the 150 day
and 200 day thresholds, respectively. This might be related to larger warming in cold
areas (northern high-latitudes) than warmer areas (Seneviratne et al., 2014), which is
confirmed by the extension of areas with GS longer than 150 days into the northern
latitudes in Figure F.2.

A.4

Model data and data processing

Climate model simulations were obtained from the Coupled Model Intercomparison
Project Phase 5 (CMIP5) multi-model ensemble (Taylor et al., 2012) for the years 1956
to 2005. We considered temperature from CMIP5 simulations from three experiments,
(1) changes in natural (NAT) forcing only, i.e. volcanic aerosols and solar output, (2)
changes in greenhouse gases only (GHG), and (3) the combined effect of all forcings
(ALL), i.e. natural and anthropogenic forcings, which include GHG, ozone and aerosols
as well as land-use change for some of the models. We consider a total of 85 simulations
under ALL, 36 under NAT and 38 under GHG forcing (see Table F.1). We further use
unforced control simulations from the 24 models listed in Table F.2 to obtain estimates
of the internal (unforced) variability of GSL (see Section A.5).
We select the time period 1956-2005 when data availability in the observations is
relatively consistent over time (see Figure F.3). Many of the forced model simulations
that we use to evaluate observed GSL also end in 2005. We regrid all CMIP5
simulations and crop maps for wheat and maize onto the HadEX2-grid with a distanceweighted average remapping routine. In order to assure comparability between models
and observations, we mask all model simulations with the data availability of the
observations. We split the control simulations into 348 non-overlapping 50-year
chunks and assign the years 1956-2005 to each 50-year chunk in order to mask it with
observations. For each 50-year model segment (both forced and control), we calculate
anomalies relative to the 1961 - 1990 climatology of that segment. Anomalies are
also calculated for the observed record relative to the 1961 to 1990 climatology of the
observations. We apply area-weighting when averaging over regions. Lastly, we further
reduce the size of our datasets for the detection and attribution analysis by calculating
non-overlapping 5-year means of anomalies for each 50-year record (observations,
forced runs and control segments). The dimension reduction is necessary to make the
inversion of the co-variance matrices possible (see Section A.5), thereby avoiding the
need to use empirical orthogonal function (EOF) based dimension reductions. This
helps to increase the robustness of detection results and simplifies their interpretation.
The calculation of GSL describes the periods when individual annual cycles (as
estimated from six-day moving averages of surface air temperature) remain persistently
above a fixed threshold, 5 ◦C. Biases in model simulated surface air temperature, both
in terms of the mean annual level and the progression of the annual cycle, would
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Figure A.3: Percentage of extratropical land area with observed GS longer than 150 days,
200 days, 250 days and 300 days. For necessary GSL for wheat and maize see the main text.
Long GS (more than 250 days and 300 days) would potentially allow double-cropping.

be expected to affect GSL calculated from model output. When evaluated relative
to reanalysis data, the annual mean temperature bias of CMIP5 models (Flato et al.,
2013) over land in the extratropical regions considered in this study are generally
less than 2.5 ◦C, while the seasonality bias (bias in the contrast between summer and
winter mean temperatures) is as large as 6 ◦C over parts of the northern hemispheric
extratropical land area (larger than in reanalyses). Results are similar for a comparison
of CMIP5 temperature to station data (Mueller and Seneviratne, 2014). CMIP5 models
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exhibit small cold biases over the year in all the regions relevant in our study, and
temperatures are underestimated in cold months and slightly overestimated in warm
months (Mueller and Seneviratne, 2014). The fact that models tend to have higher
amplitude annual cycles than observational data suggests that they could slightly
under-simulate GSL changes that result from external forcing, i.e. from an increase in
annual mean temperatures. There is evidence that models may overestimate surface
air temperature variability over extratropical land areas in summer (Cattiaux et al.,
2013), suggesting that the natural internal variability of GSL may also be somewhat
overestimated by models. Both aspects, potential signal and variance bias, have
some implications for detection and attribution that are reflected in the following in
Section A.5 and Section A.6.

A.5

Detection and attribution methodology

Our aim is to quantify the effects of external, anthropogenic influences on changes in
GSL. To this end, a formal optimal detection technique can be used to assess how well
model fingerprints from simulations with different forcings agree with observations.
These model fingerprints are estimated by averaging 85 ALL, 36 GHG and 38 NAT
simulations, respectively, which reduces the extent to which fingerprints are affected
by internal climate variability. To account for remaining errors in the fingerprints
due to internal variability, we chose the total least squares regression algorithm in
the optimal fingerprint detection method (Allen, 2003). We perform analyses using
individual model fingerprints (one-signal analysis) and two fingerprints in combination
(two-signal analysis).
In the one-signal analysis, the observations are separately regressed onto signals
under ALL, GHG and NAT forcing estimated from CMIP5 simulations. In order
to quantify the relative importance of different external forcings, we also perform a
two-signal analysis, regressing the observations simultaneously onto signals under
anthropogenic (ANT) and NAT forcing. We construct the ANT signal by subtracting
the NAT signal from the ALL signal.
We employ the regression model
y = (X − V) ∗ β + u,

(A.1)

where y is a vector of observations (anomalies), X a matrix composed of one or
two model fingerprints (anomalies), and β a vector of scaling factors. The vector
u contains regression residuals and represents internal climate variability, and the
matrix V represents the remaining effects of internal climate variability on the model
fingerprints. It is assumed that u and V are Gaussian random vectors. Their covariance
structures differ only in magnitude, with the magnitude of the covariance of V being
reduced relative to that of u in proportion to the number of climate simulations used to
estimate X. To obtain the scaling factors, an estimate of the covariances of u and V and
their inverses is needed. We estimate the covariance from unforced control simulations.
To assess whether the model simulated variability from control simulations is similar
to that which is observed (the residuals), we employ the residual consistency check
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(RCC) introduced by Allen and Tett (1999). The inversion of the covariance matrices
can be problematic if the sample of internal variability is too small. Therefore, only
the most important principal components of the covariance matrix are retained in many
studies (EOF-truncation). The large number of samples of internal variability used
in our study, however, ensures that the noise covariance matrix is invertible and thus
an EOF-truncation is not necessary. The uncertainty of the scaling factor is estimated
based on internal climate variability (Allen, 2003), using the method introduced by
Ribes and Terray (2013). We split the ensemble of control simulations into two halves
for signal-to-noise optimization and for testing (see, e.g., Zhang et al., 2007). For an
overview on detection and attribution methodologies, the reader is referred to Hegerl
and Zwiers (2011).
A resulting scaling factor β that is consistent with unity implies a good match
between model simulations under the respective forcing and observations. Detection
of a change in GSL can be claimed if scaling factors are not consistent with zero and
the RCC-test is passed.
Combining three regions (Asia, Europe, America) into one vector for the detection
and attribution analysis allows detection of changes in the large-scale spatio-temporal
evolution of GSL over wheat and maize areas. We also perform a temporal-only
detection analysis by considering only the time evolution of the spatial mean calculated
over the entire extratropical domain.
An analysis of the consistency of observed and model variability is given in
Figure A.4. The variability of GSL simulated under ALL forcing is similar to the
observed variability in extratropical wheat and maize regions, but slightly higher in the
wheat region. Under GHG forcing, model simulated variability is overestimated. The
slight overestimation of variability in the wheat region in simulations under ALL forcing
is not unexpected (see Section A.4) and can affect the RCC-test. We will therefore
decrease the model variability slightly for the detection and attribution analyses but
will also show results with the original variability.

A.6

Changes in growing season length and their detection and
attribution

Global trends in GSL from 1956-2005 are shown in Figure A.5. The observations
show a lengthening of the GS in most global land areas. The strong negative trend
in observed GSL in South America is related to data-issues in that region (Lisa
Alexander, UNSW, personal communication). CMIP5 simulations under ALL and
GHG forcing agree well with observations. If only NAT forcing is considered, trends
in GSL are not well reproduced by the models. Grid points with trends significant at
the 5 % level are stippled. Note, however, that the significance cannot be compared
between observations and simulations as the model-trends were calculated from the
model-mean, i.e. the variability is reduced and trends are more likely to be significant.
Assessing the significance of trends from individual model simulations shows that
observations exhibit significant trends at 34.3 % of grid points, and that individual
CMIP5 simulations under ALL, GHG and NAT forcing do so at 17.9 %, 32.3 %, and
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Figure A.4: Comparison of variances in models and observations: The observed variances
of 5-yr GSL anomalies in extratropical regions are indicated by long horizontal bars. Model
simulated variances of 5-yr GSL anomalies are indicated by box and whiskers plots under ALL
(red) and GHG (green) forcing. The lower and upper ends of the box indicate the 25th and 75th
percentiles of the variances, while the horizontal bar within the box indicates the median. The
two horizontal bars indicate the range that covers 90 % of the variances. Outliers are indicated
with empty circles.

5.1 % of grid points on average, respectively (see Figure F.4). The lower fraction of
significant trends in ALL compared to GHG simulations reflects the counter-effect
(cooling effect) of aerosols forcing which is only included in the ALL forcing, as
well as possible modest underestimation of the forced response and overestimation of
variability as discussed in Section A.4.
As there is a good agreement of observational and model simulated trends when
anthropogenic forcings are considered and poor agreement when they are not, we use
a detection and attribution analysis based on Equation (A.1) to test the hypothesis
that changes in GSL can only be explained if anthropogenic forcing is considered.
Figure A.6 shows scaling factors over the wheat area and the maize area, for the
extratropical region (1-region, temporal detection) and for the 3-regions combined
(Asia, Europe, North America, i.e. tempero-spatial detection). The best estimates of

D e t e c t i o n a nd attribution

89

Trends GSL OBS

Trends GSL ALL
0.3

0.1
0.0
−0.1

days/year

0.2

−0.2
−0.3

−150

−100

−50

0

50

100

Trends GSL GHG

150

−150

−100

−50

0

50

100

150

Trends GSL NAT
0.3

0.1
0.0
−0.1

days/year

0.2

−0.2
−0.3

Figure A.5: Trend in GSL 1956-2005 in observations (A) and CMIP5-simulations under ALL
forcing (B), GHG forcing (C) and NAT forcing (D). Trends significant at the 5 %-level are stippled.
For more analyses of trend significance, see Figure F.4.

the scaling factors are displayed with dots and the 5 % and 95 % confidence intervals
with vertical bars. Results of the RCC-test are also shown in Figure A.6: If the
confidence intervals of the scaling factors are represented with dashed lines, the RCCtest is not passed, while full lines indicate that the RCC-test is passed. There is some
evidence from the RCC-test for the two-signal analysis (see later) and the variance
evaluation (Figure A.4) that the models somewhat overestimate internal variability (see
also Section A.4), and results are thus improved when reducing the internal variability
by 20 % (multiplying by 0.8). Results presented in the main manuscript reflect this
modest reduction of internal variability. Figure F.5 shows results obtained when using
the original model variability.
Scaling factors and confidence intervals including one but excluding zero can be
found in the extratropics for ALL forcing and in the 3-region-setup for ALL and GHG
(Figure A.6). They indicate that the model simulated responses under ALL and GHG
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Figure A.6: Scaling factors from one-signal detection and attribution analyses: Scaling factors
for CMIP5-simulations with ALL, GHG and NAT forcing over wheat and maize regions for
temporal detection (extratropical region) and tempero-spatial detection (3 northern hemispheric
regions AS, EU, AM). Best estimates are displayed with dots and the 5 % to 95 %-confidence
intervals with full lines if the residual consistency test is passed and with dashed lines if not. The
internal variability of the models has been reduced by 20 % (see main text). For results with
original variability, see Figure F.5.

forcing are detected (distinguishable from internal variability) and consistent with
observations. The scaling factors for the GHG signals are smaller than for the ALL
signal, which reflects the lack of the negative impacts of aerosols and volcanic forcing
on temperature and subsequently, GSL. In all regional setups, simulations under NAT
forcing do not represent the observations well, which can be seen in scaling factors that
are consistent with or below zero and large confidence intervals.
The detection and attribution analysis shows that the lengthening of the GS over
wheat and maize regions are distinguishable from internal variability alone. The scaling
factors further show that the changes cannot be explained by natural forcing alone,
but can be explained by the combined effect of natural and anthropogenic forcing.
Greenhouse gas forcing alone can also explain changes in GSL in most setups of the
analysis except for extratropical wheat areas, where the RCC-test is not passed. The
results are similar when using the original internal variability (Figure F.5) except that
the RCC is not passed in any of the setups with GHG alone. Failing the RCC-test is
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expected in the GHG analysis as the differences between the observations and the GHG
signal in the residuals stem from components other than internal variability.
Figure A.7 displays scaling factors for the two-signal analysis for the NAT and the
ANT signal. The best estimate and confidence intervals are again shown with dots
and bars. The scaling factors from the two-signal analysis support results from the
one-signal analysis. For all regional setups, the ANT signal can be detected, while
the NAT signal cannot be detected. Furthermore, all RCC-tests are passed. The
RCC-tests are not passed in the one-signal analysis of NAT, indicating that while the
NAT forcing alone is not a good predictor for our regression model, the ANT and NAT
signal simultaneously are. Two-signal detection results with the original internal model
variability are shown in Figure F.6. The confidence intervals are slightly larger, as
expected, and the extratropical wheat region does not pass the RCC test, which can be
explained by the overestimation of variability (Figure A.4). The scaling factor for the
ANT signal is very close to unity in all two-signal analyses, indicating that the bias in
model simulated GSL does not have a material impact on the estimates of ANT-forced
GSL changes that were used as the multi-model ANT fingerprint.

A.7

Probability of extreme growing season length anomalies

We are also interested in how climate change has altered the probability of an unusually
long or short growing season occurring in any given year. We therefore define extreme
short or long GS as an event with a return period of 100 years in the unperturbed
climate simulated by control runs. This corresponds roughly to GSL with an occurrence
probability of 1 % in a climate without any external influences. The thresholds for
extratropical regions are defined as
xT = ± (x + KT ∗ s x ) ,

(A.2)

with xT the GSL-anomaly x estimated from the control simulations for the return period
of T = 100 year, x the mean and s x the standard deviation of GSL-anomaly averaged
over the respective region, and KT the 99 % quantile for a unit normal (corresponding
to a 1 % probability). The resulting thresholds are 8.7 days for the extratropical wheat
area and 10.1 days for the extratropical maize area.
For the calculation of the exceedance probabilities in a world with anthropogenic
forcing, we need an ensemble of GSL-timeseries. This ensemble is constructed in
two steps. First, we calculate observationally constrained ALL and GHG signals
by multiplying the multi-model ALL and GHG fingerprints by the best-estimates of
the scaling factors obtained from the one-signal detection and attribution analyses
(see Figure A.6, extratropical region). To account for the variability that is lost by
averaging the timeseries to obtain the signals, we then add the 348 individual control
simulations to the scaled ALL (or GHG, respectively) signals. With these sets of
348 observationally constrained timeseries under ALL and GHG forcing, we can
calculate the exceedance probabilities displayed in Figure A.8 and Figure A.9. The
shading denotes the confidence intervals of the probabilities based on GHG and ALL
reconstructions obtained by multiplying the confidence interval of the scaling factors
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Figure A.7: Scaling factors from two-signal detection and attribution analyses (ANT and NAT)
for same regions as in Figure A.6 (extratropics and 3 northern hemispheric regions AS, EU, AM).
The best estimate and the 5 % to 95 %-confidence intervals are shown. Full (dashed) lines indicate
the residual consistency test is (is not) passed. The internal variability of the models has been
reduced by 20 %. For results with original variability, see Figure F.6.

(5 % to 95 % intervals, bars in Figure A.6) with the GHG and ALL signal before adding
the individual control simulations. The confidence intervals of the reconstruction
are not exact because when estimating the scaling factors with the total least squares
method, the signal itself is assumed to be uncertain. However, the error induced by
using the original signal instead is expected to be minor as our estimation of the signal
is relatively robust considering the number of models we use (see Table F.1). The
probabilities of extremely long and short GS in the unforced runs (control simulations)
and with NAT forcing are also displayed in Figure A.8 and Figure A.9. They are
calculated using the 36 original NAT simulations or the 348 55-year chunks from
control simulations, respectively (neither is observationally constrained).
The probability of an extremely large GS-anomaly (Figure A.8) is similar in the
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Figure A.8: Frequency of extremely long growing season length. The thresholds are defined as
the 100-year return period in control simulations (8.7 days for extratropical wheat and 10.1 days
for extratropical maize regions). Scaling factors from Figure A.6 are employed to reconstruct
ALL and GHG.

control climate as in the climate with natural forcing (around 1 %), which is expected.
In a world with anthropogenic forcing (ALL, GHG), extremely long GS is much more
frequent than in an undisturbed world after around 1985. In the early 1990s, the
probability for long GS is again reduced in a climate with ALL forcing compared to
GHG. The reason for this difference is likely the natural forcing from the eruption of
Pinatubo in 1991, resulting in cooler temperatures and decreased GSL, which can be
seen in the ALL world but not in the GHG world. The results show a very strong
influence of human activity on the length of the GS. Our results suggest that over the
1956-2005 period, the probability of extremely long GS has changed from about 1 %
to 25 % in both wheat and maize areas due to anthropogenic climate forcing.
Figure A.9 shows the probability of extremely short GS. The probability of short
GS decreases over the analyzed time period in a world with only GHG forcing. In the
more recent period, extremely short GS has become very unlikely due to increased
atmospheric greenhouse gas concentrations (ALL and GHG), which can have a positive
impact on wheat and maize yields. With ALL and NAT forcing, the probability is
relatively small before 1963. Because GSL-anomalies are calculated relative to the
base-period 1961-1990 corresponding to each forcing, the absolute probabilities cannot
be compared between the individual forcings. Thus, the relatively low probabilities
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Figure A.9: Frequency of extremely short growing season. The thresholds are defined as the
100-year return period in control simulations (-8.7 days for extratropical wheat and -10.1 days
for extratropical maize regions). Scaling factors from Figure A.6 are employed to reconstruct
ALL and GHG.

in ALL and NAT prior to 1963 could be due to the increase in probabilities after the
Agung eruption in 1963 and the El Chichon eruption in 1982 if it affected the level of
the entire time-series. Probabilities under GHG do not show this relative increase after
1963, indicating a natural influence on the climate system seen in ALL and NAT. The
probabilities are consistent with GSL timeseries over extratropical regions (Figure F.7).
While simulations under ALL forcing show a slight decrease in GSL from 1956 to
1962 followed by a shortening and then lengthening of the GS, GHG simulations show
a steady increase over the entire time period (Figure F.7).
In a world with only natural external forcing, the likelihood of extremely short GS
increases substantially after volcanic eruptions, which can be seen clearly after the
major eruptions in 1982 (El Chichon) and 1991 (Pinatubo, Figure A.9). The effect
of these volcanoes can also be seen in the ALL forcing simulations, although these
probabilities are reduced compared to NAT due to the counter-effect from GHG.

A.8

Summary and conclusions

Wheat and maize are two of the most important crops worldwide. Here, we analyze how
the length of the growing season (calculated based on temperature only) has changed

S u m m a ry a n d conclusions

95

over areas where wheat and maize are grown. We compare observations with global
climate model simulations driven with different forcings, either natural forcing only
(NAT), greenhouse gas forcing only (GHG), or all anthropogenic forcing combined
with natural forcing (ALL). A spatial comparison of the trends in observations and in
model simulations shows lengthening of the growing season from 1956-2005 and strong
agreement in most areas of the world for observations and simulations under ALL
and GHG forcing. When model simulations are only forced with natural forcing, the
growing season length does not show a trend. We test the hypothesis that anthropogenic
forcing contributed to changes in growing season length with a formal detection and
attribution analysis. We find that in the selected areas over the extratropics as well
as over three northern hemispheric regions where wheat and maize are grown, model
simulations under ALL and GHG forcing can explain changes in observed growing
season length well, while NAT forcing alone cannot.
These results from the detection and attribution analysis strengthen previous results
from Christidis et al. (2007) by using a more comprehensive climate model ensemble
(CMIP5) and focusing on areas with particular crops. Our analyses are performed
over relatively small land areas. The narrow confidence intervals and the fact that the
residual consistency test is passed in all regional setups when using simulations under
ALL forcing provides strong confidence that detection and attribution of temperaturebased indices may be possible for small regional scales, provided that a large number
of model simulations are considered.
We further estimate how much anthropogenic climate change has increased the
probability of extremely long growing seasons. We define unusually long growing
season length as that which corresponds to a 1 in a 100 year event (probability of 1 %)
in a world without any external forcing. We estimate that the probability of such an
event had increased to about 25 % by 2005 due to increasing anthropogenic greenhouse
gas concentrations for areas where wheat and maize are grown. Correspondingly, the
probabilities of an extremely short growing season is strongly reduced with increasing
greenhouse gas concentrations.
Our results suggest that anthropogenic greenhouse gases have changed growing
season length significantly. Whether yields increase or decrease with longer growing
seasons is still unclear (Porter et al., 2014). Some locations that are currently too cold
to grow wheat and maize may benefit from higher temperatures and longer growing
seasons. Another important aspect is the possibility of double-cropping, i.e. having
multiple harvests from the same field each year. We studied the changes in the size
of areas with growing seasons longer than 250 or 300 days and found that they have
increased from 35 % to 38 % and 27 % to 28 %, respectively, of extratropical land-area
over the last 50 years. Provided that water and light availability are not limiting factors,
double-cropping could be possible over larger areas than currently implemented (e.g.
only around 0.4 % of US land or 2 % of US crop area, Borchers et al., 2014). In warmer
regions, the growing season of crops can, however, end prematurely with very high
temperatures. The maximum temperature for crop growth depends on the stage of
growth as well as the cultivars (Porter and Gawith, 1999; Luo, 2011). For wheat, Porter
and Gawith (1999) report a lethal maximum temperature of 47.5 ◦C and a temperature
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of 37 ◦C beyond which growth stops. This upper threshold for growth has so far been
exceeded in only a very small percentage of the northern hemispheric (polewards of
40 °N) wheat and maize areas (see Figure F.8). The corresponding area in extratropical
wheat and maize regions, polewards of 25° South and North, is substantially larger
and nearly reaches 50 % in some years. Thus longer growing seasons in these regions
do not necessarily translate into an increase in yield, and with further climate change,
extremely high temperatures may limit crop growth in more areas in the future. An
earlier sowing date can help mitigate these negative impacts of climate change since it
allows harvesting before summer temperatures reach their maximum, and thus, crops
can actually take advantage of the longer growing season. Earlier sowing dates have
been proposed to ensure continued high yields (Liu et al., 2013). Losses due to
extreme temperatures may also be offset by a reduced risk of crop losses due to reduced
probabilities of extremely short growing seasons as found in our analyses.
Another possible negative impact on agricultural output are future decreases in soil
moisture and water availability in general in many important crop areas (Dorigo et al.,
2012; Greve et al., 2014), which will increase the demand for irrigation. Whether high
yields can be sustained or increased in a warming world also depends largely on the
crop sensitivity to heat days (Lobell et al., 2012). Conventional breeding approaches
for heat and drought tolerant plants as well as the introduction of genes with relevant
traits can complement agricultural strategies to offset the negative impacts of climate
change (Reynolds et al., 2010; Bita and Gerats, 2013).
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experienced extremely high temperatures in June 2015. The temperature anomalies
were so extreme that they cannot be explained with global warming alone. We
investigate the hypothesis that soil moisture played an important role as well. We use
the CLM model and the large weather@home ensemble to investigate the coupling
between soil moisture and temperature in a warming world. Both models show that
May was anomalously dry, providing a prerequisite condition for an extreme heat
wave, and they indicate that WA and OR are in a wet-to-dry transitional soil moisture
regime. We use two different land surface-atmosphere coupling metrics to show that
there was strong coupling between temperature, latent heat flux and the effect of soil
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moisture deficits on the energy balance in June 2015 in WA and OR. Besides, June
temperature anomalies conditioned on wet/dry conditions shows that both the mean
temperature and the hot tail become hotter for dry soils, especially in WA and OR. A
Gaussian model fit of temperature with soil moisture as a covariate shows that the June
2015 temperature values fit well in the extrapolated temperature/ drought lines. The
temperature anomalies in WA and OR thus fit well in the expected extra increase in
high temperature extremes in regions that are in the transition from a wet towards a
dry regime. CA is already in the dry regime and therefore the necessity of taking soil
moisture into account is less.

B.1

Introduction

The year 2015 was marked by record-breaking early-summer temperatures in the US
Pacific states, both for individual days and locations (e.g. 45 ◦C at Chief Joseph Dam
WA on June 28) and the June monthly mean state averages (see Figure B.1 for the
historical series of June temperatures). In both Washington (WA) and Oregon (OR)
the temperature anomaly of June 2015 is the most extreme one, and even looks like an
outlier. The mean June temperature in California (CA) was also record high, but less
extreme.
WA

OR

CA

Figure B.1: June temperature anomalies. Data come from GISTEMP, NASA/GISS (Hansen et al.,
2010)), and anomalies are calculated with respect to the climatology of 1951–1980, for three
states. The green lines show the 10-year running average.

Heat waves can have a significant impact on human health (e.g. Guirguis et al.,
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2014) particularly when there is no respite from the heat during warm nights (e.g. Grize
et al., 2005) and where they are uncommon, due to a lack of preparedness (e.g., lack of
air-conditioning) and acclimatisation. From June-September, the region also suffered
from wildfires, due to the combination of high temperatures and drought, with WA
experiencing the largest wildfires in the state’s history. In August, the resultant poor
air quality was felt as far away as Calgary, Alberta (640 km).

Figure B.2: Distribution of T2m temperature anomalies. Data are taken from ERA-Interim (Dee
et al., 2011) and anomalies in Z500 are averaged over June 2015.

Over the past few years, numerous studies have addressed the ongoing Californian
drought, including its climatic and anthropogenic controls (Swain, 2015; AghaKouchak
et al., 2015; van Loon et al., 2016). By 2015, the drought was, however, no longer
confined to CA. OR was experiencing the impacts of two years of drought, and WA
had experienced the first year of drought due to very low snowpack resulting from
warm, mild winters. The role of extreme temperature in exacerbating the drought has
been explored for the years 2012–2014, focussed on CA (e.g. Williams et al., 2015;
Diffenbaugh et al., 2015). Others investigated the contribution of the global warming
trend to exacerbation of drought in terms of soil moisture deficits (e.g. Seager et al.,
2015; Cheng et al., 2016).
In this paper, we address the origin of the exceptional summer temperatures reached
in 2015 in the West Coast states, and explore some of the potential mechanisms that
led to them. Previous heatwave studies like Fischer et al. (2007b) and Seneviratne
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et al. (2010) hypothesize that a feedback between soil moisture and the atmosphere
is required to reach extreme temperatures. Miralles et al. (2014) provided additional
insight into both soil and atmosphere feedbacks, by highlighting the role of atmospheric
boundary layer growth over extended periods of time. Yin et al. (2014) explored two
interpretations of the coupling between temperature and precipitation/evaporation: a
temperature anomaly leading to increased evaporation and a precipitation deficit leading
via higher evaporation to higher sensible heat flux, resulting in higher temperatures.
A general pre-requisite for heat waves is a persistent mid-tropospheric anticyclonic
circulation anomaly, which is dynamically linked to subsidence and clear skies (Meehl
and Tebaldi, 2004, and references therein) and consequently to adiabatic warming,
strong insolation and surface sensible heating (e.g. Miralles et al., 2012). The spatial
extent of the extreme June temperatures was indeed associated with an anomalous
mid-tropospheric ridge (Figure B.2). The ERA-Interim Z500 anomaly amplitude was
in itself extreme, with a return period (not shown) of more than 75 years in WA and
OR. The June-averaged 700 hPa vertical winds reveal an anomalously strong region
of subsidence over WA (return period >1000 years, not shown) that extends partially
into OR. Although the state-averaged subsidence over Oregon was not extreme, the
mid-lower tropospheric circulation was such that the air descending over WA was
transported southward into OR and likely contributed to the temperature anomaly there
too.
In this paper we investigate different mechanisms for the heat. The influence of
global warming is investigated using both observations and model data. Furthermore,
we use models to analyse the contribution of anomalous SST conditions on temperature.
Finally, we investigate the influence of anomalous soil moisture conditions (drought)
on the temperature extremes through land surface-atmosphere feedbacks.
The paper is organized as follows. Section B.2 outlines the datasets and methods
used. In Section B.3 the temperature extremes are discussed and a new hypothesis on
temperature extremes is suggested. The development of soil moisture deficits is shown
in Section B.4 and the coupling of soil moisture and temperature is investigated in
Section B.5. Finally, we conclude in Section B.6.

B.2

Data and Methods

For the analysis of surface temperature anomalies we use the GISTEMP 250 T2m land
anomaly dataset of NASA/GISS (Hansen et al., 2010). This dataset provides monthly
surface temperature anomalies from 1880 to now, has a nominal resolution of 1° × 1°
and uses 1951–1980 as the base period. This long dataset allows us to investigate the
extremity of the June 2015 temperature anomaly.
A large ensemble consisting of hundreds of climate model simulations using
weather@home (Massey et al., 2015) is analysed (hereafter w@h). These consist of
the Global Climate Model HadAM3P, which is downscaled to roughly 25 km over
the Western US by the Regional Climate Model HadRM3P (see, e.g., Li et al., 2015;
Mote et al., 2016, for a description of the setup over the Western US). Both models
share essentially the same physics. The modelling framework is driven by observed

T e m p e r at u r e extremes in the West Coast States

101

sea surface temperature and sea ice from the Operational Sea Surface Temperature
and Sea Ice Analysis (OSTIA) dataset (Donlon et al., 2012). Two sets of simulations
have been performed: first, an ‘All Forcings’ scenario, using observed quantities in
2015. Second, a ‘Natural’ scenario, in which an estimate of the changes in SST pattern
due to anthropogenic forcing (CMIP5 ensemble mean, (Taylor et al., 2012)) have been
subtracted from the observed 2015 SSTs used for the All Forcings simulations. In this
ensemble, sea ice is prescribed to the values on years with the highest Antarctic and
Arcitc sea ice extent (2012 and 1986, respectively), and pre-industrial atmospheric
composition is specified. Initialised on 1 December 2014 with restart files taken from
from spin-up runs, the model simulations are run for 12 months, i.e., until the end of
November 2015. A few hundred simulations for each ensemble are analysed in this
paper, as well as about 130 simulations per year from 1986-2014 (All Forcings only).
To obtain a best estimate of soil moisture conditions and latent heat flux, we forced
the Community Land Model (CLM, version 4.0; Oleson et al. (2010)) with 6 hourly
ERA-Interim diagnostic and prognostic variables. The offline simulation on a 0.5° grid
extends from 1979–2015. This approach is similar to ERA-Interim/Land (extending to
2010, Balsamo et al., 2015) and has been used successfully in Orth and Seneviratne
(2015) and Hauser et al. (2016). The Pearson correlation for mean June soil moisture
between CLM and ERA-Interim/Land for the overlapping period (1979–2010) for WA,
OR, and CA is 0.95, 0.94, and 0.97, respectively. Note, however, that these two soil
moisture data sets have been derived with (almost) the same forcing data.
In order determine the return times of the temperature anomalies we fit observed
June temperatures to a Gaussian distribution. Furthermore, we investigate how the
likelihood of the occurrence of such an event has changed as a result of, for instance,
global warming. The effects of global warming are included by allowing one parameter
of the Gaussian distribution to vary, assuming a linear dependence on the (low pass
filtered) global mean temperature. For temperature extremes, a reasonable first order
assumption is to only allow the location parameter µ to vary with global mean temperature, as was proposed by van Oldenborgh (2007) and Otto et al. (2012). Note that this
applies to observational data, while for w@h return times are directly estimated for
both ensembles (All forcings and natural).

B.3

Temperature extremes in the West Coast States

A first order explanation for the extreme temperatures in the summer of 2015 is the
higher global mean temperature. When the global mean temperature rises, the extreme
temperature and the frequency with which extreme temperature events happen will
often rise as well. This hypothesis can be investigated by fitting both observed and
modelled June temperatures.
We fit a Gaussian distribution to the observed yearly June temperature anomalies
with a trend (excluding the month under investigation, June 2015) (Figure B.3). The
distribution before 2015 is described well by a Gaussian distribution, as can be seen by
the agreement between the observations and fitted curve.
This analysis shows that the temperatures in the summer of 2015 were indeed
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Figure B.3: Impact of changing global mean temperatures on return period of temperature
extremes. Left: Monthly GISTEMP June temperature anomalies against the change in global
mean temperature. The thick line denotes the time-varying mean and the thin lines are 1 σ and
2 σ above. The purple square shows the 2015 value, which was not used in the fit, and the two
vertical red lines show the 95 % confidence interval of µ for the climates of 1900 and 2015. Right:
Return periods for the 2015 climate (red lines) and the 1900 climate (blue lines with 95 % CI).
Observations are shown twice, once shifted up to the climate of 2015 with the fitted trend (red
signs), once shifted down to 1900 (blue signs).
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extreme in WA, OR and CA under these assumptions. In WA an event like this would
be expected to happen at most with a probability of once in 350 years in the climate
of 2015 (2.5 % lower boundary). The likelihood of this event is increased by a factor
of 2. This is due to the trend before 2015, which is 0.3±0.6 times the Global Mean
Surface Temperature (GMST), but this is not significantly different from no change.
The influence of GMST is larger in OR. The 2015 event in OR is also outside all
previously measured temperatures after accounting for the linear trend and has its lower
bound for the return time at 400 years. Due to a fitted trend of 0.8±0.6 times the
GMST, the event is now 10 (95 % confidence interval 2–90) times more likely than
in 1900. The Californian temperature anomaly was less extreme in the sense that the
temperature falls inside the range of observed values once the trend has been accounted
for. However, it was still extreme under the assumptions of the fit, with a return time
of 60 years. It became 7 (2–35) times more likely now than it was around 1900 due to
a trend of 0.9±0.7 times GMST.
In WA and OR the shifts in the distributions of June temperature anomalies to
warmer, recent GMST conditions (using the 1880–2014 period) was small compared
to the June 2015 temperature anomalies. The observed temperature anomaly remains
very extreme even after accounting for this trend. This indicates that a simple shift
of the distribution proportional to the rise in GMST due to greenhouse gases (IPCC,
2013) alone is probably not sufficient to explain the high 2015 temperatures in these
states.
To further test the hypothesis that the high June 2015 temperature cannot be
explained by a linear shift alone, we use the w@h ensemble. The advantage of this
ensemble is that the large amount of members results in many more ‘weather years’
than are available from observations. This allows to detect possible changes on the high
end of the temperature distribution without making the assumptions that the Gaussian
distribution shifts linearly with GMST, which we had to make in the observational
analysis.
Figure B.4 shows the return period plots for June mean temperatures. The green
markers and shading show the June temperature for all years (1986–2015) for runs
with all forcings (‘all years’). The observed temperature anomaly (magenta line) gives
an indication of the return time of the event in the w@h ensemble. We corrected
for the difference in base period for GISTEMP data. Note that the ensemble is not
bias-corrected, so the value is only a rough indication of the return time. The red
markers show the 2015 runs only, with all forcings and conditioned on the 2015 SST
pattern. The impact of the 2015 SSTs can be seen from the difference between the
green and red markers. For the blue markers temperatures are conditioned on 2015
SST anomalies, but with natural forcings (i.e., natural greenhouse gas concentrations,
and with an estimate of climate change on SST subtracted from the 2015 SST). The
difference between the red and blue markers is thus explained by anthropogenic climate
change, i.e., emissions of greenhouse gases and aerosols.
First, the w@h ensembles show that global warming has increased the chances of
very high June temperatures in all three states: the red lines are left of the blue lines.
The increase in likelihood as given by the risk ratio (ratio of the return times of the
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Figure B.4: Return times of June temperature anomalies in the w@h ensemble for the three states.
The green markers show results for all years (1986–2015, all forcings). The red and blue markers
are 2015 runs, conditioned on the SST patterns of 2015, for the all and natural forcings ensembles,
respectively. Error margins (shading) are obtained from the 2.5 % to 97.5 % range from 1000
bootstrap samples. The horizontal line shows the observed temperature anomaly (GISTEMP).
The red, blue and green lines indicate fits to gaussian distributions.

natural and all forcings ensembles) is a factor of about 2.2 (WA), 3.4 (OR) and 2.2 (CA),
smaller but within the uncertainty bounds of the ratio based on the observed trends.
The risk ratio also increases with temperature in all three states, as could be expected
from a shift of the Gaussian distribution. Feedbacks may influence the slope of this
increase, for example by making the increase steeper if hot extremes are amplified by a
shift into a regime with drier soils.
In this case, there is also a strong influence from SST: the difference between the
green and red lines is even larger than between the blue and red lines. The probability
of a hot month was much higher given the sea surface temperatures that forced these
2015 experiments.
In the w@h ensemble we have more ‘weather years’ than in the observations, thus,
the upper tails of the return times extend to higher temperatures than the observations.
The upper tails of the return times for WA and OR in the all forcings experiments differ
from the rest of the distribution: they do not follow a gaussian distribution as the natural
forcing experiments do (and both in California do as well). In other words, the PDF
of the temperatures does seem to change with global warming: the temperatures are
higher than expected for return times larger than about 20 years in the current climate
If a different thermodynamic regime has been entered, then the assumption of a pdf
that shifts linearly with global mean temperature, which was used for calculating the
return times of observed temperatures, is not appropriate. Our new hypothesis is that
soil moisture plays an important role as well. For instance, a shift into a drier regime
in WA, which is usually wet, may lead to a change in the behaviour of the distribution
due to soil moisture feedbacks. In the next sections we investigate the evolution of
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soil moisture (Section B.4) and the influence of soil moisture deficits on the observed
temperatures (Section B.5).

B.4

Soil moisture deficits in the western states

Soil moisture is an important variable during droughts for a number of reasons. Apart
from its relevance to some sectors such as agriculture, soil moisture has the ability
to influence the atmosphere by altering the partitioning of the energy available at the
land surface into sensible (SH) and latent (LH) heat fluxes (Seneviratne et al., 2010),
particularly in transitional regions between wet and dry climates. In these regions,
soil moisture can feedback onto temperature (via SH) and humidity (via LH) in the
boundary layer, and thus also potentially on precipitation (e.g., Guillod et al., 2015). In
addition, soil moisture is a useful drought indicator because it integrates the effect of
precipitation and evaporation over time scales of a few weeks to months. In Section B.5,
land surface-atmosphere energy feedbacks will be discussed.
In this section we examine the temporal evolution of 2015 soil moisture in the
context of recent climatology for the three western states using the CLM model. We
then examine the potential influence of SSTs and global warming in contributing to the
dry soils using the w@h simulations.

B.4.1

Observed soil moisture deficits

Due to a lack of daily, gridded soil moisture observations, we use CLM, forced by the
ERA-Interim reanalysis, as the state of the art estimate for soil moisture. Figure B.5
shows the yearly time series of daily soil moisture calculated by CLM (upper 1m of soil,
upper 10 cm of soil shows similar timeseries) for each state, expressed as normalized
anomalies. In CA, the three most recent years (2013–2015) have been anomalously dry
on the whole in all seasons, while in WA and OR this was mostly restricted to summer.
Interestingly, soil moisture increased to average conditions at the end of 2014 but went
back to dry conditions in March 2015. The most outstanding period is the summer of
2015 with by far the lowest soil moisture anomalies of the whole 1979–2015 period in
both WA and OR. The dryness at the end of May provided a good base for a heatwave,
amplified by further drying in June.

B.4.2

Impact of SST forcing and internal variability on soil moisture

Soil moisture in w@h model data provides an ideal framework to investigate the effect
of SSTs on soil moisture, and compare this effect to internal variability. Here, we
refer to internal variability as the chaotic variability in the atmosphere alone, i.e.,
excluding the oceans, which are prescribed in w@h and are thus considered as a forcing
component. We analyse our w@h simulations with all forcings from 1986–2015 and
investigate monthly normalised anomalies of state averaged soil moisture (weighted
average with an exponential decay function over the root zone; this includes roughly
the upper 1 m of the soil). Differences in soil moisture between each year are forced
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Figure B.5: Normalized soil moisture anomaly time series for each year and each analyzed state
as estimated by CLM.

by the SSTs, while difference between ensemble members in a given year result from
chaotic variability. The ensemble means in each year (see Supplementary Figure G.1)
indicate no significant impact of SSTs in 2013, followed by a dry period in the first half
of 2014 in all three states. Soil moisture was however then brought back to average,
with a new strong drying in 2015 in WA and OR but not in CA.
These result indicate that the SSTs have contributed to higher chances of a dry spring
in 2015 in WA and OR. However, the variability between ensemble members is large,
and more interesting is the behaviour of the dry tail of the ensemble members. In other
words, we investigate whether, if internal variability leads to rather dry conditions, the
SSTs further aggravate these conditions. Figure B.6 shows time series of the driest 5th
percentile of the simulations for each year, as well as their average from all years. The
impacts are similar to those on the ensemble mean described above: while 2013 falls
close to the average of all years, the first half of 2014 is rather dry. Most interestingly,
a dry 2015 is among the driest in both WA and OR from about April to late summer,
showing that part of the dryness was forced by SST. In contrast, CA did not exhibit
particularly high risks of dry conditions in that year, indicating that internal variability
has been the most relevant factor in that state.
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Figure B.6: Same as Figure B.5 but based on monthly soil moisture data and for the driest 5th
percentile of the ensemble for each year of w@h simulations. The average of the 5th percentile
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B.4.3

Impact of global warming on soil moisture

In order to investigate the impact of global warming on average June soil moisture, we
check the difference between pre-industrial soil moisture and current conditions. QQ
plots of June soil moisture averaged over each state, for the natural versus all forcings
w@h ensemble (not shown), show no impact of climate change on average soil moisture
conditions.

B.5
B.5.1

Soil moisture–temperature coupling
Climatological coupling relation

We quantify the land–atmosphere coupling, i.e., the extent to which soil moisture
influences the atmosphere, using the correlation between seasonally averaged air
temperature and latent heat flux, see Supplement for details and figures (Figure G.2
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and Figure G.3). This coupling between temperature and soil moisture in both CLM
and w@h shows that both models are in a dry-to-transitional soil moisture regime.
This implies that the models represent well the soil moisture regime and the associated
feedbacks with temperature. The correlation shows that CA is already in the dry regime.
OR and WA are both in a transitional soil moisture regime.
The above correlations give insight in the climatological coupling regime. In the
next paragraph we investigate the coupling between soil moisture and temperature in
June 2015 in CLM data.

B.5.2

Coupling in June 2015

The relation between soil moisture and temperature can be investigated by studying
different kinds of metrics. Below we show two different metrics that are investigated
for the region with CLM data. The temperature anomaly can be found in Figure B.7.
A first metric to investigate soil moisture–temperature coupling is the π or Π metric
developed by Miralles et al. (2012). When considering the impact of soil moisture on
temperature (through the surface energy balance), one might simply look at the relation
between daily evaporation and temperature. This introduces the complication that
on a day-to-day basis, variability in evaporation or sensible heat flux is controlled by
variability in atmospheric conditions (or potential evaporation) rather than soil moisture.
Such variations can for instance be caused by differences in cloudiness or temperature.
In order to correct for these variations, the π metric consists of the product between
standardized temperature anomaly (expressing the extremity of the temperature) and
the standardized anomaly in sensible heat flux corrected for the anomaly in sensible
heat flux that would occur if soil moisture was sufficient for evaporation to occur at
the potential rate (see Miralles et al. (2012) for details). A related metric to diagnose
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soil moisture–temperature coupling at longer (climate) timescales is Π, see also the
Supplement (Figure G.4). Π is calculated as the correlation between (daily) sensible
heat flux and temperature, minus the correlation between the “potential" sensible heat
flux (that would occur if evapotranspiration would occur under potential rates) and
temperature.
Figure B.7a,c,d shows the spatial distribution of the coupling metric π and its two
constituents H 0 − Hp0 and T 0 . Panel a) reveals that the statistical coupling between
normalized temperature anomalies and normalized anomalies in the surface energy
budget are strongest in WA and in northern OR. The spatial pattern of π reflects
variations in H 0 − Hp0 rather than T 0 , whereas the overall magnitude of π is determined
by T 0 rather than H 0 − Hp0 . This indicates that anomalies in the surface energy
balance likely contributed locally to the temperature extremes, but they are not the sole
mechanism that can explain the temperature extremes. Strongly positive temperature
anomalies are much more widespread than strong anomalies in the surface energy
balance, and can be found over the whole of the western US. It should be noted that the
absolute values for π are somewhat lower than those reported by Miralles et al. (2012)
for the 2003 heatwave in Europe and 2006 heatwave in the central US, and by Miralles
et al. (2014) for the Russian heatwave. This can be explained by the longer (monthly)
time period considered in this study, whereas the other studies focussed solely on the
period with maximum temperature anomalies.
The above π metric is on a monthly scale. Shorter timescales (weekly and daily)
are shown and explained in the Supplement (Figure G.5 and Figure G.6). From that
analysis we conclude that the weekly π metric was stronger during the June 2015 event
in WA and OR than any time in the period 1979–2014.
A second metric to explore the land–atmosphere coupling is the Vegetation Atmosphere Coupling Index (VAC; Zscheischler et al., 2015). It identifies regions where
large anomalies of T and LH occur at the same time. To all four combinations of
negative and positive anomalies in T and LH, four coupling regimes are assigned of
which only two are relevant here: VACb (orange) denotes concurrent positive anomalies in T and LH indicating a drying of the soil and atmospheric control. VACc (red),
positive anomalies in T coincide with negative anomalies in LH, indicating dry soil
and coupling controlled by land.
VAC for monthly anomalies in T and LH is shown in Figure B.7 (e). The ‘light’
colors are used if anomalies of both variables are larger than one standard deviation, the
‘dark’ colors are used if they are larger than two standard deviations. VAC identifies
the interior of WA and OR as a region of strong land–atmosphere coupling (VACc ), in
close agreement to π. Additionally, it shows a ring of VACb indicating a strong loss of
soil moisture due to evapotranspiration.
Both metrics agree in the strong coupling between soil moisture and temperature
in June 2015 in WA and also in OR. This strengthens the conclusion that the coupling
was exceptionally strong in June 2015 in WA and OR.
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B.5.3

Soil moisture and return times for June 2015 temperature extremes

The forecast of May 2015 of the EUROSIP multimodel seasonal forecast system already
showed warm temperature anomalies for the summer season of 2015 in the western US
states, up to an anomaly of 1-2 degrees in WA. In this section we further investigate the
preconditioning of temperature extremes with w@h data. Furthermore, we quantify
the relation between CLM temperature and soil moisture.
We investigate the influence of wet versus dry soil on state averaged June temperatures in the three states, by comparing the dry half of the 2015 w@h ensemble
members with the wet half (from about 740 simulations with all forcings for 2015).
The distributions of June temperatures for all ensemble members and for ensemble
members conditioned on wet/dry May and wet/dry June monthly soil moisture are
plotted in Figure B.8, using a smoothing bandwith of 0.4. The strong coupling between
wet/dry June soils and June temperatures is clearly visible for WA and OR: dry soils
are associated with higher temperatures. Both the mean temperature and the hot tail
become hotter for dry soils.
It should be noted that this strong relationship is not necessarily a causal effect,
as it may also simply emerge from the difference between ensemble members with
clouds, rain and thus cold temperature and wet soils, and those with clear skies, leading
to warmer temperature and soil drying. The result from preconditioning on wet/dry
May soil moisture is in the same direction, although somewhat weaker, as expected
as soil moisture slowly loses memory. This better isolates possible causal effects and
shows that, in WA and OR, the preconditioning of May soil moisture impacts June
temperature. Note that the small blob found in the hot tail of the dry distributions is
due to the smoothing and should not be over-interpreted.
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Figure B.8: PDF of June 2015 temperature conditioned on soil moisture: all simulations (black),
wet and dry soils in May (blue/red dotted lines) and wet and dry soils in June (blue/red continuous
lines) for w@h 2015 all forcings simulations, for the three states.
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The general conclusion from this is that in WA and OR the temperature distribution
is not Gaussian anymore. There is no longer a linear relation between local temperature
and the GMST, as coupling between temperature and soil moisture plays an important
role as well. We will have to include soil moisture in our investigation of the high
temperatures.
From the quantification of the linear relation between temperature and GMST
we see that the contribution of GMST is probably not enough to explain the high
temperatures. We now quantify the relation of temperature with soil moisture in CLM
data. Whan et al., 2015 showed that using soil moisture as a covariate in extreme value
analysis can provide an indication of the magnitude increase in temperature expected
between specified wet and dry conditions. Here we similarly assess how soil moisture
influences the PDF of monthly temperature extremes for the Western states.
The investigation on the coupling between temperature and soil moisture, using
antecedent soil moisture conditions (e.g., May) gives an indication if the extreme
temperatures are due to a pre-existing soil moisture anomaly, in other words if soil
moisture is a good predictor of temperature. We find that this is indeed the case.
However, we are not only interested in the predictability of temperature from antecedent
soil moisture, since dry May conditions do not guarantee low soil moisture in the next
month. In order to obtain extremely high temperatures in June, soil moisture also
needs to stay low in June. If there is precipitation in June, temperatures will stay
lower and the soil will be less dry. As we are interested in the highest temperatures
we take simultaneous measures of soil moisture and temperature, as this includes both
information on additional temperature amplification due to feedbacks and amplification
of negative soil moisture anomalies due to weather conditions. In subsequent analyses
we therefore take June soil moisture as a covariate for June temperature.
For the analysis of the influence of soil moisture on temperature we first detrend the
CLM monthly temperatures. This gives, at first order, insight in the relative contribution
of soil moisture on temperature anomalies, separate from global warming. There is
no significant trend in soil moisture. Then we again fit a Gaussian distribution to the
detrended temperature, this time with soil moisture as linear covariate for the mean of
the distribution.
We have to choose soil moisture conditions representative of a dry and a wet regime
to estimate return times of temperature conditional on soil moisture. We choose the
reference dry soil moisture year to be 2015, as we want to investigate the influence of
this year’s soil moisture on temperature. For the wet regime we use the reference year
1980, as this was a year with a relatively wet soil in all three states. For WA and OR it
is the 6th wettest year of the timeseries, and for CA the 7th wettest year. The fit (see
Figure B.9) shows again that the summer temperatures of 2015 were indeed extreme
in WA and OR. The extrapolated temperature/drought lines explain a large part of the
anomalies of June 2015, so its extremity is explained to a large extent by the dryness.
Hence, the return times are not as extreme when we include soil moisture as when we
only look at the effect of the global mean temperature rise, with return times of the
June 2015 value of 4 years for WA(95 % confidence interval 2–47), 43 years for OR
(95 % confidence interval 7–1500) and 3 years for CA (95 % confidence interval 2–6)
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for years with dry soil moisture. In a year with high soil moisture values a temperature
event like this would have been very unlikely.
Note that we do not state that soil moisture is an explanation for the temperature,
as temperature extremes and dry soils enhance each other. The positive feedback
loop between low soil moisture and heat enhances the high temperatures. The causal
connection bewteen temperature and soil moisture is also present when end-of-May
soil moisture is used instead of June soil moisture (not shown).
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Figure B.9: Gaussian distribution that shifts with the monthly soil moisture content. Left:
Monthly detrended CLM June temperature against the soil moisture value (1 m) of the same month.
The thick line denotes the position parameter and the thin lines are 1 σ and 2 σ above. The
purple box shows the 2015 value, which was not used in the calculations, and the two vertical
red lines show the 95 % contour interval at the level of that climate. Right: Return periods for
temperatures shifted upwards towards dry soil conditions (red line, 2015) and for temperatures
shifted downwards towards wetter soil conditions (blue line, 1980).
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A direct comparison of these return period values with the return period values of
observed trend of local T2m extremes with GMST is not possible as for the analysis
with GMST as a covariate we use the long GISTEMP dataset. However, the correlation
of CLM temperature and GISTEMP temperature is high (0.99, 0.98, and 0.96 for WA,
OR and CA respectively). An analysis of CLM temperatures with GMST as a covariate
gives return periods for 2015 in the same order of magnitude as the analysis with
GISTEMP temperatures as mentioned in Section B.3. The same holds for an analysis
of GISTEMP temperature against CLM soil moisture.
A similar analysis in which we replace the detrended temperatures with actual
temperatures but still take soil moisture as a covariate shows the combined effect of
global warming and wet/dry soils. This also gives, at first order, insight in the relative
contributions of global warming and drought separately. For WA the return time of
the (not-detrended) temperature extreme is in the order of 24 years in case of dry soils,
whereas the detrended temperature anomaly has a return time of 4 years in case of dry
soils. The difference due to detrended temperatures is thus in the order of a factor of 6,
whereas the difference in return period between wet and dry June soils is very large (i.e.
>10 × 107 for WA and OR). For OR the detrended and actual return times are 325 and
43 (which gives a difference of a factor of 8). In CA the difference is not significant.
This means that, in WA and OR, the dry soil has a larger influence on the temperature
extreme than the increased GMST.
What we conclude from the relation between soil moisture and temperature is that
the return times are not as extreme as if we only look at the effect of the global mean
temperature rise. The June 2015 values fit well in the extrapolated temperature/drought
lines, whereas in a year with high soil moisture values a temperature event like this
would have been very unlikely. The magnitude of the temperature anomaly thus fits
well in the expected increase in temperature in a region that is in the transition from
wet towards dry regime.
Arguably. there are some differences between the states both in terms of the
extremity of the temperatures as well as their impacts. Although the temperature
anomaly was very high in CA, it was not as extreme as in WA or OR. Furthermore, CA
was already in the dry regime in the summer months, whereas WA and OR are in the
transitional regime. In terms of resilience and adaptation we have to keep in mind that
in CA most of the farmlands are irrigated and people use air-conditioning. In WA and
OR this is much less the case. Therefore the impact of the extreme temperature of June
2015 may well have been much larger in WA and OR than in CA.

B.6

Conclusions

The Western US states WA, OR and CA experienced extremely high temperatures in
June 2015, especially WA and OR. The state averaged mean June temperatures were
record high, even in the long GISTEMP dataset. Fitting a Gaussian distribution to
the data shifting with GMST as a covariate showed that the June 2015 temperature
anomalies were so extreme that it cannot be explained with global warming alone.
The w@h ensemble deviates from a Gaussian distribution for the highest temperature
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values.
Models driven by reanalysis meteorology show that soil moisture was very low at
the time of the event. The soil moisture–temperature coupling metrics π and VAC both
show that there is strong coupling between soil moisture and temperature in June 2015
in WA and OR. This means that CA is already in the dry regime, whereas OR and
WA are both in a transitional soil moisture regime where soil moisture changes affect
temperature.
A PDF of weather@home June temperature conditioned on soil moisture shows
that for high temperatures there is no longer a linear relation between temperature
and the global mean surface temperature. Both the mean temperature and the hot tail
become hotter for dry soils, especially in WA and OR. From this we conclude that
coupling between temperature and soil moisture plays an important role as well.
From the relation between soil moisture and temperature found above we hypothesized that we need to take soil moisture into account in investigating return times
of extreme temperatures. Using soil moisture as a covariate in the Gaussian model
fit provides an indication of the magnitude increase in temperature expected between
specified wet and dry conditions after taking the trend into account linearly. The
June 2015 temperature values fit well in the extrapolated temperature/drought lines
from a gaussian fit of temperatures with soil moisture as a covariate. The temperature
anomalies in WA and OR thus fit well in the expected increase in temperature in regions
that are in the transition from a wet regime towards a dry regime. In CA we find that,
because the region is already in the dry soil moisture regime, the necessity of taking
soil moisture changes into account is less.
We thus find that on top of the expected global warming trend the dry summer also
contributed to the extreme, with the remainder due to weather fluctuations (that were
made more likely due to the SST pattern of this summer). As the summer drought was
exacerbated by climate change causing less snow on the mountains (Mote et al., 2016),
these conditions will occur more frequently in the future, leading to more extreme
summer temperatures than a simple shift with the global trend.
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C.1.1

Supplementary Texts
HadGEM3-A: Model Description and Setup

The Hadley Centre Global Environmental Model version 3-Atmosphere (HadGEM3A) model provides simulations with prescribed SSTs. It represents a considerable
upgrade to the previous version described in Christidis et al. (2013). We provide here
a short summary of the model configuration as the relevant paper is still in preparation
(Ciavarella et al., n.d., in preparation). This model uses the global atmosphere,
version 6.0 package, which employs the ENDGame dynamical core and the JULES
(Joint UK Land Environment Simulator) land surface model (Walters et al., 2016).
The simulations are run at N216 L85 resolution, which corresponds to a horizontal
resolution of approximately 60 km at mid latitudes.
HadGEM3-A provides 15 ensemble members of the factual climate for the period
1960 to 2013, and two 105-member ensembles for 2015, one with, and one without
anthropogenic climate change, used to calculate pf and pc , respectively. Greenhouse
gas concentrations are prescribed from historical values up to 2005, followed by RCP4.5
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thereafter. The factual simulations are forced with SSTs and sea ice fields from the
Hadley Centre Sea Ice and Sea Surface Temperature (HadISST, Rayner et al., 2003) SST
dataset. Only one ∆SST pattern is subtracted from HadISST, to obtain ‘counterfactual’
SSTs. ∆SST is derived from a CMIP5 multi model mean from the same 19 CMIP5
models listed in Supplementary Table C.1 (Stone and Pall, n.d., in preparation).

C.1.2

Weather at Home Project: Model Description and Setup

The w@h project (Massey et al., 2015) benefits from volunteers that provide their
idle computer time to run very large ensembles of climate simulations. In the used
setup the global GCM (HadAM3P) at 1.25° x 1.875° resolution drives the regional
climate model HadRM3P over the EURO-CORDEX domain (Jacob et al., 2014) at
0.44° resolution. It provides factual simulations from 1985 to 2014 (more than 400
ensemble members for each year), and several thousand ensemble members of 2015
for factual and counterfactual conditions (Supplementary Table C.3).
w@h is forced with the Operational Sea Surface Temperature and Sea Ice Analysis
(OSTIA, Donlon et al., 2012) dataset and ∆SST patterns are derived from CMIP5
historical (1996 to 2005) minus CMIP5 natural (1996 to 2005) simulations, based on
a subset of 11 models, listed in the Supplementary Table C.3 (see also Schaller et al.,
2016).

C.1.3

EURO-CORDEX Simulations

The Coordinated Downscaling Experiment over the European Domain (EURO-CORDEX,
Jacob et al., 2014) is an international collaboration to provide high-resolution climate
scenarios for Europe. A general evaluation of EURO-CORDEX simulations can be
found in Kotlarski et al. (2014), while the added value of high resolution regional
simulations is assessed in Prein et al. (2016). In this study, we use simulations from
two RCMs (WRF and SMHI), forced with historical and representative concentration
pathway (RCP) 8.5 simulations from five GCMs participating in CMIP5 (CNRM, DMI,
IPSL, KNMI, and MPI). The horizontal resolution is approximately 12.5 km. Please
see the above references for details.

C.1.4

Analogues Methodology

For each day of JJA in 2015, we compute analogues (Yiou et al., 2007; Cattiaux
et al., 2010) of circulation from the detrended Z500 E-OBS dataset, between 1950 and
2015. The daily analogues consist of the 30 closest days (using the Euclidean distance)
within 30 calendar days of the day of interest. We then simulate a cumulative seasonal
precipitation anomaly for a fixed circulation by randomly picking circulation analogues
of JJA 2015, to create precipitation during a summer that could have been, given the
circulation of JJA 2015. We iterate this process 1000 times to create distribution of
possible summer precipitation.
The circulation analogues were computed over the a central European region (0 °W
to 30 °W and 30 °N to 60 °N). This region was determined iteratively to obtain the
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cumulated precipitation anomaly distribution closest to the observed anomaly. We
select analogues of JJA 2015 in two sub-periods: 1951 to 1982 and 1983 to 2014,
to detect a change in precipitation distribution, from one period to the other. This
procedure is akin to a stochastic weather generator conditional to the atmospheric
circulation (Yiou et al., 2013; Yiou, 2014).
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Figure C.1: Boxplot of observations and historical GCM simulations from 1965 to 2013 (1971 to
2013 for EURO-CORDEX, and 1985 to 2013 for w@h). (a) Raw data before bias correction. (b)
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Figure C.2: Quantile-quantile (QQ) plot of observations and historical GCM simulations.
Assesses if the gamma distribution provides an appropriate description of the data.
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Table C.1: CMIP5 models and number of ensemble members used for the pooled estimate of RR
(in Figure 3a).

Models
BNU-ESM
CCSM4
CESM1-CAM5
CNRM-CM5
CSIRO-Mk3-6-0
CanESM2
FGOALS-g2
GFDL-CM3
GFDL-ESM2M
GISS-E2-H
GISS-E2-R
HadGEM2-ES
IPSL-CM5A-LR
IPSL-CM5A-MR
MIROC-ESM
MIROC-ESM-CHEM
MRI-CGCM3
NorESM1-M
bcc-csm1-1

Factual

Counterfactual

PRES

PAST

NAT

piC

1
6
3
5
10
5
1
1
1
5
5
4
4
1
1
1
1
1
1

1
6
3
5
10
5
1
1
1
5
5
4
4
1
1
1
1
1
1

1
4
3
6
5
5
3
3
1
10
10
4
3
3
3
1
1
1
1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
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Table C.2: Best estimate and uncertainty of the RR for simulations with interactive SSTs (Figure 3a and Figure 3b). # ens. is the number of ensemble
members. The 2.5th , 50th , and 97.5th percentile is indicated by p2.5 , p50 , and p97.5 , respectively. Bold numbers indicate a significant RR at the 5 % level.

Models
CNRM-CM5
CSIRO-Mk3-6-0
CanESM2
GISS-E2-H
GISS-E2-R

EURO-CORDEX (2 × 5)

HIST vs. PAST

HIST vs. NAT

HIST vs. piC

p2.5

p2.5 p50 p97.5

p2.5 p50 p97.5

0.17 0.9 4.6
2.13 10.8 61.9
0.55 2.2 9.9
0.03 0.1 0.5
0.13 0.6 2.7

0.11
1.26
0.32
0.11
0.10

0.28
1.81
0.49
0.07
0.77

all
1

0.77
0.46

1.1
0.9

1.7
1.8

1.17 1.7
1.20 2.7

1

0.76

1.4

2.6

5
5
5
5
5

p50 p97.5

—

0.5 2.1
5.3 25.3
1.3 5.1
0.5 2.1
0.4 1.9

—

2.6
5.9
—

1.2 4.9
6.7 23.9
1.6 4.9
0.3 1.0
3.7 17.7

1.49 2.1
0.95 1.7
—

—

2.9
2.9
—
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all (19)
all (19)

# ens.

Models

∆SST pattern.

# ens.

HIST vs. PAST

HIST vs. NAT

p2.5

p50

p97.5

p2.5

p50

p97.5

HadGEM3-A
w@h

Multi Model Mean
Pooled

105
5181

2.49
—

6.7
—

17.9
—

0.7
0.4

1.7
0.6

4.2
1.1

w@h
w@h
w@h
w@h
w@h
w@h
w@h
w@h
w@h
w@h
w@h

CNRM_CM5
IPSL_CM5A_MR
CanESM2
CSIRO_Mk3
MIROC_ESM
OSTIA
CCSM4
IPSL_CM5A_LR
GISS_E2_R
GISS_E2_H
GFDL_CM3

468
464
470
477
442
480
481
472
478
469
480

—
—
—
—
—
—
—
—
—
—
—

—
—
—
—
—
—
—
—
—
—
—

—
—
—
—
—
—
—
—
—
—
—

0.6
0.7
0.8
0.3
0.3
0.8
0.8
0.3
0.2
0.4
0.4

1.1
1.3
1.5
0.6
0.4
1.4
1.6
0.6
0.3
0.7
0.6

2.1
2.4
3.0
1.0
0.8
2.7
3.1
1.0
0.4
1.2
1.2

S u p p l e m e n tary Tables

Table C.3: Best estimate and uncertainty of the RR for simulations with prescribed SSTs (Figure 3c). ∆SST pattern indicates the model used to calculate
the natural SSTs and # ens. is the number of ensemble members. The 2.5th , 50th , and 97.5th percentile is indicated by p2.5 , p50 , and p97.5 , respectively.
Bold numbers indicate a significant RR at the 5 % level. w@h has 3777 ensemble members in the historical simulation and HadGEM3-A has 105.
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Table C.4: Best estimate and uncertainty of the RR for observations (Figure 3d). ∆SST pattern
indicates the model used to calculate the natural SSTs and # ens. is the number of ensemble
members. The 2.5th , 50th , and 97.5th percentile is indicated by p2.5 , p50 , and p97.5 , respectively.
Bold numbers indicate a significant RR at the 5 % level. w@h has 3777 ensemble members in the
historical simulation and HadGEM3-A has 105.

Observations

Regression
p2.5
p50

p97.5

E-OBS
PREC/L
CMAP
CRU TS

0.15
0.07
0.01
0.07

10.8
6.5
12.5
5.8

1.4
0.7
0.3
0.7
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Supporting Information to:
“Investigating soil moisture-climate
interactions with prescribed soil
moisture experiments: an assessment
with the Community Earth System
Model (version 1.2)”

This document provides Supplementary Material for ‘Investigating soil moistureclimate interactions with prescribed soil moisture experiments: an assessment with the
Community Earth System Model (version 1.2)’. It includes Figure D.1 to Figure D.6.
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D.1

Supplementary figures
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Figure D.1: Central month of the three hottest consecutive months during 1971 to 2000 in REF,
used for Figure 3.2b, to e, Figure 3.3b and c, and Figure D.2.
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Figure D.2: Relative difference in the soil moisture climatology between median and mean for
the hottest months of the year for the topmost 10 cm of the soil (as Figure 3.2d) for four models
participating in GLACE-CMIP5: (a) ACCESS, (b) EC-Earth (c) GFDL and (d) IPSL. The two
missing models are ECHAM, which did not provide the necessary data and CESM itself. For
IPSL, monthly data is used. For simplicity the same three consecutive hottest months from CESM
are used (see Figure D.1). For abbreviations and references of the models please see Seneviratne
et al. (2013) and Lorenz et al. (2016).
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Figure D.3: As Figure 3.3 but for 2070 to 2099.
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Figure D.4: As Figure 3.3 but for the simulations which prescribe ICE, PRES_LIQ+ICE_MEAN,
PRES_LIQ+ICE_MEDIAN, PRES_FRAC_MEAN, and PRES_FRAC_MEDIAN.
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Figure D.5: As Figure D.4 but for 2070 to 2099.
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Figure D.6: Ground heat flux anomalies for all seven simulations for 1971 to 2000 (left), and
2070 to 2099 (right).
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Figure D.7: As Figure 3.4 but for 2070 to 2099.
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E

Supporting Information for “Role of
Soil Moisture vs. Recent Climate
Change for the 2010 Heat Wave in
Western Russia”
Introduction

In the supplementary material we include more details concerning the trend detection
in annual maximum temperatures (Section E.1). A more thorough explanation of
the the model validation can be found in Section E.2 and Figure E.1 to Figure E.3.
Additional information is given for the estimation of the influence of climate change
on soil moisture in the study region (Section E.3 and Figure E.4). Figure E.5 displays
the probability density function (pdf) and their uncertainty for simulations R1960s and
R2000s as well as the best-estimate pdf for all five simulations. Finally, Figure E.6
shows quantile-quantile plots for all five simulations as well as the HadGHCND data.

E.1

Trend detection in annual maximum temperatures

To test if climate change has increased TXx in western Russia we investigate trends in
the HadGHCND dataset. For this purpose we introduce a covariate in the GEV location
parameter, that is, we split the location parameter into a constant (intercept) plus a
time-varying (explanatory variable times a slope) part. Using time as explanatory
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variable (a linear trend) results in a non-significant increase of the location parameter
of 0.020+0.044
K per year (best estimate and 95 % confidence interval). This is in line
−0.005
with mean July temperatures of the last 130 years which also exhibit a non-significant
linear trend (Dole et al., 2011). In contrast, regressing mean July temperatures after
1950 against global mean temperature (smoothed with a 3-year running mean) results
in a significant trend of 1.9 times the global mean (Otto et al., 2012). Following this
methodology, we use global mean temperatures (from GISTEMP-1200) as explanatory
variable. This results in a significant trend of 1.90+3.62
K/K in the location parameter.
+0.14
Thus, TXx and mean July temperatures have the same trend over the last 50 years in
this region.

E.2

Model validation

We validate the CESM simulations against observations by fitting a GEV distribution
to R1960s and R2000s. The resulting parameters are compared with the HadGHCND
fit (Figure E.1). While the shape and scale parameters compare well, the location
parameter of the observation and the model are significantly different. This median
bias of 1.75 ◦ C can be corrected by subtracting it from all five simulations.
It is important that the SM climatologies of the online simulations do not show
a large bias with respect to CLM-ERA as this could influence the temperature in the
simulations. Annual mean daily precipitation estimates are similar across ERA-Interim,
R1960s and R2000s (Figure S2(a)). During the summer months June, July and August
(JJA), however, ERA-Interim has higher daily mean precipitation (not shown). To
validate the soil moisture (SM) output of the coupled simulations we compare top 1 m
SM between the offline and coupled simulations. The annual cycle of CLM-ERA and
R2000s is shown in Figure S3. The most prominent feature, is the large SM anomaly
in 2010. It was unprecedented in the ERA-Interim period and not reproduced in the
interactive model simulations. On average SM is higher in CLM-ERA than R1960s
and R2000s for both, the annual mean (not shown), and JJA (Figure S2(b)). Had
R1960s and R2000s been as wet as CLM-ERA (in the mean) we would expect: (i) a
(slightly) larger SM difference between “dry 2010” and “climatological” conditions,
thus, (ii) lower TXx (for R1960s and R2000s) and (iii) consequently, higher risk
ratios for the SM influence in simulations with prescribed 2010 SM than reported in
Section 3.4. Therefore, the estimates of the SM influence reported in that section are
rather conservative.
While the model represents the distribution of TXx and SM well, it has deficiencies
capturing blocking frequency. In the study region it exhibits approximately half the
Tibaldi and Molteni (1990) blocking frequency compared to ERA-Interim (not shown).
This is a known problem of global climate models (Brunet et al., 2010; Scaife et al.,
2010). The underestimation of blockings may be the reason why the coupled model
does not reach SM values as low as in CLM-ERA. This is an additional motivation to
prescribe SM to 2010 levels and investigate the atmospheric response.
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Influence of climate change on 2010 soil moisture

Two approaches are applied to estimate the influence of recent climate change on the
2010 soil moisture. The first builds upon the temperature difference (CLM-ERA_TEMP)
and the second on the longwave downward radiation (LWdown) difference (CLMERA_RAD) between the 1960s and the 2000s (see Figure E.4).
In CLM-ERA_TEMP we first estimate the mean temperature change between 1960
to 1969 and 2000 to 2009 (1.4 ◦ C). This difference is subtracted from the ERA-Interim
forcing temperature for every time step in 2010. Thus no difference is made between
day and night or between different seasons/ months. All other forcings (wind, relative
humidity, precipitation, short wave downward radiation) are kept constant. Then the
year 2010 is simulated again, starting from the same initial conditions as CLM-ERA.
LWdown is not a (necessary) forcing in CLM 4.0. For CLM-ERA_RAD we thus try
to estimate how much less water would have evaporated due to decreased LWdown in
the 1960s (thus resulting in smaller LWdown). Thereby, we use the LWdown difference
from R1960s and R2000s. We assume that the influence of less greenhouse gases
manifests itself mainly on cloud free days and that the effect is only important in the
months April, May, June and July (AMJJ). Because, cloud cover was not in the daily
output of the model, it is estimated as the ratio of shortwave downward radiation (from
the model) and direct clear-sky radiation of the sun (theoretical value; Masters, 2013)
and using days with a cloud fraction lower than approximately 0.35.
Then, the change in LWdown is determined between R1960s and R2000s on days
with low cloud cover during AMJJ. It is found that on cloud free days LWdown is about
4.7 Wm−1 smaller in R1960s than in R2000s. Additionally, we compute the linear
relationship between ET and LWdown in the study region, which is 0.018 mm per Wm−2
(R-squared of 0.8). Thus, according to this methodology on every cloud-free day
0.08 mm would not have evaporated in the 1960s. Finally, ET (soil moisture) is
decreased (increased) by this value for every low-cloud day in CLM-ERA.
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Figure E.1: Boxplots of the estimated GEV parameters for R1960, R2000 and the HadGHCND
dataset (‘OBS’). (a) Location, (b) scale and (c) shape.
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Figure E.2: (a) Annual mean of daily precipitation for ERA-Interim, R1960s and R2000s. (b)
Mean absolute soil moisture in the top 1 m for CLM-ERA, R1960s and R2000s for JJA. Note the
time periods: 1981 to 2010 for ERA-Interim and CLM-ERA and 1960 to 1969 and 2000 to 2009
for R1960s and R2000s, respectively.
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Figure E.3: Absolute soil moisture in top 1 m for R2000s and CLM-ERA. The black line shows
soil moisture conditions in 2010 and indicates the prescribed soil moisture in R1960s+SM2010
and R2000s+SM2010. The light red shading indicates the approximate duration of the heat wave
in 2010. R1960s and R2010 are not shown but have a similar range as R2000s.
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Figure E.4: Absolute soil moisture in top 1 m. Light red shading indicates the approximate
duration of the heat wave in 2010. (a) Gray (1981-2009) and black (2010) lines represent the best
estimate soil moisture conditions in western Russia (as in Figure 2(b)). Blue and magenta line is
the estimated soil moisture without recent climate change influence (see Text S1). (b) Difference
between CLM-ERA_TEMP, CLM-ERA_RAD and CLM-ERA.
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Figure E.5: Probability density function for the four simulations. The vertical black lines indicate
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Supplementary tables

Table F.1: Number of CMIP5 simulations under ALL, NAT and GHG forcing used in this study.

Model

ALL

NAT

GHG

bcc-csm1-1
bcc-csm1-1-m
CanESM2
CCSM4
CESM1-FASTCHEM
CNRM-CM5
CSIRO-Mk3-6-0
FGOALS-s2
GFDL-CM3
HadCM3
HadGEM2-ES
IPSL-CM5A-LR
IPSL-CM5A-MR
MIROC5
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MRI-CGCM3
NorESM1-M

3
3
5
0
3
10
10
3
5
10
4
6
3
5
3
3
3
3
3

0
0
5
4
0
6
5
0
3
0
4
3
3
0
3
0
0
0
0

0
0
5
3
0
6
5
0
3
0
4
6
3
0
3
0
0
0
0

Total

85

36

38
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Table F.2: CMIP5 models from which control simulations were used, with number of years
available and number of 50-yr chunks used.

Model

Years

Chunks

ACCESS1-0
ACCESS1-3
bcc-csm1-1
BNU-ESM
CanESM2
CCSM4
CESM1-BGC
CMCC-CESM
CMCC-CM
CMCC-CMS
CNRM-CM5
CSIRO-Mk3-6-0
EC-EARTH
FGOALS-s2
GFDL-CM3
GFDL-ESM2G
GFDL-ESM2M
HadGEM2-CC
HadGEM2-ES
inmcm4
IPSL-CM5A-LR
IPSL-CM5A-MR
IPSL-CM5B-LR
MIROC5
MIROC-ESM-CHEM
MIROC-ESM
MPI-ESM-LR
MPI-ESM-MR
MPI-ESM-P
MRI-CGCM3
NorESM1-M

500
500
500
558
1096
156
500
277
330
500
850
500
452
501
800
500
500
241
577
500
1000
300
300
670
255
630
1000
1000
1156
500
501

10
10
10
11
21
3
10
5
6
10
17
10
9
10
16
10
10
4
11
10
20
6
6
13
5
12
20
20
23
10
10

17400

348

Total
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Figure F.1: Correlations of annual anomalies of GSL and MODIS-NDVI (2000-2010). Grid cells
where correlations are significant at the 5 %-level are indicated with a dot. The much shorter
time period compared to Figure A.2 in the main manuscript is likely the reason for the overall
noisier correlations and lower significance.
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Figure F.2: Areas with GS exceeding various thresholds in 1956-1960 average compared to
2001-2005 average.
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Figure F.3: Data availability of GSL-observations: Number of HadEX2-gridcells in extratropical
wheat and maize regions from 1901-2012. The vertical dashed lines indicate the chosen time
period 1956-2005.
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Figure F.4: Comparison of significance of trends. Trends in GSL (1956-2005) in observations,
with areas with significant trends stippled (A). Percentage of simulations with significant trends in
ALL (B), GHG (C) and NAT (D) simulations. The numbers at the bottom left indicate the fraction
of data-covered area with significant trends. Significance level is 5 %.
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Figure F.5: Same as Figure A.6 in the main manuscript but without reducing the internal
variability.
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Figure F.6: Same as Figure A.7 in the main manuscript but without reducing the internal
variability.
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Figure F.7: Timeseries of GSL over extratropical regions. Observed GSL (black lines) together
with means (coloured solid lines) and standard deviations (shading) for simulations with ALL
(top), GHG (middle) and NAT (bottom) forcing over wheat (left) and maize (right) regions.
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Figure F.8: Percentage of area within the northern and southern extratropics and the northern
hemispheric (AS, EU, AM, i.e. north of 40 °N) wheat and maize regions with annual maximum
daily maximum temperature larger than 37 ◦C. Annual maximum of daily maximum temperature
(extreme index TXx) from HadEX2.
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soil moisture”
G.1

Soil moisture anomalies in weather@home

In order to investigate the impact of SST forcing and internal variability on soil moisture,
we analyse our weather@home (w@h) simulations with all forcings from 1986–2015.
The ensemble means in each year, discussed in the main text (Section 4.2), are shown
in Figure G.1. The impact on dry extremes is investigated in Figure B.6 in the main
text, by showing the 5th percentile of each year.

G.2

Climatological land-atmosphere coupling

The quantification of land-atmosphere coupling, i.e., the extent to which soil moisture
influences the atmosphere, can be done in various ways. Here we compute the
correlation between seasonally averaged air temperature and latent heat flux. Under a
weak land-atmosphere coupling, soil moisture is not limiting to LH. Therefore, radiation
is the main control on both temperature and LH, leading to a positive correlation. If
soil moisture becomes more limiting to LH than high radiation, then low LH (dry
conditions) is in fact related to high temperature because of the associated increased
149
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Figure G.1: As Figure B.6 in the main text, but for the ensemble median for each year: Normalized
soil moisture anomaly time series for each year and each analyzed state as estimated on monthly
soil moisture data and for the median of the ensemble for each year of w@h simulations.

SH, and likewise, high LH (wet conditions) is related to low temperature because of the
associated decreased SH. The correlation is thus negative. Figure G.2 and Figure G.3
display this correlation between temperature and LH for CLM and w@h, respectively,
and show similar patterns. Land-atmosphere coupling is an important process in this
region, as expected from the dry-to-transitional soil moisture regime. The coupling is
strongest and widespread in June and July, apart from the coastal regions of WA and
OR. In winter, only south CA exhibits some coupling (not shown). The very good
agreement between CLM and w@h shows that these models represent well the soil
moisture regime and the associated feedbacks with temperature.

G.3

Coupling metrics

Since the correlation between latent heat flux and temperature contains some of the
same information as the Π metric (which is based on correlation between sensible rather
than latent heat flux and temperature, and corrected for variations in surface fluxes that
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Figure G.2: For May, June, July and August, the correlation between monthly averages of
temperature and latent heat flux LH in CLM. Negative values indicate strong land-atmosphere
coupling, i.e., soil moisture is limiting to LH and thereby impact air temperature.
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Figure G.3: Same as Figure G.2 but for weather@home, using a constant number of ensemble
members (chosen randomly) for each year (1986-2015, all forcings simulations).
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cannot be attributed to soil moisture), it is relevant to consider the correspondence in
their spatial patterns. Indeed both metrics identify Nevada as being the region with the
strongest soil moisture-temperature coupling, both for individual summer months as
well as for the JJA average, see Figure G.4. Climatological coupling for OR and WA is
generally low.
Π JJA

Π June

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

Figure G.4: Soil moisture-temperature coupling at longer (climate) timescales (Π), for CLM
data for summer (left) and June only (right).

Figure G.5 shows the daily evolution of π values for the three states and the
contributions from T 0 , H 0 ’ and Hp0 . We applied a 31-day running mean for the daily
anomalies and ‘negative’ events (where T 0 and H 0 − Hp0 are both negative) are filtered
out. WA and OR show strong coupling between soil moisture and temperature, as the
daily π values reach values exceeding 5 in June and July 2015. As a reference, few
values in all other years have coupling values exceeding 2. CA does not show a strong
coupling because of smaller values of the soil moisture contribution to flux anomalies.
Figure G.6 compares the evolution of weekly VAC and π for June and the first half
of July. Both metrics identify the two phases of the heat wave. During the first peak of
the heat wave (11.06) we have strong ‘positive’ coupling in the middle of WA. The ring
of VACb indicates that these regions are not water limited. This strong soil moisture
loss can also be seen in the soil moisture time series (Figure B.5 in the main article)
and it paves the way for the larger spatial extent of the anomaly in the week of the 02.07.
During this second peak of the heat wave, the area of strong positive coupling is larger
for VACc and π is larger. In mid July, the signal is has vanished.
VACc and π are in close agreement in terms of spatial extent and temporal evolution.
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Figure G.5: Daily values of the coupling metric π and the contributions from T 0 , H 0 and H p0 .
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Figure G.6: Weekly values of the two coupling metrics π ((a) to (g)) and VAC ((h) to (n)) from
the 04.06.2015 to the 16.07.2015.

This is encouraging for both metrics as they complement each other. π concentrates on
the positive coupling of the land and the atmosphere and it is possible to compare the
strength of different events. For VAC the strength of the anomaly is less fine grained
but is provides additional information about the land-atmosphere coupling.
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