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Abstract

It is a widely accepted fact that anthropogenic climate change poses a threat
to our planet and its inhabitants. Projections made by climate models are
often used to quantify the potential impacts of climate change and are needed
to develop adaptation and mitigation strategies. The most recent state-of-
the-art models participating in the 5th phase of the Coupled Model Intercom-
parison Project (CMIP5) provide a multi-model framework to better under-
stand the climate response to anthropogenic emissions and to get a notion
of uncertainties associated with these projections.

The aim of this work is to find observable features in the current climate
that can be linked to the magnitude of projections. These relationships in
conjunction with an estimate from observational datasets can be used to de-
rive a more plausible and potentially narrower range of projections. In the
existing literature, this approach is often referred to as ’Observational’ or
’Emergent’ constraints, in other words: how to constrain the range of pro-
jections from observations. In this thesis I identify and apply observational
constraints with the aim to reduce the range of plausible model projection
for impact-relevant quantities. I specifically focus on projections of events
such as intensity and frequency of temperature extremes, heavy rainfall and
changes in temperature variability.

Chapter 2 of this thesis deals with regional projections of intensity and fre-
quency of hot temperature extremes. Global warming is expected to shift the
distribution of daily temperatures towards higher values, resulting in inten-
sification and more frequent occurrence of hot temperature extremes. There
are, however, large differences in projections of these two quantities across
CMIP5 models, which partly stem from discrepancies in the representation
of the present-day climatology. This study shows that the future frequency
of hot temperature events is related to the width of the present day distri-
bution of the summer daily maximum temperatures in the climate models.
In addition, projections of the intensity of hot extremes are related to the
observed asymmetry in warming between the annual maximum temperatures
and mean summer temperatures. Therefore, evaluation of model simulations
based on these two present-day metrics with observations allows to reduce
the range of projections in several parts of the world. This study concludes
that because many models simulate a too wide temperature distribution rel-
ative to observations in Europe, parts of Asia and Australia, projections of
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future frequencies are likely to be biased low relative to the multi-model es-
timate. Similarly, some models show unrealistically strong intensification of
warm extremes in the present day in Australia, Central North America and
North Asia where their projection of intensity of hot extremes are biased high
relative to the multi-model estimate.

Chapter 3 of this thesis deals with projections of intensification of heavy
rainfall. The simplest expectation is that heavy rainfall will increase by 6
to 7 % per degree of global warming following the increase in atmospheric
moisture content. However, the intensification in heavy rainfall as simulated
by models shows a significantly wider range. Also, large internal variabil-
ity poses a challenge to detect robust model responses. Spatial aggregation
across regions with intense heavy rainfall events allows to reduce the role of
internal variability and thus to detect a robust signal during the historical
period. In the regions of intense heavy rainfall, we found two present-day
metrics that are related to the future intensification of heavy rainfall. The
first metric is the relationship between the area-weighted mean of the wettest
day of the year and the global land temperatures. The second metric is the
fraction of land exhibiting statistically significant relationships between the
local wettest day of the year and global land temperatures. The models that
simulate high values in both metrics are those that are in better agreement
with observations and show strong future intensification of heavy rainfall.
This implies that changes in heavy rainfall are likely to be more intense than
anticipated from examining the multi-model mean.

Chapter 4 of this thesis deals with changes in interannual temperature
variability over the polar regions. Temperature variability is expected to de-
crease over the areas of sea ice retreat. Simplistically viewed, this occurs
because heat capacity of the ocean is much larger than the one of the at-
mosphere, and therefore dampens temperature fluctuations occurring in the
atmosphere. This gives rise to relationships between sea-ice related metrics
and changes in temperature variability. This case study allows to explore
how present-day metrics should (or should not) be aggregated depending on
the question at hand. By combining the skill of the individual metrics over a
range of timescales a robust observational constraint can be obtained. This
work shows that models in better agreement with observations show higher
reduction in temperature variability than expected from the multi-model
mean.

The results of this thesis can help guide model development onto the
regions and processes that are responsible for the large spread in projections.
Observational constraints of the type presented in this thesis can also be used
for well-informed dynamical downscaling and impact assessments.
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Zusammenfassung

Es ist ein weit akzeptierter Fakt, dass der menschliche Klimawandel eine Ge-
fahr für unseren Planeten und seine Einwohner darstellt. Projektionen aus
Klimamodellen werden oft benutzt um potentielle Klimaauswirkungen zu
quantifizieren und um Anpassungs- und Minderungsstrategien zu entwickeln.
Die modernsten Modelle die in der fünften Phase des „Coupled Model Inter-
comparison Project“ (CMIP5) mitgemacht haben stellen eine Multimodell
Struktur zur Verfügung um die Veränderungen im Klima als Reaktion auf
die menschlichen Emissionen besser zu verstehen und um einen Eindruck der
Unsicherheiten die mit diesen Projektionen verbunden sind zu gewinnen.

Das Ziel dieser Arbeit ist es, beobachtbare Eigenschaften des heutigen
Klimas zu finden, welche mit der Grössenordnung von Veränderungen in der
Zukunft in Zusammenhang gebracht werden können. Diese Beziehungen zu-
sammen mit den Abschätzungen aus den beobachteten Datensätzen können
dann benutzt werden, um plausiblere und engere Voraussagen abzuleiten. In
der bereits vorhandenen Literatur wir diese Vorgehensweise oft als „Obser-
vational“ oder „Emergent“ Constraints bezeichnet. In anderen Worten geht
es darum, wie man die Breite der Voraussagen einschränkt anhand von be-
obachteten Werten in der Gegenwart. In dieser Doktorarbeit identifiziere ich
solche Einschränkungen mit Beobachtungsdaten und wende sie an, mit dem
Ziel die Breite der plausiblen Modelvoraussagen, für Grössen die für die Kli-
maauswirkungen wichtig sind, zu reduzieren. Im speziellen fokussiere ich auf
Voraussagen zu Intensität und Häufigkeit von Hitzeextremen, Starknieder-
schlägen und Änderungen in der Temperaturvariabilität.

Kapitel 2 dieser Doktorarbeit befasst sich mit der regionalen Voraussage
der Intensität und Häufigkeit von Hitzeextremen. Durch die globale Erwär-
mung wird erwartet, dass die statistische Verteilung der täglichen Tempera-
turen sich zu höheren Werten hin verschieben wird, was zu einer Intensivie-
rung und vermehrten Häufung von Hitzeextremen führen wird. Es gibt jedoch
grosse Unterschiede zwischen diesen zwei Grössen über die CMIP5 Modelle,
welche zum Teil durch Abweichungen in der Repräsentation der täglichen Kli-
matologien der Gegenwart hervorgerufen werden. Diese Studie zeigt, dass die
zukünftige Häufigkeit von Hitzeextremen mit der Breite der heutigen statis-
tischen Verteilung der täglichen Maximaltemperatur in den Klimamodellen
zusammenhängt. Zusätzlich hängen die prognostizierten Intensitäten der Hit-
zeextreme mit der beobachteten Asymmetrie der Erwärmung zwischen der
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jährlichen Maximaltemperatur und der mittleren Sommertemperatur zusam-
men. Darum erlaubt die Evaluierung mit Beobachtungsdaten von Modellsi-
mulationen, basierend auf diesen zwei Metriken berechnet für die Gegenwart,
die Breite der Projektionen in einigen Regionen der Erde zu reduzieren. Diese
Studie folgert, dass weil viele Modelle in Europa, Teilen Asiens und in Aus-
tralien eine zu Breite Temperaturverteilung relativ zu den Beobachtungen
simulieren, Projektionen für die Zukunft wahrscheinlich zu tief sind relativ
zu der Abschätzung des Multi-Modells. Ähnlich zeigen einige Modelle eine
unrealistisch starke Intensivierung der warm Extreme in der heutigen Zeit
in Australien, Zentralnordamerika, und Nordasien wo die Projektionen der
Intensität der Hitzeextreme zu hoch sind relativ zu der Abschätzung des
Multimodells.

Kapitel 3 dieser Doktorarbeit befasst sich mit der Intensivierung von Star-
kniederschlägen. Die einfachste Erwartung ist, dass sich Starkniederschläge
mit 6-7% pro Grad globale Erwärmung intensivieren und der Zunahme der
atmosphärischen Feuchtigkeit folgen (Clausius-Clapeyron Gleichung). Die In-
tensivierung des Starkniederschlags simuliert von den Modellen zeigt aber
eine signifikant grössere Spanne an Werten. Zusätzlich erschwert die grosse
interne Variabilität das Ermitteln von robusten Veränderungen in den Mo-
dellen. Die räumliche Zusammenfassung über Regionen mit intensiven Star-
kniederschlagsereignissen erlaubt es den Einfluss der internen Variabilität zu
vermindern und robuste Signale in der Gegenwart festzustellen. In Regionen
mit intensiven Starkniederschlägen finden wir zwei Metriken in der Gegen-
wart welche mit der Intensivierungen von Starkniederschlägen in der Zukunft
zusammenhängen. Die erste dieser Metriken ist der Zusammenhang der räum-
lich gewichteten und gemittelten nassesten Tage des Jahres mit der globalen
Temperatur über Land. Die zweite Metrik ist der Anteil der Landoberfläche,
die einen signifikanten statistischen Zusammenhang zwischen dem lokal nas-
sesten Tag des Jahres und der globalen Temperatur über Land aufweisen.
Die Modelle welche hohe Werte in beiden Metriken simulieren sind diejeni-
gen, die besser mit den Beobachtungen übereinstimmen und eine stärkere
Intensivierung von Starkniederschlägen in der Zukunft zeigen. Das impliziert
das Änderungen im Starkniederschlag eher stärker sein werden als basierend
auf Untersuchungen des gemittelten Multimodells.

Das 4te Kapitel dieser Doktorarbeit beschäftigt sich mit Veränderungen
in der Variabilität der Temperatur von Jahr zu Jahr in den Polarregionen.
Es wird erwartet, dass wie Temperaturvariabilität in den Regionen wo sich
das Meereis zurück zieht sinken wird. Vereinfacht gesehen passiert dies, weil
die Wärmekapazität des Ozeans sehr viel grösser ist, als die der Atmosphäre,
und darum die Temperaturfluktuationen in der Atmosphäre gedämpft wer-
den. Daraus lassen sich Zusammenhänge zwischen Metriken des Meereises
und Veränderungen in der Temperaturvariabilität herleiten. Diese Fallstudie
erlaubt es zu Untersuchen, wie die Metriken der Gegenwart Zusammengefasst
werden sollten (oder nicht sollten), Abhängig davon, wie die Fragestellung lau-
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tet. Wenn man die Qualität der einzelnen Metriken über verschiedene Zeitpe-
rioden kombiniert, kann man robuste „Beobachtungs-Constraints“ erhalten.
Diese Arbeit zeigt, dass Modelle die besser mit den Beobachtungen überein-
stimmen eine höhere Reduktion in der Temperaturvariabiliät aufweisen, als
von dem gemittelten Multimodell erwartet würde.

Die Resultate dieser Doktorarbeit können helfen, Modellentwicklungen in
die Richtung von Regionen und Prozessen zu führen, welche für die grosse
Spannweite in Zukunftsprojektionen verantwortlich sind. Einschränkungen
basierend auf Beobachtungen, wie diejenigen die in dieser Doktorarbeit prä-
sentiert werden, können auch für gut informiertes dynamisches Downscaling
oder Folgenabschätzung benutzt werden.
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1
Introduction

1.1 Motivation

Climate models represent our integrated understanding of the climate sys-
tem. They describe complex physical processes in the atmosphere, ocean,
cryosphere and land surface by solving a set of equation on a discretized grid
[Washington and Parkinson, 2005]. Climate models are often used as primary
tools to investigate the response of the climate system to various external
forcings, for making seasonal to decadal climate predictions and for making
long-term climate projections [Flato et al., 2013]. By now, there has been
an overwhelming body of evidence from models and observations, confirm-
ing detrimental influence of humans on the climate [IPCC, 2013]. Therefore,
long term projections are of great relevance for the society as these reflect
the impacts of climate change and provide the information needed to adapt
to the changing climate. Different local communities are exposed to different
impacts of anthropogenic climate change [IPCC, 2012]. Therefore, robust
climate projections on regional scales are required to plan actions to miti-
gate the impacts and/or to adapt to those. This is however very challenging
scientifically due to inherently large uncertainties that dominate on regional
scales.
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CHAPTER 1. INTRODUCTION 2

1.2 Uncertainties in climate projections

Uncertainties in climate projections can arise from uncertainties in emission
scenario, in model response to a scenario, often referred to as model uncer-
tainty, and due to internal variability [Knutti, 2008; Hawkins and Sutton,
2009; Knutti and Sedláček, 2012]. The uncertainties in emission scenario
arise from a lack of knowledge of course of human actions in regard to fu-
ture emissions of aerosol and greenhouse gases as well as land use and land
management changes. To get an estimate of this uncertainty, models are run
assuming what we consider a set of plausible socio-economic scenarios [Moss
et al., 2010; van Vuuren et al., 2011]. Uncertainties in model response arise
due to structural and parametric differences in models, leading to a wide
range of responses to the same imposed forcing [e.g., Yokohata et al., 2010].
Some of these exist because certain processes cannot be explicitly resolved
due their complexity or coarse resolution at which models are run. Therefore,
available empirical evidence and/or theoretical arguments are used to design
so-called parametrizations in order to approximate their behavior in models.
A parametrization can rely on a set of equations or a single parameter which
can be adjusted to match better the observed climate [Hourdin et al., 2016].
Often modeling centers have limited resources and/or they diverge in what
aspects of climate are important to prioritize [e.g., Tebaldi and Knutti, 2007].
Also there is often no way of verifying what set of parametrizations is supe-
rior, therefore models have different sets of parametrizations [e.g., Kennedy
and O’Hagan, 2001]. This diversity is welcomed to better sample the full
range of model uncertainty [e.g., Yokohata et al., 2013]. Beyond these dif-
ferences in parametrizations used across climate models, required boundary
conditions such as topography or distribution and type of vegetation also
differ across models and further contribute to model uncertainty. One of the
goals of model development is to reduce this uncertainty.

The third type is the contribution of internal variability, which arises from
the chaotic nature of the climate system even in absence of external forcing
[e.g., Lorenz, 1963; Shukla, 1998; Palmer, 1999]. This is often estimated by
running one model several times with slightly different initial conditions [e.g.,
Collins et al., 2001]. As a result, at any given time different members of the
model ensemble will deviate from the ensemble mean, which can be attributed
to internal variability as long as the sample size of the ensemble is large. This
highlights the danger of drawing conclusions about the observed or simulated
climate from short periods, as it may not be necessarily representative of the
mean behavior of the climate, particularly on local scales [e.g., Deser et al.,
2012a, 2014; van Oldenborgh et al., 2013].

These three type of uncertainties are often sampled from large ensembles
of models from the coordinated efforts at international level in the frame-
work of the Coupled Model Intercomparison Project (CMIP), which are part
of the core material synthesized in the assessment reports of the Intergov-
ernmental Panel for Climate Change (IPCC) [IPCC, 2013]. Their relative
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contribution to total uncertainty will depend on the variable at hand, as
well as on the region and timescales considered [Hawkins and Sutton, 2009;
Fatichi et al., 2014]. From Hawkins and Sutton [2009] it follows that within
a pre-defined emission scenario, uncertainty contribution due to internal vari-
ability is leading at first but its importance decreases with lead time, where
model uncertainty becomes dominant (Figure 1.1).

Uncertainties in projections of climate extremes (e.g., heat waves, floods,
droughts) are particularly large [e.g., Sillmann et al., 2013b; Dunn et al.,
2014]. This is because they are by definition rare and therefore require a
long period to establish trustworthy statistics, leading to large contribution
of internal variability to total uncertainties during for the period analyzed.
At the same time because these events are rare, there are less opportunities
to study in detail the relevant processes and incorporate these into models.
Therefore climate models are not always able to adequately reproduce the
physics of extremes at the scales that are required to make robust local
projections [e.g., Dai, 2006; Boberg and Christensen, 2012].

Despite large uncertainties in projections of extremes, actions have to be
taken to tackle climate change. Extreme events can have devastating social
and economic impacts for local communities [Coumou and Rahmstorf, 2012]
and some of these events are likely to become more frequent and intense
with climate change [e.g., Meehl and Tebaldi, 2004; Allan and Soden, 2008;
Fischer and Schär, 2009]. Adaptation to extreme events deserves special
attention as these are felt more by local communities than changes in the
mean climate. Therefore, the society would greatly benefit if the scientific
community would provide more precise projections of extremes, needed to
guide adaptation strategies.

1.3 Observational constraints

Because accurate climate projections are of great demand, an assessment of
their relative credibility is imperative. The credibility of models is often de-
termined by simply evaluating whether models are capable of reproducing
the observed climate [Flato et al., 2013]. Though it is highly encouraging
that climate models are capable to do so for certain variables, it should not
be assumed that the present day performance –based on what is often a
subjective choice of metrics –determines model skill to accurately predict
the response to anthropogenic forcing [e.g., Pincus et al., 2008; Reichler and
Kim, 2008; Pierce et al., 2009]. The method of Observational constraints, or
also referred to as Emergent constraints (we hereafter refer to both terms
as equivalent), explicitly addresses this issue by identifying what aspect of
the current climate is important to have accurate projections. Observational
constraints are based on statistical relationships that emerge in model ensem-
bles as correlations between present-day metrics and projections for certain
variables, illustrated on Figure 1.2.
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Figure 1.1: Maps of the sources of uncertainty for decadal mean surface tem-
perature for various lead times give information on where any reduction in
uncertainty will have the most benefit. The columns show the total variance
explained by (left) internal variability, (middle) model uncertainty, and (right)
scenario uncertainty for predictions of the (top) first, (middle) fourth, and (bot-
tom) ninth decade. It should be noted that (i) even on regional scales, the
uncertainty due to internal variability is only a significant component for lead
times up to a decade or two, (ii) the largest differences between models occur
at high latitudes where climate feedbacks are particularly important, and (iii)
even by the end of the century, the emissions scenario is less important than
model uncertainty for the high latitudes but dominates in the tropics. Taken
from [Hawkins and Sutton, 2009].
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Figure 1.2: A schematic diagram illustrating an observational constraint. Full
multi-model spread and the selected model for present day metric (a and b)
and projections (a’ and b’). Models are selected based on an observational
estimate (green line).
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Because the output provided by global climate models is large, correla-
tions between present day and projections may arise by chance [Huber et al.,
2011; Caldwell et al., 2014] Therefore, solid physical explanations must un-
derpin the existence of the correlation. It should provide an explanation of
how the chosen present-day metric is related to the projection of interest,
therefore justifying the use of the metric at hand. It should also permit a
quantitative explanation of intermodel variations in both, present-day met-
ric and projections of interest. The observational estimate (the green line on
Figure 1.2) is required to implement the constraint, therefore observational
availability limits the choice of potential performance metrics. Once com-
bined with observations, the relationship allows to constrain the spread in
projections. It involves ranking models (grey dots on Figure 1.2) on the iden-
tified metric based on how well these agree with the observational estimate
(green line on Figure 1.2). Only the best performing models are then selected
(range b on Figure 1.2) and considered for projections. This should lead to
a narrowed future range (b’) with respect to the full future range (a’) and in
some cases but not necessary to an altered multi-model mean estimate.

The method of observational constraints emerged as a promising approach
to constrain global climate sensitivity. The climate sensitivity is defined as
the change in equilibrium global mean surface temperature in response to
doubling of CO2 [IPCC, 2013] and is a key metric summarizing the complex
response of the climate system to a forcing. Unfortunately, the uncertainties
around the exact magnitude of climate sensitivity are large. The spread in the
latest ensemble of models CMIP5 is from 1.5°C to 4.5°C, with no improve-
ment in spread since earlier generation of models [Knutti and Rugenstein,
2015]. Several studies found that models with higher climate sensitivity are
often those with better representation of cloud-related processes [e.g., Fasullo
and Trenberth, 2012; Sherwood et al., 2014; Su et al., 2014; Fasullo et al.,
2015; Zhai et al., 2015; Tan et al., 2016]. Other aspects of climate were also
found to be important for the model’s climate sensitivity [Huber et al., 2011;
Gordon et al., 2013; Sanderson et al., 2015b; Tian, 2015].The main difficulty
in constraining climate sensitivity emerges from its dependency on a number
of mostly independent feedbacks, where each only partially contributes to
model’s climate sensitivity [Klein and Hall, 2015].

Observational constraints have been identified for quantities other than
climate sensitivity. One of the earliest observational constraints was proposed
by Hall and Qu [2006]. They found that the snow-albedo feedback in models
can be constrained from seasonal variations in snow albedo [Hall and Qu,
2006]. Many climate models from the CMIP3 ensemble [IPCC, 2007] were
found to underestimate the albedo decrease per degree of global warming
[Hall and Qu, 2006], with fewer models showing this response in the CMIP5
ensemble [Qu and Hall, 2014]. Consistent with these studies, Crook and
Forster 2014 found that extratropical surface cryosphere feedback is also un-
derestimated by many models. Other studies examined the rate of September
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sea-ice retreat with warming temperatures to establish the more likely timing
of sea ice cover disappearance [Boé et al., 2009; Mahlstein and Knutti, 2012;
Massonnet et al., 2012]. Observational constraints were identified in relation
to the carbon cycle [Cox et al., 2013; Wenzel et al., 2014, 2016a], hydrolog-
ical cycle [O’Gorman, 2012; DeAngelis et al., 2015], Antarctic atmospheric
circulation [Son et al., 2010; Wenzel et al., 2016b], extratropical atmospheric
rivers [Gao et al., 2016], atmospheric and ocean heat transports [Loeb et al.,
2016] and European temperature variability [Stegehuis et al., 2013] to men-
tion a few. Despite the large number of prominent studies, there are still
some open question that need to be addressed.

1.4 Aims, research questions and outline

This doctoral thesis deals with uncertainties in projections of temperature
and precipitation extremes and temperature variability on regional, sub-
continental and continental scales. The thesis consists of five chapters and
three appendices. The chapters 2-4 are included as individual scientific con-
tributions each containing an abstract, results and conclusion sections, with
the aim to answer these questions:

1. What present-day metrics are relevant for projections temperature ex-
tremes, heavy rainfall and high latitudinal variability? Can model
agreement in projections be improved by evaluating models with ob-
servations in the identified present-day metrics? What is the resulting
spread in projections and regional differences?

2. Can internal variability of the climate hinder selection of models? Can
the role of internal variability be reduced through spatial aggregation
or a longer observational period?

3. In what regions does observational uncertainty or lack of observational
data limit selection of models? What would be the reduced model
spread in projections if limitations of observational datasets did not
exist?

4. In presence of multiple present-day metrics relevant for projection, how
these should be aggregated across seasons and metrics to achieve high-
est reduction in model spread? Is it better to use observations for the
respective seasons of interest or for any season where data is available?

5. Can we synthesize our findings into an overarching framework to guide
implementation of observational constraints?

Chapter 2: Potential to constrain projections of temperature extremes.
[Borodina et al., in review].



CHAPTER 1. INTRODUCTION 8

This publication deals with constraints on intensity and frequency of tem-
perature extremes. We narrow the range of model projections in many re-
gions where observations exist, but the constrained range relative to the
multi-model mean, for both intensity and frequency of temperature extremes,
differs across regions. We formalize the criteria needed to implement a ro-
bust observational constraint in presence of large internal variability. The
existence of several observational datasets allows to some degree to explore
the observational uncertainty and therefore enhance confidence in the con-
strained range.

Chapter 3: Models are likely to underestimate increase in heavy rainfall
in regions with high rainfall intensity. [Borodina et al., in review].

The goal of this publication is to determine the more likely response of
heavy rainfall to warming temperatures. Is the multi-model mean of heavy
rainfall change a realistic estimate of future rainfall response given the ob-
served climate? We explore two complementary aspects of observed heavy
rainfall, improving confidence in the constrained range. Is the information
provided in observational datasets adequate and dense enough to evaluate
models? What is the role of internal variability?

Chapter 4: Observational constraints in climate projections: a case
study of changes in high latitude temperature variability. [Borodina et al.,
2017].

This publication deals with constraints on changes in interannual temper-
ature variability over the regions of sea ice retreat. In this paper we explore
how present-day metrics should (or should not) be aggregated across spatial
and temporal scales and what is the motivation behind the aggregation. We
investigate differences in constraining changes in temperature variability as
opposed to future temperature variability and what is the effect of the global
warming signal for the reduction in spread across projections.

Chapter 5: Conclusions and Outlook

Appendix A, B and C: Supplementary information for chapters 2, 3
and 4 respectively.



2
Potential to constrain projections of
hot temperature extremes

Article in revision in Journal of Climate ∗

Aleksandra Borodina1, Erich M. Fischer1, and Reto Knutti1

Abstract Projected changes in temperature extremes, such as regional
changes in the intensity and frequency of hot events differ strongly across
models in multi-model ensembles. We show that this disagreement partly
stems from discrepancies in the representation of the present-day climatology,
motivating evaluation of models with observations. By evaluating models on
carefully selected metrics, we identified models that are more likely to be
reliable for long-term projections of temperature extremes. We found that
frequencies of hot extremes are likely to increase at a higher rate than the
multi-model mean estimate over large parts of the Northern Hemisphere and
Australia. This implies that a higher degree of adaptation is required for
a given global temperature target. We also find that projected changes in
the intensity of hot extremes can be constrained in several regions including
Australia, Central North America and North Asia. For both aspects, the
intensity and the frequency of hot extremes, the total area over which the

∗This publication was slightly changed from its original version to ensure consistency
throughout this thesis.

1Institute for Atmospheric and Climate Science, ETH Zurich, Universitaetsstrasse 16,
8092 Zurich, Switzerland

9
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constraints can be implemented is limited by the quality and completeness of
observations. Therefore, this study highlights the value of high quality obser-
vational networks. In addition, internal variability hampers model evaluation
in many regions, particularly if the observational period is short.

2.1 Introduction

Hot temperature extremes are projected to intensify and become more fre-
quent in the future [e.g., Kharin et al., 2007, 2013; Meehl and Tebaldi, 2004;
Alexander and Tebaldi, 2012; Sillmann et al., 2013a; Perkins et al., 2012;
Cowan et al., 2014; Coumou et al., 2013; Coumou and Rahmstorf, 2012; Fis-
cher and Schär, 2009; Alexander and Arblaster, 2009]. However, for a given
scenario models disagree on the magnitude of the future change in inten-
sity and frequency because of model deficiencies [Boberg and Christensen,
2012; Christensen and Boberg, 2012; Cattiaux et al., 2013] as well as internal
variability. Large disagreement across models presents a key challenge for
the assessment of climate change impacts and, hence, the development of
adaptation and mitigation strategies. The observational data provides an op-
portunity to reduce the disagreement across models by means of so-called ob-
servational or emergent constraints [e.g., Fasullo and Trenberth, 2012; Knutti
et al., 2006; Knutti and Tomassini, 2008; Hall and Qu, 2006; Holland and
Bitz, 2003; Boé et al., 2009; Son et al., 2010; Schaller et al., 2011; Mahlstein
and Knutti, 2012; O’Gorman, 2012; Massonnet et al., 2012; Cox et al., 2013;
Wenzel et al., 2016b; Loeb et al., 2016; Stegehuis et al., 2013; Tian, 2015; Su
et al., 2014; Huber et al., 2011].

Observational constraints aim at identifying discrepancies in simulations
of the present-day climate that lead to large disagreement across model pro-
jections. In multi-model ensembles, observational constraints emerge as sta-
tistical relationships between metrics derived from simulation of the past or
present day and projections of interest, as illustrated in Figure 2.1.To be
able to use this relationship there must be an understanding of why such a
relationship exists, as correlations may arise simply by chance given the large
output provided by climate models [Caldwell et al., 2014; Huber et al., 2011].
Then, the observations of the present day (green line in Figure 2.1) are used
to evaluate models and to produce a recalibrated ensemble of models (red
range b’) with significantly smaller spread across ensemble members than
across the full range of models available (blue range a’). By doing so, we are
making an implicit assumption that the disagreement in present-day simula-
tions as well as variations in model projections, in part, stem from differences
in the representation of processes in models. By applying observational con-
straints we aim to eliminate models that poorly capture these present-day
local processes, as they are assumed to be inadequate for projections.

In this study, we identify and implement observational constraints on pro-
jections of intensity and frequency of hot temperature extremes with the aim
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Figure 2.1: A schematic diagram illustrating an observational constraint. Full
multi-model spread and the selected models for the present day metric (a and
b) and projections (a’ and b’). Models are selected based on their agreement in
present-day metric with the observational estimate (green line).

to provide ensembles of models with better agreement across its members. In
a warming world, intensification of hot extremes often implies that hot events
of certain intensity will become more frequent. However, projections of these
two aspects (intensity as opposed to frequency) are considered separately,
because different biases in the representation of the present-day climate are
more relevant for projections of one than the other. The challenge is to
identify regions where the identified biases are the main contributor to the
disagreement in model projections. Evaluation of models with observations
in those regions would allow to identify a more likely range of projections
with improved agreement across its members.

Temperature extremes were shown to intensify at a rate approximately
following changes in the local mean temperatures in many parts of the world
[e.g., Kharin et al., 2013]. However, this is not a good approximation for
the regions where the exact scale and shape of the temperature distribution
is expected to change as a consequence of climate change [e.g., Kharin and
Zwiers, 2005, 2000]. Katz and Brown [1992] were first to suggest that changes
in extremes can be quite different to what is expected from a uniform shift of
the climatology. Since then, more studies have demonstrated the asymmetry
in warming between the tails of the distribution and the mean in observa-
tions [e.g., Klein Tank and Können, 2003; Christidis et al., 2005; Robeson,
2004] and model simulations [e.g., Schär et al., 2004; Fischer and Schär, 2009;
Holmes et al., 2015]. The local asymmetry in warming is determined by the
model’s ability to capture relevant processes and feedbacks. For example,
in regions where strong drying occurs (e.g., Central Europe), the hot tail of
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the temperature distribution warms faster than the local mean temperature,
leading to a widening of the temperature distribution. This has been largely
attributed to reduced evaporative cooling from the land surface due to soil
moisture deficit [Gregory and Mitchell, 1995; Schär et al., 2004; Alexander
and Perkins, 2013; Seneviratne et al., 2006; Fischer et al., 2012]. Hence, to
study the future relative intensity of hot extremes, we focus on the scaling
(the regression) of the annual maximum temperatures (TXx) with local mean
summer temperatures—from here on referred to as “TXx scaling”.

Changing frequency (as opposed to intensity) of hot extremes is another
key aspect of the future climate. The frequency is often defined relative to
a local percentile threshold of the present-day climatology. A uniform shift
of the temperature distribution towards warmer temperatures will lead to
increased frequency of events exceeding such a fixed threshold, and therefore
can account for most of the projected increase in frequencies [Coumou and
Robinson, 2013; Coumou et al., 2013; Fischer and Knutti, 2015; Griffiths
et al., 2005; Simolo et al., 2011; Ballester et al., 2009]. Consequently the
disagreement across models on the magnitude of future frequencies can be
partly attributed to the model specific shape of the underlying temperature
distribution [e.g., Simolo et al., 2011; Lovejoy, 2014] and its evolution under
anthropogenic forcing (i.e., asymmetric changes in the tails as discussed ear-
lier) [e.g., Della-Marta et al., 2007; Ballester et al., 2009]. However, their rel-
ative importance depends on the region. Hence, we search for regions where
the present-day distribution is the main contributor to the disagreement in
model simulated frequencies. Then we evaluate models on their ability to
accurately simulate the shape of the present-day temperature distribution in
these regions.

This study provides a global assessment on where the uncertainties in
projections of intensities and frequencies can be narrowed with observational
constraints. This paper consists of two main parts. In the first part we focus
on projections of intensity of hot extremes (by examining the TXx scaling)
and in the second we focus on frequency of hot extremes (by examining
the width of the tail of the present-day distribution). We explore the main
challenges that prevent model evaluation, as these are important to consider
when applying this method to other variables. Improved model agreement
for both, future intensity and frequency, will provide a more complete picture
of the future climate. This improvement is needed for more rigorous impact
assessments [Murray and Ebi, 2012].

2.2 Data and Methods

2.2.1 Datasets
We use model-simulated summer daily maximum temperature (TX) from the
Coupled Model Intercomparison Project Phase 5 (CMIP5) in addition to the
10-member CESM initial condition ensemble produced at ETH Zurich [Fis-
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cher et al., 2013]. A total of 28 models that provide all the necessary data
for the historical and Representative Concentration Pathway 8.5 (RCP8.5)
scenario simulations are analysed Pathway 8.5 (RCP8.5) scenario simula-
tions are analysed Table A.1. Model simulations are evaluated against ERA-
Interim reanalysis (1979-2014) [Dee et al., 2011], NCEP twentieth-century
reanalysis (1951-2011) [Compo et al., 2011] and NCEP-DOE Reanalysis 2
(1979-2014) [Kanamitsu et al., 2002]. In reanalyses, the daily maximum
temperature (TX) is approximated by the diurnal maximum of the short-
est time step available. Observational datasets used in the analysis are the
HadEX2 (1951-2010) [Donat et al., 2013b], GHCNDEX (1951-2014) [Donat
et al., 2013a] and HadGHCND (1949-2011) [Caesar et al., 2006] . Seasonal
mean temperatures were estimated from the CRUTEM 4.3.0 dataset for grid
points where at least June and August (or December and February for the
Southern hemisphere) were available [Jones and Moberg, 2002]. Our analysis
focuses on land areas (grid boxes with at least 50% land) computed from the
land-ocean mask of the CESM model.

The annual maximum temperatures (TXx) in HadEX2 and GHCNDEX
are readily available on a 2.5°x 3.75°grid and represent interpolated station
extremes. Therefore, TXx values in models and reanalyses are calculated
on their native grids (Table A.3) and then regridded onto a 2.5°x 3.75°grid
using first order conservative remapping procedure [Jones, 1999]. This or-
der ensures a fair comparison of models with observational datasets. It is
important to note that the HadGHCND dataset first interpolates daily data
onto a 2.5°x 3.75°grid and then computes TXx at a grid-point scale. For
each observational dataset grid boxes are masked where more than 20% of
the TXx time-series is missing. When we evaluate models against all three
observational datasets (HadEX2, GHCNDEX and HadGHCND), we analyze
grid-boxes where all three observational datasets have coverage.

To evaluate the distribution of daily maximum temperatures, the data are
first regridded onto the 2.5°x 3.75°using the same remapping procedure and
then we perform the rest of the calculations (e.g., percentiles) on a common
grid. Note that the order of operation is different than above. This order of
operation ensures a direct comparison between models and observations. For
the analysis of the frequency of hot extremes we are restricted to HadGHCND
as it is the only gridded global dataset with raw temperature data at daily
resolution. Grid boxes with less than 95% of all time steps in summer over
the period 1979-2010 (n ≈ 2900) are masked.

We focus on 3°C global annual mean warming in each model (5-year
running mean relative to the period 1979-2010). Models with at least four
initial condition members are used to estimate internal variability as the
mean of the standard deviations calculated from each individual model.
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2.2.2 Methods for TXx scaling estimates
Grid-point TXx scaling estimates, the regression slope of TXx against local
summer mean temperatures, are calculated using a Theil-Sen slope estimator
because it is more robust than simple linear ordinary least squares regression
in the presence of outliers [Storch and Zwiers, 1999]. We then calculate
the area median TXx scaling, which is robust in the presence of outliers,
over the Giorgi regions [Giorgi and Francisco, 2000] and some larger regions
(Table A.2). For all of the regions TXx is regressed against JJA (June, July
and August) mean temperature means except for Southern South America,
Southern Africa and Australia where DJF (December, January and February)
mean temperatures are used.

The historical TXx scaling estimates in models are calculated for the
period of 1951-2014 (and 1901-2014 for Figure 2.5). The temporal coverage in
observational datasets varies from dataset to dataset (time periods provided
by individual datasets are in section 2.2.1). We therefore use all the years
with existing record between 1951 and 2014 provided by individual dataset
to estimate the historical TXx scaling. When exploring the potential for
constraining at different warming levels (as for Figure 2.4), we replace time
by global mean warming (5-year running mean relative to 1979-2010).

Individual models are ranked according to their agreement in the histori-
cal TXx scaling with three datasets (HadEX2, HadGHCND and GHCNDEX).
For each of the regions, the agreement is quantified as a squared bias between
the observed and simulated area median TXx scaling. Biases are calculated
relative to individual observational datasets and then averaged to select the
best performing models relative to all three datasets used. From here on, the
‘constrained’ projection (b’ on Figure 2.1) is the projection resulting from the
selected seven models only. The number of models selected is a compromise
between the total number of models available and the necessary number of
models needed to sample the uncertainty. Too many models will weaken the
constraint whereas too few (equivalent to too aggressive weighting) are likely
to lead to overconfident results that are not robust, particularly if the number
of models is small [Knutti et al., 2017]. The number of models selected does
somewhat affect the spread of the constrained projection, however it does
not undermine the general conclusions that the constrained projections are
on the higher/lower end of the full ensemble [Borodina et al., 2017]. Note
that we compute the arithmetic mean of models that have multiple initial
condition members prior to selecting the best models.

2.2.3 Method for frequencies
We quantify the annual frequency of exceeding a 95th percentile of daily sum-
mer temperature in 1979-2010. We use absolute temperatures to calculate
percentiles at individual gridpoints for models and observational datasets.
Then, the frequency within each model is computed by counting the total
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number of days exceeding the threshold for each year of the simulation.
The projected simulated frequencies are then computed as a mean of the

32-year period centred around the 5-yr period with 3°C global mean warm-
ing. Estimated frequencies are computed by shifting the reference period of
daily maximum temperature by the respective local annual mean warming
consistent with 3°C global mean warming. One estimate is based on the pe-
riod of 3°C multi-model mean warming (referred to as multi-model shift) and
the other estimate for the period of 3°C warming in the respective individual
models (single model shift). The shifted frequencies are then computed by
taking the mean of the 32-year period.

We calculate the area-weighted mean of frequencies (simulated or esti-
mated) for the regions of interest (Table A.2). Summer JJA temperatures
are used for the Northern Hemisphere and DJF temperatures for the South-
ern hemisphere. The metric used to evaluate the present day distribution
in models relative to observations is the temperature difference between the
daily 95th and 75th summer temperature percentiles computed from the 1979-
2010 reference period, – the 95-to-75th percentile difference. The metric is
calculated at each grid point and then averaged across the respective region
for each model individually.

2.3 Constraints on intensity of hot extremes

2.3.1 Scaling of hot extremes with local warming
We find that the historical TXx scaling – the regression between TXx and
summer mean temperatures (Figure 2.2) – estimated from (1951-2014) is
often a good approximation for the long-term TXx scaling (1951 until 3°C
warming) (Figure 2.3a). In pre-industrial control simulations, TXx values
scale with mean summer temperatures because extremely hot days are more
likely to occur during particularly hot summers rather than cold summers
(not shown). This scaling becomes much clearer in forced simulations (such as
RCP8.5) than in pre-industrial control simulations since the warming signal
induces increasing TXx values and mean summer temperatures. Model differ-
ences in TXx scaling are illustrated for a grid point in Central North America
(Figure 2.2) where one model (cyan, eight model realizations) is showing sub-
stantially higher long-term TXx scaling (1951-2100) than another model (red,
five model realizations). The long term TXx scaling is well defined as several
realizations of the same model fall on top of each other (Figure 2.2). However,
the historical TXx scaling is more affected by large internal variability due
the short period and small warming signal. This makes an accurate estimate
of the historical TXx scaling challenging. For the grid-point considered in
Figure 2.2, the relationship between TXx and mean temperature is linear.
Several studies found that regionally aggregated TXx values scale linearly
with global mean temperatures in many of the regions analyzed in this work
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[Vogel et al., 2017; Seneviratne et al., 2016], suggesting that the assumption
of linearity is reasonable.

Figure 2.2: Regression between TXx values and summer mean temperatures at a
grid point in Central North America (CNA) under RCP8.5 scenario for the years
1951-2100. One model is highlighted in cyan (eight initial condition members)
and another in red (5 initial condition members). The black dashed line is the
one-to-one slope.

Models with low historical median TXx scaling within the region of Cen-
tral North America (x-axis on Figure 2.3a) also tend to have a low long-term
TXx scaling (y-axis) for the region of Central North America. This rela-
tionship between historical and long-term TXx scaling can be used for an
observational constraint of regional TXx projections. Model that are in bet-
ter agreement with observations are retained. Models that fail to accurately
capture the TXx scaling as represented in observational datasets are consid-
ered inadequate for projections of TXx scaling and are therefore excluded
from the constrained ensemble.

2.3.2 Criteria for constraining
Three factors could undermine the use of observational constraints: a weak
relationship between historical and long-term response, large internal vari-
ability preventing an accurate historical TXx scaling estimate and limita-
tions of observational datasets. We formulate three criteria to address these
issues. The first criterion (hereon criterion # 1) ensures a strong relationship
between the historical and long-term TXx scaling across models. For the re-
gion of Central North America (CNA) this relationship is strong (R=0.83),
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a)

b)

Figure 2.3: a) Relationship between the historical TXx scaling [1951-2014] and
TXx scaling at 3°C global mean warming in CNA, aggregated as the median of
TXx scaling across all grid points. Each dot is one model simulation. Models
that have multiple simulations are color-coded. Solid vertical lines are observa-
tional estimates from HadEX2 (in magenta), HadGHCND (in red) and GHCN-
DEX (in gold). Dashed vertical lines are estimates from reanalyses ERA-interim
(in green), NCEP2 (in blue) and NCEP 20th century reanalysis (in black). b)
Constraining criteria for CNA region. Criterion #1 (in red): correlation across
models between TXx scaling as a function of global mean warming and the
long-term TXx scaling at 3°C degrees. Criterion #2 (in blue): ratio between
natural variability of TXx scaling estimates and the full range simulated by
models. Vertical lines show global mean warming estimates from reanalyses.
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however, this is not always the case for other regions. We average multiple
initial condition runs of the same model prior to computation of correlation
coefficients across models. In order to apply a constraint we specify the
criterion that the correlation needs to be higher than 0.6. We expect the
relationship to become clearer with increasing length of available data and
stronger warming signal

We do not expect realizations of the same model to have identical TXx
scaling estimates over a short period of a few decades due to internal variabil-
ity [Perkins and Fischer, 2013; Perkins-Kirkpatrick et al., 2017]. Hence, we
estimate the uncertainty range of TXx scaling estimates due to internal vari-
ability by analyzing models with multiple initial condition members (mean
of standard deviations across all models that have multiple members). Bet-
ter sampling and larger warming signal reduces the importance of internal
variability [Fischer and Knutti, 2014]. Thus, we estimate the warming level
needed to be able to derive a robust estimate of a model’s historical TXx
scaling by extending the historical to a certain future warming level rather
than 2014. Figure 2.3b illustrates that with increasing warming levels the
correlation between the extended historical and long-term TXx scaling in-
creases (red dots) and the fraction of variability-induced uncertainty in TXx
scaling decreases (blue dots). To this end we introduce a second criterion
(hereon criterion #2) ensuring that the fractional uncertainty of the TXx
scaling estimate induced by internal variability is less than a third of the
total spread of the TXx scaling across models (below 0.33 on right axis in
Figure 2.3b). Because the spread due to internal variability is irreducible,
this threshold implies that the model spread can be reduced to a third of the
full ensemble width if a robust observational estimate exists. In principle,
both thresholds used for criteria # 1 and # 2 can be relaxed or made stricter
(i.e., allowing lower/higher correlations or larger/lower internal variability).
Relaxing these criteria would allow more regions to be constrained at cost of
smaller reduction in model spread in these regions. Therefore, depending on
the application, the thresholds should be chosen to ensure that the reduction
is spread is substantial.

The two criteria above are necessary but not sufficient conditions to nar-
row down the disagreement across models by means of observational con-
straints. Observational uncertainty exists due to potential sampling errors, in-
homogeneities, and gridding procedures [Alexander et al., 2006; Donat et al.,
2013b; Alexander, 2016]. It needs to be accounted for (at least party, by
considering several datasets) and has to be small enough to justify model
selection. We find that reanalyses agree well with observational datasets in
historical TXx scaling (the discrepancy between datasets is smaller than un-
certainty due to internal variability) in many regions of the world (not shown).
While this agreement between datasets cannot guarantee low observational
uncertainty as the datasets are often share some in-situ measurements, this
adds confidence into constrained projections.
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2.3.3 Where and when can we constrain?
We extend our analysis to other ‘Giorgi’ regions (Table A.2). From a model
perspective, reduction in disagreement across model response for the region
at hand is feasible if the above criteria # 1 and # 2 are satisfied. We find that
for today’s warming level (roughly of 0.25°C with respect to 1979-2010 from
reanalyses) this is the case in Central North America (CNA), the Amazon
basin (AMZ), Greenland (GRL), North Asia (NAS) and Australia (AUS)
– regions highlighted in red and orange in Figure 2.4. If we consider the
historical TXx scaling (1951-2014) then additionally Central America (CAM),
Central Asia (CAS), Alaska (ALA) and East Africa (EAF) can be constrained
because some models show more than the observed 0.25°C warming, therefore
more years are used to estimate the TXx scaling. If any of the criteria #1 or
#2 are not met, we estimate the additional future warming required to meet
the criteria. The longer we wait, the stronger the signal and more robust
the TXx scaling will become. This provides an estimate of when we will be
able to have a reasonably accurate historical TXx scaling. The timing of this
depends on the region and is earlier for larger than smaller regions.

Even if criteria #1 and #2 are met, there are often no observations avail-
able [Zhang et al., 2011a]. Coverage in the observational datasets is limited,
and the extension and refinement of observational datasets are hindered by
several factors. A large part of existing data of the 20th century is being lost
prior to getting digitized and included in observational datasets [Page et al.,
2004; Donat et al., 2013a]. At the same time lack of funding to maintain
robust and dense observational networks leads to errors in the data as well
as incomplete coverage [Munang et al., 2013; Alexander et al., 2006; Tren-
berth et al., 2013].Furthermore, some institutions are reluctant to share the
already existing data with a wider community confining the datasets even
further. Therefore, we ask the question whether a constraint would be pos-
sible if observations were available. To this end, we use a perfect model
approach to estimate by how much model disagreement could be reduced if
we had perfect observational coverage since 1951 or even 1901. To achieve
this, we treat the mean across members of one model as observations and
quantify the resulting reduction in spread as a result of the constraint. We
repeat this for all models available to get a reliable estimate. The improved
agreement across models is quantified as a percent reduction of the range
of projections (estimated as standard deviation to be consistent) from the
constrained ensemble with respect to the full ensemble (Figure 2.5a). Two
alternative methods were used to evaluate models relative to observations,
but the width and magnitude of the constrained ensemble were found to be
similar (Figure A.2). These alternative methods are described in the supple-
mentary material.

We find that if observations were available since 1951, for nine (five Giorgi
from Figure 2.5a and three custom regions, not shown) out of 29 regions (21
Giorgi and 8 custom regions) the model disagreement could be reduced by
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Figure 2.4: Global mean warming level needed to constraint in a particular region.
Hatching indicates regions where observations are available. Regions in grey are
where the current method fails even if the full length of simulations [1951-2100]
is considered. Regions analyzed: Australia or AUS (45°S-11°S, 110°E-155°E),
Amazon Basin or AMZ (20°S-12°N, 82°W-34°W), Southern South America or
SSA (56°S-20°S, 76°W-40°W), Central America or CAM (10°N-30°N, 116°W-
83°W), Western North America or WNA (30°N-60°N, 130°W-103°W), Central
North America or CNA (30°N-50°N, 103°W-85°W), Eastern North America or
ENA (25°N-50°N, 85°W-60°W), Alaska or ALA (60°N-72°N, 170°W-103°W),
Greenland or GRL (50°N-85°N, 103°W-10°W), Mediterranean Basin or MED
(30°N-48°N, 10°W-40°E), Northern Europe or NEU (48°N-75°N, 10°W-40°W),
Western Africa or WAF (12°S-18°N, 20°W-22°E), Eastern Africa or EAF (12°S-
18°N, 22°E-52°E), Southern Africa or SAF (35°S-12°S, 10°W-52°E), Sahara or
SAH (18°N-30°N, 20°W-65°E), Southeast Asia or SEA (11°S-20°N, 95°E-155°E),
East Asia or EAS (20°N-50°N, 100°E-145°E), South Asia or SAS (5°N-30°N,
65°E-100°E), Central Asia or CAS (30°N-50°N, 40°E-75°E), Tibet or TIB (30°N-
50°N, 75°E-100°E) and North Asia or NAS (50°N-70°N, 40°E-180°E).
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about half in a perfect model approach. That is assuming that the poten-
tial observations would not be far outside the model range. If observations
were even available since 1901, constraints would be possible over more re-
gions (Figure 2.5a). This emphasizes the importance of an effort to make all
possible observational data available for as long a period as possible.

2.3.4 Case studies
Given the sparse observational coverage, only four ‘Giorgi’ (Figure 2.5) and
two custom regions (not shown) can in fact be evaluated against observations.
For these regions observational constraints reduce the uncertainty in long-
term TXx scaling. There is a slight model tendency to overestimate the
observed historical TXx scaling over some of the regions (Figure 2.5). Hence,
the ensemble constrained on observations, excludes very high estimates of
long-term TXx scaling that would imply very high future changes in the
magnitude of TXx values. For example, we find two models, MIROC-ESM-
CHEM and MIROC-ESM, with unrealistically high TXx values in dry regions
exceeding 70°C in many parts of the world even in the historical period and
the control simulations.

Constrained TXx scaling estimates often translate to narrower long-term
projections of TXx at 3°C of global mean warming (red boxplots on Figure
2.5b-e). We estimate long-term projections of TXx by multiplying TXx scal-
ing with the corresponding local mean warming. Observational constraints
suggest that TXx values are likely to warm slower than suggested by multi-
model estimate in Australia, North Asia and Alaska (Figure 2.5b, d and e)
and faster in Central North America. It is important to note that in the
regions where local mean warming is uncertain, improved model agreement
in TXx scalings does not translate to more certain long-term projections in
TXx. An example of this is Eurasia and Canada (Figure A.2).

2.4 Constraints on changes in frequency of hot ex-
tremes

2.4.1 Sources of model disagreement for future frequencies
In this section we show that the uncertainty in projected frequencies of hot
extremes can be reduced in many parts of the world. The disagreement in
future frequencies across models arises from: (a) the exact representation of
the present-day temperature distribution, (b) uncertain local warming and
(c) changes in variance and higher order moments of the temperature distri-
bution. We aim to disentangle these contributions to identify regions where
the shape of the present-day distribution (a), which can be evaluated against
observations, is the main source of model disagreement in projected frequen-
cies. We do so by shifting the present-day temperature distribution by the
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a)

b) c)

d) e)

Full Constrained Full Constrained

Full ConstrainedFull Constrained

Figure 2.5: a) Improvement in model agreement in TXx scaling estimates as a
result of observational constraints in a perfect model framework. Results are
expressed as the percent reduction in model spread relative to the full model
spread. Giorgi regions were analyzed for periods starting in 1951 (in salmon)
and 1901 (in green) to constrain long-term TXx scaling estimates at 3°C global
mean warming. Note that missing boxplots mean that the criteria # 1 or #
2 are not met in the present day or the target period. The lower panels show
constrained projections for b) Australia c) Central North America, d) North
Asia and e) Alaska. Blue axis (left) corresponds to long term TXx scaling at
3°C global mean warming. Red axis (right) shows the respective changes in
TXx.
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local warming (multi-model mean or warming of respective model). A com-
parison between estimated and simulated frequencies reveals the importance
of these individual contributions (a, b, or c).

Present	day	distribution

Future	distribution

Warmer	climate

Present-day	threshold

Events	exceeding	the	threshold	due	
to	shift	of	a	‘wide’	distribution

Events	exceeding	the	threshold	due	
to	shift	of	a	‘narrow’	distribution
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Figure 2.6: A schematic diagram illustrating changes in frequency from uniform
shift of a) wide distribution and b) narrow distribution.

Assuming a uniform shift of the temperature distribution, models with a
narrow temperature distribution (low variability, Figure 2.6b) show a larger
increase in frequencies for a given warming than models with wide tempera-
ture distributions (high variability, Figure 2.6a) [Sillmann et al., 2014]. To
quantify the uncertainty contribution due to the representation of the present-
day distribution (a), we shift the local daily temperature distribution of each
model by the corresponding local multi-model mean warming consistent with
3°C global warming (see Methods for details). The model disagreement in
frequencies estimated from a multi-model mean shift is then entirely due to
the differences in the model representation of the present-day distribution,
as the shift is identical across models. In the Northern Hemisphere we find
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a strong relationship between model simulated frequencies, and frequencies
estimated from the multi-model mean shift (Figure 2.7a). This implies that
an accurate representation of the present-day temperature distribution is
important. For the Northern Hemisphere, more than half of the model dis-
agreement (explained variance 0.6) in projected frequencies can be explained
by the model’s representation of the present-day temperature distribution.

However, for a given global mean warming, models also project differ-
ent magnitudes of local warming. This may result in different shifts of the
present-day distributions for each model, contributing to the disagreement in
simulated frequencies. To estimate this contribution (b), we repeat the above
analysis but we shift the distribution with each model’s individual warming
rather than the multi-model mean warming. Hence these estimated frequen-
cies account for the contribution of the present-day distribution (a) as well as
the uncertain local warming (b). We approximate its isolated contribution
(b) by computing the model discrepancy between frequencies estimated from
multi-model mean and single model shifts. For the Northern Hemisphere, an
additional 30% of disagreement in simulated frequencies is explained (Figure
2.7b). The remaining disagreement across models (what cannot be explained
by (a) or (b)), can be attributed to the uncertain changes of scale, skewness
and kurtosis of the temperature distribution (c) that can be induced either by
a systematic change or by internal variability. The contribution is estimated
by computing the model discrepancy between simulated and estimated from
single model shift frequencies.

In the regions where the uncertainty contribution induced by the repre-
sentation of the present-day temperature distribution is large, the projected
frequency of hot extremes can be constrained. These regions show a high
correlation between estimated (from multi-model shift) and simulated fre-
quencies (explained variance shown in Figure 2.8a), even at a grid-point
scale. While model evaluation is not performed at single grid-points due to
high internal variability, the maps (Figure 2.8) provide a spatial perspective
of the uncertainty contribution discussed above. The uncertainty due to the
model representation of the present-day distribution is dominant in many
regions (Figure 2.8a) except for North-America, Eastern Europe and East
Australia where uncertainties due to the local warming (Figure 2.8b) are
important. Also changes in higher-order statistical moments are important
at high latitudes (Figure 2.8c), which makes it hard to constrain extremes
using our approach. Based on this we break down the model disagreement
in simulated frequencies into the individual contributions for selected regions
(coordinates in Table A.2). Figure 2.9 confirms that the representation of
the present-day distribution is often the dominant source of uncertainty in
projected frequencies of hot extremes at regional scales. Model disagreement
in simulated frequencies can be reduced by as much as 85% in Southeast Asia
and 60% in Australia. It should be noted that the individual contributions
are not independent and consequently the variances explained by individual
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a) Multi-model shift, R2 = 60% b) Single model shift, R2 = 93%

c) Land coverage, R2 = 93% d) Observational coverage, R2 = 25%
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Figure 2.7: Relationship between simulated and estimated frequencies from a)
multi-model mean warming and b) single model warming. The temperature
shifts as well as warming magnitude present in simulated frequencies are con-
sistent with 3°C global mean warming. Subplot c) shows the relationship be-
tween the 95-to-75th percentile difference and simulated frequencies. Subplot d)
same as for subplot c), but adjusted for observational coverage. Vertical lines
represent observational estimates from HadGHCND, ERA-interim and NCEP2
datasets. Models that have more than one ensemble member are color-coded.



CHAPTER 2. TEMPERATURE EXTREMES 26

factors often sum up to more than 100%.

2.4.2 Can we constrain changes in frequencies?
In regions where the representation of the present-day distribution accounts
for more than half of the uncertainty (hashed in Figure A.3), we can sub-
stantially constrain projections. The temperature difference between 95th to
75th percentile of the present-day distribution (see Methods) is our metric
to evaluate the representation of the temperature distribution. In many re-
gions, days with temperatures between the 95th and 75th percentiles of the
present day distribution will exceed the 95th percentile present-day threshold
given a warming of 3°C degrees. Where observations and reanalyses exist,
large discrepancies between datasets relative to model disagreement (Figure
A.3c) hamper strict evaluation of models. This points at large observational
uncertainty in the daily data. The HadGHCND dataset may involve inhomo-
geneities and uncertainties due to incomplete station density and gridding
procedures. Nevertheless, it is still widely used to assess model performance
[e.g., Donat and Alexander, 2012; Sillmann et al., 2014; Perkins et al., 2012].
We therefore do not strictly evaluate and constrain models, but provide more
general statements about the more likely range of projections. We find that
relative to the HadGHCND, both reanalyses (Figure A.3e and Figure A.3f)
and models (Figure A.3d) tend to overestimate the 95-to-75th percentile dif-
ference in most land regions, apart from North America. Since for a given
warming wide distributions (high variability) tend to show lower future fre-
quencies, this implies that many models are likely to underestimate the fre-
quency increase in hot extremes (at least in the stippled areas in Figure A.3).
This tendency to underestimate frequency increases is found on average over
northern hemispheric land regions (Figure 2.7c, compared to reanalyses over
land covered areas and Figure 2.7d compared to available datasets over land
regions after accounting for observational availability). Similar conclusion
holds for Australia (Figure A.4) and Southeast Asia (not shown).

2.5 Summary and conclusions

This study provides a systematic assessment of the potential to reduce model
uncertainties in local projections of hot temperature extremes. We explore
changes in both the intensity and frequency of hot extremes. We use ob-
servational constraints to link performance during the present-day and past
climate (historical period) to long-term projections and evaluated models
against observations. To constrain projections of the intensity of hot temper-
ature extremes we evaluate the historical relationship of annual temperature
maxima (TXx) and mean summer temperatures – the TXx scaling. Models
with high historical TXx scaling tend to project a stronger future intensifi-
cation of temperature extremes. To constrain projections on the frequencies
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a) Uncertainty due to the TX distribution

b) Uncertainty due to local warming (approx.)

c) Uncertainty due to changes in TX distribution (approx.)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

R2

R2

R2

Figure 2.8: Uncertainty due to a) the representation of the present-day distribu-
tion in simulated frequencies at 3°C global mean warming expressed as explained
variance. Approximate uncertainty due to b) local warming and c) changes of
the temperature distribution expressed as explained variance. Only grid-points
where the contribution is significant (p<0.05) are displayed. Models with mul-
tiple runs are averaged prior computing explained variance.
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Figure 2.9: Breakdown of individual uncertainty contributions in simulated fre-
quencies for individual regions expressed as explained variance. Regions an-
alyzed: Australia or AUS (45°S-11°S, 110°E-155°E), Northern Hemisphere of
NH (0°N-90°N, 180°W-180°E), Central and East North America or CNA_ENA
(25°N-50°N, 103°W-60°W) and Southeast Asia (11°S-20°N, 95°E-155°E). All
correlations are calculated including only one run per model.
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of hot extremes (defined as future exceedance of the today’s 95th percentile),
we evaluated the tail-width of the present-day distribution of daily maximum
temperatures. We show that in many parts of the world a model’s represen-
tation of the present-day temperature distribution is strongly related to its
projected of frequency of hot extremes for a given level of warming. These
relationships between historical characteristics of the temperature distribu-
tion and future changes are intuitive and easy to understand. To first order,
an increase in both intensity and frequency of hot extremes is a consequence
of shifting the temperature distribution. Model differences in the represen-
tation of the present-day distribution, and the evolution of the temperature
distribution in time, determine the spread in projections. Present-day biases
in the representation of the distribution as well as uncertain changes in the
temperature distribution have different importance for projections of intensi-
ties as opposed to frequencies. For example, a present-day bias in the width
of the distribution is more important for projections of frequencies of hot
extremes than for projections of intensities. This is why the two aspects are
studied separately.

Based on observational constraints, we show that on average climate mod-
els likely underestimate the increase in frequencies over large portion of the
Northern hemisphere and Australia for a given warming. The main reason
is that models tend to simulate a too wide-tailed (too variable) present-day
temperature distribution. We also find that uncertainties in projections of
intensities of hot extremes can be significantly reduced in several regions in-
cluding Australia, Central North America and North Asia. In contrast to
underestimated frequencies, models were found to likely overestimate future
intensities of hot temperature extremes for a certain level of warming over
these regions, a tendency of models which is also evident in simulations of
the present day [e.g., Yao et al., 2013; Morak et al., 2013; Kjellström et al.,
2007].

We identify two main factors that make observational constraints for hot
extremes challenging: (a) the effect of internal unforced variability and (b)
the lack of long reliable observational records with dense global coverage. The
latter are more limiting for projections of frequencies of hot extremes as not
only indices of annual maxima but actual daily data is required. Availability
of extreme indices (e.g. TXx) is more complete than for raw daily temper-
ature data, but still suffers from poor observational coverage and quality,
inhibiting evaluation of models in many regions where the method would be
applicable otherwise. We demonstrated in a perfect model approach that
if observations in these regions were available since 1951 or even 1901, the
uncertainty in projections of the intensification of hot extremes could be re-
duced by about a half. This emphasizes the importance of long-term and high
quality observational networks. For instance, in the tropical regions, the pro-
jections of both the amplitude and frequency of hot temperature extremes
could be easily constrained if observations existed. This would be beneficial
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for local communities as they tend to be highly vulnerable to climate change,
in particular to changes in extremes [UNFCCC, 2007]. The fact that in many
cases observational constraints could potentially narrow uncertainties but is
hindered by observational data availability stresses the urge for immediate
action needed to improve availability of and access to observational networks.

The role of internal variability is particularly important for projections of
changes in intensity of temperature extremes. There are several studies that
evaluate models on how well they reproduce extremes [Kharin et al., 2013;
Perkins et al., 2007; Sillmann et al., 2013a], but the role of internal variability
is often not accounted for as only one realization per model is analyzed. In
this study, we showed that internal variability can prevent robust model
evaluation, particularly if the period analyzed is short. Internal variability
is less problematic for projections of frequencies of hot extremes. This is
because the large uncertainty in the shape of the very tail that dominates
in projections of changes in intensity becomes less relevant for the frequency
once much of the distribution has exceeded the threshold.

In principle, the approach of observational constraints can be applied to
other variables (e.g. precipitation) and a wider range of percentiles (e.g. 90th

percentile of annual daily temperatures or the coldest annual temperatures
TNn). Nevertheless, all criteria and limitations listed in this paper also apply
to these other variables. If available then observations should be used to pin
down the range of plausible projections, as a wide range of model responses
contributes to a cascade of uncertainties in impact models. Reducing uncer-
tainties in projections is beneficial for the scientific communities that study
climate change impacts. Also, better knowledge about what features of the
present-day climate are important for skillful projections is imperative for
the model development community.
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Abstract Model projections of regional changes in heavy rainfall are un-
certain. On timescales of few decades, internal variability plays an important
role and therefore poses a challenge to detect robust model response in heavy
rainfall to raising temperatures. We use spatial aggregation to reduce the ma-
jor role of internal variability and evaluate area-aggregated scalings of heavy
rainfall with observations. We show that in the regions with high rainfall
intensity most of the models underestimate both, the historical scaling of
heavy rainfall and the land fraction during the historical period with signif-
icant positive heavy rainfall scalings. The historical behavior is correlated
with the projected heavy rainfall intensification across models allowing to ap-
ply an observational constraint, i.e., to calibrate multi-model ensembles with
observations in order to narrow the range of projections. The constraint sug-
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gests a substantially stronger future heavy rainfall intensification than it is
expected from the multi-model mean.

Key points

• In the regions with high heavy rainfall intensity, many models underes-
timate the response of heavy rainfall to warming temperatures

• In the regions with high heavy rainfall intensity, many models under-
estimate the land fraction with significantly positive scalings of heavy
rainfall

• Applying an observational constraint yields higher future heavy rainfall
intensification than projected by the CMIP5 mean

3.1 Introduction

Heavy rainfall is expected to intensify in response to a warming climate [Al-
lan and Soden, 2008; O’Gorman and Schneider, 2009]. From thermodynamic
considerations, this is expected to happen at a rate of about 6 to 7 % per
degree of global warming following the increase in atmospheric moisture con-
tent [e.g., Trenberth, 1999; Allen and Ingram, 2002; Trenberth et al., 2003;
Pall et al., 2007]. Regional intensification however is highly uncertain primar-
ily because of the important role of internal variability [Kendon et al., 2008;
Fischer and Knutti, 2014], and because of difficulties to accurately represent
and resolve the complex processes driving rainfall response [e.g., Dai, 2006;
Wilcox and Donner, 2007; O’Gorman and Schneider, 2009]. Model differences
in simulating these processes contribute to a large spread in heavy rainfall re-
sponse by the end of the 21st century [O’Gorman, 2012; Fischer et al., 2014].
As an example, in the tropical regions model disagreement is partly related
to how models parametrize the unresolved and poorly understood processes
associated with convection [O’Gorman, 2012]. This has led to a model spe-
cific response of tropical precipitation to interannual temperature variations,
which was found to be indicative of the model’s long-term response in the
context of global warming, a so-called “observational constraint”.

The method of ‘observational constraints’ is widely used to reduce spread
in model projections [e.g., Fasullo and Trenberth, 2012; Knutti et al., 2006;
Knutti and Tomassini, 2008; Hall and Qu, 2006; Holland and Bitz, 2003; Boé
et al., 2009; Son et al., 2010; Schaller et al., 2011; Mahlstein and Knutti, 2012;
Massonnet et al., 2012; Cox et al., 2013; Wenzel et al., 2016b; Loeb et al.,
2016; Stegehuis et al., 2013; Tian, 2015; Su et al., 2014; Huber et al., 2011]. It
makes use of the relationship between model skill during the historical period
and projections in conjunction with observations to select skillful models that
are more reliable on long-term. The goal of this study is to implement an
observational constraint on intensification of heavy rainfall aggregated over
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large (sub-continental) areas, which to our knowledge has not been done so
far. Improved confidence in anticipated heavy rainfall intensification would
be particularly relevant for the society since heavy rainfall can lead to damage
through floods [Knapp et al., 2008].

Evaluation of models based on their performance in heavy rainfall during
the historical period is challenging due to large internal variability. Model
response in heavy rainfall to increasing temperatures during the relatively
short observational period can exhibit opposing trends in neighboring regions
even if the underlying long-term rainfall trend is the same [Alexander et al.,
2006; Kendon et al., 2008; Fischer and Knutti, 2014; Fischer et al., 2014].
Spatial aggregation often helps to identify a signal in heavy rainfall that
emerges from internal variability [Westra et al., 2013; Fischer and Knutti,
2014]. Globally and zonally aggregated trends in heavy rainfall have only
recently been identified in the observational period, although the changes are
still difficult to detect and to attribute to warming climate [Groisman et al.,
2005; Alexander et al., 2006; Zhang et al., 2007, 2013; Min et al., 2011; Donat
et al., 2013b; Westra et al., 2013]. Given that the observed rate of change
in regional to local heavy rainfall is highly affected by internal variability,
they it cannot be simply extrapolated into the future climate. Donat et al.
[2016] showed that the separate aggregation over grid cells with high and low
rainfall intensity in the HadEX2 dataset, allowed to identify robust trends in
heavy rainfall. Thus, our study makes use of this separation to implement a
constraint on heavy rainfall in the regions with high heavy rainfall intensity.

3.2 Data and Methods

We analyze the annual maxima of daily precipitation amounts (Rx1day) of
historical simulations for the period 1951-2005 and projections forced with
RCP8.5 for the period 2006-2099. We use daily (for rainfall) and monthly
(for temperature) output from models of the Coupled Model Intercomparison
Project Phase 5 (CMIP5) (Table B.1) in addition to the 10-member CESM
ensemble initialized with different pre-industrial initial conditions produced
at ETH Zurich [Fischer et al., 2013]]. Annual maxima are calculated on
the model’s native grid and then regridded onto 2.5°by 2.5°grid using first
order conservative remapping [Jones, 1999]. We focus on land-covered areas,
defined as grid cells with at least 50% fractional land cover.

Model simulations are evaluated against the GHCNDEX dataset [Donat
et al., 2013b] over grid cells where more than 80% of the annual maxima in the
observational record (1951-2015) are available. The HadEX2 dataset [Donat
et al., 2013b] is displayed for comparison with GHCNDEX, however it has
slightly different spatial and temporal coverage. HadEX2 data is available on
a 2.5°by 3.75°grid for the period 1951-2010. Note that both datasets reflect
average station extremes, as these interpolate station extremes rather than
calculating extremes from area averages. The NASA GISS dataset is used to
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estimate global mean temperature and global land air-surface temperature
time series [Hansen et al., 1999]. Global mean land temperature anomalies
are calculated from monthly averages and used as a covariate to estimate
sensitivity of heavy rainfall to warming temperatures.

Regions of intense heavy rainfall and weak heavy rainfall are separated
following the method of Donat et al. [2016]. Grid cells that constitute these
regions are identified based on the average Rx1day value over the climatolog-
ical period of 1951 to 1980. For each model run we identify the 40% land
grid cells (excluding the Antarctic) experiencing the most intense or weakest
heavy rainfall. The grid cells where more than half of the analyzed model
runs coincide on the selection of grid-cells (with intense vs. weak heavy
rainfall) constitute the final separation of the regions applied to all models
and observational datasets. We account for observational availability where
needed by considering only grids cells with available observations.

We use a non-parametric linear Theil-slope estimator [Storch and Zwiers,
1999] to calculate the regression slope of heavy rainfall against temperature
– hereafter referred to as Rx1day scaling. Rx1day scalings are calculated at
a grid point scale, and then aggregated over the intense heavy rainfall and
weak heavy rainfall regions.

3.3 Results and Discussion

We show that climate models on average are likely to underestimate the long-
term response of heavy rainfall to warming temperatures in the regions of
a high heavy rainfall intensity by comparing model simulations during the
historical period with observations. The geographical separation between
regions of high and low heavy rainfall intensity allows to identify grid cells
that are more climatologically similar [Allan et al., 2010; Liu and Allan, 2013;
Donat et al., 2016]. This choice of aggregation is addressing the limitation
of the commonly used aggregation over latitudinal bands, or continental to
sub-continental scales which often combines grid cells where heavy rainfall is
climatologically very different. This is particularly critical over some latitu-
dinal bands where deserts (e.g., the Sahara) are located at the same latitude
with regions that receive record high precipitation amounts (the monsoon
regions).

The geographical separation is fairly consistent across models (Figure 3.1).
When considering land covered areas (Figure 3.1a), the grid cells with high
heavy rainfall intensity are located in South East Asia, eastern North Amer-
ica, in parts of Australia, Africa and the Amazon basin. These regions have
higher signal to noise ratio than the regions where heavy rainfall intensity is
lower. The signal to noise ratio is calculated from the years 1951-2100 where
the signal is defined as the long term trend and noise as the standard devia-
tion of linearly detrended residuals Figure B.1)). This therefore constitutes
the main asset of the separation, as higher signal to noise ratio helps robust
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a) Land coverage b) Masked for observational coverage  

Percentage of model runs

high heavy rainfalllow heavy rainfall100% 100%50% 50%

Figure 3.1: Separation between regions of high (highest 40% of global land) and
low (lowest 40% land) heavy rainfall intensity in the CMIP5 models over (a) all
land areas. (b) Area shown in (a) but masked for the observational coverage of
the GHCNDEX dataset. Regions where most models agree on the separation
between the regions are colored in blue and red respectively and are used in
further analysis.

model response to emerge from the internal variability. We therefore expect
more straight forward implementation of observational constraint over the
regions with high heavy rainfall intensity.

We use two metrics (a) the area-weighted Rx1day scaling and (b) the land
fraction with significantly positive Rx1day scalings in the historical period
(1951-2015) to constrain the long-term forced model response. The latter is
approximated by regressing area-averaged Rx1day with global land temper-
atures (i.e., the long-term forced scaling) for the period (1951-2100). Due to
shortness of the historical period (1951-2015) and the nature of heavy rain-
fall, we expect internal variability to be large. The internal variability can
be a limiting factor to select subsets of models based on metrics of the histor-
ical period as it can hide the forced response of a model Fischer et al. [2014].
Therefore, throughout this paper we consider models with multiple initial con-
dition runs (colored models on scatter plots of Figure 3.2) to make sure that
the spread across runs of one model ensembles is substantially smaller than
across the models of the whole ensemble. This is necessary to discriminate
models based on their forced response and not due to randomness induced
by internal variability.

The first metric used as a constraint is the area-weighted scaling of
Rx1day with global land temperatures from the period 1951-2015 (x-axis on
Figure 3.2a). This metric is intuitive, because by constriction it will converge
towards the long-term forced response (which we aim to constrain) as the ob-
served period becomes longer. In the regions of high heavy rainfall intensity,
most models simulate positive and statistically significant historical scalings
(x-axis on Figure 3.2a, filled circles for statistical significance above 95%).
We find that the historical scaling is very different across models ranging
from 2% to 7% per degree (Figure 3.2a). This metric is strongly correlated
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Figure 3.2: Observational constraints on the forced Rx1day scaling with global
land temperatures in the regions of high heavy rainfall intensity. The results
are presented over two domains: highest intensity of all land areas (a and c,
dark blue in Figure 3.1a) and masked for GHCNDEX coverage (c and d, dark
blue in Figure 1b). Panels (a) and (b) show the relation of area-weighted his-
torical Rx1day scaling (1951-2015) against long-term forced Rx1day scalings
(1951-2100). Models that do not show statically significant (p<0.05) historical
Rx1day scaling, are marked with an empty circle. Panels (c) and (d) show the
relation between the land fraction experiencing statistically significant positive
local Rx1day scalings and the long-term forced Rx1day scalings (1951-2100).
Vertical lines correspond to observational estimate from GHCNDEX (red thick)
and HadEX2 (blue thin) data sets. Note that HadEX2 has a different area
coverage. Ensemble members from the same models are shown in the same
color.
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with the long-term scaling across models (y-axis on Figure 3.2a, R= 0.82)
implying that a substantial reduction in model spread is in principle possible
through an observational constraint. Following this reasoning, weak correla-
tion between historical and long-term forced Rx1day scalings in the regions
of low heavy rainfall suggests that the forced response cannot be constrained,
even if perfect observational estimate existed (Figure B.2 a, R=0.37). This
highlights the danger of extrapolating short-term trends and scalings into
the future due to potentially large internal variability. In addition, it is not
obvious whether the heavy rainfall response is constant throughout the entire
period, particularly where local changes in atmospheric dynamics may alter
or reverse local trends in precipitation [Hawkins et al., 2014]. Therefore, in
this work we do not directly infer the long-term scaling by extrapolating the
historical scaling, but rather by using the relation that exists between the
two.

The second metric used as a constraint in the regions of high rainfall inten-
sity is the land fraction with significantly positive heavy rainfall scalings. The
first metric does not take into account variations in local scaling that may oc-
cur across grid cells. We thereby consider probability density function (PDF)
of historical grid-point Rx1day scalings with global land temperatures (Fig-
ure 3.3). The median of the PDF is close in magnitude to the area-weighted
Rx1day scaling (Figure 3.3, model range in green on the zoomed axis), point-
ing at how the two perspectives come together. We find that depending on
the model about 5-25% of the land within the region with high rainfall in-
tensity exhibits significantly positive Rx1day scalings (Figure 3.2c). Even in
absence of external forcing, we expect to see statistically significant positive
and negative Rx1day scalings at approximately 2.5% of the land fraction
of the gridpoints by chance and about the same fraction with significantly
negative scalings. The warming signal is expected to shift the distribution,
causing a larger portion of land to experience significant positive scalings.
Consistent with existing studies, we find that many models show a substan-
tially larger portion of significantly positive than negative scalings during
the historical period [Westra et al., 2013; Fischer and Knutti, 2014]. We
further find that the land fraction experiencing significantly positive scalings
(metric 2) is correlated with of the long-term forced scaling of area-averaged
Rx1day with global land temperatures for the years 1951-2100 (Figure 3.2c,
R=0.44). This is again not the case for regions with low heavy rainfall inten-
sity, where results are inconclusive due to large internal variability (Figure
B.2b, R=0.12).

Figure 3.1a and 3.1c suggest that the long-term forced response over the
regions with high heavy rainfall intensity could be easily constrained if we
had reliable data with complete observational coverage. Since the latter does
not exist, the implementation of the constraint is conditioned on observa-
tional data providing a sufficiently dense sampling of the relevant regions
(Figure 3.1b). Observational data mainly covers northern mid-latitudes to
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high latitudes [e.g., Alexander, 2016]] which covers 30% of the total area of
high heavy rainfall intensity in models (Figure 3.1b). This is equivalent to
60% of the total area that is provided by the GHCNDEX dataset. By analyz-
ing only grid points where observations are available, the constraints become
weaker (lower correlation) but still allow to constrain long-term forced scal-
ings (Figure 3.2b and 3.2d). Note that we focus on the estimate of the GHC-
NDEX dataset as it provides the longest observational record and therefore
a better opportunity to detect statistically significant scalings. The HadEX2
dataset that underwent higher quality control but provides shorter record
(until 2010) is displayed for comparison with GHCNDEX and to corroborate
the conclusions only (see section 3.2). We find that over regions of high
heavy rainfall intensity relative to observational datasets many models tend
to underestimate the historical Rx1day scalings as well as the fraction of land
experiencing positive statistically significant RX1day scalings, in agreement
with existing studies [Allan and Soden, 2008; Min et al., 2011; Zhang et al.,
2013; Fischer and Knutti, 2014; Bao et al., 2017]. Given the high correlation
this implies that the long-term forced response is also likely to be underesti-
mated by many models and the forced response of the real climate system is
higher than suggested by CMIP5 multi-model mean or median.

Note that the in several models the historical area-weighted Rx1day scal-
ing (metric 1) is statistically significant (filled circles) when considering re-
gions of high heavy rainfall intensity over full land coverage (Figure 3.2a),
but not if masked for the observational coverage (Figure 3.2b, empty cir-
cles). The scatter between models with non-significant historical scalings
is by chance and cannot be used to discriminate models. Nevertheless, we
can still discriminate models based on whether or not they show statistically
significant area-weighted scalings.

Figure 3.3 reveals that the discrepancy between models and observations
is evident not only for the area-weighted or median Rx1day scaling, but also
for all high percentiles of the PDF (75th and 95th percentiles displayed on
the zoomed axis of Figure 3.3) . Observational datasets show a more pro-
nounced asymmetry with more high positive Rx1day scalings in the region
of high rainfall intensity than CMIP5 models [Fischer and Knutti, 2014].
This is consistent with a larger land fraction experiencing significant positive
RX1day scalings as well as a higher median of the distribution in observations
than models. The median of the local RX1day scaling (Figure 3.3, zoomed
axis) and area-weighted RX1day scaling (Figure 3.3, the zoomed axis) are
both consistently higher in observations than in most models. The discrep-
ancy between observations and models is even larger for the 75th and 95th

percentile of the local historical scalings. This suggests that model partic-
ularly underestimate the fraction of very large scalings. Note that on the
other hand models also show not enough strongly negative scalings and that
overall the spatial distribution of simulated trends is too narrow.

Nevertheless, the discrepancy between models and observations should
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Figure 3.3: Spatial distribution of historical grid-point RX1day scalings for the
regions of intense heavy rainfall. Grid-point values are weighted with the grid
cell size. On the zoomed axis, we illustrate the model spread (90th percentile mi-
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for the 75th percentile and brown for the 90th percentile). Note that HadEX2
grid is available on a coarser grid and is presented here for comparison with
GHCNDEX rather than for direct evaluation with models.
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be interpreted with caution. It is important to acknowledge that differences
between model and observations may arise from limitations of observational
datasets (e.g., data inhomogeneities and missing data, low density networks,
and methodological choices during construction of the dataset such as the
gridding procedure) as well as inherent scale mismatch between gridded ob-
servations that interpolate station extremes and modelled precipitation fluxes
[e.g., Alexander, 2016]. Resolution of models and the gridding procedures are
critical for estimation of absolute rainfall amounts citepWehner2010, Kop-
parla2013, Shields2016, VanderWiel2016, Wan2013. However, relative trends
per degree warming (Rx1day scalings) are less sensitive to these issues [Wan
et al., 2013; Asadieh and Krakauer, 2015; Fischer and Knutti, 2016]. Relative
rainfall changes or trends have been found to be regionally consistent across
GCMs, RCMs, gridded observations and station observations [Fischer and
Knutti, 2016]. In addition, since we adapt the spatially aggregated perspec-
tive, we reduce the sensitivity to local inhomogeneities, regional phenomena
and dynamical changes.

It is important to note that the choices made during the analysis may
introduce statistical artifacts [Zhang et al., 2005; Sippel et al., 2015]. Sippel
et al. [2016] have identified potential limitations of the method used in Donat
et al. [2016] arguing that the normalization of heavy rainfall amounts by the
climatological period may lead to artificial inflation of trends. In addition,
due to shortness of the reference period the isolated analysis of regions of
high and low heavy rainfall intensity may result in overestimation and un-
derestimation, respectively, of trends due to the so-called ‘regression to the
mean’ phenomenon [Galton, 1886].However, both of these were found to be
less problematic for the regions of high heavy rainfall intensity, which is the
focus of the current work. To confirm that these are not an issue for the cur-
rent study, we repeated the normalization using the entire period available
(1950-2015), as well as alternative 30-year periods and arrived to the same
conclusions.

The robustness of results presented in this work was further tested by
normalizing Rx1day with local interannual standard deviation (rather than
climatology) of Rx1day in the period 1951-1980. We find that the results are
consistent and most models still underestimate the observed area-weighted
Rx1day scaling based on normalized data. We further found that our con-
clusions are consistent whether we scale with global land temperature or
global mean temperature including oceans (not shown). We finally tested
and found that it does not make a difference whether we use the 30% of 40%
land fraction of high heavy rainfall intensity.

3.4 Conclusion

The rate of intensification of heavy rainfall to warming temperatures simu-
lated by CMIP5 models is uncertain [e.g., Fischer and Knutti, 2014]. However,
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we show that in regions of high heavy rainfall the range of the projected heavy
rainfall response can be constrained, by evaluating model simulations with
observations. We find that the forced response in heavy rainfall to warming
temperatures is likely to be underestimated by most CMIP5 models in the
regions of high heavy rainfall intensity where observations are available. A
fair evaluation of models based on historical period is particularly challeng-
ing because of the important role of internal variability, which can ‘hide’ the
true model response. However, the aggregated heavy rainfall response over re-
gions of more intense and weak heavy rainfall [Allan et al., 2010; Donat et al.,
2016], has enabled us to identify regions where the role of internal variability
is lower thus offering a possibility to constrain heavy rainfall intensification.

We find two metrics derived from the historical period that are indicative
of model’s forced response in heavy rainfall: (a) the scaling of area-weighted
annual maximum 1-day precipitation (Rx1day) with warming global land
temperatures and (b) the land fraction that exhibit significantly positive
trends in the historical period. Both metrics suggest that the forced response
in heavy rainfall is likely to be on the high end of the CMIP5 ensemble. The
fact that both metrics are consistent enhances our confidence in the results.
CMIP5 models particularly underestimate the land fraction with very high
positive historical scalings.

The role of internal variability is high, and often limiting for implementa-
tion of observational constraints. We find that in the regions of comparatively
low heavy rainfall intensity, the forced response cannot be constrained due
to large internal variability, lack of knowledge whether the simulations of
historical period are able to provide insights of the forced response and also
lack of observations to evaluate models. This highlights the danger of extrap-
olating short-term trends into the future. Our findings have implications for
how we should interpret projections of precipitation extremes, implying that
potentially a higher degree of adaptation than suggested by the multi-model
mean is required.
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Abstract Climate projections from the fifth phase of the Coupled Model
Intercomparison Project (CMIP5) ensemble show a decrease in interannual
surface temperature variability over high latitudes with a large inter-model
spread, in particular over the areas of sea ice retreat. Here relationships
are found between the models’ present-day performance in sea ice–related
metrics and future changes in temperature variability. These relations, so-
called emergent constraints, can produce ensembles of models calibrated with
present-day observations with a narrower spread across their members than
across the full ensemble. The underlying assumption is that models in better
agreement with observations or reanalyses in a carefully selected metric prob-
ably have a more realistic representation of local processes, and thereby are
more reliable for projections. Thus, the reliability of this method depends
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on the availability of high-quality observations or reanalyses. This work rep-
resents a step toward formalization of the emergent constraints framework,
as so far there is no consensus on how the constraints should be best im-
plemented. The authors quantify the reduction in spread from emerging
constraints for various metrics and their combinations, different emission sce-
narios and seasons. Some of the general features of emerging constraints are
discussed, and how to effectively aggregate information across metrics and
seasons to achieve the largest reduction in model spread. It is demonstrated,
based on the case of temperature variability, that a robust constraint can
be obtained by combining relevant metrics across all seasons. Such a con-
straint results in a strongly reduced spread across model projections, which
is consistent with a process understanding of variability changes due to sea
ice retreat.

4.1 Introduction

Different temperature responses of climate models to a certain forcing lead
to a wide range of projections by the end of the century [Knutti and Sedláček,
2012; IPCC, 2013]. Similarly, projected changes in temperature variability
show a substantial spread across models [e.g., Kjellström et al., 2007; Ylhaisi
and Raisanen, 2014; Fischer and Schär, 2009]. These changes in the warm-
ing climate have received a lot of attention from the scientific community,
especially when they translate to severity and frequency of weather extremes
[Fischer and Schär, 2009; De Vries et al., 2012; Screen et al., 2014; Francis and
Vavrus, 2015]. However, the magnitude and the sign of the change of temper-
ature variability vary locally and temporally due to different processes that
come in play. For instance, in summer months, an increase in temperature
variability over central and southern Europe has been observed [Della-Marta
et al., 2007] that is projected to continue and intensify into the future [e.g.,
Schär et al., 2004; Beniston and Stephenson, 2004; Seneviratne et al., 2006;
Fischer and Schär, 2009; Fischer et al., 2012]. In contrast, for landmasses at
high latitudes, temperature variability in cold months is expected to decrease
[Huntingford et al., 2013; Schneider et al., 2015; Screen, 2014].Cold extremes
in northern Europe are projected to warm faster than the mean [De Vries
et al., 2012; Kharin et al., 2013], leading to reduced temperature variability.
Such behavior over high latitudes was linked to changes in storm track ac-
tivity [Colle et al., 2013], changes in snow cover [Dutra et al., 2011], changes
in land–sea contrast [De Vries et al., 2012], advection of air-masses [Screen,
2014; Schneider et al., 2015]. and sea ice retreat [Cohen et al., 2012; Screen
and Simmonds, 2013; Vihma, 2014]. Over the Arctic region, the interannual
temperature variability has been shown to diminish as a direct effect of the
sea ice retreat due to increased maritime influence [Bintanja and van der
Linden, 2013; Johannessen et al., 2004; Blackport and Kushner, 2016]. The
ocean has much larger heat capacity than the atmosphere and therefore will
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make the temperature less variable over the ocean that over sea ice which
acts as a barrier. In addition, sea ice retreat results in amplified local warm-
ing as well as an increase in turbulent heat fluxes into the atmosphere [Deser
et al., 2010; Screen et al., 2014]. Aside from the local effect on interannual
temperature variability, model experiments suggest that disappearing sea
ice can also has remote effect on the midlatitudinal weather [Screen et al.,
2015; Sun et al., 2015; Blackport and Kushner, 2016]. For example, the atmo-
spheric response to sea ice retreat in winter can manifest itself as the negative
phase of the northern annular mode (NAM) [e.g., Peings and Magnusdottir,
2014; Deser et al., 2010] and a slightly weakened stratospheric vortex [Sun
et al., 2015]. The effects of sea ice retreat are suggested to be even more far-
reaching due to ocean feedbacks [Deser et al., 2015]. How important these
effects are and how these are related to temperature variability is still under
debate given the high complexity of the climate and large internal variabil-
ity of high-latitudinal circulation [Kretschmer et al., 2016; Cohen et al., 2014;
Overland et al., 2016].Future changes in temperature variability are therefore
an uncertain yet important quantity, and society would benefit if a simple
method using observations could be used to narrow the spread across models
and increase the confidence in the projected changes.

In this work we focus on changes in local temperature variability of the
polar regions to illustrate the concept of emergent constraints. An emer-
gent constraint is based on a relationship between the observed behavior
and projections that arises empirically from the climate model output. The
empirical relationship is used in conjunction with observations to limit the
range of plausible projections by selecting a set of models that are consistent
with observations. This approach has been widely used in order to constrain
uncertainties in global quantities [e.g., Allen and Ingram, 2002; Huber et al.,
2011; Fasullo and Trenberth, 2012; Sherwood et al., 2014; Masson and Knutti,
2013; Millar et al., 2015; Tian, 2015; Tan et al., 2016; Su et al., 2014; Klein
and Hall, 2015] as well as regional changes associated with local feedbacks
and processes [e.g., Holland and Bitz, 2003; Boé et al., 2009; Son et al., 2010;
Schaller et al., 2011; Mahlstein and Knutti, 2012; O’Gorman, 2012; Masson-
net et al., 2012; Cox et al., 2013; Wenzel et al., 2016b; Loeb et al., 2016;
Stegehuis et al., 2013; Hall and Qu, 2006]. In a broader sense, this approach
reweights models, or recalibrates an ensemble in both mean and spread based
on observations that demonstrably relate to the projection of interest. While
combining and weighting models is not straightforward [Weigel et al., 2010;
Knutti et al., 2010], it becomes increasingly difficult to justify a blind model
democracy in which every model is treated equally, given the large differ-
ences in performance and the fact that models are often not independent of
each other [Knutti et al., 2013; Tebaldi and Knutti, 2007; Knutti et al., 2010;
Sanderson et al., 2015a]. If all models are treated equally, large disagreement
across models may hinder the assessment of climate change impacts.

We perform our analysis on the fifth phase of the Coupled Model Inter-
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comparison Project (CMIP5) ensemble to evaluate models and produce cali-
brated ensembles. We refer to "calibration" or "constraining"as the selection
of a small subset of models from the full ensemble according to a meaning-
ful performance metric that can be observed. Estimation of the present-day
response from observations is challenging as these are not always accurate
or complete, in particular in the polar regions. The underlying assumption
is that models with a low present-day bias relative to the observed climate
are more likely to have a better representation of local processes and feed-
backs, which is a requirement for projections to be reliable. Currently, it is
not well understood how to use these relationships in an aggregate sense on
different temporal scales to reduce the spread across models in an optimal
way. Hence the goal of this study is to address two points that have so far
received little attention. The first is to quantify the uncertainty in changes
in projected temperature variability by combining observations with emer-
gent relationships across models. The second is to quantify the improved
agreement across models as a result of the emergent constraints method and
its dependence on different choice of performance metrics, seasons, and time
horizons used for the constraints.

4.2 Data and Methods

4.2.1 Datasets
This study uses the recent compilation of coordinated model experiments
– the Coupled Model Intercomparison Project phase 5 [Taylor et al., 2012].
We use monthly output for sea ice and surface air temperature from 40 mod-
els (see Table C.1).The analysis is performed for seasonal and yearly means
for representative concentration pathway (RCP) 8.5 and 4.5. Models are
evaluated against 2-m temperature from ERA-Interim [Dee et al., 2011] and
NCEP-DOE Reanalysis 2 [Kanamitsu et al., 2002].The Hadley Centre Sea
Ice and Sea Surface Temperature (HadISST) observational dataset [Rayner
et al., 2003] is used to evaluate sea ice concentration. The present day is
defined as a 35-yr period from 1979 to 2013. The output from all mod-
els and datasets is regridded onto a 2.5°by 2.5°grid to allow for grid-point
model comparison. The metrics selected for the analysis are the mean sea
ice concentration and variability of temperature and of sea ice concentration.
Variability fields (estimated as variance) are calculated at each grid point
after linearly detrending the data for the time intervals of interest. The sea
ice edge is the perimeter of the sea ice extent, defined as the total area of
the grid cells with at least 15% sea ice concentration. The HadISST mask is
then applied to all model fields to limit our analysis to where observations of
sea ice exist. Grid points for which the sea ice mask differs across models are
omitted (e.g., the area around the Canadian Archipelago may have different
partitioning of land and ocean, in particular after regridding onto the com-
mon grid). Each model is given the same weight initially and we only use
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the first initial condition ensemble member for each model. We analyze the
35-yr time period centered around a global mean warming of 2°C relative to
1979-2013.

4.2.2 Model selection and types of constraints
Model selection is performed separately for the Arctic (north of 60°N) and
the Antarctic (south of 60°S, see supplementary material) areas.On the grid-
point scale we calculate the squared difference between the model and the
observational estimate for each of the metrics. The gridpoint biases are nor-
malized by subtracting the ensemble mean and dividing by the standard
deviation of the full ensemble. The model performance is defined as the area-
weighted mean of the bias field, representing model skill for the metric at
hand. Model biases from individual metrics are either used directly to se-
lect the best performing models to constrain projections of interest (narrow
constraints) or aggregated further into a compound bias (broad constraints).
Compound biases are obtained by summing these individual biases across
seasons or metrics depending on the type of the constraint (see Table 4.4).
[For example, the final subset of models as used for Figure 4.1 or Figure 4.5
aggregates biases across all seasons and metrics (Figure 4.4a). TThe exact
combination for a specific constraint is specified in Figure 4.4. In the next
step, the models are sorted such that the model with the lowest overall bias
is ranked first, and is considered to be the best model. We pick the best five
models for the constrained projection. If within this subset there are models
developed by the same center, the second best model from the repeated cen-
ter is dropped from the list, and the next model is added from the full list.
The final five models from five modeling centers (there are 17 centers in our
analysis; see section 4.5 for details) are then selected.

4.2.3 Strength of the constraint
In the context of this work, the strength of the constraint is a measure to quan-
tify how much tighter the projection has become as a result of the constraint.
First, we quantify the spread of the constrained and the full ensembles in
terms of a standard deviation across the set of the models at each grid point.
The ratio between the standard deviations is a measure of the relative im-
provement and provides an estimate of the strength of the constraint. High
reduction in the spread over a large area corresponds to a highly constrained
field. A value of 1 corresponds to no change in spread between the con-
strained and the full ensembles. We bin all the grid points according to this
ratio (constrained spread divided by the full ensemble spread) in histograms.
The vertical axis on those indicates the total area (contributions to which
may come from grid boxes far apart) over which the corresponding change in
spread was observed. As a reference, we compare the constrained ensemble to
the spread reduction that would result from random selection of five models.
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Those histograms are computed by taking an average of 500 histograms that
result from random selection of models. While allowing for one model per
model center in the model subset, we define the overall “reduction in spread”
as a fractional improvement between medians of the two histograms (median
of the blue histogram minus median of the gray histogram, normalized by
the median of the gray histogram in Figure 4.5).

4.3 Changes in temperature variability at high lati-
tudes and link to sea ice

We analyze the multimodel mean change in temperature variability in re-
sponse to a global mean temperature increase of 2°C within each individual
model (usually mid to late 21st century), relative to the present day. The left
column on Figure 4.1 shows the model mean responses prior to constraining.
In the polar regions, the magnitude and the sign of the changes are different
across seasons and locations. Large discrepancies across models are depicted
by the small stippled area (regions where 80% of models agree on the sign
of change). The sea ice cover is known to exert a strong influence over the
atmosphere above it. The CMIP5 models exhibit large biases in sea ice cover
in both hemispheres [Flato et al., 2013], so these biases in the sea ice are
likely to be a major contributor to the uncertainties at high latitudes [e.g.,
Bracegirdle and Stephenson, 2013; Bracegirdle et al., 2015]. Nevertheless, the
decrease in temperature variability is robust over the areas of sea ice retreat
on annual and seasonal scales except for the local summer (Figure 4.1, left
column). The existence of sea ice acts as a barrier that prevents or reduces
exchange of heat, momentum, and water between atmosphere and ocean, and
hence modulates the temperature variability at the surface [Maykut, 1978;
Overland et al., 2011; Vihma, 2014; Kurtz et al., 2011; Serreze and Barry,
2011]. As the sea ice retreats permanently (grid cells where sea ice does
not recover), it leaves open ocean with higher heat capacity which will tend
to make the temperature less variable, leading to a decrease in temperature
variability.

We explore differences in the magnitude of temperature and sea ice vari-
ability over open ocean and sea ice–covered areas in the present-day climate,
shown in Figure 4.2. We do so by following the sea ice edge in each model
and computing the median value of sea ice and temperature variability along
the grid points at a given distance from the sea ice edge (e.g., 1 grid point
north or south). In all seasons with the exception of the local summer, tem-
perature and sea ice variability are high at locations close to the sea ice edge.
Note that in the summer season at locations where partial sea ice cover ex-
ists, temperature variability is low. This is because the melting of the sea ice
feeds waters that are at 0°C temperature, maintaining a surface temperature
constant at near 0°C. In the other seasons variability is substantially higher
over the sea ice–covered grid boxes than over the neighboring open ocean grid
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Figure 4.1: Multimodel mean change in interannual temperature variability under
RCP8.5 at 2°C warming for the Arctic region relative to present-day variability
(1979-2013) for annual mean and the four seasons. Calibrated projections based
on the best performing models (making use of all the metrics available across
seasons) are presented in the right column for direct comparison. The green
line shows the area where at least 66% of the models that have sea ice cover
become sea ice free. Sea ice covered regions are defined where the fraction of
sea ice exceeds 15%. Stippling marks areas where 80% of models agree on the
sign of change.
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boxes. Figure 4.2 highlights that the magnitude of temperature variability
and sea ice variability are tightly linked to the local fraction of sea ice cover.
This coupling occurs at the surface through turbulent (sensible and latent
heat) and radiative (shortwave and longwave radiation) fluxes, which are re-
sponsible for the thermodynamic exchange on the interface between the sea
ice, ocean and the overlaying atmosphere [Serreze and Barry, 2011; Kurtz
et al., 2011; Bintanja and van der Linden, 2013]. Existing studies showed
that the partitioning of surface fluxes exhibits a clear seasonality and can
provide insights into the interactions among the atmosphere, the sea ice, and
the ocean [Blackport and Kushner, 2016; Deser et al., 2010]. The sea ice loss
is greatest in summer and autumn. But the net energy flux (dominated by
turbulent flux) into the atmosphere peaks in winter when temperature differ-
ence between surface and atmosphere is largest [Deser et al., 2010]. Because
surface fluxes communicate the changes in sea ice cover to the atmosphere,
the atmospheric response to sea ice loss is largest in winter [e.g., Screen and
Simmonds, 2010]. In winter, low-level temperature inversions associated with
stable atmospheric conditions usually occur over sea ice– or snow-covered ar-
eas and are important for the surface energy partitioning [Deser et al., 2010;
Zhang et al., 2011b]. Models tend to overestimate the amplitude of low-
level inversions (i.e., temperature difference between surface and atmosphere
is too large) and thus the stability of atmospheric boundary layer over sea
ice–covered areas [Medeiros et al., 2011], which inflates the atmospheric re-
sponse in models to sea ice retreat [Deser et al., 2010]. The mismatch in
timing between atmospheric response and the sea ice retreat implies that to
disentangle the exact mechanism providing the link between the metrics in
the present day and changes in temperature variability (i.e., to explain Figure
4.2) would require an in depth analysis of the surface heat fluxes and their
seasonality, which is beyond the scope of this work. At the same time, the
air temperature above the sea ice can be influenced by large-scale circulation,
which is uncertain in models and can further complicate the analysis.

Next, we relate long-term changes in sea ice cover, temperature, and
sea ice variability. For the discussion we focus on the September–November
(SON) season in the Arctic region, where we can classify the changes into
three regimes. The first regime occurs in the proximity of the sea ice edge
where areas with thin and highly variable sea ice experience a transition
to open ocean with climate change, leading to a decrease in temperature
and sea ice variability. The magnitude of the decrease for a single model is
related to the initial availability of sea ice in that model, leading to strong
positive correlations across models around the existing sea ice edge (top row
in 4.3 ; this is also evident from Figure 4.2b). The second regime occurs at
locations where perennial sea ice cover is thinning with climate change but
does not completely disappear (usually closer to the center of the Arctic).
The temperature variability will increase along with the sea ice variability
due to newly experienced year-to-year transitions between sea ice and open
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Figure 2 Medians of sea ice variability (blue) and temperature variability (red) averaged 
latitudinally following the sea ice edge (grey) for the four seasons in the present day 
(1979-2013) in RCP8.5. The sea ice edge is defined as the border within each model 
where the fractional sea-ice exceeds 15% averaged over the period. The horizontal axis 
marks individual grid boxes (4 for Northern hemisphere) around the sea-ice edge. The 
shaded area corresponds to the interquartile range from the multi-model ensemble.

iceocean

iceocean

iceocean

iceocean

Figure 4.2: Medians of sea ice variability (blue) and temperature variability (red)
averaged latitudinally following the sea ice edge (grey) for the four seasons in
the present day (1979-2013) in the Arctic region. The sea ice edge is defined as
the border within each model where the fractional sea-ice exceeds 15% averaged
over the period. The horizontal axis marks individual grid boxes around the
sea-ice edge. The shaded area corresponds to the interquartile range from the
multi-model ensemble.
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ocean. The third regime occurs if a particular model experiences a drastic
local retreat from perennially ice-covered to perennially ice-free conditions, as
it happens in some models showing a complete disappearance of the autumn
Arctic sea ice by the end of the twenty-first century. Hence the changes in sea
ice and temperature variability will be smaller in magnitude than in the other
two regimes, as the condition with partial sea ice is not being experienced.
The link between long-term changes of sea ice cover, sea ice variability, and
temperature variability is evident in individual models (not shown). Hence
at locations where the majority of the models show a shift from year-to-year
varying sea ice coverage to open ocean (as in locations close to the sea ice
edge) or from perennially sea ice free to year-to-year variable (as it occurs
close to the pole during the Arctic winter; not shown), correlations between
changes in sea ice cover, temperature variability, and sea ice variability are
remarkably high (Figure 4.3, top row). These correlations across models are
lower if the models disagree on the local "regime"—that is, the relationships
may not be as linear, but this does not imply that long-term changes in these
metrics are unrelated or nonphysical.

a) 6ON corr(∆sic mean,∆tas var)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

b) 6ON corr(∆sic var,∆tas var)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

c) 6ON corr(∆sic mean,∆sic var)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

d) 6ON corr(∆tas var,tas var)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

e) 6ON corr(∆tas var,sic mean)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

f) 6ON corr(∆tas var,sic var)

−0.9 −0.6 −0.3 0.0 0.3 0.6 0.9

Figure 4.3: Gridpoint correlations in the SON season between long term changes
(between 2°C warming and the present day) in a) sea ice concentration and
temperature variability, b) sea ice variability and temperature variability, and
c) sea ice concentration and sea ice variability. Grid-point correlations between
long term changes in temperature variability (at 2°C warming) and present day
d) temperature variability, e) sea ice concentration and f) sea ice variability.
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We discussed above the existing physical relationship between the sea ice
cover and the magnitude of sea ice and temperature variability in the present
day, and for long-term changes. Hence, we expect a tight link between the
magnitudes of the present day and their corresponding long-term changes
(bottom row in Figure 4.3). This essentially constitutes the emerging rela-
tionships later used to constrain projections. We first examine locations close
to the multimodel mean sea ice edge in the present day. Locally, models that
have very little sea ice will project small or no changes in temperature vari-
ability. On the contrary, models that have a large amount of sea ice at the
same location will project a large decrease in temperature variability during
the transition to open ocean conditions. This This behavior in the proximity
of sea ice edge leads to negative correlations between changes in temperature
variability and present-day sea ice concentration (Figure 4.3e), present-day
sea ice variability (Figure 4.3f) or present-day temperature variability (Figure
4.3d).

At locations closer to the center of the Arctic, the sea ice cover is peren-
nial (low sea ice variability by definition) and hence models exhibit lower
temperature variability than close to the sea ice edge. With sea ice retreat
and local thinning models may show an increase in temperature variability
as the magnitude of sea ice variability is increasing. This will lead to positive
correlations between the present-day sea ice cover and temperature variabil-
ity change (Figure 4.3e). Correlations between the present-day temperature
variability and the magnitude of changes in temperature (Figure 4.3d) and
sea ice variability are negative (Figure 4.3f). It is remarkable that the corre-
lations are so high at the gridpoint scale in the SON season. Correlations in
other seasons are lower because sea ice cover retreat does not occur at the
same rate [Cavalieri and Parkinson, 2012], but are still strong.

4.4 Selection of metrics and models

Emergent constraints require evaluation of models based on performance met-
rics that can be adequately observed. In principle, there are an infinite
number of performance metrics that can be defined from the model output.
However performance in these metrics is often not related to the predictive
skill within a model [e.g., Pincus et al., 2008; Reichler and Kim, 2008; Pierce
et al., 2009]. Given the widespread availability of simulation data from multi-
model ensembles, an exhaustive search through all possible combinations may
result in spurious correlations between present-day metrics and projections
simply by chance [Knutti et al., 2010; Masson and Knutti, 2013; Caldwell
et al., 2014].Existing studies highlight that models developed by the same
institution often share parameterizations and code structure, leading to sim-
ilarities in the output [Pennell and Reichler, 2011; Masson and Knutti, 2011;
Knutti et al., 2013; Sanderson et al., 2015a,b; Abramowitz and Bishop, 2015].
One of the most obvious dependencies is between the simulations of the same
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model run at different resolutions (e.g., MPI-ESM-LR and MPI-ESM-MR)
or with different configurations (MIROC-ESM and MIROC-ESM-CHEM).
Ignoring the presence of duplicate models in the ensemble may lead to an
overestimation of model agreement and exaggerated spread reduction across
selected models after applying emergent constraints. Models from different
centers may also share parameterization schemes; however, those similarities
across models are more difficult to trace and would require an additional
assessment that is beyond the scope of this work.

In the presence of the abovementioned peculiarities in how CMIP5 is
collected, a statistical relationship found between a present-day metric and
projections requires a convincing physical explanation. In this study we use
sea ice average and variability of sea ice and temperature as our metrics
of choice. These are related in a physical way as is discussed in the earlier
sections, so the possibility of spurious relationships is reduced. The exclusion
of multiple models from one center in the constrained subsets also reduces the
risk of overconfidence. Metrics of local sea ice trends are not used because it is
not clear how (and whether) they relate to the future temperature variability.
At the same time trends are in most cases not robust on local scales due
to large internal variability during the brief time period with high-quality
observations [e.g., Deser et al., 2012b; Swart et al., 2015].

The role of internal variability can be large for the metrics and time scales
analyzed [Wettstein and Deser, 2014; Swart et al., 2015]. Large internal
variability can prevent robust estimation of the present-day metrics as it can
hide the true model response. Using a 20-member initial condition CESM
ensemble, we find that the spread across the CESM ensemble for each of the
present-day metrics is substantially smaller than of the CMIP5 ensemble (not
shown). Internal variability is larger for the temperature variability metric
than for any other of the metrics. However, if the role of internal variability
were limiting, then we would expect to see no reduction model spread, as well
as only weak correlations between present-day metrics and future changes.

Model selection is often hampered by the quality and availability of obser-
vations (for sea ice metrics) and reliability of reanalyses (for the temperature
variability metric). A good estimate of the performance metrics from the
observed climate is important for model evaluation. Otherwise a large obser-
vational uncertainty will lead to inconclusive results. For instance, the sea
ice extent is relatively well observed since the satellite era [e.g., Alexeev et al.,
2012]. However, observations of the near-surface temperatures in the polar
regions are very sparse and temperature is difficult to measure accurately
in sea ice–covered regions [e.g., Jones, 2016]. Hence we use reanalysis data
to estimate present-day temperature variability response (ERA-Interim and
NCEP–DOE Reanalysis 2) because of the full coverage and higher reliability
as physical consistency between temperature and sea ice fields is insured. Dis-
crepancies between reanalyses at high latitudes are a known issue [Jakobson
et al., 2012; Lindsay et al., 2014], usually attributed to the inhomogeneity of
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assimilated data and the method of assimilation [Thorne, 2008; Grant et al.,
2008; Bitz and Fu, 2008; Screen and Simmonds, 2011], as well as a poor un-
derstanding of relevant processes [Chung et al., 2013; Alexeev et al., 2012].
The data assimilation procedure used in the development of reanalyses prod-
ucts usually prescribes sea ice field concentrations. The sea ice thickness,
however, is not directly incorporated in this process as it is poorly observed
and existing point measurements are difficult to translate to area-averaged
values due to their highly heterogeneous nature [Kwok et al., 2009; Lindsay
and Schweiger, 2015]. This could feed into disagreement in temperature vari-
ability across reanalyses as the atmosphere is in part modulated by the local
properties of sea ice. The agreement between reanalyses on temperature vari-
ability estimate, to some degree, is an indication that the assimilated data
constrain the atmospheric response. But it is important to emphasize that
although agreement between reanalyses improves our confidence in the esti-
mate, is cannot guarantee that it is accurate. This highlights the importance
of developing reliable observational networks.

Perfect agreement across reanalyses is not required for the model selection
procedure, but the choice of the reanalysis product should not result in a very
different subset of models being selected. For the Arctic region, the model
subset using an alternative reanalysis retains four out of five modeling centers.
The selection of models for the final constrained ensemble (as in Figure 4.1) is
completely unaffected. This is not the case for the Antarctic region (see the
supplemental material). This is a showcase where limitations of observational
datasets can be limiting a proper evaluation of models.

4.5 Calibrated projections

The best five models are selected from the full ensemble based upon their
agreement with observations. This number is a subjective choice but is a
compromise between the total number of models (17 modeling centers) avail-
able and a sufficient number of models to sample the uncertainty of the
calibrated ensemble. We emphasize that after removal of obvious model
duplicates (e.g., models run at different resolution) we are left with a signif-
icantly smaller subsample of models than the full CMIP5 ensemble. Each
model essentially represents one modeling center. The qualitative results
(further discussed in the next section) do not depend on the ensemble size
(sensitivity was tested with seven and eight models from distinct modeling
centers; not shown) so the overall results based on subsets of five model en-
sembles are robust. Model evaluation results in different subsets of models
being selected for the Arctic and Antarctic as different processes dominate
local climates.

The five best performing models in sea ice average and temperature and
sea ice variability are used to quantify the magnitude of changes in tempera-
ture variability. In the Arctic region in all seasons with exception of the local
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summer, the constrained ensemble projects a decrease in the magnitude of
temperature variability. The magnitude of the decrease from the constrained
ensemble (right column of Figure 4.1) is larger than from the full ensemble
(left columns of Figure 4.1) due to a more pronounced sea ice decline (not
shown). For the Arctic region, these results are in agreement with earlier
studies that found some of the CMIP models to underestimate the sea ice
retreat in recent years and the future [Boé et al., 2009; Stroeve et al., 2012;
Mahlstein and Knutti, 2012; Flato et al., 2013]. The Arctic temperature
variability in the summer season is projected to increase (Figure 4.1c) along
with decreasing sea ice. In the present day, most of the heat is used to melt
the existing sea ice, maintaining a surface temperature near 0°C. The retreat
of the sea ice will leave exposed open ocean waters and allow temperature to
vary somewhat more [Bintanja and van der Linden, 2013], thereby resulting
in increasing temperature variability.

The constrained projections show higher agreement among its members
than the whole range of CMIP5 models. This results in larger stippled areas
in Figure 4.1, indicating that most models in the constrained ensemble agree
on the sign of the temperature variability change even farther away from the
areas surrounding the sea ice. Nevertheless, these results should be inter-
preted with caution. The strong link between present-day metrics and the
future change in temperature variability is limited to the sea ice surrounding
areas, and hence it is not clear whether the calibrated ensemble has better
skill at lower latitudes. Recently there have been an increasing number of
studies suggesting the increasing importance of sea ice retreat on weather
patterns at lower latitudes [Overland and Wang, 2010; Overland et al., 2011;
Cohen et al., 2012; Francis and Vavrus, 2012; Vihma, 2014; Tang et al., 2013],
through changes in atmospheric circulation. However, process understanding
of these remote impacts is hindered by large uncertainties in midlatitudinal
atmospheric response to sea ice loss [Screen, 2014; Vihma, 2014; Cohen et al.,
2014]. We therefore cannot make a strong statement about the skill of models
at lower latitudes as the emergent constraint methodology requires a more
thorough understanding of relevant underlying processes.

4.6 Different types of constraints

We show that using observations as constraints can lead to a narrower spread
across the selected models than across the full ensemble. In this section we
discuss the prerequisites for strong constraints and what factors could inhibit
robust model evaluation. In principle, strong correlations between the current
conditions and changes into the future imply that reduction in spread across
models is achievable. A clear physical explanation for the observed link must
exist to justify the use of the constraint. A larger signal in the system is
expected to lead to a stronger correlation, as it allows the signal to emerge
more clearly from the natural variability. Low observational uncertainty and
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agreement across observational datasets are mandatory for model selection
not to be ambiguous. These aspects have to be considered for individual
metric prior model evaluation.

Because we evaluate several metrics for different seasons (see below), the
challenge is to robustly aggregate this information in order to gain the highest
possible reduction in model spread. We repeat this analysis for the RCP4.5
scenario (not shown) and for the Antarctic region (in the supplemental ma-
terial) as a measure of robustness. In all cases, the qualitative results do not
differ. To proceed, we make use of the current case study to explore a variety
of different constraints. Conclusions and statements arising from this anal-
ysis should hold in other applications, as long the earlier stated aspects are
considered. We have three metrics (sea ice average, interannual variability
of sea ice and temperature)available over five time scales (annual, JJA, DJF,
MAM, and SON), allowing us to derive 15 (5 x 3) bias fields by comparing
models with observations or reanalysis. In some cases, these individual bi-
ases are aggregated (by adding individual biases) across seasons and metrics
to derive a compound bias to select models for the constrained projection of
temperature variability changes at 2°C in four seasons and on annual time
scales. How the aggregation of biases across seasons or metrics is performed
is explained in section 4.2.2. At this point, we make a distinction between
broad and narrow constraining to explore the sensitivity of the results to the
amount of information used for the constraint.

• Broad constraints: The first type uses information from all seasons and
all metrics, resulting in one subset of models selected (Figure 4.4a).
The subset of models is then used for projections of changes in temper-
ature variability for individual seasons. The second type uses informa-
tion from all metrics within a season (Figure 4.4b) for projections of
changes in temperature variability of the same season. The third type
aggregates information across all seasons but only for the one metric,
resulting in three model subsets (Figure 4.4c). These subsets of models
are used to constrain projections of changes in temperature variability
of individual seasons.

• The narrow constraints: This type does not aggregate information
across seasons or metrics and uses individual metrics in individual sea-
sons to constraint the respective quantity (15 subsets of models; Figure
4.4d).

We first explore a broad constraint that aggregates information across
all metrics and seasons for the Arctic region (Table 4.4a). The reduction in
model spread due to such a constraint is substantial (green dots in Figure
4.6a), except for summer. We expect this constraint to be more physically
meaningful and better informed as it aggregates information across seasons
and metrics. It is more likely to capture the relevant processes and feed-
backs and thereby the relations across variables and seasons. In the case of
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Figure 4.4: Schematic illustrating aggregation of information across seasons and
metrics, showing (a) a broad constraint that aggregates information across sea-
sons and metrics; (b),(c) constraints that only aggregate information across
metrics or seasons, respectively; and (d) narrow constraints with no aggrega-
tion.

model evaluation on individual seasons or single variables, the likelihood that
the good agreement across models arises by chance is increased. Combining
information across seasons ensures, for instance, that the seasonal cycle is
more realistically represented, which likely implies a good physical represen-
tation of sea ice processes, increasing the confidence in the projections of the
respective model.

The reduction in model spread for a broad constraint is aggregated in
Figure 4.5 (all metrics across all seasons; Figure 4.6a). The histogram of the
gridpoint improvement (expressed as a ratio, see methods section) after con-
straining is shown in blue, along with what is expected from random model
subsets (gray). Detailed steps on how these histograms are constructed are
provided in the methods section 4.2.1. In this example the histograms re-
sulting from constraining are shifted toward smaller ratios relative to the
histograms resulting from random selection of models. This shows that the
reduction in spread is not by chance or from a smaller sample of models but
rather because relevant information was extracted, resulting in an ensemble
with a narrower projection. However, there is a danger in making the con-
straint too broad. As the number of metrics increases, the final constrained
ensemble range can be as wide as the full ensemble because the informa-
tion from metrics that matter could be lost through the inclusion of other
unrelated variables.

So do we actually need all the metrics combined across seasons included in
our broad constraints to achieve the same reduction in spread across models?
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Figure 4 Histograms illustrating the reduction in spread in temperature variability (as in Figure1) as a result of constraining. Grey 
histograms represent the ratios between the spread of a random subset of five models and the spread of the full ensemble, mimick-
ing the case of no constraint. The blue histograms represent the same ratio after a broad constraint combining all metrics across all 
seasons and results in smaller values and narrower projections. The vertical lines mark the location of the median for each of the 
histograms.

Figure 4.5: Histograms illustrating the reduction in spread in temperature vari-
ability (as in Figure 4.1) as a result of constraining the CMIP5 ensemble using
constraints based on all metrics combined across all seasons. Grey histograms
represent the ratios between the spread of a random subset of five models and
the spread of the full ensemble, mimicking the case of no constraint. The blue
histograms represent the same ratio after a broad constraint combining all met-
rics across all seasons and results in smaller values and narrower projections.
The vertical lines mark the location of the median for each of the histograms.
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Figure 4.6: Reduction in model spread as a result of different types of constraints
for the Arctic region in RCP8.5 scenario. Red dots indicate narrow constraints,
i.e., no aggregation of information across seasons or metrics. Green dots are
a type of broad constraint which aggregates information across all metrics and
seasons. The blue dots are another type of broad constraints that aggregate
information across a) seasons, b) metrics. Boxplots collect all combinations of
narrow (red) and broad (blue) for a target warming level. Subplot c) illustrates
constraints on the absolute values of the future temperature variability and d)
on the relative change in temperature variability as a function of the warming.
Boxplots indicate the quartiles (edges of the box), 1.5 times the interquartile
range (whiskers), the mean (circle) and outliers (black dots) of the strength
of the constraint (defined in the methods section): higher values indicate a
stronger reduction in spread over larger areas, smaller ranges indicate robustness
of constraint, i.e., less sensitivity to the exact combination of metrics, see text
for details.
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Using information from one season and one metric to constrain projections
of temperature variability changes in the same season would be an example
of a narrow constraint (red dots in Figure 4.6a). This type of constraint
can be effective for the season of interest (at times more so than the ‘broad’
constraint in green on Figure 4.6), but fails to constrain changes in other
seasons (not shown) as the information was omitted to begin with. Figure
4.6 (see also Figure C.3 for the Antarctic region) shows the reduction in
spread in the constrained set relative to a random set of models for different
constraints. It is quantified as a fractional improvement between medians of
histograms – as in Figure 4.5 (see methods) – with positive values indicating
a smaller spread than resulting from random subset of models. The blue
dots in Figure 4.6a are a type of a broad constraint where individual scores
are aggregated across all metrics of one season (Figure 4.4b) to constrain
the season of interest. We see that this type of broad constraints (blue dots
on Figure 4.6b) is often not as effective as the constraint that aggregated
all metrics across seasons (green dots on Figure 4.6a). Although in some
cases, narrow constraints (Table 4.4d; red dots on Figure 4.6) could be more
effective (higher reduction in model spread) than the broad ones, the result
could lead to overfitting. An additional advantage of a broad constraint is
that the fields for different seasons and metrics are physically consistent with
each other as these come from the same subset of models, leading to easier
interpretation.

The choice of the present-day metric matters for the constraints (Fig-
ures 4.6b and C.3b). Subsets of models selected from individual metrics are
similar, but they differ enough to diverge on the magnitude of reduction of
spread across its members. To some extent the overlap of selected models
is expected since variables used for the constraint (sea ice average, sea ice
variability, and temperature variability) are tightly linked. Thus, an accu-
rate representation of one variable often implies a reasonable representation
of other variables. Figure 4.6b shows that constraints are often stronger if
the metric of choice is combined across seasons (blue dots on Figure 4.6b,
three subsets of models) than if no aggregation is implemented (red dots on
Figure 4.6b). While different choices of the metrics (and how to combine
these across seasons) yield somewhat different results, it is worth pointing
out that uncertainties decrease no matter what metric is chosen (i.e., there is
a value in using data to evaluate models). The concern that such a reduction
in spread might arise by chance is not justified, as the relationships arise from
physical processes. If the metric was unrelated to the prediction of interest,
this would be equivalent to picking models randomly, which would result in
a gray histogram similar to Figure 4.5 and a value of zero in Figure 4.6.

So far we focused on relative changes of temperature variability at 2°C
global warming. Therefore as a next step, we intend to capture the overall
behavior of different types of constraints as a function of different warming
targets (0.5°C - 2°C global mean warming with respect to the present day).
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We also emphasize that the results may differ depending on the quantity at
hand: the absolute values of future projections (Figure 4.6c) or the magnitude
of relative changes (Figure 4.6d). Projections for both the change and the
future absolute value can be considered for constraining as long as there
is a physically justifiable correlation. The reduction in spread in the two
cases depends on the time horizon. Constraining the absolute future state is
largely an extrapolation of the present-day state. Accurate simulation of the
present day within the model represents a strong predictor for the immediate
future, and hence the effectiveness of the constraint decreases from lower to
higher warming targets (Figure 4.6c). To constrain the projected changes,
the constraint is stronger for higher warming than lower targets because
only then the climate change signal becomes large with respect to variability
(Figure 4.6d). The further away the target period is from the present day,
the stronger the change is, leading to emergence of the constraint as the sea
ice retreats. Note that the blue and red bars at 2°C warming target on Figure
4.6d encompass all the constraints from Figures 4.6 a and 4.6 b (green dots
are included in the blue bar). The broad constraints (blue bars) are stronger
than the narrow constraint at higher warming targets. This could be because
the interrelations between variables across seasons become important, and
this is something that is unlikely to be captured by the narrow constraint as
it only considers one season or one metric.

Nonetheless there is a limit by how much the spread across models can be
reduced through sea ice–related metrics. Any type of constraint based on sea
ice will saturate once the sea ice–covered regions become ice free. Hence the
maximum change in temperature variability due to sea ice cover retreat is
physically constrained by the sea ice availability at a grid point. Also, since
the sea ice concentration at a grid point is bounded between 0 and 100%,
care should be taken when estimating the variability of sea ice cover. When
we approach sea ice–free conditions, the transition from highly variable sea
ice to open ocean will result in an abrupt change in sea ice variability. Hence
the sea ice variability estimates become more uncertain close to those limits,
when a linear detrending of a nonlinear transition is no longer meaningful

4.7 Summary and Conclusions

We examined the uncertain changes in temperature variability at high lat-
itudes in response to increasing global temperatures. We showed that the
model spread can be traced back to the skill at simulating average present-
day sea ice, and interannual variability of average sea ice and temperature.
We found strong relations across models between these metrics and projected
changes in interannual variability of seasonal (and annual) temperature as
the sea ice retreats. We showed that the relations across these metrics in
the present day and to future changes in temperature variability are consis-
tent with the physical understanding of the Arctic climate. These relations
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across models are strongest in locations where models simulate a wide range
sea ice amounts (i.e., around the sea ice edge). We then made use of these
relations to constrain the range of projections of temperature variability by
evaluating models with. observational datasets and reanalyses (i.e., using
emergent constraints). This is a widely used method that relates the bias
between observational estimates and models to the magnitude of projections.
Then the models were ranked based on this bias to determine their adequacy
for projections of temperature variability and subsets of skillful models were
picked. The selected subsample of models had a substantially smaller spread
in projections across its members than the full ensemble. We explicitly quan-
tified the reduction in spread across models, emphasizing the value of using
emergent constraints.

In addition to the existence of physically plausible link between present
day and projections, we highlight aspects that need to be considered when
implementing this method. The role of internal variability needs to be sub-
stantially lower than the spread encountered across the full ensemble, other-
wise model performance cannot be assessed. We further acknowledge that
given lack of a dense observational network in polar and sea ice–covered re-
gions, the reliability of our estimates based on reanalyses and observations
is limited. If observational dataset or reanalysis would provide an erroneous
estimate of the metrics used for model evaluation, it would result in an in-
accurately constrained projection. To minimize this risk we have compared
two different reanalysis products.

One of the challenges of this method arises due to presence of several
metrics that are potentially relevant for projections of the target variable
on different temporal and spatial scales. In this study we explored how the
relevant information can be aggregated to achieve the highest reduction in
spread across models and how robust the results are toward those choices.
We showed that emergent constraints almost always result in a reduction in
model spread, highlighting the value of using this approach. The magnitude
of the reduction in model spread depends on the relevance of a particular
metric for the projection of interest, as well as how different metrics are
aggregated. A large reduction in spread can be often achieved without the
need of any aggregation, but there is also a danger of finding no improvement
at all. In the current case study, models evaluated on individual metrics
within one season were often found to have similar performance across metrics
because these are not independent. This supports the idea that different
variables are linked through processes, and hence that good performance in
one is likely to result in good performance in other and in more reliable
future projections. We found that a robust and more physically meaningful
constraint can be obtained by combining information from all the key metrics
across seasons, leading to a large reduction in spread across models. It is
more likely that such aggregated constraint captures the important processes
relevant for the overall future climate.
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The choice of the metric to evaluate the models will to some degree always
be subjective and depends on the questions at hand. But all choices tested
performed clearly better than not using the observations to evaluate the
models at all, and a documentation of how the results depend on the choices
made can contribute to higher confidence in constrained projections.
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5
Conclusions and Outlook

5.1 Conclusions

In this thesis we presented observational constraints on projections of impact
relevant quantities [Knapp et al., 2008; Alexander and Tebaldi, 2012]. We
showed that observational constraints can be very effective at narrowing the
range of plausible projections, but it can be hindered by quality of observa-
tions, lack of observational coverage as well as by internal variability of the
climate system. In the chapters 2 and 3 we focused on index-based extremes
such as the annual hottest daily maximum temperature (TXx) or the an-
nual maximum of daily precipitation (RX1day), or events exceeding the 95th

temperature percentile. The choice of these comparatively mild events, as
opposed to very rare events which can be of even higher impact, was moti-
vated by better statistical sampling. In addition, these index-based events
are often more freely shared by institutions and therefore included in obser-
vational datasets [Alexander and Tebaldi, 2012], allowing to some degree to
explore observational uncertainty. In the 4th chapter, we investigated high
latitudinal changes in interannual temperature variability on annual and sea-
sonal scales. Changes in variability are accompanied by changes in the tails
of the parent distribution which accommodate extreme weather events.

64
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Summary of identified observational constraints:
Underestimation of changes in frequency of hot events (Chapter

2): The projected frequency of hot events in any given model is related
to the width of the present day distribution (determined by variance,
skewness and kurtosis) of the summer daily maximum temperatures.
For a given warming, models with a wide temperature distribution
simulate smaller increase in frequency than models with a narrower
distribution. This relationship, used in conjunction with observations
suggests that many models simulate unrealistically wide distributions,
and are therefore likely to underestimate the increase in frequencies of
hot events. This underestimation is expected over most land covered
regions where observations are available, including Europe as well as
Australia and parts of Asia.

Overestimation of changes in intensity of hot events (Chapter 2):
Projections of the magnitude of hot extremes are related to the observed
asymmetry in warming between the annual maximum temperatures
and mean summer temperatures. Models that show strong amplifica-
tion of hot extremes with increasing summer mean temperatures in the
present day, are also those that experience largest the amplification of
hot extremes in the future. By comparing models with observations,
we found that some models simulate unrealistically strong intensifica-
tion of temperature extremes in the present day and thus also in the
future. This response is found over Australia, Central North America
and North Asia, implying that projections are biased high.

Underestimation of changes in heavy precipitation intensity
(Chapter 3): In the regions of intense heavy rainfall, we found two
present-day metrics that are related to a model’s projection of the fu-
ture intensification of heavy rainfall. The first metric was the observed
relationship between the area-weighted mean of the annual precipita-
tion maxima (Rx1day) and the global land temperatures. The second
was the fraction of land exhibiting statistically significant relationships
between local annual precipitation maxima (Rx1day) and global land
temperatures. The models that simulate high values in both metrics are
those that are in better agreement with observations and show strong
future intensification of heavy rainfall. This implies that changes in
heavy rainfall are likely to be more intense than anticipated from the
multi-model mean.

Narrower model spread in changes of temperature variability
(Chapter 4): Decrease in temperature variability over the polar re-
gions in a model is related to its present-day sea ice concentration, sea
ice variability and temperature variability. These relationships are par-
ticularly strong over the regions of sea ice retreat as local temperature
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variability is modulated by local amount of sea ice. Combining the
skill across the individual metrics over a range of time scales allows us
to derive a well-informed constraint. By combining the relationships
with observations, we find that models that are in better agreement
with observations show higher reduction in temperature variability over
high latitudes. The constrained projection has a much narrower spread
across models and slightly higher decrease in temperature variability
than the raw model ensemble.

During the progress of this thesis we learned that efficient observational con-
straints that substantially narrow projection uncertainties are often harder
to encounter than anticipated. In part this is because some of the existing ob-
servational data is already incorporated in models during their development
[Knutti, 2008]. Therefore, this can make it more challenging to find observa-
tional constraints from metrics that are better observed because there is a
chance that the source of error was eliminated during the model development
stage. In addition, the complexity of the climate system makes it inherently
hard to find single metrics that will explain large portion of the spread in
projections. It would be more realistic to expect that many different metrics
explain a small part of the spread in projections. Furthermore, large internal
variability and the complexity of the climate system also make it hard to
disentangle the mechanisms and to identify observational constraints.

The role of internal variability
The role of internal variability can prevent a robust estimate of model re-
sponse and thus model evaluation. This becomes particularly important if
models have to be evaluated on the short periods as often provided by obser-
vational datasets. Given one realization per model, spread across model runs
can be erroneously attributed to model inconsistencies, even though they
arise from large internal variability [e.g., Tebaldi et al., 2011; Power et al.,
2012]. In the chapters 2-4, CESM model run at ETH Zurich according to
the CMIP5 protocol and/or models from the CMIP5 ensemble with multiple
initial condition runs were used to estimate the model spread occurring from
internal variability. Internal variability is often large at a grid point scale and
therefore aggregation over larger regions is required to average out random
contributions occurring at individual grid points [e.g., Fischer and Knutti,
2014]. Analysis of longer periods also helps to establish a response that is
less influenced by internal variability.

The role of internal variability was particularly critical for constraints on
intensity of temperature extremes (Chapter 2) and heavy rainfall (Chapter 3).
In chapter 2, internal variability prevented implementation of observational
constraints in parts of Asia including Southeast Asia, East Asia and Central
Asia, where constraints would be possible if observations existed over a longer
period of time. In chapter 3, spatial aggregation over climatologically sim-
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ilar regions (intense and weak heavy rainfall) allowed to isolate regions of
higher internal variability from those with lower internal variability, allowing
implementation of a constraint where internal variability is lower.

Limitations of observational datasets
Lack of observations or poor quality due to systematic biases or inhomo-
geneities can restrict regions over which models can be evaluated or lead to
incorrectly constrained range. Observational uncertainty exists due to poten-
tial sampling errors, inhomogeneities, and gridding procedures [Alexander et
al., 2006; Donat et al., 2013]. Maintaining high-quality observational net-
works is extremely expensive and requires a lot of effort. Therefore, these of-
ten suffer from limited quality and large gaps in spatial and temporal coverage
[Alexander et al., 2006; Munang et al., 2013; Trenberth et al., 2013]. Reanaly-
ses datasets are not always reliable because they may assimilate poor-quality
observations, suffer from inhomogeneities and are for many non-assimilated
variables largely a model product [Grant et al., 2008; Thorne and Vose, 2011;
Krueger et al., 2013]. Therefore, the uncertainties around the observational
estimates used to evaluate model performance are often large, which can also
hinder robust selection of models [Collins et al., 2013]. In this thesis, we uti-
lize multiple observational datasets (if available) and reanalyses to explore
observational uncertainty. It is important to note that observational uncer-
tainty cannot be rigorously quantified by simply comparing several datasets
because often same data is used to construct the datasets and the uncertain-
ties induced by post-processing procedures such as data homogenization and
gridding are not quantified. If observational datasets do not reasonably agree
on a selected metric, then a meaningful observational constraint cannot be
implemented.

In chapter 2 we found that the future intensity of hot extremes in the
Amazon basin, West and East Africa, and also Greenland and Alaska, could
be constrained if more complete and longer observational records existed.
Also the frequency of hot extremes could be easily constrained over the tropi-
cal regions if observations existed. In chapter 3, the intensification of heavy
rainfall with global temperatures over land could have been constrained fur-
ther (even higher improvement across models) if the observational coverage
was more complete. In chapter 4, changes in temperature variability of
the Antarctic region could have been further constrained if observational es-
timates of temperature variability were available. Overall this stresses that
availability of free access to observational data is vital and can potentially
improve the reliability of projections of temperature and precipitation ex-
tremes.
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Aggregation of metrics
Based on the case study of changes in temperature variability over polar
regions (Chapter 4), we investigated how relevant metrics in the present day
can be aggregated across seasons to achieve high reduction in model spread.
We found that in principle, high reduction in model spread can be achieved
from any metric in one season that is highly correlated to the projections
of interest. However, in many cases this constraint would only be useful
for the season over which model selection was performed, failing to constrain
changes in any other season. If all metrics are aggregated over all the seasons
available, the resulting reduction in spread is high and it is more likely to
be physically consistent and robust as it may evaluate processes that control
the seasonal cycle. Such a constraint can also result in reduction in spread in
seasons for which correlations between present-day metrics and projections
are very low, i.e., where typically projections cannot be constrained if other
seasons are taken into account.

Updated guidelines for implementation of observational con-
straints:
As a synthesis of this thesis we highlight four criteria detailed below that must
be fulfilled to efficiently constrain projections with observations. These are
illustrated in Figure 5.1, being an updated version of Figure 1.2 highlighting
the extra two criteria - the role if internal variability and observational uncer-
tainty. We found that the internal variability and observational uncertainty
can prevent robust selection of models and are therefore as important as the
presence of strong correlation and of the physical underpinning of the corre-
lation discussed in the Introduction chapter. We therefore propose updated
guidelines to follow to constrain model projections with observations:
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Figure 5.1: A schematic diagram illustrating an observational constraint. Full
multi-model spread and the selected model for present day metric (a and b)
and projections (a’ and b’). Models are selected based on agreement with multi-
ple observational estimates (green lines, range ’Obs’). Contribution of internal
variability to multi-model spread in present day and for projections are n and
n’ respectively.

1. Strong relationship between a present day metric and projec-
tions: The model spread in the present-day metric (a) should explain
a large part of the spread in projections (a’). Magnitude of the corre-
lation is an indication by how much the spread in projections can be
reduced through model selection (from b to b’). Even if the relationship
is not linear, in some cases the linearity can be restored by applying
a mathematical transformation after which the requirement of strong
correlation should apply.

2. Physical underpinning of the relationship: There must be an ex-
planation why the chosen metric is related to the projection of interest
as correlations may occur by chance.

3. The inter-model ensemble spread arising from internal vari-
ability (n and n’ for present-day metric and projections respectively)
has to be small relative to the multi-model spread (a and a’ for present-
day metric and projections respectively): Process-based model selection
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is not justified if internal variability masks the underlying response.

4. An observational estimate has to exist and needs to be ac-
curate: Observational uncertainty needs to be small enough which
can be partly sampled by considering several observational datasets
(green lines on Figure 5.1). The uncertainty can also be estimated from
one dataset by bootstrapping or by applying other statistical methods,
though the observational uncertainty will be underestimated.

The first two criteria are the core of any observational constraint and are
usually carefully considered in existing studies. The criteria three and four
are often given less attention because either their role is not acknowledged,
assumed to be not important for model selection, or simply because it can-
not be quantified (for example if observations don’t exist). The high cost
of running multi-member ensembles to sample internal variability as well as
maintaining observational networks can also contribute to these being con-
sidered less often. The assumption that the role of internal variability or
observational uncertainty is small (i.e., that it cannot influence model selec-
tion and the constrained range of projections) may be reasonable for some
variables, but should still be considered for robustness of the results.

5.2 Outlook

Observational constraints are a promising approach to reduce the range of
plausible projections by locating potential sources of error in the present-day.
Earlier studies on observational constraints and the results presented in this
thesis have important ramifications for a broad scientific audience:

Use of constraints for well-informed dynamical downscaling: As
the resolution of global climate models is too coarse and does not pro-
vide information at scales that are required to assess the impacts of
climate change and to make decisions [Kerr, 2011], the results from
global climate models have to be downscaled. This can be done with
the use of regional climate models [e.g., Pierce et al., 2009; McSweeney
et al., 2012], statistical downscaling or directly by using impact models
[e.g., Piontek et al., 2014; Warszawski et al., 2014]. It is a common belief
that large uncertainties attached to global climate models will cascade
into even larger uncertainties during the downscaling process because
there are uncertainties inherent to regional climates model or impact
models themselves [e.g., Pierce et al., 2009; Wilby and Dessai, 2010].
Moreover, if the specific global model has a large-scale atmospheric cir-
culation bias, downscaling this global model with for instance a regional
climate model, may not lead to significant improvements in the results,
besides the higher resolution details [Hall, 2014]. Because the output of
impact models and regional climate models is so sensitive to the input
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global climate models, pre-selection of driving global climate models
is often performed [Pierce et al., 2009; Evans et al., 2014; McSweeney
et al., 2014; Zubler et al., 2016]. Global models that are “implausible”
are down-weighted or excluded, which leads to narrower range of down-
scaled projections [Zubler et al., 2016].This is also more practical as
it would be too expensive to downscale all models (CMIP5 has over
30 models). Therefore, the research on observational constraints can
help to guide the model selection process in downscaling and impact
assessments.

Prioritization of model development: Global climate models are being
constantly improved in the sense that they represent more of the rele-
vant processes in more detail [Knutti and Sedláček, 2012]. Despite large
efforts invested in the model developments, the spread in projection by
successive generation of global climate models does not seem to be de-
creasing at a fast rate [Collins et al., 2013]. Observational constraints
point exactly to aspects of models that require more attention and if
improved may lead to a reduction in spread across model projections.
Therefore, this conveys an important message to the model develop-
ment community as it highlights model biases worth focusing on if the
goal is to have better agreement across models. Ideally these biases
should point at processes that can be further developed in models, for
example by improving included parametrizations.

Climate change communication: Reduced model spread through obser-
vational constraints, could facilitate a more effective communication of
climate change impacts which can be particularly difficult when uncer-
tainties are large [McMahon et al., 2015].

Observational constraints also need to be re-evaluated once new
multi-model experiments become available. They are often based on
relatively weak correlations between present-day metrics and projections
(e.g., chapters 2 and 3). In addition, the limitations posed by often large
internal variability and observational uncertainty emphasized in this thesis,
encourage testing of robustness of observational constraints. Testing for
existence of observational constraint in the next generation of models (e.g.,
CMIP6) or in perturbed physics ensembles is essential to demonstrate
the mechanism that led to emergence of the relationship is robust. In
principle relationship should emerge in all model ensembles that are close in
generation (CMIP3 and CMIP5) and also in individual models from those
ensembles when parameters are perturbed accordingly (perturbed physics
experiments). However, exceptions may apply. For example, if the source
of error responsible for the emergence of the constraint was eliminated in
all models of the next generation, the constraint would disappear. As an
additional measure of robustness, the constraints could be re-evaluated as
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more observational data becomes available.

The present-day metrics as presented in this thesis used to evaluate
models are subject to a range of processes. Further investigation into
what particular process or mechanism is responsible for the spread in
projections could be the key to better understand model biases and to
improve them. The dominant processes are likely to be very different
across regions, requiring regionally focused approaches. Furthermore,
the work presented in chapters 2 and 3 could be further expanded to a
wider range of quantiles (e.g., 90th percentile of daily temperatures or
precipitation events, the coldest annual temperature TNn, etc.,), to provide
a more complete picture of the future climate. In addition, relationship be-
tween multiple coupled variables can be explored as it can give insights into
the driving processes that are hard to disentangle in a uni-variate framework.

I hope that observational constraints as presented in this thesis and in
works of others will act as a stimulus to search for more relationships as
such. I hope that the limitations of observational datasets highlighted in
this thesis will encourage data sharing between institutions, improvement
and expansion of observational networks as it was shown that it can help
dealing with uncertainties in climate models. I also encourage to give more
importance to the assessment of the role internal variability and therefore
highlight the value of large ensembles.



A
Appendix to Chapter 2

A.1 Model selection to constrain the range of TXx scal-
ings

The main material for constraints on the intensity of temperature extremes
focused on the median TXx scaling within the region of interest as the metric
of choice used for model evaluation. We repeat model selection process using
two alternative methods, that address the whole range of the TXx scaling
estimates obtained from individual regions. The first one – the method of
overlapping areas – aims at evaluating the overlapping area between spatial
distributions of TXx scaling estimates [Perkins et al., 2007]. Skillful models
are those that show largest overlapping area with observational dataset. The
second – the method of percentiles – computes squared bias between each
percentile (10 bins that span the range on TXx scaling estimates) of the
spatial distribution of TXx scaling estimates. The models are ranked based
on the final bias which is the sum of individual biases from each percentile.
The constrained ensemble is not sensitive to the method (Figure A.2).
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A.2 Tables

Models # of runs TXx scaling # of runs exceed. rates
ACCESS1-0 1 1
ACCESS1-3 1 1
BBC-CSM1.1 1 1
BBC-CSM1.1(m) 1 0
CanESM2 5 5
CCSM4 2 2
CESM(ETH) 9 9
CESM1(BGC ) 1 1
CMCC(CESM) 1 1
CMCC(CM) 1 1
CMCC(CMS) 1 1
CNRM(CM5) 1 1
CSIRO-Mk3.6.0 10 10
EC-EARTH 4 5
GFDL-CM3 1 1
GFDL-ESM2G 1 1
GFDL-ESM2M 1 1
HadGEM2-CC 1 1
HadGEM2-ES 4 4
IPSL-CM5A-LR 4 4
IPSL-CM5A-MR 1 1
IPSL-CM5B-LR 0 1
MIROC-ESM 1 1
MIROC-ESM-CHEM 1 1
MIROC5 3 3
MPI-ESM-LR 3 3
MPI-ESM-MR 1 1
MRI-CGCM3 1 1
NorESM1-M 1 1
INM-CM4 1 0

Table A.1: CMIP5 models used and the number of available runs



APPENDIX A. APPENDIX TO CHAPTER 2 75

N
am

e
A

cr
on

ym
La

ti
tu

de
(º

)
Lo

ng
it

ud
e

(º
)

C
hi
na

C
hi
na

10
–
40

90
–
14
0

N
or
th

A
m
er
ic
a

N
A
m
er
ic
a

30
–
60

18
0-
31
0

C
en
tr
al

an
d
Ea

st
N
or
th

A
m
er
ic
a

C
N
A
_
EN

A
25

–
50

25
7
–
30
0

C
en
tr
al

A
sia

an
d
T
ib
et

C
A
S_

T
IB

30
–
50

40
–
10
0

En
la
rg
ed

Sa
ha

ra
SA

H
2

18
–
35

34
0
–
60

W
es
t
an

d
Ea

st
A
fr
ic
a

W
A
F_

EA
F

-1
2
–
18

34
0
–
52

C
en
tr
al

Eu
ro
pe

EU
2

37
–
60

35
0
–
40

C
an

ad
a

C
A
N
D
A

50
–
70

21
0
–
30
0

So
ut
h
A
sia

SA
SI
A

10
–
37

60
–
13
5

U
ni
te
d
St
at
es

U
S

30
–
50

23
5
–
30
0

Eu
ra
sia

EU
A
SI
A

37
–
80

40
–
18
0

En
la
rg
ed

C
en
tr
al

A
m
er
ic
a

C
A
M
2

-1
0
–
30

21
4
–
33
0

G
lo
ba

l
G
LO

-6
0
–
90

18
0
–
19
0

Table A.2: Extended regions used in the analysis
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Model Atmospheric Grid
Longitude (°) Latitude (°)

ACCESS1.0 1.25 1.875
ACCESS1.3 1.25 1.875
BCC-CSM1.1 2.7906 2.8125
BCC-CSM1.1(m) 2.7906 2.8125
CCSM4 0.9424 1.25
CESM1(BGC) 0.9424 1.25
CESM1(CAM5) 0.9424 1.25
CMCC-CESM 3.4431 3.75
CMCC-CM 0.7484 0.75
CMCC-CMS 3.7111 3.75
CNRM-CM5 1.4008 1.40625
CNRM-CM5-2 1.4008 1.40625
CSIRO-Mk3.6.0 1.8653 1.875
CanESM2 2.7906 2.8125
EC-EARTH 1.1215 1.125
GFDL-CM3 2 2.5
GFDL-ESM2G 2.0225 2
GFDL-ESM2M 2.0225 2.5
HadGEM2-CC 1.25 1.875
HadGEM2-ES 1.25 1.875
INM-CM4 1.5 2
IPSL-CM5A-LR 1.8947 3.75
IPSL-CM5A-MR 1.2676 2.5
IPSL-CM5B-LR 1.8947 3.75
MIROC-ESM 2.7906 2.8125
MIROC-ESM-CHEM 2.7906 2.8125
MIROC5 1.4008 1.40625
MPI-ESM-LR 1.8653 1.875
MPI-ESM-MR 1.8653 1.875
MRI-CGCM3 1.12148 1.125
MRI-ESM1 1.12148 1.125
NorESM1-M 1.8947 2.5

Table A.3: Atmospheric resolution of CMIP5 models.
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Model a) warming b) year when 3°C
reached by 2014 global warming

occurs
ACCESS1-0 r1i1p1 0.55 2071
ACCESS1-3 r1i1p1 0.61 2067
bcc-csm1-1 r1i1p1 0.53 2080
bcc-csm1-1-m r1i1p1 0.66 2082
CanESM2 r1i1p1 0.85 2062
CanESM2 r2i1p1 0.80 2058
CanESM2 r3i1p1 0.82 2062
CanESM2 r4i1p1 0.89 2061
CanESM2 r5i1p1 0.86 2061
CCSM4 r1i1p1 0.65 2074
CCSM4 r2i1p1 0.51 2078
CESM-ETH r21i1p1 0.54 2086
CESM-ETH r22i1p1 0.43 2084
CESM-ETH r23i1p1 0.43 2084
CESM-ETH r24i1p1 0.60 2077
CESM-ETH r25i1p1 0.55 2084
CESM-ETH r26i1p1 0.52 2086
CESM-ETH r27i1p1 0.65 2080
CESM-ETH r28i1p1 0.60 2081
CESM-ETH r29i1p1 0.45 2078
CESM1-BGC r1i1p1 0.64 2077
CMCC-CESM r1i1p1 0.33 2071
CMCC-CM r1i1p1 0.55 2070
CMCC-CMS r1i1p1 0.49 2068
CNRM-CM5 r10i1p1 0.52 2079
CNRM-CM5 r1i1p1 0.44 2077
CSIRO-Mk3-6-0 r10i1p1 0.64 2069
CSIRO-Mk3-6-0 r1i1p1 0.45 2074
CSIRO-Mk3-6-0 r2i1p1 0.54 2071
CSIRO-Mk3-6-0 r3i1p1 0.55 2072
CSIRO-Mk3-6-0 r4i1p1 0.42 2068
CSIRO-Mk3-6-0 r5i1p1 0.56 2070
CSIRO-Mk3-6-0 r6i1p1 0.48 2069
CSIRO-Mk3-6-0 r7i1p1 0.60 2075
CSIRO-Mk3-6-0 r8i1p1 0.55 2073
CSIRO-Mk3-6-0 r9i1p1 0.34 2072
EC-EARTH r12i1p1 0.68 2076
EC-EARTH r1i1p1 0.57 2079
EC-EARTH r2i1p1 0.61 2077

Table A.4a: Table showing warming levels in CMIP5 models. Columns show the
warming reached by 2014 relative to 1979-2010 the timing when 3°C is reached
within each model (5-year running mean, relative to 1979-2010).
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Model a) warming b) year when 3°C
reached by 2014 global warming

occurs
EC-EARTH r8i1p1 0.41 2078
EC-EARTH r9i1p1 0.54 2077
FGOALS-g2 r1i1p1 0.52 2088
FIO-ESM r1i1p1 0.41 2082
FIO-ESM r2i1p1 0.53 2080
FIO-ESM r3i1p1 0.39 2081
GFDL-CM3 r1i1p1 0.81 2060
GFDL-ESM2G r1i1p1 0.38 2092
GFDL-ESM2M r1i1p1 0.43 2095
GISS-E2-H r1i1p1 0.58 2092
GISS-E2-H r2i1p1 0.61 2091
GISS-E2-H-CC r1i1p1 0.49 2092
GISS-E2-R r1i1p1 0.47 1901
GISS-E2-R r2i1p1 0.41 1901
GISS-E2-R-CC r1i1p1 0.46 1901
HadGEM2-CC r1i1p1 0.84 2058
HadGEM2-ES r1i1p1 0.87 2057
HadGEM2-ES r2i1p1 0.81 2063
HadGEM2-ES r3i1p1 0.63 2063
HadGEM2-ES r4i1p1 0.77 2058
INM-CM4 r1i1p1 0.26 1901
IPSL-CM5A-LR r1i1p1 0.77 2063
IPSL-CM5A-LR r2i1p1 0.58 2065
IPSL-CM5A-LR r3i1p1 0.51 2061
IPSL-CM5A-LR r4i1p1 0.75 2063
IPSL-CM5A-MR r1i1p1 0.76 2064
IPSL-CM5B-LR r1i1p1 0.44 2081
MIROC-ESM r1i1p1 0.62 2063
MIROC-ESM-CHEM r1i1p1 0.69 2060
MIROC5 r1i1p1 0.47 2079
MIROC5 r2i1p1 0.49 2082
MIROC5 r3i1p1 0.64 2080
MPI-ESM-LR r1i1p1 0.67 2080
MPI-ESM-LR r2i1p1 0.54 2078
MPI-ESM-LR r3i1p1 0.55 2074
MPI-ESM-MR r1i1p1 0.66 2075
MRI-CGCM3 r1i1p1 0.36 2084
NorESM1-M r1i1p1 0.47 2084
NorESM1-ME r1i1p1 0.58 2080

Table A.4b: Table showing warming levels in CMIP5 models. Columns show the
warming reached by 2014 relative to 1979-2010 the timing when 3°C is reached
within each model (5-year running mean, relative to 1979-2010). Continued
from A.4a.
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A.3 Supplementary figures

Figure A.1: Same as for Figure 2, but for custom regions. These are Central and
East North America or CNA_ENA (25°N - 50°N, 123°W - 60°W), Central Asia
and Tibet or CAS_TIB (30°N-50°N, 40°E - 100°E), Enlarged Sahara or SAH2
(18°N - 35°N, 20°W - 60°E), West and East Africa or WAF_EAF (12°S - 18°N,
52°W - 60°E), Central Europe or EU2 (37°N - 60°N, 10°W - 40°E), Canada
or CANDA (150°W - 60°W), South Asia or SASIA (10°N - 37°N, 60°E-135°E),
United States or US (30°N - 50°N, 125°W - 60°W), Eurasia or EUASIA (37°N -
80°N, 40°E - 180°E).
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a) b)

c) d)

e) f )

Figure A.2: Constrained projections over the regions of a) Australia, b) Cen-
tral North America, c) United States of America, d) Eurasia, e) Alaska and
f) Canada. Three methods to quantify model agreement are presented (see
Methods). The left axis (in blue) displays TXx scaling range 2°C global mean
warming. The right axis (in red) displays the model range in long-term TXx
changes at 2°C global mean warming.
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Figure A.3: a) Model range (highest to lowest estimate) in the 95-to-75th per-
centile difference estimates. b) Observational range in the 95-to-75th percentile
difference estimates. Panel c) displays the ratio between a) and b) highlighting
regions where observational disagreement is small relative to the model spread.
Discrepancy between the HadGHCND and d) multi-model mean in the 95-to-
75th percentile difference metric. Panel e) and f) show the discrepancy between
the HadGHCND and ERA-interim (e), and NCEP2 (f) respectively. Stippling
highlights locations where more than a half of the model spread in simulated
frequencies arises from the model-specific representation of the present-day dis-
tribution.
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a) b)

Figure A.4: Same as Figure 2.3a and b) same as Figure 2.7d but for Australia.
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Models # of runs Models # of runs
ACCESS1-0 1 GFDL-ESM2G 1
ACCESS1-3 1 GFDL-ESM2M 0
bcc-csm1-1 1 HadGEM2-CC 1
bcc-csm1-1-m 0 HadGEM2-ES 4
CanESM2 5 IPSL-CM5A-LR 4
CCSM4 2 IPSL-CM5A-MR 1
CESM-ETH 9 IPSL-CM5B-LR 1
CESM1-BGC 1 MIROC-ESM 1
CMCC-CESM 1 MIROC-ESM-CHEM 1
CMCC-CM 1 MIROC5 2
CMCC-CMS 1 MPI-ESM-LR 3
CNRM-CM5 1 MPI-ESM-MR 1
CSIRO-Mk3-6-0 10 MRI-CGCM3 1
EC-EARTH 5 NorESM1-M 1
GFDL-CM3 1

Table B.1: CMIP5 models used and the number of available runs
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B.2 Supplementary figures
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Figure B.1: Signal to noise ratio over full land (in grey) and over regions of intense
heavy rainfall (blue) and weak heavy rainfall (red). Signal is the long-term trend
of heavy rainfall for the period 1951-2100 and the noise is the standard deviation
of detrended residuals for the same period.



APPENDIX B. APPENDIX TO CHAPTER 3 86

−10 −5 0 5 10 15

Historical Rx1day scaling [%/K]

0

1

2

3

4

5

6

7

8

9

Lo
ng

-t
er

m
 R

x1
da

y 
sc

al
in

g 
[%

/K
]

a) 

0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16 0.18 0.20
0

1

2

3

4

5

6

7

8

9

Lo
ng

-t
er

m
 R

x1
da

y 
sc

al
in

g 
[%

/K
]

b) 

Land fraction with +ve signif. scalings 

CMIP5 models

Figure B.2: Observational constraints on the forced Rx1day scaling with global
land temperatures in the regions of weak heavy rainfall. Subplot (a) corresponds
to the constraint based scaling of area-averaged Rx1day over the historical pe-
riod and (b) based on land fraction experiencing statistically significant positive
local Rx1day scalings. Models that do not show statically significant (p<0.05)
historical Rx1day scaling, are marked with an empty circle. Ensemble members
from the same models are shown in the same color.
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C.1 The response over the Antarctic region

We repeat the same analysis for the Antarctic region where we observe the
reduction in temperature variability for 2°C warming around the 60°South
band (Figure S1). The Antarctic region (south of 60°S) has a different climate
from the Arctic, therefore model selection was performed separately. For
example, the ice cover in the Antarctic has experienced a slight expansion in
the last decades [Parkinson and Cavalieri, 2012]. This expansion might have
resulted from natural variability alone [Polvani and Smith, 2013]. In addition
this overall negative trend is augmented by increased winds that results in
higher sea-ice drift [Holland and Kwok, 2012], and the sea-ice expansion due
to the melting of the ice shelves [Bintanja et al., 2013]. Nonetheless the long
term trend in model projection in Antarctic region, just as for the Arctic
region, is also a retreat of the sea-ice cover [Collins et al., 2013]. Therefore,
for the reasons described in the main text, the temperature variability is
expected to decrease with emergence of similar constraints.

We find that a robust estimate of temperature variability metric cannot
be obtained in the Antarctic region, where best performing models in tem-
perature variability metric are heavily dependent on the choice of reanalysis
dataset. This is not surprising as reanalyses in the Southern hemisphere are
poorly constrained, leading to large discrepancies between products [Brace-
girdle and Marshall, 2012]. Hence changes in temperature variability in the
Antarctic region are constrained based on sea ice metrics only.
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C.2 Tables

Model RCP8.5 RCP4.5 Model RCP8.5 RCP4.5
ACCESS1-0 X X GISS-E2-H X X
ACCESS1-3 X X GISS-E2-H-CC X X
bcc-csm1-1 X X GISS-E2-R X X
bcc-csm1-1-m X X GISS-E2-R-CC X X
CanESM2 X X HadGEM2-AO X X
CCSM4 X X HadGEM2-CC X X
CESM1-BGC X X HadGEM2-ES X X
CESM1-CAM5 X X inmcm4 X X
CESM1-CAM5- X X IPSL-CM5A-LR X X
1-FV2
CMCC-CESM X IPSL-CM5A-MR X X
CMCC-CM X X IPSL-CM5B-LR X X
CMCC-CMS X X MIROC5 X X
CNRM-CM5 X X MIROC-ESM X X
CSIRO-Mk3-6-0 X X MIROC-ESM X X

-CHEM
EC-EARTH X X MPI-ESM-LR X X
FGOALS-g2 X X MPI-ESM-MR X X
FIO-ESM X X MRI-CGCM3 X X
GFDL-CM3 X X MRI-ESM1 X
GFDL-ESM2G X X NorESM1-M X X
GFDL-ESM2M X X NorESM1-ME X X

Table C.1: CMIP5 models used in the study. An X indicates availability of the
model in a particular scenario.
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C.3 Supplementary figures
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Figure C.1: Same as Figure 4.1 but for Southern Hemisphere
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Figure C.2: Same as Figure 4.2 but for Southern Hemisphere
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Figure C.3: Same as Figure 4.6 but for Southern Hemisphere
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