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Abstract

To describe the dynamics of the atmospheric circulation variability often the circulation is divided
into a limited number of so-called atmospheric circulation regimes, which characterise the low-
frequency variability in the dynamics. These recurrent and persistent circulation patterns can be
identified in different regional domains and time periods, where the focus in this thesis is on the win-
tertime Euro-Atlantic sector. A central challenge here is to accurately capture the regime variability
signal. To this end several novel methods are introduced and analysed in this study.

Existing methods mostly identify four circulation regimes over the Euro-Atlantic sector. The
common approach to regime identification is to apply a k-means clustering algorithm to principal
component (PC) data, often after applying a low-pass time filter. We find that using gridpoint
data instead of PC data gives an optimal number of regimes of six instead of four. Furthermore, a
time-regularised clustering algorithm is proposed to identify the persistent regime dynamics. This
regularised approach increases the persistence of the regimes compared to a standard k-means clus-
tering algorithm, with the dynamics being less affected by noise. The use of a low-pass filter leads
to a bias in the regime frequencies, while the regularised method does not.

To study non-stationary regime dynamics signals on (sub-)seasonal and interannual timescales
an ensemble-regularised k-means clustering algorithm is proposed. This approach couples the in-
formation within an ensemble of model hindcast data, allowing to identify a more pronounced
non-stationary regime signal. On interannual timescales this signal is dominated by the El Nino
Southern Oscillation (ENSO) and it is found to be predictable on seasonal timescales for two of the
six regimes considered.

The two regularised clustering methods discussed require the selection of a constraint parameter,
which can be made using for example information criteria. In the final part a Bayesian approach
to regime assignment, which does not require such a parameter selection, is proposed. This method
uses Bayes theorem to incorporate prior information to obtain a better informed probabilistic regime
assignment. It leads to more persistent regime dynamics, even compared to the time-regularised

clustering method, and helps to identify a pronounced interannual variability signal comparable to



that obtained using the ensemble-regularised clustering method.

The three introduced and investigated approaches help in identifying robust regime variabil-
ity signals, significantly improving on existing methods. These techniques can be adapted to suit
different regime variability signal questions and are not limited to circulation regimes in terms of

applicability. The identified regime signals raise questions for future research directions.
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Lay Summary

The weather can change a lot. Sometimes it is quite similar for a week, sometimes it changes com-
pletely from one day to the next. Such changes are well forecast up to a week in advance, but
for predictability further ahead the uncertainty is still large. To improve predictability on these
timescales it is important to understand the low-frequency dynamics of the atmospheric circulation.
On timescales of one to two weeks the atmospheric dynamics can be represented by so-called atmo-
spheric circulation regimes. These regimes are patterns in the atmospheric circulation, consisting
for example of a high pressure area over Scandinavia or the central North Atlantic ocean. They are
persistent, lasting longer than a couple of days, and occur repeatedly. The focus in this thesis is on
regimes over Europe and the North Atlantic in winter, when the regime dynamics is most noticeable.

The aim in this study is to improve the understanding and determination of these atmospheric
circulation regimes. Specifically, in it we study different methods to identify the regime variability
signal. Small deviations in the atmospheric pressure patterns can have large impacts on the regime
dynamics later on. Imagine you get out of a busy tube train. The time at which you exit the station
depends strongly on whether you get out before that retired couple standing next to you, or get
stuck behind them going up the stairs. Similarly, small changes in the atmospheric circulation can
affect the regime dynamics in the future. It is important to separate the signal, the average time
between getting out of the tube train and exiting the station, from the noise, caused by the people
walking around you.

To identify the regime variability signal, in the methods studied we make use of prior knowledge
on the regime dynamics. Firstly, we know the regimes are persistent and unlikely to switch from one
to another and back to the first in one day. Limiting these types of transitions allows for identifying
more persistent regime dynamics. Secondly, we know that the chance of a regime occurring is
affected by external factors, such as the El Nino Southern Oscillation which is an oscillation in the
tropical Pacific sea surface temperature impacting the atmospheric circulation around the world.
The effect of such remote drivers can be identified using an ensemble of model realisations, where

members of the ensemble are obtained using slightly different initial conditions. How long does it
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take twenty different people from the same tube train to get out of the station when all barriers are
open, or when work is done on half of them? The movement of those twenty people together gives
more information than only considering them one by one. Using such ensemble information for the
regimes helps to better identify the effect of external factors on the regime dynamics.

One of the more elegant ways of incorporating prior information in the computation of the
regime probabilities is Bayes theorem. Imagine we know that people from the eastbound train
take on average 5 minutes to exit the station, while those coming from the westbound train need
8 minutes on average. It took Sarah 7 minutes to exit the station. Did she arrive on the east- or
westbound train? Based on the average times, Sarah probably took the westbound train, as 7 is
closer to 8. However, if we know that there only is one westbound train an hour compared to six
eastbound ones, this can shift the likelihood and indicate that it is more likely that Sarah arrived
on an eastbound train. This is what Bayes theorem allows you to compute, using prior information
and the observed likelihood. Applied to the circulation regime dynamics it yields persistent regime
dynamics with pronounced non-stationary behaviour.

The application of these methods that make use of prior information allows us to identify more
pronounced and informative regime dynamics. The regimes are found to be more persistent and the
stronger interannual variability in regime frequency increases the regime predictability. The latter
is linked to the effect of remote drivers on the regime dynamics. This thesis discusses the methods

used in detail and studies the effect on the circulation regime dynamics.

viii



Contents

Declaration

Acknowledgements

Abstract

Lay Summary

1 Introduction

1.1
1.2
1.3
14
1.5
1.6
1.7
1.8

Non-Stationarity in the Climate System . . . . ... ..
Atmospheric Circulation Regimes . . . . . . . ... ...
Circulation Response to External Forcing . . . .. ...
Predictability and the Signal-to-Noise Problem . . . . .
Clustering Methods for Regime Identification . . . . . .
A Bayesian Approach to Hypothesis Testing . . . . . . .
Outline of Thesis . . . . . . .. ... ... ... .....

Publications . . . . . . . . ...

2 K-means Clustering

2.1
2.2

2.3

Method . . . . . .. ...
Extensions of k-means Clustering . . . . . ... ... ..
2.2.1 Regularisation Approach . . . . . ... ... ...

Importance of Understanding Data . . . . . .. ... ..

3 Regime Identification Revisited

3.1

3.2

What is the Standard Regime Identification Approach?

3.1.1 Data, Preprocessing and k-means Clustering . .

Number of Regimes . . . . . . ... ... ... .. ....

iii

vii

S O

11
13
14
16
18

19
20
22
22
24



3.2.1 Information Criteria . . . . . . . . . . . . . . 30

3.2.2  What is the Optimal Number of Regimes? . . . . . . . ... ... ... .... 32
3.2.3 Circulation Regime Patterns and their Dynamics . . . . . .. ... ... ... 37
3.2.4 Robustness Verification using Spectral Clustering . . . . . . . ... ... ... 40
3.3 Persistent Regimes . . . . . . . ..o 46
3.3.1 Time-regularised k-means Clustering . . . . . . .. ... ... ... .. .... 46
3.3.2 A Simple Example: Lorenz 63 . . . . . . . . .. ... ... ... 50
3.3.3 Persistent Regime Dynamics . . . .. ... .. ... ... .. ... ... 54
3.4 Summary and Discussion . . . . . ... Lo L 58
Detection of Non-Stationary Regime Dynamics 61
4.1 Motivation for a Regularised Clustering Approach . . . .. .. ... ... ... ... 62
4.2  Ensemble-regularised k-means Clustering . . . . ... ... ... ... ... ..., 66
4.2.1 Data . . . .. e 66
4.2.2 Method . . . . . . . . e 67
4.3 Selection of a Regularised Regime Model . . . . . . .. ... ... ... .. ..... 70
4.3.1 Selection Criteria . . . . . . . . .. 70
4.3.2 Selecting the Constraint Value . . . . . .. .. ... ... ... .. ...... 72
4.4 Non-Stationary Regime Dynamics . . . . . . ... .. ... ... .. ... ... 73
4.4.1 Effect of the Regularisation on the Regimes . . . . . .. ... ... ... ... 74
4.4.2  Sub-Seasonal Regime Variability . . .. ... ... ... ... ... ..., 78
4.4.3 Interannual Regime Variability . . . . . ... . ... ... ... ... ..., 80
4.4.4 Predictability of the Regime Signal . . . . . .. .. .. ... ... ... .... 82
4.4.5 Signal-to-noise Problem . . . . . ... .. L Lo 85
4.5 Summary and Discussion . . . . . ... L oL o 88
A Bayesian Approach to Regime Assignment 91
5.1 Motivation Towards a Probabilistic Regime Assignment . . . . ... ... ... ... 92
5.2 Data and k-means Clustering . . . . . . . . . . . ... 95
5.3 Sequential Bayesian Regime Assignment . . . . . . . . ... ... ... ... .. ... 97
5.3.1 Bayes Theorem for Regime Assignment . . ... ... ... .. ........ 97
5.3.2 Effect on the Regime Dynamics . . . . . . . . .. .. ... ... ... ... 100
5.4 Ensemble Bayesian Regime Assignment . . . . . . ... ... ... ... . ... ... 103
5.4.1 Updating the Transition Probabilities . . . . . ... ... .. ... ... ... 105
5.4.2 Effect on the Regime Dynamics . . . . . .. .. ... ... ... ... .... 107



5.5 Interannual Regime Variability . . . . . ... ... .. ... ... . . ... 108
5.6 Summary and Discussion . . . . . . ... L 114

6 Discussion 117
6.1 SUMINATY . . . . o v v ot e e e e e 117
6.2 Outlook . . . . . . 119
6.2.1 Regime Variability Signals . . . . . . . . .. ... ... ... ... ... 119

6.2.2 Regime Identification Methods . . . . . ... .. ... ... ... ..., 121
Bibliography 123

A Relating Average Regime Duration, Self-Transition Probability and e-Folding

Time Scale 141

B A Comparison Between Regimes for ERA-Interim and SEAS5 Data 143
B.1 General Differences . . . . . . . . . . . e 143
B.2 Differences in the Regimes . . . . . . . . . . ... 146
B.2.1 Regime Patterns . . . .. . . . .o 146

B.2.2 Regime Dynamics . . . . .. . .. ... .. 148

B.2.3 Persistence in SEASS . . . .. 151

C Robustness of Distance Distributions 153

xi



xii



Chapter 1

Introduction

The IPCC’s Sixth Assessment Report states that “It is unequivocal that human influence has warmed
the atmosphere, ocean and land. Widespread and rapid changes in the atmosphere, ocean, cryosphere
and biosphere have occurred.” (IPCC, 2021). Global warming affects all areas of the globe and it is
important to understand the regional consequences. This regional impact is what people experience.
These are the changes that affect their livelihoods, the production of food, the probability of extreme
weather and more. One way to consider the regional effects is through a storyline approach (Zappa
and Shepherd, 2017; Doblas-Reyes et al., 2021). Such an approach allows one to separate uncertainty
due to lack of knowledge in the climate system response to forcing from uncertainty due to the climate

only following one particular realisation from the many that are possible (Shepherd, 2019).

The first step in a storyline approach is to obtain the causal chain of events. For example, rising
COgs-levels lead to increasing temperatures which in turn affect the atmospheric circulation, where
the eventual response can be uncertain. Then, conditional on a certain change in the atmospheric
circulation, the probability of warm temperature extremes increases a little or a lot. The first part
deals with the uncertainty due to lack of knowledge in the climate system response, while the second
assesses the intrinsic uncertainty in the climate variability. Here, it is important to understand
the non-stationary dynamics within the climate system to know which factors to include in the
storyline. Under these non-stationary dynamics we consider all processes that break the system’s
stationarity. A stationary process is one whose statistics are invariant with respect to shifts in time
(Doob, 1953), where non-stationarity destroys this time-invariance. In the context of the climate
system such sources of non-stationarity can be time-dependent forces or influences that are external

to the system considered.



1.1 Non-Stationarity in the Climate System

A first source of non-stationarity has already been mentioned; climate change. Within the climate
system there are many other sources of non-stationarity, often linking atmospheric dynamics in far
away regions. Teleconnection patterns, being recurring large-scale patterns of circulation anomalies,
represent sources of non-stationary variability (e.g. Feldstein and Franzke, 2017). They connect
the atmospheric circulation both regionally, e.g. over the North Pacific, and between regions, e.g.
linking the tropical Pacific to the North Atlantic. The latter connections between regions can provide

remote drivers for non-stationary atmospheric variability.

The regional teleconnection patterns represent the dominant modes of low-frequency variability.
For example, the Pacific North American pattern (PNA), with positive geopotential height anomalies
over the north-western part of North America and negative anomalies in the south-east (in its positive
phase), and the North Atlantic Oscillation (NAO), with a negative anomaly on the northern side
of the North Atlantic and a positive anomaly in the south, are two of the most prominent modes
of variability in the northern extratropical atmospheric circulation (e.g. Walker and Bliss, 1932;
Hurrell, 1995; Horel and Wallace, 1981; Wallace and Gutzler, David, 1981; Barnston and Livezey,
1987). In this thesis the region of the interest is the Euro-Atlantic sector covering the North Atlantic
and Europe. Next to the dominant mode of variability in this region, the NAO (whose variability
can be represented by an NAO-index (e.g. Hurrell, 1995)), the East Atlantic pattern (EA) is another
prominent variability pattern. It has a negative anomaly just south of Greenland and a positive one

south-east of it (e.g. Wallace and Gutzler, David, 1981; Barnston and Livezey, 1987).

There are several modes of variability that are known to impact the atmospheric circulation all
around the world. The most prominent one is the El Nino Southern Oscillation (ENSO) in the
tropical Pacific ocean (e.g. Rasmusson and Wallace, 1983; Philander, 1983, and references therein).
ENSO is an irregular oscillation in the tropical Pacific Sea Surface Temperature (SST) between a
warm (El Nifio) and a cold anomaly (La Nina) with a period of 3-7 years. A schematic diagram of the
different phases is shown in Figure 1.1. In normal conditions there are westward winds located over
the equator blowing the warm surface waters towards the western side of the equatorial Pacific. In
the region where those warm surface waters are located air rises as it is heated by the ocean, creating
a convective circulation with air flowing eastward at higher elevation, cooling down and sinking to
the surface near South America, enhancing the westward surface winds. In El Nino conditions the
westward winds are weaker and the warm surface water extends further towards the east. On the

other hand, during La Nina conditions the westward winds are stronger and the warm surface water



El Niho Conditions Normal Conditions La Nina Conditions

Figure 1.1: The oceanic and atmospheric conditions in the equatorial Pacific region during El Nino,
La Nina and normal conditions. Figure courtesy of the Pacific Marine Environmental Labora-

tory /National Oceanic and Atmospheric Administration.

is located further westward, while the central equatorial Pacific is cooler.

In addition to ENSO, there are more remote drivers affecting the atmospheric circulation around
the world and specifically over the Euro-Atlantic sector. Each of these drivers affects the non-
stationary dynamics in their own way. Here, we mention some of the remote drivers that impact
the northern extratropical atmospheric circulation. Firstly, there is the Quasi-Biennial Oscillation
(QBO), which represents variability in the stratospheric winds over the equator with them changing
direction around every 14 months (e.g. Holton and Tan, 1980; Baldwin and Dunkerton, 2001).
The QBO is known to impact the jet stream over the North Atlantic by confining or dispersing
wave activity at mid-to-high latitudes. Secondly, we have the Madden-Julian Oscillation (MJO),
which represents tropical variability due to the interaction between the atmospheric circulation and
convection with a period of 30 to 60 days (Madden and Julian, 1971). As for the QBO, links with the
Northern Hemisphere extratropical circulation have been established for this variability mode (e.g.
Hoskins and Karoly, 1981; Garfinkel et al., 2014). The last driver we mention is the stratospheric
polar vortex (SPV), whose strength impacts the tropospheric circulation below. Especially sudden
stratospheric warmings (SSWs), when the temperature in the stratosphere suddenly rises due to a
weakening of the SPV, can strongly impact the Northern Hemisphere tropospheric circulation by

shifting the jet stream (e.g. Baldwin and Dunkerton, 2001).

A thorough understanding of the remote drivers of non-stationary variability in the atmospheric
circulation is essential to the storyline approach. One needs to know which processes are relevant
and have to be included, and which can be left out. The drivers of non-stationarity mentioned here
can interact as well, thus it is important to find ways to disentangle the effects of different drivers
on the atmospheric circulation. A storyline approach can help here, aiding in developing a better

understanding of the dynamics involved.



1.2 Atmospheric Circulation Regimes

To apply a storyline approach to changes in the atmospheric circulation it is useful to separate the
dynamics into a limited set of states. This allows one to condition the atmospheric circulation onto
each of these states and study its relation with e.g. temperature extremes or energy production by
wind farms. When separating the atmospheric circulation into a limited number of states, often
referred to as regimes, it is important to think about the criteria to use for this. For the storylines
to be physically relevant, it is necessary that these states represent realistic flow patterns. Further-
more, the impact on other variables, such as rainfall, ideally is significantly different between the
states. The first point has been assessed in numerous studies for several regions using clustering
approaches to find the states, where also impacts on e.g. temperature and energy production have

been quantified.

The first classifications of the atmospheric circulation were developed with weather forecasting
in mind. During the 1940s and 1950s the German weather service developed the so-called “Gross-
wetterlagen”, which form a classification of the synoptic circulation (Deutscher Wetterdienst, 2019).
These 29 synoptic patterns are used up to this day to aid the weather prediction. By predicting
the evolution of the weather patterns for the coming two weeks, they help to improve the weather
forecast, as the surface impacts of each of the regimes are known. These first classifications of the
atmospheric circulation were obtained manually by people with plenty of experience in weather fore-
casting. From around 1990 onward, the use of computers allowed for more automated and objective
ways of identifying these patterns using different types of clustering methods (e.g. Mo and Ghil,
1987; Vautard, 1990; Michelangeli et al., 1995).

These clustering methods allow to identify the low-frequency atmospheric variability as repre-
sented by regimes. The concept behind atmospheric circulation regimes is that they are recurrent
and persistent patterns within the circulation, representing quasi-stationary regions of the phase
space (Hannachi et al., 2017). The idea is that of an atmosphere with multiple stable flow config-
urations, corresponding to the regimes, as e.g. found in a barotropic channel model (Charney and
DeVore, 1979). The timescales on which the regime dynamics evolve is longer than that of baroclinic
instability, but shorter than the seasonal variability. This makes them suitable for sub-seasonal pre-
dictability, with the rationale that if you can predict the regime you have a better idea of the surface
conditions at that time. Despite the significant progress in numerical weather prediction (Bauer
et al., 2015), the intrinsic predictability limit of the weather on synoptic timescales (Lorenz, 1969)

means that forecasts over two weeks ahead still have at most moderate skill (White et al., 2017). A



better understanding of the circulation regimes can improve the skill of forecasts on these leadtimes,
as well as help in improving the understanding of how the atmospheric dynamics responds to sources
of non-stationarity. The response to remote drivers can also provide predictability beyond the deter-
ministic predictability limit. The boundary conditions, which are affected by these non-stationary
drivers such as ENSO, can inform skillfull predictions on seasonal timescales (e.g Shukla, 1998).
Changes in the statistics of the circulation regimes can be affected by such remote drivers on these
timescales and thus might be predictable. Note that we are concerned with non-stationarity in the
dynamics of the circulation regimes, i.e. their occurrence rates and transition probabilities, and not

with changes in the regime patterns themselves.

Initial studies focused on the existence and identification of regimes, primarily in the wintertime
Northern Hemisphere. Starting from the idea of blocking as a persistent and stationary feature
in the regional circulation (e.g. Rex, 1950; Dole and Gorden, 1983), it was inferred that the extra-
tropical atmospheric dynamics could be considered as transitions between a select number of regimes
(Vautard, 1990). For the Northern Hemisphere in winter the regimes obtained in the first regime
studies broadly correspond to well known teleconnection patterns, such as the PNA and NAO
patterns (Mo and Ghil, 1988; Molteni et al., 1990; Cheng and Wallace, 1993; Kimoto and Ghil,
1993). Following the correspondence with these teleconnection patterns, smaller sectors such as the
North Pacific and Euro-Atlantic region were considered. For the North-Pacific sector three regimes
were identified (Michelangeli et al., 1995; Jung et al., 2005), where later studies considered a region
that also contained North America and obtained four regimes (Casola and Wallace, 2007; Straus
et al., 2007). In the Euro-Atlantic region four regimes have been consistently identified (e.g. Vautard,
1990; Michelangeli et al., 1995; Kageyama et al., 1999; Yiou and Nogaj, 2004; Cassou, 2008). The
Southern Hemisphere has been less well studied, although some results on regime dynamics exist

(e.g. Kidson, 1988; O’Kane et al., 2013).

Some studies have questioned the physical existence and number of regimes, despite the extensive
robustness analyses available in literature. For example, Stephenson et al. (2004) found no evidence
for multimodality in the climate system and Christiansen (2007) concluded that there is only weak
evidence for multiple regimes, making it nearly impossible to identify an optimal number, despite
the clear non-Gaussianity of the atmospheric circulation. On the other hand, Hochman et al.
(2021) established the physical existence of seven year-round weather regimes over the Euro-Atlantic
sector using tools from dynamical systems analysis. Similarly, Dorrington and Strommen (2020)
found a clear regime structure over the Euro-Atlantic sector after regressing out the jet speed.

This discussion on the physical existence of regimes does not question the usefulness of separating



the atmospheric circulation into a discrete number of states exhibiting low-frequency dynamics for

forecasting purposes and to improve the understanding of the circulation.

The knowledge on circulation regimes and their dynamics, both for the North-Pacific and Euro-
Atlantic sector, has expanded rapidly in the past decades. After the initial studies establishing the
regimes themselves, focus shifted to assessing the impact of these regimes on surface weather and
links between the regimes and other modes of variability. A natural first question to ask is what the
impact of these circulation regimes is on the surface temperature and precipitation. Liu et al. (1994)
considered this for five Northern Hemispheric regimes, where later studies studied it for the Euro-
Atlantic sector (e.g. Plaut and Simonnet, 2001; Ortizbevid et al., 2011) and the North Pacific (e.g.
Robertson and Ghil, 1999; Amini and Straus, 2018). Next to a canonical response of temperature
and precipitation, also the dynamics of their extremes has been studied in relation to regimes (e.g.

Cassou et al., 2005; Yiou and Nogaj, 2004; Yiou et al., 2008).

To better understand the regime dynamics it is important to know how they are connected to
other known local atmospheric dynamics features, such as the jet stream and Rossby waves for the
North Atlantic region. Over the North Atlantic the jet latitude has been shown to have a multimodal
distribution, resulting in a distinction of three so-called jet regimes (Woollings et al., 2010; Franzke
et al., 2011; Hannachi et al., 2012). Madonna et al. (2017) related these three regimes, representing
a southern, central and northern jet, to the commonly used four Euro-Atlantic regimes by adding a
split or tilted jet to the equation. In addition to the jet stream, studies have also considered the link
between Rossby wave breaking and the regime dynamics (e.g. Michel and Riviere, 2011; Swenson
and Straus, 2017) and investigated how the poleward heat flux is modulated by circulation regimes

(Ruggieri et al., 2020).

In this thesis we are concerned with the regimes in the wintertime Euro-Atlantic sector. This
is one of the most studied regions where regimes are considered and relevant for understanding
the atmospheric dynamics affecting Europe. The winter months show more persistent dynamics
compared to summer (e.g. van den Dool and Chervin, 1986) and therefore it is the season on which
regime studies tend to focus. As mentioned, most studies have identified four regimes over the
Euro-Atlantic region (e.g. Michelangeli et al., 1995; Yiou and Nogaj, 2004; Cassou, 2008), although
some arrive at another suitable number of regimes (e.g. Fereday et al., 2008; Grams et al., 2017).
These four circulation regimes are the two phases of the NAO (where the negative phase can also be
associated with Greenland blocking), a ridge over the Atlantic ocean (Atlantic ridge) and a blocking
region over Scandinavia (Scandinavian blocking), as shown in Figure 1.2. In the following sections

of this chapter the focus is on this Euro-Atlantic region, with some notes on other regions where
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Figure 1.2: The 500 hPa geopotential height (z500) anomalies of the four regimes identified over the
Euro-Atlantic sector. Figure by Cassou (2008).

circulation regimes have been studied.

1.3 Circulation Response to External Forcing

Next to local dynamics, external factors, or remote drivers, can also impact the circulation regimes.
One of these factors is ENSO, for which the response of the circulation over the North Pacific
is well understood. During El Nifio conditions the warm SST in the central equatorial Pacific
forces atmospheric Rossby waves that travel away from the equator and bend eastward, following
a great-circle style path as shown in Figure 1.3 (Horel and Wallace, 1981; Hoskins and Karoly,
1981). These Rossby waves can be largely explained by linear wave theory (Hoskins and Karoly,
1981; Sardeshmukh and Hoskins, 1988) and form a tropospheric pathway by which ENSO affects
the atmospheric circulation over the North Pacific and North America. The effect is approximately
linear, with opposite responses to El Nino and La Nina, and projects quite well onto the PNA pattern
(Horel and Wallace, 1981). These links are reflected in the response of the circulation regimes over
North America and the Pacific (e.g. Casola and Wallace, 2007; Johnson and Feldstein, 2010; Riddle
et al., 2013; Vigaud et al., 2018).



Figure 1.3: A schematic illustration of the Rossby wave response to El Nino indicated by the high
(H) and low (L) pressure areas. The thick arrows show the strengthening of the subtropical jets in
both hemispheres and the thin arrows indicate a mid-tropospheric streamline. Figure by Horel and

Wallace (1981).

The response to ENSO over the North Atlantic and Europe is less well understood. The Rossby
wave response to the equatorial SST heating extends to the North Atlantic where it projects onto
the NAO (e.g. Trenberth et al., 1998). However, this effect is more difficult to detect due to the
large interannual variability in this region (Brénnimann et al., 2007). The canonical response shows
a negative NAO in reponse to El Nifio events and a positive NAO during La Nina events (e.g. Li
and Lau, 2012; Drouard and Cassou, 2019). Individual ENSO events can strongly deviate from this
due to the sensitivity of the atmosphere to the specific SST conditions (Mathieu et al., 2004), e.g. it
matters whether the highest SST is found in the central or eastern Pacific (Yeh et al., 2018). Also
the strength of the temperature anomaly can modulate the atmospheric response over the North

Atlantic and Europe (Toniazzo and Scaife, 2006).

In addition to this tropospheric pathway between the tropical Pacific SSTs, a stratospheric
pathway has become topic of interest since initial studies indicated its relevance (e.g. Bronnimann
et al., 2004; Ayarzaguena et al., 2018). The effect of El Nifio and La Nina events on the stratosphere
has been extensively studied, with relevant impacts in the Northern Hemisphere (see Domeisen et al.,

2019, and references therein). Changes in the Northern Hemisphere troposphere lead to changes in



the polar stratosphere, for which a primary mechanism related to ENSO is the following: El Nifo
leads to a deepening of the Aleutian Low (a low pressure area over the Gulf of Alaska) in the
troposphere, which strengthens the wave flux into the stratosphere by constructive interference with
the climatological pattern (e.g. Garfinkel and Hartmann, 2008; Ineson and Scaife, 2009). These
anomalous waves propagate upward into the stratosphere, where they break and weaken and warm
the polar vortex. This increases the chance of SSWs (e.g. Polvani and Waugh, 2004; Bell et al.,
2009; Polvani et al., 2017), which impacts the circulation in the North Atlantic and European sector
by increasing the likelihood of a negative phase of the NAO (Hitchcock and Simpson, 2014). This
effect is opposite during La Nina events when the polar vortex tends to be colder and stronger.
The presence of both a tropospheric and stratospheric pathway makes it difficult to pin down the
specific impact of ENSO on the Euro-Atlantic sector. The canonical negative NAO response can be
associated with both pathways, although Butler et al. (2014) showed this response only occurred in

winters where the stratosphere was severely perturbed.

The study of circulation regimes could aid in better understanding the subtleties of the atmo-
spheric response to ENSO and in disentangling the impacts of the two pathways. Several studies
have considered the effect of ENSO on Euro-Atlantic cirulation regimes. In line with the canoni-
cal ENSO signal, the response shows an increase of the NAO+ regime during La Nifa years and
an increase of NAO—, albeit less strong, in El Nifo years (e.g. Fereday et al., 2008). Moron and
Plaut (2003) noted a difference in the regime response between early (November-December) and late
(January-March) winter, with early winter showing the canonical response, but late winter exhibit-
ing contrasting dynamics. In addition to the relation with the standard Euro-Atlantic circulation

regimes, also effects on Mediterranean regimes have been found (Giuntoli et al., 2022).

ENSO is not the only remote driver impacting Euro-Atlantic circulation regimes. Also the MJO
and the stratosphere have been shown to impact the regime variability. Considering the MJO there
exists an extensive literature on links to the NAO, with pathways through both the troposphere and
stratosphere (e.g. Hoskins and Karoly, 1981; Garfinkel et al., 2014; Barnes et al., 2019). Furthermore,
Henderson et al. (2016) found a link with blocking over the Euro-Atlantic sector with the strongest
effects during phases 3,4,6 and 7. Using reanalysis data links between the MJO and Euro-Atlantic
circulation regimes have been established, with an increased likelihood of NAO+ after phases 3 and
4 and of NAO— after phases 6 to 8 with a lag of around 10 days, being in line with the known
NAO and blocking responses (Cassou, 2008). Lee et al. (2020) studied this effect on the evolution in
more detail using 29 Grosswetterlagen regimes, describing more synoptic variability, while Lee et al.

(2019) found that the teleconnection between the regimes and MJO is modulated by ENSO, with



the tropospheric pathway being enhanced in El Nino years and the stratospheric pathway during La
Nina years. This MJO-link to the Euro-Atlantic circulation has been verified in modelling studies

where MJO-like heating was added to the system (Straus et al., 2015; Yadav et al., 2019).

The effect of the stratosphere on the tropospheric circulation regimes, through which one pathway
of the MJO to the regimes runs, has recently become a topic of interest. In accordance with the
increased probability of the negative phase of the NAO in response to a higher likelihood of SSWr,
Charlton-Perez et al. (2018) found that the NAO— regime is more likely after weak SPV conditions,
but less likely following a strong SPV. The NAO+ regime showed the opposite response, being more
likely following a strong SPV and less likely after a weak SPV, with the Atlantic Ridge regime
exhibiting a similar but weaker relation. Following SSW events a Greenland blocking and Atlantic
trough regime were found to be most likely when using seven circulation regimes instead of the

common four (Domeisen et al., 2020).

A better understanding of the regime dynamics and their links to ENSO, the MJO and the
stratosphere can help in improving model predictability on the subseasonal timescales on which
the regimes involve. Higher resolution models and including stochastic physics parametrisations
have been shown to improve the representation of regimes within models (e.g. Dawson et al., 2012;
Dawson and Palmer, 2015; Strommen et al., 2019, Fabiano et al., 2020), which is important for this
prediction skill. The forecast skill of models has been found to be flow-dependent, i.e. the regime
at the initialization of the forecast affects the skill, with the highest skill found when initialized in
the NAO— regime (Ferranti et al., 2015; Matsueda and Palmer, 2018) and forecast busts linked to
a poor model representation of regime dynamics (Grams et al., 2018). For predicting the regimes
themselves skill is found to be highest in winter (Cortesi et al., 2021). Using seven year-round
regimes Biieler et al. (2021) found the skill horizon to be longest for a zonal and Greenland low
regime and lowest for blocking regimes, with enhanced skill when the SPV is strong or following

MJO phases 4 and 7.

With the increase of solar and wind power, a reliable and useful prediction on sub-seasonal
timescales has become even more relevant. More and more research is done in this direction. The
use of weather regimes has been shown to be useful for the energy sector on longer timescales, but
falls short at short lead times (van der Wiel et al., 2019). This indicates that the common studied
circulation regimes may not all be as relevant in predicting energy output, which motivates the
introduction of targeted circulation types that also take into account the sensitivity of the energy
system (Bloomfield et al., 2020). Since the deployment of wind turbines and solar panels is not

equally distributed over Europe, it is important to focus on the effect of the regimes on the relevant
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regions (Beerli and Grams, 2019). Grams et al. (2017) used seven year-round regimes to identify
what would be a good distribution of wind power over Europe to avoid large variability in output.
In relation to this it is important to know whether the regimes and their dynamics will change in
a warming world. So far there is no evidence for the regimes themselves changing, but rather for
changes in their occurrence rates (Corti et al., 1999). For example, Fabiano et al. (2020) found
an increase in the NAO+ occurrence and a decrease of the Atlantic ridge frequency using CMIP6

model runs under projected climate change.

1.4 Predictability and the Signal-to-Noise Problem

When one is interested in sub-seasonal to seasonal prediction it is important to know how well the
models do. That is, what is the predictable signal in the model and does this match the signal in the
real world? To that end often an ensemble of model runs is considered (Palmer et al., 2004; Wang
et al., 2009). The model is run a number of times with slightly different initial conditions, where the
individual ensemble members give an idea of the uncertainty in the model prediction. To assess the
skill of wintertime seasonal predictions often the ensemble is initialized on November 1st and run till
April. After approximately three to four weeks the information of the initial atmospheric conditions
is effectively lost. From then on the dynamics of the ensemble is primarily affected by predictable

components on these timescales, such as ENSO, which in turn force the dynamics in other regions.

In general, models show moderate skill on seasonal timescales for e.g. the NAO or temperature
over Europe (e.g. Baker et al., 2018; Weisheimer et al., 2017, 2019). However, the amplitude of
the forecast signal is not always as large as that found in observations (Scaife et al., 2014; Eade
et al., 2014; Siegert et al., 2016; Scaife and Smith, 2018). This so-called signal-to-noise paradox
indicates that the model is better at predicting the observations than its own ensemble members.
As a consequence most skill measures underestimate the real predictability. The forecast signal is
determined from the ensemble mean, whereas the individual ensemble members usually do show
similar variability to observations. The signal-to-noise ratio, which is the standard deviation of the
ensemble mean divided by the standard deviation of all ensemble members (Kumar, 2009), tends to
be small, while there still is a reasonable predictable signal. The Ratio of Predictable Components

(RPC)

RPC — PCobservatiOIls > r (11)

PCrodel - 2 2 ’
rode Usignal/atotal

being the ratio of the predictable component in observations PClypservations Over that in the model
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Figure 1.4: The RPC for an NAO-index for different models. The dotted lines give the £+ one

standard deviation range. Figure by Baker et al. (2018).

PCiodel, is the common way of studying the signal-to-noise problem (Eade et al., 2014). Here, the
predictable component is defined as the square root of the predictable fraction of the variance for
respectively the observations and the model. Furthermore, r is the Pearson correlation between the
observations and ensemble mean and o2 represent the variance of either the signal in the model
ensemble mean or the total of the individual members. Ideally its value would be close to one,
indicating that the predictable components in observations and model are of similar order. However,
in most models the RPC for e.g. an NAO-index is found to be close to two, as shown in Figure
1.4, indicating the predictable component in observations is approximately twice as large as that in

these models (Baker et al., 2018).

Highest RPC values on seasonal timescales are found in the mean sea level pressure over Iceland
and the Azores, being the centres of action of the NAO (Eade et al., 2014). The Euro-Atlantic
sector is the region where the signal-to-noise issue is most prominent and where most research
has focused on. In a toy model it was shown that if one considers the NAO as a two-regime
system an underestimation of the regime persistence results in both a high skill and high RPC,
even with realistic noise levels (Strommen and Palmer, 2019). Similar results were obtained using
a simple Markov model (Zhang and Kirtman, 2019). A too-weak teleconnection between the NAO

and stratosphere, involving the QBO, has been linked to the small predictable signal in the model
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(O’Reilly et al., 2019). However, Charlton-Perez et al. (2019) found no evidence of a signal-to-noise
issue in the stratosphere, nor for forecasts initialized on December 1st. They related the low signal-
to-noise ratio to a low amplitude of the model signal in early winter. These recent studies indicate
that a better understanding of the links between the troposphere and stratosphere is important for

better understanding this signal-to-noise issue.

1.5 Clustering Methods for Regime Identification

For understanding the relation between signal and noise it is important to have a suitable way of
identifying the relevant signals. When atmospheric circulation regimes are considered this means
understanding how the regime patterns and their dynamics are obtained. A number of different
regime identification methods have been used towards this end. The first question to address in
this regard is what the characteristics of the regimes are. They are recurrent, meaning certain
areas of the phase-space are visited regularly, and persistent, indicating they are quasi-stationary
and that the dynamics stays in those areas of phase-space for some time (Hannachi et al., 2017).
Most studies have focused on recurrence for identifying the regimes, taking into account the desired

quasi-stationarity.

To identify recurrent circulation patterns one looks for dense areas in the phase space, which then
are associated with the regimes. Some initial studies directly studied the probability density function
(pdf) of the data. They first project the gridpoint data onto the first few Principal Components
(PCs), which represent the dominant modes of variability, to obtain a lower dimensional phase space.
Probability density estimation methods are then used to identify dense regions (e.g. Hansen and
Sutera, 1986; Mo and Ghil, 1988; Kimoto and Ghil, 1993). Despite their appeal, these methods are
not widely used as they are computationally expensive and difficult to extend to higher dimensions,

while there are other suitable methods, such as clustering, that achieve similar results.

Clustering methods have been developed to separate datasets into subsets which are similar
within, but different between (Jain, 2010). That is, they identify sets of datapoints which lie close
together in the phase space (a cluster), but further away from other sets in the phase space (other
clusters). Many different clustering methods have been developed. The main ones that have been
used to identify circulation regimes are k-means clustering, hierarchical clustering and mixture mod-
els. Of these methods k-means is most widely used, since it is relatively easy to apply and yields good

results (e.g. Michelangeli et al., 1995; Plaut and Simonnet, 2001; Straus et al., 2007; Dawson et al.,
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2012). With this clustering approach a regime pattern corresponds to the average over all datapoints
assigned to a cluster, which is not guaranteed to be a realistic flow pattern. In practice this is not
found to be an issue with the regimes corresponding to observed states. The k-means clustering
method is discussed in detail in Chapter 2 and is used in this thesis to identify the atmospheric

circulation regimes.

Hierarchical clustering, in the way it is used for regime identification, is a clustering method
in which each datapoint starts in its own cluster (Johnson, 1967). These clusters are then merged
pairwise to the closest cluster, where a new cluster centre is computed as the mean of the two merged
clusters. This is repeated until all data is merged into one cluster, forming a hierarchical tree of
clusters. One then has to decide on the desired clusters, with the cluster centres being the circulation
regime patterns, using some criterion. For example, Cheng and Wallace (1993) used reproducability
as a criterion for their three Northern Hemisphere regimes. This method has been used several
times (e.g. Toth, 1993; Casola and Wallace, 2007), but is not widely applied for the identification of

circulation regimes.

Where k-means and hierarchical clustering assign each datapoint to one regime only, mixture
modelling yields a probabilistic approach. It fits a number of (usually Gaussian) distributions to
the data, where the region of highest probability is then linked to the regime and each datapoint
has a probability of belonging to each of the regimes (e.g. Smyth et al., 1999; Hannachi and O’Neill,
2001). Similar to the approaches using the pdf, this method has the drawback that it struggles to
handle high-dimensional data, which is the main reason it is not widely applied. Nevertheless, such
a probabilistic approach might be desirable over a categorical, hard, assignment of the data to the

regimes and an alternative probabilistic regime assignment approach is considered in this thesis.

1.6 A Bayesian Approach to Hypothesis Testing

Once the regimes have been identified, it is the regime dynamics signal that is of interest. When
considering a model ensemble, the ensemble mean response is taken as the signal and compared to
observations. As the observations are impacted by noise there cannot be a perfect correspondence,
but if the model is good the observations should fall within the ensemble spread. For seasonal fore-
casts the correlation between (anomalies of) the ensemble mean and observations is often considered
as a skill measure (e.g. Weisheimer et al., 2019; Portal et al., 2022). In addition also the ensemble

spread is studied to verify the model shows reasonable dynamics compared to the observations.
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These are by no means the only or main aspects considered, but they are most relevant for the work

discussed in this thesis.

Having computed the ensemble mean as the model signal, one needs a statistical test to verify its
significance. The most common approach for this is null-hypothesis significance testing by computing
the p-value. However, this approach is by no means ideal and has various problems (Nicholls,
2001; Ambaum, 2010). The p-value indicates the probability of finding (or exceeding) the observed
correlation 7 given the null-hypothesis Hy of there being no relation P(r > ro|Hy) (Ambaum et al.,
2001). Smaller p-values indicate it is unlikely that there is no relation between the studied variables,
but this does not imply there is a relation. Thus the p-value does not give statistical evidence towards
there being a relation H, i.e. towards P(H|r > ro) (Wagenmakers, 2007). One can relate the p-value
to the probability of the hypothesis being true given exceedance of the observed correlation by using

Bayes Theorem
P(D\H)P(H)

P(H|D) = =5,

(1.2)

where D represents the data (here r > ry). Following the computation in Ambaum et al. (2001),
one finds that in addition to the p-value, also the odds ratio, i.e. the ratio between the probability
of the two hypotheses, is required. This shows that the p-value alone does not provide sufficient

evidence towards the truth of a hypothesis.

Besides this fundamental issue with the information contained in a p-value, there is also the point
of the threshold used to establish significance. Most studies use 0.05 as a level for significance, but a
value of 0.06 is not necessarily much worse. Furthermore, the obtained p-value can strongly depend
on the sample size, making it unsuitable as a test for many climate applications, where the timeseries
can be relatively short (Nicholls, 2001). One suspects that in most studies the computation of the
p-value is done out of habit, or because the editor or a reviewer asks for it, without actually thinking

through what one wants to achieve with it (Gigerenzer, 2004; Shepherd, 2021).

An alternative for the p-value in testing hypotheses against data is to consider the Bayes factor
(Kass and Raftery, 1995). It arises naturally from Bayes Theorem (1.2) by comparing two hypotheses

H, and Hs:
P(H,|D) P(D|Hy) P(H,) __P(Hy)
P(H,|D) ~ P(D|Hz) P(Ha) " P(Ha) (1.3)

This represents the odds-version of Bayes Theorem, stating that the posterior odds equal the Bayes
factor BF times the prior odds. This ratio between the probability of the data given two different
hypothesis (e.g. the null hypothesis and its complement) indicates which of the two is more likely,

with values above one indicating H; is more likely and conversely for Ho. The larger the Bayes
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factor, the stronger the evidence towards H;. In general, values of BF between 3 and 20 are said
to constitute positive evidence towards H;, while values over 20 provide strong evidence (Kass and

Raftery, 1995). However, these bounds should by no means be considered as absolute.

1.7 Outline of Thesis

This thesis is concerned with identifying a robust atmospheric circulation regime signal, with a focus
on the persistent dynamics and non-stationary variability. To that end we start with a chapter on
k-means clustering, which is the most commonly used approach for the identification of circulation
regimes. The clustering method is key to the regime dynamics identified and thus it is important
to understand how these methods work. This chapter does not present any new results, but merely
aims to explain the k-means clustering method used throughout this thesis. The three Chapters 3,
4 and 5 that follow apply this clustering method, and extensions to it, to identify the circulation

regimes and their persistent and non-stationary dynamics.

In the study of atmospheric circulation regimes a standard approach has developed and Chapter
3 is concerned with revisiting this procedure. In this standard approach the data is first projected
onto the leading Empirical Orthogonal Functions (EOFs), the dominant modes of variability, with
their evolution in time represented by the corresponding PCs, to reduce the dimension. Then often a
10-day low-pass filter is applied to remove high frequency variability and focus on the low-frequency
dynamics. Next, a k-means clustering algorithm is applied to this filtered data to identify (usually)
four regimes over the Euro-Atlantic sector. In reviewing this approach, we aim to answer two

questions:

1. What is the optimal number of circulation regimes over the wintertime Euro-Atlantic sector?

2. How persistent are the circulation regimes?

The first question is discussed by considering the common methods for identifying a suitable number
of regimes, adding the use of information criteria to the mix. In this respect the input data to the
clustering algorithm is considered, being PC data or gridpoint data. It is found that the data used
leads to different optimal numbers, where optimal refers to the regimes accurately representing the
data without overfitting. The standard four regimes are found to be optimal for PC data, while six
regimes is best for gridpoint data. The second question is discussed in the context of the use of a low-

pass filter to remove high frequency oscillations, which is contrasted to a time-regularised k-means
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clustering algorithm. This regularised clustering approach enforces a level of persistence which, for
a suitable constraint value, is found to not affect the regime occurrence rates, while increasing the
persistence. This in contrast to the use of a low-pass filter, which does alter the regime occurrence

rates.

In Chapter 4 we focus our analysis on the six regimes identified in Chapter 3 using gridpoint data.
Here, we are primarily concerned with the identification of robust (sub-)seasonal and interannual

regime variability signals, where the main questions being answered are:

1. Is the seasonal variability in regime frequency primarily due to background variability or do

other factors play a role?

2. What is the interannual regime frequency variability signal? Is there a predictable signal on

these timescales and does the signal-to-noise issue extend to the regime dynamics?

To answer these two questions a novel ensemble-regularised k-means clustering method is devel-
oped, enforcing a level of similarity between different ensemble members to identify a stronger
non-stationary signal. This regularisation results in a more pronounced non-stationary signal, where
information criteria are used to identify a suitable constraint value. The obtained seasonal variability
signal is for the most part determined by the background variability. The interannual non-stationary
signal is dominated by years with a very strong El Nino, when there is the strongest deviation in
regime frequency. Also the signal-to-noise problem in relation to the predictable regime signal is
discussed, where we find just as strong a predictable signal in reanalysis data as in the model. This
contrasts the presence of a signal-to-noise issue in an NAO-index and we discuss the relation between

this index and the regimes.

The persistence and non-stationarity results discussed in Chapters 3 and 4 have been obtained
using regularised k-means clustering methods. For such approaches a constraint parameter has to
be selected, where e.g. information criteria can be used to inform this choice. The aim of Chapter 5
is to study whether similar persistent and non-stationary results can be obtained using a sequential
Bayesian probabilistic regime assignment approach. This approach has the benefit of not requiring
any parameter selection, simply following the basic rules of probability. Furthermore, it allows for a
better understanding of the regime dynamics by not having a hard, categorical, regime assignment,
but a probabilistic one. In this chapter we again discuss some of the questions considered in Chapters
3 and 4, but using this novel regime assignment approach. Specifically, we focus our discussion on

the persistent (question 2, Chapter 3) and interannual (question 2, Chapter 4) regime dynamics
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obtained using the Bayesian regime assignment. The results are compared with those obtained in

Chapters 3 and 4, finding a higher persistence and comparable interannual variability.

At the end of this thesis the results presented in Chapters 3, 4 and 5 are discussed. In Chapter
6 the conclusions from the different chapters are summarized and linked, and directions for future

research are outlined.

1.8 Publications

The work discussed in this thesis has led to a number of journal articles. Most results discussed in
Chapter 3 are based on a paper published in the Quarterly Journal of Royal Meteorological Society
(QJRMS) (Falkena et al., 2020), building on the work presented in the MRes thesis by the thesis
candidate (Falkena, 2019). Chapter 4 is based on a second paper published in QJRMS (Falkena

et al., 2022). Finally, Chapter 5 is built from a manuscript submitted to the Journal of Climate.

The first draft of all papers, as well as the revisions and response to the reviewers comments,
have been written by the thesis candidate. The supervisors provided feedback on these drafts to
improve them, which were incorporated by the thesis candidate. It is estimated that the candidate

contributed around 90% of the work presented in these papers.
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Chapter 2

K-means Clustering

The main purpose of applying a clustering method to atmospheric circulation data is to identify
an underlying structure, helping to better understand the atmospheric dynamics and improve pre-
dictability. Clustering algorithms partition a dataset in clusters of data that within each cluster are
similar with respect to some measure, i.e. low within-cluster variance, but display clearly distinguish-
able features between clusters, i.e. high between-cluster variance. With e.g. data of handwritten
characters it is relatively easy to determine what a “correct” partition is, with the measures that are
used not being very sensitive to noise. For atmospheric data, which is strongly impacted by internal
variability, the separation between clusters tends to be less clear. This makes it more difficult to
identify the optimal set of clusters. The cluster structure also is more complex, which makes it

harder to separate the signal from noise.

As mentioned in Section 1.5, k-means clustering is one of the most commonly used methods
to identify atmospheric circulation regimes. K-means clustering has been used for a long time
in all sorts of applications, from image segmentation (Jain and Flynn, 1996) to studying genome
data (Baldi and Hatfield, 2002). It has been discovered multiple times in different contexts from
1955 onwards (Steinhaus, 1956; Lloyd, 1982; Ball and Hall, 1965; MacQueen, 1967). The k-means
clustering method is by no means perfect, but no single clustering algorithm proposed up to now has
been found to dominate over the other ones (Jain, 2010). Therefore, k-means clustering remains one

of the most appealing options due to its simplicity and proven success for numerous applications.

The aim of this chapter is to explain the basics of k-means clustering. We start by discussing

the method using a simple example and move on to the mathematical formulation. We then go
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through some extensions of k-means clustering, with special attention for a regularisation approach
of which variations are used in Chapters 3 and 4. Lastly, we discuss the relevance of a thorough
understanding of the data when applying clustering methods. Throughout this chapter we primarily
refer to clusters and cluster centres. In the chapters that follow these terms are used interchangeably
with “regimes”, where the regime pattern corresponds to the cluster centre and the cluster itself
consists of a subset of the data assigned to the respective regime. For all results considered in this
thesis the cluster centres represent realistic flow patterns (as based on visual inspection of numerous
atmospheric flow fields, not shown), although this is not guaranteed as the average itself is not

observed.

2.1 Method

To explain how k-means clustering works, we consider the example shown in Figure 2.1. The raw
data is shown in the top left panel. On the basis of the visualisation one would divide this data
into three clusters, as shown in the bottom left panel. The challenge of k-means clustering is how

to obtain such a partition of the data algorithmically. This can be done iteratively as follows:

1. Select three (random) initial cluster centres, indicated by the pluses in panel 1.

2. Assign each datapoint to the nearest cluster centre (with respect to some spatial distance

measure), as shown in panel 2.

3. Compute the new cluster centres as the average of all points assigned to each of the three

clusters, shown by the stars in panel 3.

4. As in step 2 and 3, assign each datapoint to the nearest cluster centre (panel 4) and compute

the updated cluster centres as the average of the data assigned to each of the clusters.

5. Repeat step 2 and 3 till convergence.

Following the procedure described above minimises the so-called k-means clustering functional

L, which is given by (Jain, 2010)

k
L=>" Y g(zn ). (2.1)

i=1 xz,€C;

Here z,, € R™ is a datapoint, 6; € R™ a cluster centre and g : R™ — R gives the distance between
the two. The clustering functional is the sum of distances between each datapoint associated with

cluster ¢ and the centre of that cluster C; over all k clusters. Minimisation of L yields a set of
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Figure 2.1: An example dataset to explain how k-means clustering works. The left two panels show
the raw data (top) and a clustering based on visual inspection (bottom). The right four panels go

through the steps of the k-means clustering algorithm.

clusters with low within-cluster variance and larger between-cluster variance, which is exactly what
the iterative k-means method described above achieves. Ideally, minimisation of L occurs when
all z, € ¢; are close to 6;, but far from all other 6;, j # 4, which in practice is not always as

straightforward.

There are a number of choices that have to be made when employing k-means clustering which
have not been mentioned yet in this explanation. The first choice is on the number of clusters k that
one wants to partition the dataset into. In the example in Figure 2.1 we decided to use k = 3 clusters
based on visual inspection, but this is not feasible for all datasets one might be interested in. The
common solution to this is to do the clustering multiple times for different values of k and determine
which of these partitions is the best following some metric, e.g. the partition with the lowest value
of the clustering functional L. A second choice that has to be made is about the distance to use,

where the standard Euclidian (or L?) distance
G0, 0:) = |20 — 03] (29)

has been used in the example. This is a frequently made choice and yields good results in many
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situations, but depending on the data other distance metrics ¢ might be more suitable.

The last yet crucial choice is about selecting appropriate initial cluster centres, which can strongly
impact the final clusters. In the shown example this may seem unlikely, but there are numerous cases
where this can be an issue, as k-means clustering is only guaranteed to find a local, but not global
minimum of L. For that reason it is common practice to run the k-means clustering algorithm
several times with randomly initialised cluster centres. Each of these runs has a corresponding
minimal value of the clustering functional L, which is a local minimum. The clusters corresponding
to the smallest local minimum value of L over all runs with different initial cluster centres are then
taken to be the optimal ones. That value of L is then considered as the global minimum, although

this cannot be proven.

2.2 Extensions of k-means Clustering

Many extensions of k-means clustering have been discussed in literature. Some of these primarily
focus on optimising the speed of convergence, for example by more efficiently assigning the data to the
clusters (Pelleg and Moore, 1999) or by refining the initial conditions used (Fayyad et al., 1998). The
latter approach has also been applied in some circulation regime studies with results comparable to
those obtained using standard k-means clustering (e.g. Amini and Straus, 2018). Other approaches
find the optimal number of clusters k automatically using a certain criterion (Pelleg and Moore,
2000) or consider the median of the data as the cluster representative instead of the mean (Kaufman
and Rousseeuw, 2005). Another ansatz to extend k-means is to add a constraint of some form to
the underlying optimisation procedure. This regularised version of the k-means clustering approach

is introduced in some more detail, as it forms the basis of the methods used in Chapters 3 and 4.

2.2.1 Regularisation Approach

When clustering is employed to identify atmospheric circulation regimes, a comparison with methods
for e.g. image segmentation as made at the start of this chapter might not be fair. In contrast to
some of the common areas in which clustering methods are applied, the data considered for the
regime identification has time as an extra dimension. The aspect of interest is the metastable
dynamics of the data, for which time is an essential component. The regularised (finite element)
approach proposed by Horenko (2010a) has been designed with exactly this time-aspect in mind.

The approach is not specific to k-means clustering, but can be applied in this context. Here, we
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introduce the concept of this method for the application of k-means clustering.

As discussed in Section 2.1, k-means clustering minimises the clustering functional L given in
Equation (2.1). To allow for a discussion of the regularisation approach and include time as a

dimension, here we consider
T k
L©.T) = [ ity b0)dt. (23)
0 =1

As before 6; is a cluster centre with © = {6;};=1,.. for k clusters and g is a distance functional.
Instead of n, time ¢ is used to identify the datapoints z; changing the sum to an integral (although
in practice it mostly still is considered as a sum, as measurements are taken at discrete times). The
new term I' = {7;(t)}i=1,... k.tco,7] With 7;(t) € R represents the cluster (or regime) assignment.
Each +,(t) lies between zero and one and for each time ¢ their sum over all clusters 7 equals one.
For k-means clustering 7;(t) is a indicator function, being one when the data at time ¢ belongs to
cluster ¢ and zero otherwise. However, in general this does not need to be the case, thus extending

the standard k-means approach.

The introduction of I' is required for the regularisation of the clustering method. There are two
ways in which this can be done. The first option is to add a regularisation term to the clustering
functional itself, e.g. L + fOT Zle €2(0,i(t))?dt (Horenko, 2010a). Secondly, one can impose a
constraint on ~;(t), e.g. fOT Zle [vi(t + 1) — v(t)| < C, which regularises the dynamics of the
underlying system using the cluster assignment. Both approaches typically yield the same result
when the regularisation parameters e and C' are chosen accordingly. The drawback of the first
approach is that the fuzziness of the results makes it harder to interpret them (de Wiljes et al., 2013).
In general it is more difficult to tune the € parameter as there is no physical interpretation. On the
other hand, the C parameter, used in the second approach, can directly be connected to shifts in the
metastability of the system and might even correspond to a variable that one has prior information
on. Therefore, in this thesis the second constrained regularisation is considered. Examples of such a
regularisation approach are the enforcement of more persistent dynamics by imposing a constraint
on the number of transitions between clusters (discussed in detail in Chapter 3, Section 3.3.1) or the
regularisation over a model ensemble to identify a more pronounced non-stationary regime signal
(Chapter 4, Section 4.2.2). Furthermore, a regularised approach has been applied to represent data
using regression model clusters with T' modelling the switches between them (Horenko, 20100). A
similar method has been applied to study the metastability of the southern hemisphere circulation

(O’Kane et al., 2013) and identify a circulation regime model of the NAO (Quinn et al., 2020).
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2.3 Importance of Understanding Data

With any clustering approach it is important to understand the data considered. Take for example
the data shown on the left in Figure 2.2. Standard k-means clustering fails to identify the two
clusters and when applied using & = 2 will simply split the data in half via some arbitrary middle
line (depending on the initial cluster centres). However, when one considers this data not in the
z-y-plane, but in radial coordinates, or projects the data onto the two leading eigenvectors, they
are clearly separate and k-means clustering will succeed in identifying the correct clusters. Hence
it is crucial to consider the nature of the data and to preprocess if necessary. This example also
indicates that not all data is suitable for k-means clustering and you first need to understand your

data before deciding on a suitable clustering method.
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Figure 2.2: An example of a dataset for which k-means clustering fails to identify the correct clusters
is shown in the left panel. By projecting onto the leading eigenvectors, shown in the right panel,

k-means clustering can identify the two clusters. Figure by Jain (2010).

Another aspect for which it is important to first study the data is the number of clusters. The
examples discussed so far had a clear correct number of clusters identifiable by visual inspection.
However, it is not always as clear what the optimal number of clusters is. Consider the example in
Figure 2.3 for which the data was generated with six clusters. If this information is not available, two
or five clusters also appear reasonable values to consider for the k-means procedure. The optimal
number of clusters can thus be ambiguous and depend on the features and information of interest.
Several methods can be used to identify a suitable number of clusters to consider, but in cases such

as the one shown in Figure 2.3 different methods may yield different results.
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(a) Input data (b) GMM (K=2) (c) GMM (K=5)

(d) GMM (K=6) (e) True labels, K =6

Figure 2.3: An example of a dataset, generated with six clusters (bottom right), where the optimal

number of clusters is not straightforward to determine. Figure by Jain (2010).

For datasets which can straightforwardly be represented visually, it is relatively easy to under-
stand what might be the suitable clusters (after some discussion when it is less clear). However,
for high dimensional datasets, such as the ones we will use for the regime identification, this is
more difficult. There are numerous options in which to visually represent the data and it is nearly
impossible to find a way of representing the data in which the clusters are clearly visible without an
understanding of the data. Considering the robustness of the clusters with respect to different initial
seeds can help understanding whether the obtained clusters are a real feature. For example, the
data shown in Figure 2.2 is likely to yield different clusters depending on the initial cluster centres,
while the results for the data in Figure 2.3 are quite robust. This does not make it easier to define
the best number of clusters to use, but it can help in determining whether the clusters for a given

k are reasonable.
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Chapter 3

Regime Identification Revisited

In this chapter the most commonly used approaches to circulation regime identification are revisited.
We discuss the clustering method, as well as the filtering of the data that is often done before applying
a clustering algorithm. Both can strongly affect the identified regimes. We start with a discussion
of the standard methods in Section 3.1, focusing on regime identification in the wintertime Euro-
Atlantic sector. Two aspects of this approach are then considered in the subsequent sections. Firstly,
we compare the use of principal component (PC) data with that of gridpoint data and discuss the
effect on the most suitable number of regimes and the regime robustness in Section 3.2. Secondly,
we study the effect of applying a low-pass filter to remove high frequency oscillations on the regime
dynamics and compare this with a novel time-regularised clustering method in Section 3.3. This
novel algorithm, which is explained in Section 3.3.1, does not change the data itself, but instead
enforces a level of persistence in the method for regime identification. Both comparisons give insight
into the effect of filtering the data, either by employing PC analysis or by using a low-pass filter,
before applying a k-means clustering algorithm. A summary and brief discussion are given in the

final Section 3.4.

3.1 What is the Standard Regime Identification Approach?

The standard method for identifying circulation regimes is k-means clustering (e.g. Michelangeli
et al., 1995; Straus et al., 2007), discussed in detail in Chapter 2. In addition to the clustering
method, there are choices that have to be made concerning the data to be used for clustering. The

raw data usually is in the form of gridpoint data, mostly on a longitude-latitude grid. Nearly always
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this gridpoint data is projected onto the first several Empirical Orthogonal Functions (EOFs), after
which the clustering algorithm is applied to the time series of the corresponding PCs (e.g. Vautard,
1990; Ferranti et al., 2015). EOFSs represent the dominant modes of variability, with the PCs
indicating their strength in time. They are a suitable way to reduce the dimensionality of the data,
while retaining most of the atmospheric variability. In addition to PCs some studies apply a low-pass
time filter to the data to remove high frequency, noisy oscillations and focus on the low-frequency
behaviour (e.g. Straus et al., 2007; Grams et al., 2017). This latter approach enforces a higher
persistence of the regimes compared to standard k-means clustering, which is independent of the
time-ordering of the data. Since the data that is put into the clustering algorithm is key to the

outcome (Section 2.3), it is likely that these decisions do affect the obtained regimes.

Clustering methods represent a projection of the data to a lower dimensional state space and
thus applying clustering to the already filtered data of PCs means a projection of the data is done
twice. Thirty years ago this approach was necessary, because computational limitations did not allow
using the full gridpoint dataset. However this is no longer a constraint. Nevertheless, most studies
continue to follow the original approach and use PCs. As EOFs give the modes associated with
the most variability, while clusters give the recurrent patterns, the means of dimension reduction is
quite different. The question thus arises of what the effect of this double filtering is on the resulting
atmospheric circulation regimes. Similarly, applying a low-pass filter to remove the high-frequency
behaviour before the cluster analysis also means the data is filtered twice. This is likely to not
only affect the persistence, but also the occurrence of the found regimes and possibly the clusters

themselves, thus raising the question of how strong this effect is.

Next to the initial projection and filtering of the data, also choices within the k-means clustering
method have to be made. The number of clusters k is set a priori, making finding the optimal
number of regimes part of the problem, as discussed in Section 2.1. The optimal number is one where
the regimes accurately represent the data, without over-fitting and possibly mistaking noise to be
part of the regime signal. Commonly-used methods to identify this optimum are the verification of
significance using synthetic datasets (e.g. Straus et al., 2007; Dawson et al., 2012; Straus et al., 2017),
using a classifiability index (e.g. Michelangeli et al., 1995; Plaut and Simonnet, 2001), and looking
at the similarity of runs with different initial conditions (e.g. Jung et al., 2005). For the wintertime
Euro-Atlantic sector most initial studies identified four as the optimal number of circulation regimes

and many subsequent ones have simply taken this and computed their own regimes using k = 4.

28



3.1.1 Data, Preprocessing and k-means Clustering

To assess the effect of using PCs and applying a low-pass filter, we detail the data and standard
method considered as a baseline in this chapter. We use 500 hPa geopotential height (z500) data
from ERA Interim on a 2.5° by 2.5° longitude-latitude grid for a domain covering the Euro-Atlantic
sector, 20° to 80°N and 90°W to 30°E (Dee et al., 2011). Daily data (00:00 UTC) is considered
for the months December through March using 39 years of data (1979 - 2018). Deviations from
a fixed background state are used throughout this period. The main argument for considering a
fixed background state instead of a seasonally varying one is that when applying cluster analysis the
data used is preferably as complete as possible to avoid any type of bias. This means that few to
no assumptions, such as a seasonal cycle, are made in preparing the data to retain the information
present in the data. Or, phrased differently, how can one compare two days if they are deviations
with respect to a different background state? The risk of this approach is that seasonality affects
the regimes that are found and introduces a bias in the occurrence and persistence. Thus there is
a trade-off to be made between obtaining as large a sample size as possible, using data for more
months, whilst minimizing such effects. The rationale for the choice of the period December-March
is based on the difference in background state between the different months and discussed in detail
in Falkena (2019) and the appendix to Falkena et al. (2020). Based on this analysis, we do not
expect the found regimes to be sensitive to the removal of the seasonal cycle. Differences in the
occurrence and persistence of the regimes cannot be ruled out and their dynamics throughout the

winter season is discussed in Section 3.2.3.

The method used for the identification of circulation regimes is k-means clustering (Jain, 2010).
That is, we minimise the clustering functional L given in Equation (2.1) using the standard Euclidian
distance (Le-norm) in Equation (2.2) weighted by the cosine of latitude (Chung and Nigam, 1999),
following the procedure discussed in Section 2.1. This method is applied to both the gridpoint
dataset, as well as the time series of the first 5, 10, 15 and 20 PCs. Furthermore, the method
is applied to the gridpoint data after applying a 5- and a 10-day low-pass filter to remove high-
frequency oscillations. Because k-means clustering can only identify local minima we run the k-
means clustering algorithm 500 times with different random initial conditions. The initial condition
at every location in space is drawn independently from a normal distribution around zero with the
same standard deviation as the data. Note that this means there is no correlation in space, so as to
not make any assumptions on the spatial patterns of the regimes. The tolerance used depends on k
and is 0.0001/k? for the gridpoint data and 0.001/k? for the PC data. A comparison between the

PC and gridpoint results is made in Section 3.2, while a discussion on the persistence and effect of
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the low-pass filter is given in Section 3.3.

3.2 Number of Regimes

This section focuses on the question whether the optimal number of regimes is different between
PC data and gridpoint data. We start with a discussion of information criteria, which are used
to inform the selection of a suitable k as done in the section that follows. The identified optimal
numbers of regimes differ between the two datasets, with k¥ = 4 found to be most suitable for PC
data, but k£ = 6 for gridpoint data. These two sets of regimes are compared in Section 3.2.3. We
end this section with a discussion of an alternative clustering method in Section 3.2.4 to establish

the robustness of the identified regimes.

3.2.1 Information Criteria

For k-means clustering the number of clusters k£ has to be set a priori and the question is how to
determine the best value for k. The main methods, as mentioned in Section 3.1, consider consistency
and robustness within the clustering algorithm results (e.g. Michelangeli et al., 1995) or compare
results with those obtained for synthetic datasets (e.g. Straus et al., 2007). An alternative method
is to use an information criterion (e.g. O’Kane et al., 2013), which is widely used in for example
biological sciences (e.g. Volinsky and Raftery, 2000; Posada and Buckley, 2004; Arnold, 2010). An
information criterion is a tool from model selection which is used to identify the optimal model
(Burnham and Anderson, 2004); it strikes a balance between how well the model fits the data
and the number of parameters needed, to prevent over-fitting. The optimal balance is where the
information criterion is minimal. As the clusters are effectively a model representing the data, the
concept can be applied here as well. Such a cluster model is described by the k cluster centres
and the assignment of the data to them. Specifically, the parameters are k times those needed to
describe the cluster centres and k — 1 (considering the cluster assignment as a k vector which sums
to 1) times the length of the time series. The information criterion tool for identifying the optimal
number of clusters has already been used in many applications and more theoretical studies (e.g

Fraley and Raftery, 1998; Chen and Gopalakrishnan, 1998; Cobos et al., 2014).

The two information criteria that are used most widely are the Akaike Information Criterion
(AIC) and the Bayesian Information Criterion (BIC) (Burnham and Anderson, 2004). The AIC is

based in information theory and is an approximation of how different two probability distributions
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(one for the data, one for the model) are (Akaike, 1973). It is given by
AIC = —2log(£(f|data)) + 2K, (3.1)

where £(0]data) is the likelihood of the optimal model § given the data, which measures how well the
model fits the data, and K the number of parameters in the model. That is, K = k-m+ (k—1)- T,
with m the dimension of the data, i.e. latitude times longitude or number of PCs, and T;,, the
number of time steps. In contrast the BIC is based on the limiting behaviour of Bayes estimators,

which minimizes the expectation value of the loss (e.g. error), and reads (Schwarz, 1978):
BIC = —2log(£(f|data)) + K log(n), (3.2)

where n is the sample size, here being the dimension of the data (number of gridpoints or number
of PCs) times the number of days T,,,.. Just as with the AIC, the BIC strikes a balance between the
(log-)likelihood, i.e. how well the clusters fit the data, and the number of parameters in the model.
For both the AIC and BIC we refer to the second term as the penalty term since it penalizes the

use of many parameters in finding the optimal model to prevent over-fitting.

To compute the values of both information criteria the log-likelihood is needed. Assuming the
errors of the model are independent and normally distributed the log-likelihood term can be written

as (Burnham and Anderson, 2004)

—2log(L(A|data)) = nlog(6?), (3.3)

where 62

= Y"¢2/n is the error variance for residuals &, the latter being the difference between the
cluster centres and the data for every grid point or PC. This allows for a straightforward compu-
tation of both information criteria using the clustering functional L. Note that the assumption of
independent errors might not be strictly true for gridpoint data, however the 2.5° resolution is ex-

pected to be sufficiently large for the above to be a reasonable approximation. For higher resolution

grids the dependence of errors can be an issue that would have to be taken into account.

The only difference between the AIC and the BIC is how they penalise the number of parameters
in the model. The penalty term in the BIC takes into account the sample size, while the term in
the AIC does not. This means the penalty term in the BIC is stronger with respect to the number
of parameters, accounting for an assumed higher variability in a high-dimensional dataset, which
increases the chances of over-fitting. To be physically plausible and useful the number of regimes
ideally is larger than two, to represent the circulation in sufficient detail, but small enough to allow
for an interpretable reduced description of the dynamics, i.e. roughly below twenty. Since the number

of parameters needed to identify a cluster centre is set by the dimension of the data, it is different
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Table 3.1: The values of the different terms in the AIC and BIC for both the PC and gridpoint data.

20 PCs (-10* + 26 - 10°) Gridpoint (-10* 4 17 - 109)
k —2log(£) 2K Klog(n) | —2log(£) 2K Klog(n)
2 14.04 0.95 5.46 153.59 1.44 11.2
3 12.50 1.90 10.9 132.75 2.63 20.5
4 11.33 2.85 16.3 117.22 3.82 29.7
5 10.43 3.80 21.8 105.11 5.01 39.0
6 9.68 4.75 27.2 95.29 6.20 48.3
7 9.16 5.70 32.7 88.41 7.39 57.5
8 8.70 6.65 38.1 82.30 8.58 66.8
9 8.27 7.60 43.6 76.68 9.77 76.1
10 7.89 8.55 49.0 71.68 11.0 85.4

between the PC and gridpoint data. This means that the suitability of the strength of the penalty
term in either of the two information criteria may depend on the data considered. The dimension
of PC data is significantly smaller than that of gridpoint data. As a consequence the penalty term
of the BIC is stronger relative to the log-likelihood term for PC data compared to gridpoint data.
This is illustrated in Table 3.1 using 20 PCs, which shows that the penalty term from the BIC is too
strong for the PC data, while that of the AIC is not strong enough for the gridpoint data. For this
reason the BIC is expected to not perform well for PC data, by which we mean that it will identify
a very low number of clusters k£ to be optimal. On the other hand, the penalty term in the AIC
likely is too weak to yield a realistic optimal k& for the gridpoint data. A high number of clusters is
expected to be found optimal, well beyond what is physically reasonable and suitable. When using
either of these criteria one always has to judge whether the result is sensible for the purpose of the

study.

3.2.2 What is the Optimal Number of Regimes?

The standard number of wintertime regimes identified over the Euro-Atlantic sector in literature
is four (e.g Vautard, 1990; Cassou, 2008; Dawson and Palmer, 2015) and few studies question this
number (e.g. Fereday et al., 2008). This optimal number of four clusters has always been found
in the context of PC data. The most-used argument for four regimes being optimal is based on

how consistent, or similar, the results of the k-means algorithm are for different (random) initial
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conditions. A way in which this is commonly assessed is the classifiability index introduced by
Michelangeli et al. (1995), which uses pattern correlation to determine how similar two sets of
regimes are. The value of the index is computed for both the data and a synthetic dataset with the
same statistics, to see whether there exists a k for which the result is significantly different from a
noise model. Another method to assess the similarity is to look at the assignment of the data to
the different regimes (Fereday et al., 2008). This similarity measure considers the regimes for all
data (instead of only their average) and thus possibly provides more information than the pattern

correlation.

Here we briefly examine the data similarity, as well as the spread in the clustering functional L
for the PC regimes with the main aim being to verify the reliability of the found regimes. Histograms
for AL = Lyyn — Liin, being the difference of L for each run with the minimal value over all 500
runs of the clustering algorithm with different initial conditions, and the number of days assigned
to the same regime (as the best result) are shown in Figure 3.1. The first aspect to note is that for
some k not only a global minimum is found, but also a local one (e.g. for k = 4 in Figure 3.1a). In
addition we see that the obtained regimes can be quite different in their assignment of data to certain
regimes, indicating the found regime patterns are significantly different. Instead of only combining
all accurate results (near the global minimum of L) by computing the average data similarity (similar
to the classifiability index Michelangeli et al. (1995)) we also look at its variance. The values for
k =3, ...,6, given on the left side of Table 3.2, show that the variance is lowest for k = 4, which goes
together with a high average. This is consistent with the results found in literature. Interestingly
the mean for k = 6 is slightly higher than found for k = 5, while the opposite would be expected as

more clusters allow for more variability.

Next we turn to the distribution of AL and the data similarity for the gridpoint data, as shown
in Figure 3.2. The first thing to note is that the distributions of AL look similar to those for the
PC data, indicating that using the high dimensional gridpoint data does not reduce the chance of
finding the optimal regimes. Some differences with the PC result do occur for the data similarity,
most notably the increased similarity for £ = 5. Looking at the results for the global minimum we
find that both k£ = 5 and k& = 6 show a smaller variance than k = 4, in contrast to the PC results.
Especially for k = 5 the difference is substantial. These differences indicate that by performing an
EOF analysis some information is lost, resulting in a stronger consistency of k-means for £k = 5 and

k = 6 when using the gridpoint data.

In addition we look at the results of the clustering algorithm for a subset of the data, which is a

standard approach to test the robustness of clustering methods (Jain, 2010). Here the results for the
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Figure 3.1: Histograms for the difference of the clustering functional with its minimum value AL =

Lrun -

20 PCs for k=3, ...,6.

Luin and the data similarity with respect to the optimal (minimal L) result using the first

Table 3.2: The mean (u) and variance per cluster (02/k) of the data similarity for data with

DL =L; — L;;, with 7 indicating a different initialisation of the clustering algorithm, where the L;

are sorted from small to large, below a set threshold for both the PC and gridpoint results. For the

gridpoint results also the values for the odd and even years are given. The number of runs that are

below the threshold is shown as well.
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20 PCs: DL < 0.01 Gridpoint: DL < 0.0005
All years All years 0Odd years Even years
k I o?/k  #data I o%/k  #data I o*/k  #data I o?/k  #data
3 | 4643 3649 254 4552 2109 485 2342 875 409 2246 140 156
4 | 4658 330 197 4607 1440 201 2359 452 248 2255 37 423
5| 4509 978 265 4660 149 204 2187 3564 274 2243 132 137
6 | 4571 1103 315 4581 790 316 2296 322 60 1911 10478 210
7 - - - 3686 37440 417 1998 12145 165 2113 1470 170
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Figure 3.2: Histograms for the difference of the clustering functional with its minimum value AL =
L;un —Lmin and the data similarity with respect to the optimal (minimal L) result using the gridpoint

data for k =3, ..., 6.

datasets of odd and even years are studied, as stationarity of the dataset cannot be assumed. The
data similarity and AL for these two subsets of the data are shown in Figure 3.3, with the mean
and variance of the data similarity given on the right side of Table 3.2. The differences between
the results for odd and even years are found to be large, indicating either £k = 4 or k = 6 having
the smallest variance. Also for k = 5 differences between the two sets of years are large. These
ambiguous results raise the question whether half the dataset is of sufficient length to draw reliable
conclusions about the clustering results. This also means that non-stationarity of the regimes due
to e.g. climate change is difficult to study accurately using clustering methods applied to reanalysis

datasets.

We refrain from drawing definite conclusions about the optimal number of clusters k from the
above discussion on consistency, as there is some debate about its suitability for this purpose (Philipp
et al., 2007). Instead, we use the AIC and BIC to identify the optimal number of regimes. The
AIC is used when considering the PC results, as it is expected to give better results in that case, as
discussed in Section 3.2.1. In Figure 3.4a the AIC is shown for using 5, 10, 15 and 20 PCs to identify
the circulation regimes. A minimum at k& = 4 is found when 20 PCs are used, although the AIC is
also small for £k = 3 and k = 5. For lower numbers of PCs the optimal number is found to be lower,
while a higher number of PCs leads to a higher optimum for k. This is to be expected because the

use of a limited number of PCs means that some variability of the original data is neglected. This
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Figure 3.3: Histograms for the difference of the clustering functional with its minimum value AL =

Lyun — Limin and the data similarity with respect to the optimal (minimal L) result using either the

odd (a,c) or even (b,d) years of the gridpoint data for k = 3, ..., 6.
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Figure 3.4: Information criteria for both the PC and gridpoint datasets for the range k = 2, ..., 10.
Both the AIC and BIC, as given in Section 3.2.1, are shown for the gridpoint data. For the PC data
only the AIC is shown.

loss of variability is larger when less PCs are used and as a consequence fewer clusters are needed to
account for the variability of the PC data. The BIC has its minimum at k = 2 for every number of
PCs considered, indicating the penalty term for the number of parameters is indeed too strong for
the PC data (Section 3.2.1). Based on the AIC we conclude that k = 4 is indeed the optimal number
when using 20 PCs, which corresponds with results from literature. However, for other numbers of

PCs the optimal k according to the AIC is different, meaning this conclusion is not unambiguous.

The optimal number of regimes identified by an information criterion when using the gridpoint
dataset is not the same. The BIC is more suitable for the gridpoint data than the AIC due to
the dependence of the penalty term on the sample size, making it stronger than the penalty term
of the AIC (Section 3.2.1). In Figure 3.4b both the AIC and BIC are shown for the gridpoint
data. The BIC points towards an optimum of ¥ = 6. The AIC does not show a minimum in the
range considered as the penalty term is not strong enough for the high dimensional gridpoint data.
Therefore, we base our decision on the optimal number of regimes on the BIC and find k£ = 6 to be

optimal.

3.2.3 Circulation Regime Patterns and their Dynamics

The regimes that are obtained by using 10 or more PCs and the gridpoint data are essentially the

same for the each k. Similarly, the occurrence rate and transition probabilities of the regimes do
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Figure 3.5: The clustering result of the standard k-means algorithm applied to the gridpoint data
for k = 4.

not differ substantially. In Figure 3.5 the four regimes known from literature (e.g. Hannachi et al.,
2012; Straus et al., 2007) are shown as obtained by applying k-means clustering to the gridpoint
data for k = 4. They are the Atlantic Ridge (AR), Scandinavian Blocking (SB) and the two phases
of the NAO. The transition probability of a regime to itself (or daily re-occurrence rate) and overall
occurrence rate of these regimes can be found in Table 3.3. The positive phase of the NAO is the
most frequently occurring regime, followed by SB. The high occurrence of the NAO+ regime may
reflect the fact that it is the only regime associated with a northern low pressure area. Both phases of
the NAO are found to be most persistent, i.e. transition to themselves with the highest probability,
while the AR exhibits the least persistence. We note that the occurrence rates obtained are similar

to those found in literature despite not using a seasonally varying background state.

In Figure 3.6 the regimes found using k-means clustering on the gridpoint data for k£ = 6 are
shown. The first four regimes are in essence the same as those found for k = 4 (compare with Figure
3.5). Small differences occur in the location of the maximum high or low z500 area for the AR
and NAO+. The two additional regimes have a low pressure area either in the central Atlantic or
over Scandinavia. The first thus can be identified as the opposite phase of the AR with a pattern

correlation of -0.57 and we refer to it as AR—, while the original regime is denoted by AR+. Similarly
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Figure 3.6: The clustering result of the standard k-means algorithm applied to the gridpoint data
for kK = 6.

Table 3.3: The values of the occurrence rate, self-transition probability, e-folding time and average

regime duration for both k =4 and k = 6.

k=4 AR SB NAO+ NAO-

Occurrence (%) 213 26.8 31.5 20.4
Self-Transition Probability | 0.756 0.792  0.850 0.849

e-Folding Time (days) 3.6 4.3 6.2 6.1
Average Duration (days) 4.1 4.8 6.7 6.6
k=6 AR+ SB+ NAO+ NAO- AR- SB-
Occurrence (%) 15.6 19.6 16.9 15.5 16.3 16.1

Self-Transition Probability | 0.712 0.748  0.751 0.847  0.787 0.730
e-Folding Time (days) 2.9 34 3.5 6.0 4.2 3.2
Average Duration (days) 3.5 4.0 4.0 6.5 4.7 3.7
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we refer to the second additional regime as SB—, as it represents the opposite phase of the SB regime
(from now on denoted by SB+), where the pattern correlation -0.49 is slightly lower. Note that the
pattern correlation of the two phases of the NAO is higher for k& = 6, with the value being -0.93,
versus -0.59 when using & = 4. The use of six clusters thus introduces a pleasing symmetry in the
found regimes, with an equal number of regimes having a high and low 2500 area in the north of the

domain.

The occurrence rate and self-transition probability of the six regimes show different behaviour
than found for £ = 4, as can be seen in Table 3.3. Instead of the NAO+ regime, the SB+ regime
is found to be the most frequently occurring regime. The NAO+ is the second ranked regime in
occurrence, albeit with a small but significant difference relative to SB+. The other four regimes
show similar occurrence rates. When looking at the self-transition probabilities, NAO— remains the
most persistent, with exactly the same probability. The NAO+ regime however does lose some of its
persistence, reducing its self-transition probability to a rate similar to that of SB+. AR— is found
to be the second most persistent regime and the AR+ regime remains the least persistent. In Table
3.3 the e-folding time and average regime duration computed using the self-transition probability

are also given for reference (see Appendix A for details).

Since a constant background state (fixed climatology) is assumed instead of a seasonal varying
one, there is variability in the occurrence and transition probabilities throughout the season. As
discussed, the regimes found do not change significantly if a seasonal cycle is subtracted. How-
ever, there may be slight changes in the occurrence and persistence of some of the regimes. In
Figure 3.7 the occurrence rates and self-transition probabilities throughout the winter months are
shown for both £ = 4 and £k = 6. Some regimes, like AR for k£ = 4, show consistent behaviour
throughout all months, while others, like AR— for k = 6, exhibit significant changes in occurrence
and self-transition probability throughout winter. Note that for most regimes the occurrence and
self-transition probability co-vary. This variation could reflect the effect of the seasonal cycle in the

data, as well as intrinsic variability in the regime behaviour.

3.2.4 Robustness Verification using Spectral Clustering

One of the drawbacks of k-means clustering is that it always converges to a set of clusters, inde-
pendent of what the probability density function (pdf) of the system looks like. It converges to a
local minimum and only in very simple cases it might be possible to tell whether this is a global

minimum. Another method of clustering is spectral clustering. This is a graph based clustering
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Figure 3.7: The occurrence rates and self-transition probabilities of the different regimes for k = 4
and k = 6 for the clustering results throughout the winter months. The error bars indicate the
maximum and minimum value of occurrence/transition probability for clustering results with a

slightly smaller L (the used bound on AL is 0.002).

method where the associated function that needs to be optimized is convex. The advantage is that
it always yields the same clusters (within accuracy bounds). Another drawback of k-means is that it
makes (implicit) assumptions about the shape of the cluster by the choice of the norm. In Figure 2.2
(Section 2.3) an example of a dataset for which k-means clustering fails is shown. For this dataset
spectral clustering does identify the correct clusters. Spectral clustering thus does not suffer from

these two drawbacks of k-means clustering.

To verify the robustness of the regimes identified using k-means clustering we apply spectral
clustering to the gridpoint data. This can help to indicate whether k-means clustering is indeed

suitable for regime identification, i.e. whether the assumption of spherical clusters is realistic. First,
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the basics of spectral clustering are explained, where we follow Von Luxburg (2007) and focus on
the relevant aspects for the application to atmospheric circulation regimes. Next we turn to a brief

discussion of the results when applied to atmospheric circulation data.

Where one considers individual datapoints in the context of k-means clustering, one focuses on a
graph representing the batch of data for spectral clustering. The first step thus is to create this so-
called similarity graph, which can be represented by a graph Laplacian matrix. The graph Laplacian

then is used for the spectral clustering. The spectral clustering algorithm itself consists of two steps:

1. Compute the eigenvalues and eigenvectors of the graph Laplacian.

2. Apply a k-means clustering algorithm to the rows of the matrix with the first k eigenvectors

as columns, where k is the number of clusters.

The graph Laplacian fully determines the outcome of the described spectral clustering approach.
Therefore its definition needs to be considered thoroughly, as it can strongly impact the obtained

clusters.

To obtain the graph Laplacian we start by considering the similarity graph. In such a graph each
vertex represents a datapoint. Two vertices are connected if the similarity between the corresponding
datapoints is positive or larger than a certain threshold. The edge between two connected vertices
is weighted by the value of this similarity. There are different choices possible for the definition of
the similarity between two datapoints, the clearest of which are related to the distance between the
two points. The smaller the distance, the more similar two points are. For the spectral clustering
of circulation regimes a fully connected graph is used. The similarity between datapoints z; and x;

we consider is given by

[E2 *fvjllz)

= (3.4)

s(x;, x;) = exp ( —
Here o affects how quickly the similarity falls off with increasing distance. It is a tuning parameter
that can be used to optimise the obtained clusters. Alternative graphs are for example the e-
neighbourhood graph, where all points with distance smaller than € are connected, or the k-nearest
neighbour graph, connecting each vertex to its k-nearest neighbours. The choice for the level of
connectedness is a direct result of the nature of the considered atmospheric data, having a strong
similarity between data of subsequent timesteps. This means that a graph that is not fully connected

will predominantly connect the data in time and thus limit the possibility of switching regimes.

The similarity graph can be represented by an adjacency matrix W = (wy;); j=1,....n, Where

wi; # 0 gives the weight of the edge when two vertices are connected and w;; = 0 if they are
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not connected. For an undirected graph, where the edges do not carry a direction, this matrix is
symmetric. In our case the weights are given by the similarity as defined in Equation (3.4), i.e.
w;; = s(x;,x;). The other matrix of relevance to compute the graph Laplacian is the degree matrix

D, which has the degrees of the vertices, given by
di = Zwij, (35)
j=1

on the diagonal. With the adjacency matrix W and degree matrix D, one can compute the graph
Laplacian. There are several versions of the graph Laplacian. Here three, which all have been used

in spectral clustering, are discussed. Firstly, there is the unnormalised version:
L=D-W. (3.6)
Secondly, there are symmetric and non-symmetric normalised versions of the graph Laplacian:
Loym = D7Y2LDY2 = 1 - D712 D~1/2, Lyw=D'L=1-D"'W, (3.7)

The non-symmetric normalised graph Laplacian L., is closely related to a random walk (rw). The
decision on which of the three matrices to use for spectral clustering is predominantly determined

by computational arguments, as they all yield the same result.

In the definition of the similarity between datapoints the choice of the tuning parameter o is
very important. As shown in Figure 3.8 for a toy example of two clusters, selecting the wrong o
can result in identifying incorrect clusters. When the data is strongly separated in different clusters,
making a sensible choice of ¢ can be done by considering the eigenvalues. When they are all close
to zero o is too small (Figure 3.8d), when nearly none are close to zero o is too large (Figure 3.8f).
For data that is not as clearly separated as in this toy example the choice is not as clear. A possible
solution is to make ¢ locally dependent, i.e. self-tuning (Zelnik-Manor and Perona, 2005). That is,
for s(z;,x;) set

20% = ||z — auml - 1oy — zall, (3.8)

where x5/ is the M-th neighbour (in distance) to ; ;. This introduces a choice of M instead of o.
However, the eigenvalues are more consistent for different choices of M compared to o and therefore
this is the approach that is used here to study the identification of atmospheric circulation regimes

using spectral clustering.

After considering the spectrum and the AIC and BIC, we apply the spectral clustering algorithm
with M = 7 to the gridpoint data. The results are found to not be very sensitive to the exact value

of M. As for the standard k-means approach, we consider the AIC and BIC to identify the optimal
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number of regimes to be considered. Both are shown in Figure 3.9, with the BIC showing a clear
minimum for & = 5. This is between the optimal values of k = 4 for PC data and k = 6 for gridpoint
data identified in Section 3.2.2. The corresponding regimes, computed as the mean over all data
assigned to each of the clusters, are shown in Figure 3.10. The AR+, SB+, NAO— and SB— are
very similar to those identified for k = 6 (Figure 3.6), whereas the fifth regime (here referred to as
NAO+) lies between the &k = 6 NAO+ and AR— regimes.

However, we cannot interpret the regimes in the same way as for k-means clustering as the shape
of the clusters is unknown. For example, the means of the data assigned to each of the two clusters
in the example shown in Figure 3.8 are similar. This makes it difficult to interpret the cluster centres
in the same way as in k-means clustering, as it is not clear how representative they are for the data
in each cluster. The physical relevance of the regime representation thus is difficult to establish for

spectral clustering and we refrain from considering these regimes for k = 5 further.

Considering the cluster centres of the spectral clustering results for £ = 4 and k = 6, which are
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Figure 3.8: A toy example applying spectral clustering using different values of o to define the
similarity between datapoints. The obtained clusters are shown in (a-c) and the corresponding

eigenvalues in (d-f).
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Figure 3.9: The AIC and BIC for spectral clustering of gridpoint data.
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Figure 3.10: The regime centres as obtained using spectral clustering for k£ = 5.
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shown in Figure 3.11, we note that they do not differ strongly from the regimes identified using
standard k-means clustering. This increases the confidence in the k-means clustering results, as
similar regimes can be obtained using a different approach. It also indicates that the data belonging
to the regimes is relatively spherically distributed, with spectral clustering mainly assigning data at
the edge to a different regime. Both these points indicate that the regimes identified using k-means

clustering are robust.

3.3 Persistent Regimes

The previous section discussed the robustness of the circulation regimes, comparing the common
used approach by projecting onto EOFs with the use of gridpoint data. The second aspect of the
data filtering that is often applied prior to clustering the data is a low-pass filter. The aim of this is
to filter out high-frequency dynamics and focus on the slower, low-frequency dynamics represented
by the regimes. In this section we discuss an alternative approach that does not alter the data itself,
but instead incorporates a persistence constraint in the clustering approach. This regularisation
is based on the methods discussed in Section 2.2.1. We start with a detailed discussion of the
regularised clustering method (Section 3.3.1), followed by an application to the Lorenz 63 system to
show its effect (Section 3.3.2). Then the method is applied to identify the circulation regimes and
their dynamics, comparing with the results obtained by first applying a 5- or 10-day low-pass filter

to the data followed by a standard k-means clustering algorithm (Section 3.3.3).

3.3.1 Time-regularised k-means Clustering

The standard k-means clustering algorithm has been described in Chapter 2, including a brief
discussion of regularisation approaches. Here, we introduce a time-regularised clustering approach
in more detail, repeating some of the aspects mentioned in Chapter 2 for completeness. Given a
dataset {x;}i<r € R™, with ¢ time, m the dimension of the data and T the span of the data in
time, the aim of any clustering method is to find a set of k£ cluster centres that accurately describe
the dataset based on some measure. Let © = (61, ...,0;) be the set of parameters describing the k
cluster centres. Here © represents the different circulation regimes for z500 anomaly data {z;}i<7.
To assess how well the cluster centres represent the data, a model distance functional g(z,0;),
giving the distance between a cluster centre and a datapoint, is required. We use the Ls-distance

weighted by the cosine of latitude (Chung and Nigam, 1999) as for the standard k-means approach.
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Figure 3.11: A comparison between the sets of regimes obtained using spectral clustering (colours)

and standard k-means clustering (contours) for either four or six regimes.
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In addition we consider the affiliation vector I' = (y1(t),...,7%(t)), which indicates the weight of a
certain cluster at some point in time. In practice 7;(t) is nearly always either zero or one, indicating
to which cluster that point belongs. This is because a linear optimization problem always has an
optimal solution on the boundary of the admissable set (Cottle and Thapa, 2017). For this reason
the affiliation vector is in general not considered when k-means clustering is discussed (Section 2.1).
Here we do consider this vector because it allows for the incorporation of persistence in the clustering

procedure, following the discussion on regularisation in Section 2.2.1.

The task of identifying the atmospheric circulation regimes best representing the data means one
has to find the optimal parameters for the cluster centres © and the affiliations of the data I'. This

is done by minimizing the averaged clustering functional (Franzke et al., 2009)

T
L(O,T) =Y Y vi(t)g(ws, 0:), (3.9)
t=0 =1
subject to
k
D oyit)=1, We0,T], y(t)>0, Vte[0,Ti=1,..,k (3.10)
1=1

This is what the k-means procedure explained in Section 2.1 is doing implicitly, where ~;(¢) is
assumed to be zero or one. Finding the minimum of this functional minimizes the within-cluster
variance, as L is a measure of the distance between the cluster centres and the datapoints assigned
to it. Because the within-cluster variance is minimized simultaneously for all clusters, the distance
between datapoints assigned to different clusters becomes large. In other words; the between-cluster

variance is maximized.

This clustering functional does not yet incorporate any persistence; an arbitrary reshuffling of
the data leads to exactly the same result. To include persistence in the clustering method we add
a constraint on I' that limits the number of transitions between regimes that is allowed (de Wiljes
et al., 2014). This constraint on the number of transitions between regimes, or switches, that are

permitted throughout the whole time-series is:

k T-1

DD i+ ) = u® <O, i=1,k, (3.11)

i=1 t=0
for some constant C'. The value of C gives twice the number of switches allowed (for a transition
61 — 05 both the switch out of 1 and the one into 65 are counted), so e.g. an average cluster length
of five days corresponds to C' = 2 x #days/5 ~ 1900. In Table 3.4 the average regime duration
corresponding to several values of C is given. Note that for a first-order Markov process, which is a
relatively accurate assumption for the unconstrained regime dynamics, the average regime duration

T, can be related to the e-folding time scale T, according to T,, = 1/(1 — p) and T, = —1/log(p),
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Table 3.4: The value of C' with corresponding average regime duration.

C ‘600 800 1000 1200 1400 1600 1800 2000 2200

Average Duration (days) ‘ 15.8 11.8 9.5 7.9 6.8 5.9 5.3 4.7 4.3

where p is the self-transition probability (a discussion of this is given in Appendix A). Hence T is
slightly shorter than Ty, (e.g. 4.8 days for an average duration of 5.3 days), and they approach each
other as p — 1. The rationale behind the introduced regularisation constraint is that in a chaotic
atmospheric circulation not every datapoint can be straightforwardly assigned to a cluster. Some
datapoints can be in-between clusters or outliers, e.g. transitioning between clusters or extreme
events. K-means clustering assigns these points to the nearest cluster (by distance), while it can be
more sensible to assign them to the same cluster as their neighbours if the distance to that cluster
is also quite small. This is exactly what the constraint in Equation (3.11) is doing for reasonable

values of C.

The minimization of the clustering functional L taking into account the persistence regularisation

is done in two steps which are iterated until convergence:

1. For fixed ©, minimize L over all possible values of T'.

2. For fixed I', minimize L over all possible values of ©.

The first part is done by linear programming using the Gurobi package for python (Gurobi Optimiza-
tion LLC, 2019). The second part is done by k-means clustering. The computation is terminated
when the difference between consecutive L becomes smaller than a set tolerance. As with standard
k-means clustering, the regularised version is not convex and converges to a local, not global, mini-
mum (Metzner et al., 2012). Therefore, the algorithm including the persistence constraint is run 100
times with different initial conditions; the reduced number of runs compared to standard k-means
clustering is due to increased computation time by the incorporation of linear programming, which
is similar for the PC and gridpoint data. The final result is chosen to be the one with the smallest

clustering functional L.

To make the effect of the incorporation of this constraint on the final clustering result more
insightful a simple toy model is presented. Consider a system of three 2D clusters which are normally
distributed around their respective centres x;, each with a different variance v;; x; = (0.2,0.4),

vy = 0.012, x2 = (0.8,0.3), v3 = 0.018 and x3 = (0.7,0.9), v3 = 0.01. They transition into each
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other according to a persistent transition matrix,

0.92 0.02 0.06
T=1004 095 001 |, (3.12)
0.02 0.1 0.88

meaning there is a high probability of a cluster transitioning to itself. A time series of 5000 steps
for this toy example is generated. As the focus in this section is not on identifying the number of
regimes, we use the true number of £k = 3. Both a standard and regularised k-means clustering

algorithm are run, where a constraint of C' = 252 is used (obtained by trial and error).

The clusters are shown in Figure 3.12a. When applying the standard (unconstrained) k-means
algorithm the data that are assigned to the wrong cluster are located in-between the different clusters.
In the assignment of the data to the clusters this leads to sudden jumps into one cluster and directly
back to the original cluster, as can be seen in Figure 3.12b, which leads to the identification of a too
short persistence. When the persistence constraint is incorporated many of the wrongly assigned
datapoints are now assigned to the correct cluster. Furthermore we see that the short transitions
into and directly out of a cluster are removed. Thus the persistence obtained using the regularised
algorithm is closer to that of the real system. Note that despite the algorithm not enforcing a
hard regime assignment, this is what is observed in the toy example. This is because the algorithm
converges to solutions on the boundary of the admissible set (Metzner et al., 2012). The same is
true when the more complex Lorenz 63 dynamics (Lorenz, 1963), discussed in the following section

to identify some of the limitations of the method, and circulation regimes are considered.

3.3.2 A Simple Example: Lorenz 63

The Lorenz 63 system (Lorenz, 1963) is one of the most well-studied low-order systems derived from
geophysical fluid dynamics. It exhibits regime behaviour, as well as chaos, making it a suitable
system to test the performance of clustering methods (e.g. Hannachi and O’Neill, 2001), but also to
use as an analogue for more complex systems in climate. For example Corti et al. (1999) used this
regime feature to interpret the effect of climate change on atmospheric circulation regimes. Here we
apply the two clustering approaches, standard and time-regularised k-means, to different realisations

of the Lorenz 63 system. This allows for testing the accuracy and reliability of the methods used.

50



2.00
1.75
1.50

5125

8 1.00

%

=3
5 0.75

0501 __ Truth

0.25 Standard
—— Persistent

0.00

-0.2
-0.2 0.0 0.2 04 06 08 1.0 1.2 1000 1025 1050 1075 1100 1125 1150 1175 1200
X Time

(a) The datapoints wrongly assigned by (b) A part of the transition sequence which indicates in which
standard k-means clustering are shown in cluster the data belongs. The truth is shown in green (dash-
orange (Y-shape) and the points that are dotted, visible on the very right), in orange (dashed) is the re-
still wrongly assigned when the persistence sult for standard k-means and in blue (solid) the result when
constraint is incorporated are shown in red the persistence constraint is incorporated. Note that the lines

(inverted Y-shape). overlap most of the time.

Figure 3.12: The toy model (a) showing the clusters in blue, green and purple and (b) the assignment

of the data to the different clusters in time.

The equations of the Lorenz 63 system are (Lorenz, 1963):

de el

T ox + oy,

d

d—z =—xz+rx—y, (3.13)
d

d—j:xy—bz.

Here o, r and b are parameters. The standard values used by Lorenz are o = 10, »r = 28 and b = 8/3
and give the well-known butterfly. We stick to these values here. The system is integrated using a

standard Euler scheme with time steps of 1072 for 10 steps.

We apply the standard k-means clustering algorithm to several realisations of the Lorenz 63
system (different initial conditions) projected onto either the y-z-plane or the z-z-plane. Mostly
the clusters found in the y-z-plane correspond to the “correct” clusters, being the two wings of the
butterfly separated by the line y = 0, as can be seen in Figure 3.13a. On the other hand, when
the k-means algorithm is applied to the corresponding x-z-data the result is not as good, since it
fails in identifying the two wings of the butterfly as the clusters, now separated by the x = 0 line
(Figure 3.13b). The standard k-means algorithm thus fails to correctly identify the two wings of the
butterfly in the Lorenz 63 system when only z and z data is taken into account. This could reflect
in the results for atmospheric circulation regimes, as it is impossible to take into account all relevant

dynamical factors.
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To improve the result of the k-means algorithm for the z-z-plane we explore two methods that
enforce consistency in time of the clustering result. The first method is to apply a low-pass filter to
the data getting rid of high-frequency oscillations. The second method is to include a persistence
constraint in the k-means algorithm itself as discussed in Section 3.3.1. For both approaches a
parameter has to be chosen. For the time-filter this is the cut-off frequency and for the time-
regularised algorithm this is the value of the persistence constraint. Here we set the cut-off frequency
for the time-filtering to 150 time steps, being the equivalent of a 10-day filter used for atmospheric
circulation data. The value of the persistence constraint is determined using an information criterion
(see discussion in Section 3.2.1). Both the AIC and BIC are explored, where the BIC is found to
yield better results. When the two criteria differ in the location of their minimum, the clusters for
the BIC-minimum are closer to the best result as identified by visual inspection than those for the
AIC-minimum. Note that the information criterion approach can also be used to determine the

optimal cut-off frequency for the time-filtering.

For the same realisation as in Figure 3.13 the results for the time-filtered data and clustering
using a time-regularisation are shown in Figure 3.14. Both results show a clear improvement with
respect to the standard approach in Figure 3.13b. The result for the time-filtered data shows a
slightly different assignment of data to clusters for the transition trajectories, but other than that
the results of both methods are as desired. We note that for this realisation of the model the BIC

shows a clearly identifiable minimum, which is not always the case.
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(a) y-z-plane. (b) z-z-plane.

Figure 3.13: Clustering of the Lorenz 63 system in either the y-z- or z-z-plane. The dots show the
datapoints of the simulation of the model and the colours indicate to which cluster these points are

assigned.

52



The discussed results show a realisation of the model in which both methods work nicely. How-
ever, this is not the case for every realisation of the Lorenz 63 model. Already when applying
k-means clustering to the y-z data the correct clusters are not always identified, as can be seen in
Figure 3.15a. This result likely improves if more data is included, but as a limited amount of data
is one of the difficulties of real world clustering it is important to note this limitation. Furthermore
the BIC does not always point towards the correct result, which can be seen in Figure 3.15b. By
looking at the clusters for different values of the constraint it is possible to identify a better value,
but as this is impossible for the high-dimensional atmospheric data in which the circulation regimes
are identified, this is not a desirable option. We note that also for the time-filtered data the result
is not always as good as shown in Figure 3.14a, although in general it is slightly more robust than

the results for the time-regularised approach.

Applying the clustering methods used to identify circulation regimes in atmospheric data to the
Lorenz 63 system teaches us to be careful in relying too much on the outcome of the algorithm.
Even for the simple Lorenz 63 system the clustering algorithm does not always identify the correct
clusters. For the even more complex atmospheric data in which the circulation regimes are identified,
this is likely an even larger difficulty. This does not mean the result is not useful, but it is important
to be aware of the limitations of the method. The data close to the cluster centres is always assigned
correctly, but there is a substantial uncertainty in assigning the data further away from the cluster

centres. Thus it is important to be careful when applying k-means clustering and not blindly trust

Time-filtering C=65
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(a) Applying a low-pass filter to the data for a cut-off (b) Incorporating a persistence constraint in the clus-

frequency of 150 time steps. tering algorithm.

Figure 3.14: Clustering of the Lorenz 63 system in the z-z-plane using different methods to enforce

persistence.
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(a) Standard k-means applied to the y-z-data. (b) Incorporating a persistence constraint in the clus-

tering algorithm.

Figure 3.15: The clustering approaches discussed do not always identify the correct clusters.

the result, especially as the method assigns every datapoint to a cluster even if it actually is in-
between different clusters. Both the application of a low-pass filter, as well as the incorporation of

a persistence constraint improve this aspect of the k-means result.

3.3.3 Persistent Regime Dynamics

In Section 3.3.1 a time-regularised, or constrained, clustering method to enforce persistence of the
atmospheric circulation regimes has been discussed. An alternative method to obtain more persistent
regime dynamics is the standard approach of applying a time-filter to the data. The regime patterns
found using these two methods do not differ substantially from those found and discussed in Section
3.2. When a low-pass filter is applied to the data the regimes are found to be slightly weaker, meaning
the maximum and minimum geopotential height anomaly are smaller, but they do not show a visible
difference in the configuration of high and low z500 anomalies. For the results using a persistence
constraint differences in the regimes only emerge for very strong (unrealistic) constraint values in the
form of slight shifts in the location of the centres of high and low z500 regions. For weak (realistic)
constraints the regimes found are the same as for the unconstrained method and no weakening is
found. By a ‘realistic’ constraint we mean one that does not force datapoints into regimes which
are a large distance away, but only switches those datapoints that are in-between different regimes,
as can be seen in the toy example in Section 3.3.1. In practice these are constraints corresponding
to an average regime duration below circa 9 days (the corresponding C' can be found in Table 3.4).

Note that the average regime duration averaged over all unconstrained regimes following Table 3.3
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is 5.5 days for k = 4 and 4.4 days for k = 6, which means the persistence constraint will only affect

the result when it is below either C ~ 1800 or C' = 2200 for k = 4 or k = 6 respectively (Table 3.4).

The effects of the time-filtering and time-regularised method on the self-transition probabilities
are shown in Figures 3.16a (kK = 4) and 3.16b (k = 6). On the left of each panel the results for
the constrained algorithm are shown for various C' and as expected the self-transition probability
increases with decreasing C'. The smaller the value of C, the less switches between regimes are
allowed. The increase of the self-transition probability with decreasing C' is approximately linear for
all regimes, and starts at the ‘raw’ self-transition probability of the regimes. Consistently with the
values computed using the average regime duration in Table 3.3, we find that the constraint starts
to affect the self-transition probabilities around either C' = 2200 for k = 6 (4.3 days) or C' = 1800
for k = 4 (5.3 days). Note that when the constraint starts to affect the results the regime dynamics
can no longer be described as a first-order Markov process and care must be taken interpreting the

average regime duration and corresponding self-transition probabilities.

Comparing the results for time-filtered data with those of the constrained method in Figure 3.16
we see that using a 5-day low-pass filter corresponds to a constraint value of roughly 2000 for k = 6
and 1400 for k = 4. This difference is mainly due to the stronger effect of the constraint for a larger
number of clusters. For the 10-day filter the corresponding values of C' are approximately 1400 and
1100 for kK = 6 and k = 4 respectively. Note that the self-transition probability of certain regimes
differs slightly between the two methods. For example, the AR+ regime is found to increase its

self-transition probability relatively stronger for the time-filtered data.

The occurrence rates of the different regimes are shown in Figures 3.16¢ and 3.16d for k£ =
4 and k = 6 respectively. We start by looking at the results of the time-regularised algorithm.
The occurrence rate remains the same as for the unconstrained data, even for constraint values
significantly stronger than the ‘raw’ persistence of the data. Only for very low C (strong constraints)
do the occurrence rates start to differ. This indicates that the method indeed causes a switching
of the ‘in-between-cluster’ points to the cluster of their neighbours instead of the cluster they are
slightly closer to, as expected from the results of the toy model (Section 3.3.1). We regard the
constraint as being ‘weak’ so long as the occurrence rates are not affected, and helping to identify
true physical persistence. For these values of C we consider that the persistence constraint acts as a
good filter, indicated by the gray bands in Figure 3.16. In contrast, the results for the time-filtered
data show significant differences in the occurrence rates of the regimes. Especially for the 10-day
filter the differences for e.g. the AR+ regime (k = 4) or the NAO+ regime (k = 6) are substantial.

As this is the standard filter used in literature (e.g. Straus et al., 2017) it raises the question of how
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Figure 3.16: The occurrence and self-transition probabilities of the different regimes for k = 4 and
k = 6 for the clustering results including the persistence constraint depending on the value of C'
(corresponding average regime durations can be found in Table 3.4). To the right the values for
the unconstrained algorithm (field) and the 5- and 10-day low-pass filter are shown. The error bars
indicate the maximum and minimum value of occurrence/self-transition probabilities for clustering
results with a slightly smaller L (bounds for the difference are {0.00968, 0.00936, ..., 0.00232, 0.002,
0.002, 0.002} decreasing with increasing C, which are chosen sufficiently small to give similar regimes
according to the data correspondence. The gray bands indicate the region in which the persistence

constraint is considered to act as a good filter.
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Figure 3.17: The BIC for the clustering with persistence constraint for k = 4,6 and C in the range
{600, ...,2900}.

reliable the occurrence rates are and whether they are not solely a feature of the method used. In
contrast, the inclusion of the constraint within the clustering procedure itself does not lead to such
a bias and therefore provides a more robust way of finding persistent regimes, i.e. of isolating the

signal from the noise.

When using the time-regularised algorithm one of the choices that needs to be made is which
constraint value C' is best to use. Here we base this choice on the BIC, as we did for finding the
optimal number of clusters k. In Figure 3.17 the BIC is shown for both £ = 4 and k = 6. For
k = 4 the minimum is found for C' = 1400 and for k = 6 it is found for C' = 1500. These constraint
values correspond to an average regime duration of 6.8 and 6.3 days respectively. The lower end
of the region in which the BIC is close to its minimum coincides with the point beyond which
smaller values of C' start to affect the occurrence rates, giving a lower bound for the region where
the persistence constraint is considered to act as a good filter as indicated by the gray bands in
Figure 3.16. This increases the confidence of the optimal value of C being around these values.
Interestingly, the optimal average regime duration for & = 4 and k& = 6 differs by less than 10%
(AC = 1500 — 1400 = 100), whereas without the persistence constraint the average duration differs
by 20% (AC =~ 2200 — 1800 = 400). This confirms that the persistence constraint is helping identify
a physical signal that is less dependent on the number of clusters chosen. The range where the BIC

is very close to its minimum is between 6.3 (C' = 1500) and 7.9 (C = 1200) days for k = 4. For
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k = 6 this range is from 5.9 (C' = 1600) to 6.8 (C' = 1400) days. Twice this timescale, which is the
minimum for recurrence of a regime (i.e. for regimes A and B we have A — B — A), thus corresponds
roughly to a period of 12 to 14 days. This is somewhat longer than the timescale of synoptic weather
systems (Blackmon et al., 1977; Boljka et al., 2018). As this is an average there are a substantial

number of longer lasting regimes showing persistence well beyond the synoptic timescale.

3.4 Summary and Discussion

In this chapter we have shown, using an information criterion and further arguments based on
the consistency of the clustering result, that the traditional number of four clusters is not optimal
for representing wintertime Euro-Atlantic weather regimes when gridpoint data is considered. The
traditional approach of applying clustering to the first few PCs involves a loss of information, which
affects the number of regimes that is best to represent the data. The optimal number of regimes
for the gridpoint data was identified using the Bayesian Information Criterion (BIC), which strikes
a balance between how well the regimes fit the data and the number of parameters needed to
describe them. This way we find that for the gridpoint data six regimes is the optimal choice. The
two additional regimes are the opposite phases of the Atlantic Ridge and Scandinavian Blocking,
introducing a pleasing symmetry in the found clusters. Furthermore, the dominant occurrence of
the NAO+ when there are only four clusters, which likely is due to it being the only regime with a
low pressure area in the north, is reduced by the addition of two regimes that also have this feature.
Therefore, six regimes allow for more variability in their representation of the circulation and prevent

all data with a more zonal flow from projecting onto the NAO+.

Next, we looked into ways to enforce persistence of the regimes. A common approach in literature
is to apply a low-pass filter to remove high frequency oscillations and focus on the persistent be-
haviour (e.g. Bao and Wallace, 2015; Straus et al., 2017). This alters the data to which the clustering
algorithm is applied, just as the use of PCs does. We have shown that this leads to a significant
change in the occurrence rates of the circulation regimes. A new method, which incorporates a per-
sistence constraint in the algorithm itself, does not change the data while still enforcing persistent
regimes. The results for this time-regularised approach do not exhibit the change in occurrence rate
found for the time-filtered data, as long as the constraint is not too strong, while still having an
increased self-transition probability. Therefore, this method leads to a more robust and unbiased

result compared to the time-filtering approach.
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A choice that needs to be made in this adapted clustering method is the value of the constraint
C. Using the BIC the optimal value of C is found to lie around an average regime duration of
six to seven days. Interestingly, this matches the point beyond which smaller values of C' start
to affect the occurrence rates. Thus it can be viewed as a more accurate estimate of the physical
persistence of the regimes than that provided by the raw data without the persistence constraint.
Double this value, which is the minimum for recurrence of a regime, thus is slightly longer than the
timescale of synoptic weather systems (Blackmon et al., 1977; Boljka et al., 2018). This shows that
the atmospheric circulation indeed exhibits persistence beyond the synoptic timescale, suggesting

the presence of predictable low-frequency modes.

Both results indicate that care must be taken when applying filtering methods (PCs, low-pass
filter) to the data before a clustering algorithm is applied. Clustering itself provides a means of
dimension reduction by projecting onto components representing recurrent patterns in the data.
Since this is a method of filtering the data, it seems ill-advised to apply this to already filtered PC
data, as it is not clear what the effect of this double filtering is on the result. A similar argument
holds for applying a time-filter to the data before clustering. Information is lost in this procedure,

introducing a bias in the resulting circulation regimes and their occurrence rates.
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Chapter 4

Detection of Non-Stationary

Regime Dynamics

The focus in this chapter is on whether the occurrence of the circulation regimes identified in Chapter
3 varies on (sub-)seasonal and interannual timescales in a predictable way. Such non-stationarity
has a forced component, which yields the predictability, and an internal variability part, that is
not predictable. The forced variability can be caused by links between the circulation regimes
and other patterns of climate variability, such as sudden stratospheric warmings (SSWs) on sub-
seasonal timescales (e.g. Charlton-Perez et al., 2018; Domeisen et al., 2020) or the El Nifio Southern
Oscillation (ENSO) on interannual timescales (e.g. Lee et al., 2019; Drouard and Cassou, 2019). A
better understanding of the processes guiding the non-stationary regime dynamics can help improve
predictions of the regimes themselves, as well as of the consequences for local and regional weather.
To this end it is important to robustly identify predictable regime variations, given the inevitable
presence of noise, which can conceal these possibly weak signals within the regime dynamics. A

regularised clustering method is proposed in this chapter to do exactly that.

We start this chapter by motivating the use of this regularised clustering approach to identify
non-stationary regime dynamics in Section 4.1. We discuss the problem setting of using clustering
methods to identify circulation regimes in model ensembles exhibiting a wide spread in their regime
representation, and show a motivational example for the regularisation method proposed to handle
this spread and identify a more robust signal. This regularised method, and the data used, are

then discussed in detail in Section 4.2, followed by a discussion on the choice of the regularisation
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constraint using several criteria in Section 4.3. The obtained regime dynamics is presented in Section
4.4, looking into the effect of the regularisation and studying the non-stationary regime signal on both
sub-seasonal and interannual timescales, as well as discussing the signal-to-noise problem (introduced

in Section 1.4). We end with a summary and discussion of the results in Section 4.5.

4.1 Motivation for a Regularised Clustering Approach

The common approach for identifying atmospheric circulation regimes is to apply a k-means cluster-
ing algorithm to the 500 hPa geopotential height (e.g. Michelangeli et al., 1995; Cassou et al., 2005;
Straus et al., 2007), as discussed in detail in Chapter 3. Applying this method to reanalysis data
has shown consistent results between studies for e.g. the northern hemisphere or the Euro-Atlantic
sector. However, reanalysis data only provides a single realisation (out of the many possible within
the climate system) and thus is sensitive to sampling uncertainty in detecting the non-stationary
signal. Reanalysis data mostly covers only the last 40 years (e.g. ERA-Interim), which is too short
to reliably identify any non-stationary regime behaviour, especially on interannual timescales, but
also on sub-seasonal timescales. For example, when one is interested in the effect of ENSO on the
occurrence rate of the circulation regimes in winter, one only has a few years of data consisting of
roughly 120 days each when using ERA-Interim. For six regimes, on average occurring 20 days each
year, a few days more being assigned to one regime can significantly affect the regime frequencies.

This makes it difficult to distinguish any signal from the noise.

One way to increase the sample size, and thus identify a more robust signal of the predictable
component of the variability, is to use the UNSEEN method, in which model ensemble members
with different lead times (moments of initialisation) are pooled to create a very large ensemble (e.g.
Thompson et al., 2017; Kelder et al., 2020). Here, the lead times are beyond the deterministic
predictability limit and there is no skill for predicting individual weather events. The ensemble
members can thus be treated as plausible alternative realisations of reality, which are all equally
affected by the sources of predictable variability. In line with this approach we use hindcast en-
semble data of the ECMWF seasonal forecast system to study sub-seasonal and interannual regime
dynamics. As the model has high levels of interannual ENSO forecast skill (Johnson et al., 2019),
using seasonal forecasts allows for a more precise study of the interannual dynamics and effects of
e.g. ENSO on the regimes. Here, we are not primarily concerned with the initial condition problem
of weather forecasting, but rather require a high-resolution model with a small bias on the slightly

longer timescales of interest for this study.
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A difficulty here is that models are imperfect and exhibit a wide spread in their regime frequencies
compared to reanalysis data (e.g. Fabiano et al., 2020). This behaviour may reflect the “signal-
to-noise paradox” whereby models are more noisy than the real world (see further discussion in
Section 4.4.5). It is exemplified by the domain dependence of the regimes, particularly the negative
counterpart of the Atlantic Ridge (AR—), when considering the six regimes identified using the
ECMWF SEASS5 hindcast ensemble shown in Figure 4.1. These six regimes for SEAS5 are similar
to those identified for ERA-Interim in Chapter 3, but not the same. A discussion of the similarities
and differences between the two datasets, both general and regime-specific, is given in Appendix B.
On the other hand, for ERA-Interim data no domain dependence of the regimes is found, despite
the smaller sample size. This domain dependence of the regimes within the model is undesirable

from a physical and useability perspective.

When identifying circulation regimes the presence of noise can hide possible regime variability

signals, both in model and reanalysis data. Specifically, small deviations in the distance of data
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Figure 4.1: The regimes identified for the ECMWF SEAS5 hindcast ensemble members (left) and
ERA-Interim (right) using standard k-means clustering for two slightly different domains (indicated
by the dashed boxes). They are the positive and negative phase of the North Atlantic Oscilla-
tion (NAO), the Atlantic Ridge (AR+) and its negative counterpart (AR—), and the Scandinavian
Blocking (SB+) and its negative counterpart (SB—). Regimes for domain A (20-80N, 90W-30E) are
indicated by the colours and those for domain B (30-90N, 80W-40E) by the contours following the

same 50 gpm difference between contour levels.
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to the regimes can result in them being assigned to a different regime, obscuring the “true” signal.
The method of k-means clustering deals poorly with data containing a lot of noise. The reason for
this is that k-means clustering assigns every data point to the cluster centre, or regime, that it is
closest to, even if only by a tiny margin. This makes it overly sensitive to noise, especially when the
signal-to-noise ratio is small. A consequence is that the identification procedure lacks robustness
and the informational gain is small. The following example visualises this issue by means of one

possible scenario.

Consider Figure 4.2a which shows the distribution of ensemble members over three different
clusters, and Figure 4.2b showing the (theoretical) distributions of data over two regimes (green,
left and orange, right) when they are equally likely (top) and when the orange regime is more likely
(bottom, note this is an exaggerated visualisation for illustration purposes). At a fixed time ¢ it is
possible that a data point, i.e. an ensemble member, falls in-between two (or more) regimes (e.g. the
clusters associated with the green squares and orange circles). Here a standard k-means clustering
algorithm assigns it to the regime it is closest to in distance, which is valid if the regimes are equally
likely. However, due to the effect on the regimes of external forcing, such as ENSO, this is not
always the case. If one regime is known to be more likely than the neighbouring one at that point
in time, then it would be prudent to assign the ensemble member to the more likely regime. In
this way the regime assignment of an ensemble member is not solely determined by its distance to
the cluster centres, but also by a prior likelihood set by the distribution of the ensemble members
over the regimes, which is picking up a non-stationary signal. Effectively, noise is being penalised.
For example, in our visualisation the cluster comprised of the ensemble members indicated by the
orange circles is more likely, i.e., occurs a lot more over all ensemble members, at a given time ¢.
The shown ensemble member in distance falls between the green square and orange circle regimes,
i.e. only slightly left of the solid line in the right figure. To assign it to the green square regime
based on this small difference in distance places more weight on the noise than on the signal. For
that reason it can be better to assign it to the orange circle regime, which has a higher probability

as shown on the bottom of Figure 4.2b.

The aim is then to design a clustering method that penalises noise, to mitigate incorrect as-
signments of datapoints as exemplified above and avoid the misinterpretation of the regime signal.
One possible way to achieve this is to regularise the k-means clustering method by implementing
a constraint enforcing a level of similarity between the ensemble members at each moment in time
(Section 2.2.1, see Bishop (2006) for a discussion of different types of regularisation). That is, we

add information from the model ensemble to obtain a better informed regime identification method
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(a) (b)

Figure 4.2: (a) An example of a possible reassignment of an ensemble member. The green squares,
orange circles and blue triangles give the distribution of the ensemble members over the different
regimes, that is, each marker indicates to which regime the corresponding ensemble member is
assigned, but its location within the bin does not provide any further information. The arrow shows
the desired reassignment of a data-point, which might plausibly be associated with either the green
square or the orange circle regime. To better understand this reassignment, in (b) the distribution
of data around the cluster centres (dotted lines) is shown for equally likely regimes (top), and a
situation where the orange (right) regime is more likely, i.e. higher amplitude (bottom). When the
two regimes are equally likely a point in the middle (solid line) has an equal probability of belonging
to either of the regimes. However, when the orange (right) regime is more likely than the green one
(left), data that lies half-way between has a larger probability of belonging to the orange regime than
to the green one, and thus might better be reassigned to the orange regime. Such reassignments can

help to reduce the effect of noise and identify a more robust signal.

that strengthens the non-stationary signal by penalising noise. This design has a physically mean-
ingful basis as the preferred regimes should, on average, be represented by the overall ensemble,
and if one regime is more populated than usual at a particular time, it makes it more likely that
borderline cases belong to that regime (Figure 4.2). By introducing a constraint that prioritises
similarities over small deviations it is possible to distinguish more pronounced regime behaviour, i.e.
to discriminate better between the regimes. The underlying assumption here is that the distribution
of the ensemble members over the regimes changes in time due to external factors such as ENSO
and that the regularisation helps to better identify such weak non-stationary signals. Similar forms

of regularisation, designed to increase persistence in time, have been successfully employed to de-
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tect robust and meaningful regimes in the climate context (see Chapter 3 and e.g. Horenko, 2010a;

Falkena et al., 2020).

Of course, such a regularised clustering algorithm could be over-confident. A curb on over-
confidence is provided by accuracy. The overall goal is to keep the accuracy at a reasonably high
level while significantly increasing the information gain (in the entropy sense) of the derived regime
model. Specifically, we favour regimes with more informative dynamics over those that fit the data
slightly better, since this can be advantageous in identifying weak signals. We thus monitor the effect
of this empirical regularisation by quantifying the trade-off between accuracy and information, and
assessing whether what it does is physically sensible. How to quantify this trade-off between accuracy
and informativeness is discussed in Section 4.3. First we elaborate the regularised clustering method

applied to ensemble data in the next section.

4.2 Ensemble-regularised k-means Clustering

When it comes to regime-analysis of model ensemble data there are two approaches one can take.
The first is to assign the model data to the regimes obtained from reanalysis data (e.g. Ferranti
et al., 2015; Grams et al., 2018). The second approach is to compute the regimes from the model
data itself (e.g. Dawson and Palmer, 2015; Matsueda and Palmer, 2018). This latter approach means
that the regimes identified in the model can differ from those of reanalysis data. On the other hand,
it includes a natural bias correction of the model data in the regime representation, as possible
differences in the location of the regime centres between the two datasets do not affect the regime
dynamics of interest. Here we choose the latter approach for that reason. Before discussing how to
implement the regularisation discussed in the previous section in the k-means clustering algorithm
in Section 4.2.2, we first detail the model ensemble data used for the identification of the circulation

regimes in Section 4.2.1.

4.2.1 Data

Daily 500 hPa geopotential height from the ECMWTF hindcast ensemble of SEAS5 (Johnson et al.,
2019) is used for the identification of the circulation regimes. The ensemble has 51 members for
a November 1st start date and is available from 1981 to 2016. We use the 500hPa geopotential
height (z500) on a 2.5° by 2.5° grid for a domain covering the Euro-Atlantic sector. To analyse

the robustness of the obtained regimes we consider two slightly different domains; 20° to 80°N and
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90°W to 30°E (domain A) and 30° to 90°N and 80°W to 40°E (domain B) (both are commonly
used in literature, e.g. Cassou et al. (2005); Dawson et al. (2012)). The months December to March
are considered using daily data (00:00 UTC), meaning forecast lead times of over a month are used
for which there is no longer any discernible effect of the atmospheric initial conditions. Note that
this loss of memory of the initial conditions does not imply there is no predictable variability, as
other processes such as the month within the season or the phase of ENSO affect the circulation.
We compute anomalies with respect to a DJFM average climatology to not make any assumptions
on the (sub-)seasonal variability in the background climatology (for further reasoning on this point

see Falkena (2019); Falkena et al. (2020) and Section 4.4.2).

To reduce the effect of weather noise, preprocessing methods are often used to focus on the
larger-scale, predictable variability. In Fabiano et al. (2020) an Empirical Orthogonal Function
(EOF) analysis was used to reduce the dimensionality of the data in a model ensemble, but still a
large spread in the centroid distance and spatial correlation of the regimes was found. This indicates
that this way of preprocessing is not sufficient to reduce the effect of noise on the identified regimes.
Other methods of preprocessing the data, such as using a low-pass filter, could filter out some of
the noise within the model as well. However, these methods can also lead to biases in the resulting
regimes. For example, in Section 3.3 it was found that the use of a low-pass filter affects the regime
frequencies. Therefore, we here focus on adapting the clustering method instead of preprocessing
the data, to identify a more robust regime signal. This way we do not lose any information present
in the data and avoid possibly introducing a bias by preprocessing. The regimes obtained for the
SEAS5 hindcast data using the clustering method described in the following section are identified
with the corresponding regimes in the ERA-Interim reanalysis (Dee et al., 2011) as obtained in
Chapter 3 (for domain A). This means that the regimes for SEAS5 and for ERA-Interim are slightly
different (see Figure 4.1), which allows for bias within the model. For consistency, the same period

of 36 years for which the SEAS5 data is available is considered for ERA-Interim.

4.2.2 Method

The discussion of the ensemble-regularisation in this section follows the same steps as that on the
time-regularisation in Section 3.3.1, repeating some aspects for completeness. The main difference,
next to the regularisation itself, is that the data now also has an ensemble-member dimension. Let
the considered data be of the form z;,, € RT*N*D where T is the length of the time series, N the

number of ensemble members and D the spatial dimension of the data (here latitudexlongitude).
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The aim of clustering the data is to find k cluster centres © = (1, ...,0;) € R**P (regimes) that
best represent the data. The assignment of individual datapoints to the different clusters is given
by the weights, or affiliation vector, T' = (v1(¢,n), ..., v (t,n)) € RE*TXN " This can be understood

as the probability of a data point belonging to each of the different regimes.

Identifying the circulation regimes means that we need to find the optimal parameters for the
cluster centres © and the data-affiliations I". To achieve this, a cost function, also referred to as the
averaged clustering functional (in its discrete form), is minimized (Franzke et al., 2009) (compare

Equation (3.9)): T N
3 St ) @

Here g(z¢n,0;) is the distance between the cluster centre and a datapoint, for which the Ly-norm
(X gridpoints (Tt — 0;)%)/?) weighted by the cosine of latitude is used. The affiliations ~; (¢, n) > 0

are normalised following
k
> ilt,n) =1, vt e [0,T), VYnell,N]. (4.2)

In practice, the 7;(¢,n) values obtained via the optimisation are mostly equal to zero or one. In
that case the datapoints are unambiguously assigned to one of the regimes. In traditional k-means
clustering the assignment of I' often does not exhibit persistence in time or with respect to the
different ensemble members. This can be a sign of misinterpreting noise to be the signal. The aim

is to mitigate this effect in order to identify a robust signal.

Previous studies have introduced a constraint within the clustering method to increase the tem-
poral persistence of the regimes (Horenko, 2010a; de Wiljes et al., 2014, Chapter 3). Here we expand
on that idea by implementing a constraint on the similarity between the ensemble members at every
time-step, with the aim of identifying a more robust regime signal as discussed in Section 4.1. This
constraint takes the form

L
3 > Z it n1) —yi(t,na)| < ¢ - Coq, Yt €[0,T], (4.3)
i=1ni,ne=1
where the sum over nq,ns is taken over all combinations of two ensemble members, that is
Z,,Iyl_:ll 712]2=711 41~ The division by two ensures that differences are not counted twice. Cgq is the

maximum value that can be attained by the sum on the left-hand side and is given by

Clog = g(N _ %). (4.4)

The maximum of C, is reached if the ensemble members are equally distributed over the k regimes.

Thus ¢ represents the strength of the constraint relative to the maximum value C¢q. One can think
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of ¢ as the proportion of the ensemble members that is not affected by the constraint. Note that
by expressing the constraint in this way its strength, as given by ¢, is independent of the ensemble
size or the number of regimes. Instead, the ensemble size and number of regimes enter into Ceg.
Since we implement the constraint separately for every time-step we do not make any assumptions
on the form of the non-stationarity, but only ensure the algorithm can better discriminate between

the regimes at a given time.

The regimes are obtained by minimising the clustering functional L in Equation (4.1) subject to
the constraints in Equations (4.2) and (4.3). As for the time-regularised clustering, this minimisation

is done in two steps:

1. For fixed I', minimise L over all possible values of ©.

2. For fixed ©, minimise L over all possible values of T'.

The first step is realised via standard k-means clustering, while for the second we employ linear
programming, i.e. optimisation of a linear function subject to constraints, using the Gurobi package
for Python (Gurobi Optimization LLC, 2019). When the difference between subsequent L values
comes below a set threshold the computation is terminated. Analogously to standard k-means
clustering this presented algorithm only finds local minima. Therefore we run it at least 50 times
starting from different initial seeds in an attempt to heuristically infer a global minimum (this
approach is referred to as simulated annealing in the literature). The run with the lowest L-value
is then selected as the final result. We use kK = 6 as the number of regimes representing the
wintertime circulation over the Euro-Atlantic region, as this was identified to be optimal in Chapter
3. This result was obtained using ERA-Interim data. Using the same number of clusters & allows
for a comparison between the two datasets and helps to better assess the predictable signals. A
discussion of the differences between the SEAS5 hindcast ensemble and ERA-Interim data is given

in Appendix B.

While ~;(t,n) € {0,1} within the standard k-means clustering, this is no longer the case for all
time-steps or ensemble members when incorporating the constraint. Specifically v;(¢t,n) ¢ {0,1}
when it is not possible to numerically obtain a solution on the bounds of the admissible set of the
optimisation problem; in that case ~;(¢,n) is between zero and one. We use this as an indication
that those data points cannot be unambiguously assigned to one of the regimes and employ it to
define a ‘no-regime’ category. Note that this means that even if ;(¢,n) for some t, n is very close

to one for a regime, that datapoint is still assigned to belong to the no-regime category. Using this
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definition of a no-regime category the number of data points assigned to it increases approximately
linearly with ¢ (not shown), i.e. the stronger the constraint (lower ¢), the more data is assigned to

the no-regime category.

4.3 Selection of a Regularised Regime Model

Using a constraint to regularise the outcome of the clustering algorithm, as introduced in the previous
section, requires choosing a suitable constraint value. This value determines the regime-model that
is used for the subsequent analysis of the regime dynamics and its non-stationarity. An appropriate
value is highly dependent on the considered application and needs to be determined accordingly. Yet
it is possible to employ several different selection criteria to aid the decision process, independently
of the underlying physical processes. In this section we first introduce two main criteria that can be
used for the constraint selection, as well as a check on the domain dependence of the regimes. We
then evaluate these measures for the considered problem and discuss the arguments to arrive at our

final choice of ¢.

4.3.1 Selection Criteria

Numerous methods exist for deciding on the best model for the data at hand, i.e. to find an optimal
value of the constraint. For example, for the choice of the optimal number of circulation regimes
researchers have used verification by synthetic datasets (e.g. Straus et al., 2007), a classifiability
index (e.g. Michelangeli et al., 1995), an information criterion (e.g. O’Kane et al., 2013) or cross-
validation (Quinn et al., 2020). These methods can be used not only to determine the number of
circulation regimes, but also the values of other hyper-parameters (e.g. Quinn et al., 2020, Chapter
3). Here we introduce three criteria, namely the Bayesian Information Criterion, Shannon entropy
and a domain robustness measure, which can all be used to inform the choice of a suitable constraint

value ¢.

Bayesian Information Criterion

Information criteria are a popular tool for model selection and we have already seen the Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) in Section 3.2.1. The aim

is to find a balance between the accuracy and complexity of the model (in the spirit of Occam’s
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razor), that is, between how well the model fits the data and the number of parameters required
(Burnham and Anderson, 2004). Since the ensemble gridpoint data considered in this chapter is
high-dimensional the BIC is preferable over the AIC, as discussed in Section 3.2.1. For completeness

we repeat the BIC, which is given by
BIC = —2log(L(|data)) + K log(m) = mlog(6?) + K log(m), (4.5)

where m is the dimension of the data and K the number of parameters needed to describe the
clusters. ﬁ(é|data) is the likelihood of the model parameters given the data, which can be expressed
using the error variance 62. Note that the error variance, being a measure of the accuracy of
the regimes, is estimated using the clustering functional L in Equation (4.1). When computing
the BIC we need to determine m and K. Each ensemble member has dimension D x T, and the
main question is in what way the number of ensemble members is incorporated. There are two
choices that can be made for this. Firstly, one can simply use the number of ensemble members
N. However, the regularisation constrains the number of combinations between any two ensemble
members (1;[ ) instead of the assignment of each of the N ensemble members individually. For this

reason, we decide to use (N ) as the dimension of the ensemble, which yields m = D x (J;' ) x T and

2
K=kxD+Tx(k—1)x¢-(}).

Shannon Entropy

The second method considered to identify a suitable constraint value ¢ is to calculate the entropy, or
information content. Entropy has already been used occasionally in evaluating model performance
for circulation regimes (Fabiano et al., 2020), and some studies use it as a way of correcting infor-
mation criteria for the distribution of the model residuals (Murari et al., 2019; Rossi et al., 2020).
The goal of regularising the clustering algorithm is to identify a stronger non-stationary signal, i.e.
to increase the amount of information in the resulting regime dynamics. The use of an information
measure, such as entropy, thus follows naturally from the aim of implementing the constraint. The
BIC validates model performance and does not capture this informativeness of the signal. Therefore,
we also consider the Shannon entropy (Shannon, 1948; Shannon and Weaver, 1949), which is given

by .
H(p;) = =Y pilog,pi, (4.6)
1=0

where p;, i # 0, is the occurrence rate of regime i and pg is the occurrence rate of no-regime. The
Shannon entropy is low for an equal distribution of the data over the regimes. On the other hand it is

larger for a more unequal distribution in which there is a stronger signal. Note that the information
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gain by enforcing a less equal distribution of the data over the regimes comes at the cost of reduced

accuracy.

Domain Robustness

Lastly, we discuss the domain robustness of the regimes to see whether a choice of constraint is
suitable. By domain robustness we refer to the domain dependence of the regimes as obtained by
the algorithm. Using standard k-means clustering the regimes of the SEAS5 hindcast data are found
to be domain dependent, as discussed in Section 4.1 (Figure 4.1). From a physical perspective this is
undesirable, as the conclusions on the regime dynamics can then depend on the chosen domain. To
transform this domain dependence into a verification criterion for the constraint value we consider
the clustering results for both domains A and B and compute the pattern correlation between the
two sets of regimes over the overlapping section of these domains. The average pattern correlation
is then computed as a measure of how well the regimes for the two domains match. Alternatively,
one could take the lowest pattern correlation to indicate the quality of the match, i.e. what is the

worst matching regime. This yields very similar results.

4.3.2 Selecting the Constraint Value

Now we evaluate the three discussed complementary criteria for the considered data. In Figure 4.3
these criteria are shown for a range of ¢, where the BIC and Shannon entropy are shown for the two
domains considered. For the BIC, which strikes a balance between accuracy and complexity, the
optimal value is located at its minimum. In contrast, for the entropy, which compares information
content and complexity, a higher value indicates a better result. The pattern correlation between
the two domains ideally is as high as possible, indicating robustness of the regimes with respect to

the choice of domain.

The BIC attains its minimum at ¢ = 0.96 for both domains, indicating that for that constraint
value the accuracy and complexity of the regime-representation of the data are in balance. When
looking at the results we find that these regimes and the assignment of the data to them are very
similar to those without the constraint, indicating that the constraint is too weak to have a strong
impact. Furthermore, we find that this minimum depends strongly on the number of ensemble
members considered, e.g. using 26 members the minimum of the BIC is found for ¢ = 0.92. While
the BIC is generally a good method to select certain hyper parameters, the goal of the regularisation

is not just to identify the best statistical model and attain the highest accuracy, but also to obtain
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Figure 4.3: The BIC (blue, circles) and Shannon entropy (red, squares) for the two domains con-
sidered. The average pattern correlation between the regimes for the two domains (green, dotted)
is shown as well. Stars indicate the lowest or highest value respectively, suggesting a suitable value

for the constraint ¢.

a more pronounced regime signal. To this end it can be desirable to lose some accuracy, by using a

stronger constraint value, for gaining information.

The Shannon entropy indicates an optimal constraint value around ¢ = 0.92 — 0.94, where it
attains its maximum values. This is slightly stronger, i.e. a lower ¢, than the optimum indicated
by the BIC. For these values of ¢ most information, or signal strength, is gained by constraining
the regime assignment of the data. Since the aim of implementing the constraint on the ensemble
similarity is to identify a stronger signal, we decide to use the entropy results as the main guidance.
To verify whether the model is still realistic for these parameter values we turn to the BIC as a
complementary measure. Within the range of high Shannon entropy the lowest BIC is found for
¢ = 0.94 and therefore this is the value we decide to work with. Also, for this constraint value the

regimes are barely domain dependent, as indicated by the high average pattern correlation.

4.4 Non-Stationary Regime Dynamics

For this suitable value of ¢ = 0.94 we study the resulting regime dynamics. We start by discussing

the effect of the regularisation on the regimes themselves and their overall occurrence rates, after

73



which we turn to the non-stationary signals that can be identified. When discussing the non-
stationarity we also consider the results obtained using standard k-means clustering, to further look
into the effect of the regularisation. We look at variability on both the sub-seasonal and interannual
timescales. For the interannual variability we discuss whether there is any predictable signal for the
regime occurrence rates and compare this to the signal identified for an NAO-index, relating it to

the signal-to-noise paradox.

4.4.1 Effect of the Regularisation on the Regimes

The regularisation affects the assignment of the data to the regimes, and thus their occurrence
rates. In Figure 4.4 the average occurrence rates of the regimes are shown for standard and ensemble-
regularised k-means clustering. For the unconstrained result, as well as ERA-Interim, the occurrence
rates are close to an equal distribution of the data over all six regimes (see dotted line in Figure
4.4). In contrast, the occurrence rates differ significantly from an equal distribution when ¢ = 0.94
is used as a constraint. Despite the relatively weak constraint several regimes, such as NAO+, have
occurrence rates whose range barely overlaps with that of a uniform distribution (when corrected
for the no-regime occurrence rate, dash-dotted line). This shows that the regularisation helps to
discriminate better between the different regimes, identifying a stronger regime signal within the
SEAS5 data. It follows that the uniformity of the occurrence rates found for the ERA-Interim
regimes is potentially due to a lack of discrimination between the regimes, as there are not enough

data available to control the noise.

The geographical regime structures are mostly unaffected by the constraint of ¢ = 0.94, as can
be seen in Figure 4.5. Only AR— changes noticeably, now having a weak positive z500 anomaly over
Greenland. Overall these regimes correspond well to the regimes obtained for ERA-Interim, as can
be seen in Table 4.1. The exception is AR—. However, the sample size for the regime identification
in ERA-Interim is limited. Therefore, the poorer regime correspondence between ERA-Interim and
the constrained results for AR— does not necessarily mean that the constrained SEAS5 AR— regime
is incorrect. It may instead indicate that assigning SEAS5 data to the ERA-Interim regimes might

not be the best approach for identifying a robust and statistically significant regime signal.

Overall the regularisation ensures that NAO—+ occurs more often, while NAO—, AR+ and SB—
occur less often compared to the unconstrained results. To study in detail how the assignment of the
data changes between the unconstrained and constrained results, we look at the contingency table

given in Table 4.2. For the cases where significant amounts of data are reassigned to a different
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NAO+ NAO- AR+ SB+ AR- SB-

Standard 0.92 0.98 097 091 095 0.96
Regularised 0.96 0.96 095 095 071 0.96

Table 4.1: The pattern correlation of the SEAS5 regimes (standard and regularised for ¢ = 0.94)

with the ERA-Interim regimes for domain A.

regime by using the constraint (over 5000, shaded red) we compute composites (Figure 4.6) to look

into the z500 anomaly-structure of this data and interpret the changes.

A large proportion of the data that without constraint was assigned to AR— is assigned to NAO+,
explaining the latter’s increase in occurrence rate. In turn, AR— now contains a substantial part of
the data that without constraint was assigned to NAO—. This reflects the change in the AR— regime
with a higher positive anomaly in the north for the regularised results, which is exemplified by the
composites shown in Figure 4.6. It also can be linked to the slight strengthening of the positive z500

anomaly for NAO—, as data with a relatively weak anomaly moves to the AR— regime. Interestingly,
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Occurrence Rate

0.100

0.075 1 e

0.050

NAO+  NAO- AR+ SB+ AR- SB- No regime

Figure 4.4: The overall occurrence rates of the different regimes for the results with and without
a constraint. The boxes show the interquartile range (IQR) for bootstrapping with one (random)
ensemble member per year, the whiskers extend 1.5 times the IQR on top of this (99.3% of the data
falls within this range) and the circles are outlier points. Stars indicate the ERA-Interim values.
The dotted line gives the %—line corresponding to an equal distribution of the data over the regimes,
while the dash-dotted line corresponds to an equal distribution after correcting for the no-regime
rate. Note that there is no ERA-Interim data assigned to no-regime by the way this category is

defined using the outcome of the regularised algorithm.
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Figure 4.5: The regimes for domain A using a constraint value of ¢ = 0.94 (colour) and without

constraint (contours, with the same 50 gpm difference between contour levels).

6 = 0.94

NAO+ NAO- AR+ SB+ AR- SB- ; No-regime | Total

NAO+ || 27994 0 1443 5367 54 1297 : 2934 39089

§ NAO—- 0 23301 87 37 9432 310 : 2069 36227
.é AR+ 14 3409 25867 2349 480 426 : 2981 35526
§ SB+ 412 1132 208 28005 3881 50 3 2670 36358
= AR- 12512 0 640 71 22190 795 : 2757 38965
SB— 1946 104 722 685 1474 29265 : 3254 37450
Total 42878 27946 28967 36514 37511 32143 : 16656 222615

Table 4.2: A contingency table for the assignment of the SEAS5 data to the regimes for the results
without constraint and for ¢ = 0.94. Each column indicates the regime assignment following stan-
dard k-means clustering of the constrained regimes. Values over 5000 data points are coloured, blue

for the same regime and red for a different regime.
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Figure 4.6: Composites of the most frequent regime reassignments between the results without
constraint and for ¢ = 0.94 (as shown by the red highlighting in Table 4.2). Shown are composites
of data which without constraint are assigned to NAO+, NAO— and AR—, but which with constraint

are assigned to SB+, AR— and NAO+ respectively.

NAO+ loses part of its data points to SB+ when the constraint is used. This concerns data with a
north-western negative and north-eastern positive z500 anomaly (see Figure 4.6) where the balance
of regime assignment is shifted by the regularisation. The unconstrained NAO+ has a relatively
high positive z500 anomaly with its centre over the North Sea, which is lower when the constraint is
used, corresponding to the positive z500 anomaly of SB+ being slightly weaker and located further
south. The decrease in occurrence rate of AR+ is due to data having slightly off-centre positive
anomaly areas now being assigned to NAO— or SB+. Data assigned to SB— when no constraint is
used form the largest part of the no-regime set of the data, accounting for the majority of SB—’'s

decrease in occurrence rate.

Changes in transition probabilities between the regimes as a consequence of the implementation of
the constraint are roughly in line with changes in the occurrence rates (not shown). That is, regimes
that occur more often become more persistent and less likely to transition to another regime, and
the other way around for regimes that occur less often. One notable change is the increase in the
number of transitions from NAO— to AR—, which is due to the change in the AR— regime ensuring
both regimes have an area of positive z500 anomalies over Greenland (Figure 4.5). This change is

one-way, as there is no increase in the transition probability from AR— into NAO—.

The above discussion of the effect of regularising the clustering algorithm shows that the reg-
ularisation works as expected. That is, the occurrence rates of the regimes become more distinct
indicating that a more pronounced regime signal is identified. The changes in the regime patterns are
in line with changes in the assignment of the data to them and no unexpected changes in transition
probabilities are found. In the next sections we turn to discussing the non-stationary behaviour of
the regimes. We start with a brief discussion of the sub-seasonal signal, followed by a more detailed

study of the interannual signal, including a discussion on predictability and the signal-to-noise issue.

7



4.4.2 Sub-Seasonal Regime Variability

Since we consider anomaly data with respect to a constant background climatological state it is
expected that there is a seasonal signal in the occurrence rates of the regimes. For SEAS5 this is
shown in Figure 4.7 by the dash-dotted black line for the ensemble-regularised results. The sub-
seasonal variability obtained using standard k-means clustering is shown as well (dotted black line),
exhibiting similar behaviour in time as found for the regularised results. The sub-seasonal variability
for ERA-Interim falls within the ensemble spread of the SEAS5 results. This variability is not shown

since the sample size is too small to draw reliable conclusions.

NAO+ exhibits the largest variability throughout the season with a maximum occurrence rate
close to 0.3 in mid-January and a minimum below 0.1 in March, with the identified variability
being amplified by the regularisation. All other regimes exhibit a seasonal cycle as well, where the
amplitude of the variations differs between the regimes. We see that AR+ and AR— have a peak
in occurrence rate in February, whereas NAO—, SB+ and SB— have a minimum in January and/or
February. Most of this variability exceeds the sampling uncertainty as shown by the shaded area
bounded by the grey dotted lines. Looking at the variability on sub-seasonal timescales found in
other studies, comparison is difficult because the number of regimes considered is different (e.g.
Cortesi et al., 2021). The seven year-round regimes of Grams et al. (2017) come closest and show
comparable dynamics for AR+, AR— (Atlantic trough) and SB— (Scandinavian trough), while for
NAO+ (zonal regime) an opposite signal emerges with lowest occurrence rates in January (when
looking at DJFM). This may be linked to the different way in which a no-regime state is determined.
A similar story holds for NAO— (Greenland blocking) although the difference is less robust.

To study whether this sub-seasonal variability is solely due to the changing background state
within winter we correct for this effect. This is done by computing an anomaly data set with respect
to a sub-seasonal climatology, instead of a fixed one, and assigning the obtained z500 fields to the
closest of the regimes shown in Figure 4.5. The sub-seasonal climatology is computed by fitting a
fourth order polynomial to the daily averaged fields. The assignment of the sub-seasonal anomaly
data is done by first computing the distance of the data to the regimes and then minimising the
clustering functional L over all values of " subject to the constraint (for ¢ = 0.94), i.e. we apply the
second step of the constrained clustering algorithm (Section 4.2.2). This ensures that the corrected
occurrence rates are comparable with the standard constrained results. Note that this will result
in more data being assigned to no-regime, as the minima of L for the sub-seasonal anomaly data

are likely to differ slightly from those of the anomalies with respect to a constant climatology.
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An alternative approach would be to cluster the data again after having removed the sub-seasonal
climatology, however this would require rerunning the clustering for each choice of the sub-seasonal
climatology one wishes to consider, whereas the approach taken here does not require re-running

the clustering.

The sub-seasonal occurrence rates corrected for the seasonal cycle of the mean climatology are
shown in colour (solid line) in Figure 4.7. As expected the occurrence rate of no-regime has increased,

with an approximate doubling of the number of data points that are difficult to assign. This leads

NAO+ NAO-

AR+ SB+
0.3 1 0.3 1

Occurrence Rate Occurrence Rate Occurrence Rate Occurrence Rate

Dec Ja'n Féb Mar Dec Jan Feb Mar
No regime
0.3 —-— ¢ = 0.94 for constant climatology
0.2 ¢ =0.94 adjusted for seasonal
— climatology
Ol e ] e Standard for constant climatology
Dec Jan Feb Mar

Figure 4.7: The sub-seasonal variation in occurrence rates (30-day running mean) of the different
regimes for the constrained SEAS5 results with respect to a constant climatology (grey, dash-dotted
black line) and corrected for a seasonally varying background state (colour, solid colour line) with
the shaded area corresponding to the 2-standard deviation range. The shaded areas bounded by
the dotted and dashed lines give the 2-standard deviation noise level for the constant and seasonal
climatology results respectively. Error bounds are determined using bootstrapping with 3 members
for every 30-day period in each year. In addition the sub-seasonal variation obtained using standard

k-means clustering for SEASS5 is shown by the black dotted line.
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to an overall decrease in the occurrence rate of the regimes, which is largest for NAO+. The sub-
seasonal variability is significantly reduced after correcting for the background climatology, and for
all regimes the average falls within the sampling uncertainty. There still is some variability, e.g.
SB— appears to be more likely in early winter, but this is not statistically significant. Thus, we do
not find any significant sub-seasonal variability in the regime occurrence rates when using a sub-
seasonal climatology. We conclude that the seasonal cycle in the occurrence rates primarily reflects

the seasonal cycle in the mean climatology, rather than any seasonal cycle in the variability itself.

Note that any attempt to correct for a varying climatology will be dependent on the choice of sub-
seasonal climatology. For example, when one uses a 90-day running mean as reference climatology
(e.g. Grams et al., 2017) it is possible that part of the sub-seasonal signal in occurrence rates seen
in Figure 4.7 remains. Furthermore, often meteorological data is grouped according to the season
(e.g. DJF) and sub-seasonal variations are not considered to first order. Thus, we deem it better to
use a fixed climatology before clustering and identify the sub-seasonal signal afterwards. This way
there is no assumption on the form of the sub-seasonal climatology, which could affect the regimes

themselves and the attribution of the data to them.

4.4.3 Interannual Regime Variability

In Figure 4.8 the wintertime interannual variability in regime occurrence rates is plotted for the
ensemble-regularised results (colour), as well as for standard k-means clustering for comparison
(black dashed). These results are with respect to a constant climatology; the interannual variability
when correcting for a seasonal background climatology is comparable (not shown). The signal
identified in the interannual variability, as indicated by the SEAS5 ensemble mean, is slightly stronger
for the regularised results compared to that obtained without constraint. The average (over all
regimes) mean standard deviation of the interannual occurrence rate for the bootstrapped results
(using 25 members) is 0.029 with a 95% confidence interval of [0.027, 0.031] for the regularised
results, while it is 0.026 [0.024, 0.028] without the constraint. Thus the variability on interannual
timescales is slightly amplified by using the regularisation. In this and the next paragraph the
discussion is focused on the regularised results. Note that the standard deviation of single ensemble
members is of the same order as that of ERA-Interim, albeit slightly smaller on average (0.087
versus 0.104). For NAO+, AR— and SB— we find strong interannual variability in the ensemble
mean occurrence rates, whereas for AR+ and SB+ no significant signal is found. Interestingly, the

interannual variability in the occurrence rate of NAO— is weaker than that of NAO+, suggesting a

80



0.31
0.2
0.1 é; ........ '_ 4 R
00— ¥ NI ¥ JF RS
1980 1985 1990 1995 2000 2005 2010 2015
AR+ SB+

980 1985 1990 1995 2000 2005 2010 2015

0.3 1
0.2
0.1 1
0.0 = T T T T T T T 0.0 = T T T T T
1980 1985 1990 1995 2000 2005 2010 2015 1980 1985 1990 1995 2000 2005 2010 2015
No regime
031 i i L —— SEAS5, ¢ =0.94 = El Nifio
024 ! I I ---- SEASS5, Standard  EZZ La Nifia
014 ihis : .......... : IL: ........... I . ! ...... &l ERA-Interim
| N S e A i ; .?

Occurrence Rate Occurrence Rate Occurrence Rate Occurrence Rate

Figure 4.8: The yearly winter occurrence rates of the different regimes for the constrained results
(colour). The grey bands give a noise level, the dashed black line shows the unconstrained SEAS5
results and the dotted black line the ERA-Interim occurrence rates. The bandwidth is given by
the 2-standard-deviation range when using bootstrapping with 25 ensemble members, where for the
noise level ensemble members for different (random) years are considered. On the right the average
occurrence rates of very strong El Nifio years (indicated by the solid red lines) and strong La Nifia

years (indicated by the dash-dotted blue lines) are shown.

smaller predictable signal.

The majority of the signal coincides with El Nino or La Nifia years, as shown in the boxplots on
the right-hand side of Figure 4.8. Here we refrain from separating early (Nov & Dec) and late winter
(Jan & Feb) as is sometimes done (e.g. Moron and Plaut, 2003; Ayarzaguena et al., 2018), because
we would not want to include November (due to the initialisation on November 1st). During winters
in which there was a very strong El Nino, indicated by the solid red lines, we find an increase in
occurrence of SB— and NAO—, and a decrease of NAO+. In those years there also is less data that

cannot be attributed to one of the regimes, indicating that the ensemble members are more similar
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in their dynamics. On the other hand we see an increase of NAO+ and decrease of AR— occurrence
during strong La Nifa winters (indicated by the dash-dotted blue lines), with the highest NAO+
value in 1988-89 for both SEAS5 and ERA-Interim. This is in line with previous studies looking
into links between ENSO and the NAO (Li and Lau, 2012; Toniazzo and Scaife, 2006; Ayarzaguena
et al., 2018, see also Figure 4.10), although here we capture this relation in more detail by using
the regime variability. Note that data assigned to both NAO+ and SB— would tend to be assigned
to the positive phase of the NAO when considering only four regimes. However, their response to a
strong El Nifio is opposite in sign, i.e. SB— becomes more frequent while NAO+ occurs less often.
The distinction between these two regimes thus allows for better understanding of the details of the

response of the circulation to ENSO.

4.4.4 Predictability of the Regime Signal

To see whether the SEAS5 ensemble provides a predictive signal for the ERA-Interim occurrence
rates we regress the ERA-Interim annual occurrence rates against those of SEAS5. The rationale
behind this regression approach is as follows. Assume there is a true signal given by c¢(t). For an

observational time series y(t) we can then write

y(t) = ac(t) + ey (1), (4.7)

where e, (t) represents noise. Note that we explicitly allow for the possibility that the index (e.g.
the regime frequency) we consider is only a projection of the ‘true’ signal, which probably is not
perfect, hence a < 1. In a similar way we have a statistical model for the time series of an ensemble
member z;(t) given by

x;(t) = be(t) + eq, (t), (4.8)

now with a coefficient b as the model likely is imperfect. For the ensemble mean Z(¢) we then obtain
Z(t) = be(t) + ez (t). (4.9)

We regard the ensemble mean as the best estimate of the signal, and ask how well it can predict
the observations. Thus we regress y(t) onto Z(t), i.e. estimating y(t) = AZ(¢) + E,(t), which yields
A = a/b as the regression coefficient. This is the ratio of signal strengths, with the model prediction

being well calibrated if a = b.

The regression coefficient thus provides information on the signal strength without having to
explicitly address the noise of the observations, nor of the model. Since estimates of the noise in the

observations (i.e. e,) are especially uncertain, it is beneficial to avoid having to quantify them when
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Regime NAO+ NAO- AR+ SB+ AR—- SB- | NAO-index | MLR NAO-
Regression NAO+ -1.35
- 0.99 0.98 -0.69 0.53 -0.32 1.14 1.872
2| coefficient SB— -1.76
g p-value 0.04 0.35 0.50 049 0.58 0.03 0.01 0.03
Bayes Factor 8.81 1.60 1.28 1.29 1.18 13.20 53.82 54.10
Regression NAO+ -1.44
ge! 1.23 1.11 -0.22  0.65 129 1.02
%?3 coefficient SB— -1.72
A
8;3; p-value 0.05 0.15 0.81 051 0.14 0.10 0.06
Bayes Factor 7.39 3.04 1.03 126 3.15 442 16.10

Table 4.3: The results for linear regression of the regime occurrence rates, linear regression of the
NAO-index and MLR of the ERA-Interim NAO— against the SEAS5 ensemble mean NAO+ and

AR~— occurrence rates for both the regularised and standard results.

estimating the signal strength. The regression coefficient a/b can be linked to more conventional
measures of signal strength such as the Anomaly Correlation Coefficient (ACC) or the Ratio of

Predictable Components (RPC) (Eade et al., 2014). One can derive that

Acc =222 RPC =

) )
boy b oy

a oy,

(4.10)

where oy z ,, are the standard deviations of the residuals for the respective variables. So long
as 0, ~ oy, the RPC provides the same information as the regression coefficient. However the

regression coefficient is a more robust estimate, as it does not require estimating the noise.

The scatter plots for the regression of ERA-Interim against SEAS5 occurrence rates are shown
in Figure 4.9. The slopes and p-values are given in Table 4.3 for each of the regimes for both the
constrained and unconstrained results. In addition, the Bayes factor is given. As discussed in Section
1.6 the Bayes factor is the ratio of the probability of the data given a hypothesis for two different
hypotheses Hy and Ho, i.e. P(D|H;)/P(D|H;) (Kass and Raftery, 1995) and has been recently used
in climate studies (Kretschmer et al., 2020). Here, the first hypothesis H; is the linear regression
model and the second hypothesis Hy is a constant occurrence rate following the overall value. A
value above one indicates that H; is more likely than H,, while the converse is true for a value
below one. To have strong evidence towards the hypothesis of linear regression the Bayes factor
would have to be much larger than one. The Bayes factor allows for the comparison of different
hypotheses, whereas the p-value only indicates whether the null hypothesis can be rejected without

providing an alternative (Wagenmakers, 2007; Shepherd, 2021).
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This linear regression analysis indicates that there is a predictive signal for NAO+ and SB— with
p-values below 0.05 using ¢ = 0.94, while without the constraint only the NAO+ signal is found
to be significant at the 95% level (Table 4.3). The Bayes factor for both constrained regimes is
substantially larger than one, albeit not very large. This constitutes positive, but not yet particularly
strong, evidence that the signal seen in the model is reflected in the observations (Kass and Raftery,
1995, in which values of 3-20 are said to constitute positive evidence, while values over 20 yield strong
evidence). Note that these two regimes are characterised by a zonal flow pattern. Comparing the
regularised result with the standard approach, the constraint adds a significant predictable signal
for SB— which would not otherwise have been found. The regression coefficient is around 1 for both
the NAO+ and SB— regimes, indicating just as strong a signal in SEAS5 as in ERA-Interim. For
NAO- the regression coefficient is around 1 as well, but this is not significant as indicated by the

high p-value and Bayes factor close to one. No predictable signal is found for the other three regimes
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Figure 4.9: Scatter plots of the annual winter occurrence rates of ERA-Interim against those of the

SEAS5 ensemble mean for each of the six regimes. The dotted lines show a one-to-one relation.
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either.

The absence of a significant signal for NAO— is intriguing, as we do obtain a signal for NAO+.
Interestingly, we obtain a strong predictable signal for the NAO— regime by applying multiple linear
regression (MLR) using the NAO+ and SB— occurrence rates (i.e. regressing the observed NAO—
onto the SEAS5 NAO+ and SB—, last column of Table 4.3). For these regimes the response of
the occurrence rate of SB— to a strong El Nino is similar to that of NAO—, but that of NAO+ is
opposite (Figure 4.8). The Bayes factor here is very large and constitutes strong evidence towards
this being a real signal. Hence, the NAO— regime is predictable from SEAS5, just not from the
SEAS5 NAO— regime signal itself. Again regularisation significantly improves the predictability,
as that of the standard k-means results has a considerably larger p-value and smaller Bayes factor.
Both the NAO+ and SB— regime patterns project well onto the positive phase of the NAO-index,
which could in part explain the strong signal obtained from these two regimes for the predictability
of the NAO— regime, which projects on its negative phase (in line with the negative regression

coefficients).

4.4.5 Signal-to-noise Problem

The discussion of the signal-to-noise problem of the North Atlantic is often focused on the NAO-
index. Here, we compare the regression results of the regimes with those of the NAO-index. We
compute the NAO-index as the first principal component of the daily 500 hPa geopotential height
fields for December till March (Weisheimer et al., 2017). The yearly NAO-index is then computed
as the average index over all days in that winter and shown as the dashed black line in Figure 4.10
for SEAS5. The regression for this NAO-index is shown in Figure 4.11 with the coefficient and
statistics given in Table 4.3. The signal for this NAO-index is strong with a Bayes factor of over
50 (comparable to that attained for the NAO— regime using NAO+ and SB— as predictors). The
regression coefficient is roughly 2, indicating that the SEAS5 model is underpredicting the signal
in the observed NAO-index by about a factor of 2. Assuming that the variance of the error is
comparable between observations and model ensemble members, this result is in line with previous
studies on the signal-to-noise paradox for the NAO where RPC = 2 has been found as a lower bound
(Eade et al., 2014; Scaife and Smith, 2018). (We also computed the RPC directly and found a value

of around 2.)

Thus, there is a significant difference in the model representation of the regimes compared to

that of the NAO-index. While for the NAO-index we see an underestimation of the signal in the
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model compared to observations, in line with the signal-to-noise paradox, this is not the case for the
signal in the occurrence rates of the two zonal regimes NAO+ and SB—, which are the regimes with
interannual predictability. In order to analyse whether this discrepancy is due to only considering
the occurrence rates of the regimes, we need to address whether there is a possible signal-to-noise
problem in the amplitude, i.e. strength, of the regimes. To this end we compute the average NAO-
index for each regime, i.e. averaging the NAO-index over all days assigned to a regime, for both
SEAS5 and ERA-Interim. The results are shown in Table 4.4. As expected the NAO+ and NAO—
regimes contribute most to the respective phases of the NAO-index. Approximating the NAO-index
in SEASSH using the annual occurrence rates and average NAO-indices for these two regimes, that is
multiplying the NAO— and NAO+ regime NAO-indices from Table 4.4 by their annual occurrence
as shown in Figure 4.8 and adding the two, provides a good estimate of the NAO-index variability
for both regularised and standard results as can be seen in Figure 4.10. In addition we compute the
average annual winter NAO-indices for each regime in SEAS5, which are found to be uncorrelated
with their respective regime frequencies (not shown). This indicates that the regime occurrence and

the regime strength (in terms of its projection on the NAO-index) are independent. Hence we do
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Figure 4.10: The SEAS5 NAO-index (black, dashed) and an approximation using the NAO+ and
NAO- occurrence rates and projected NAO-indices for the regularised (green, solid) and standard
(orange, dash-dotted) approach. On the right the average NAO-indices of very strong El Nifio years
(indicated by the solid red lines) and strong La Nifia years (indicated by the dash-dotted blue lines)

are shown.
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Figure 4.11: Linear regression of the NAO-index (black solid line), being the winter-average of the
first PC of the DJFM daily z500. The dotted line shows a one-to-one relation.

Regime NAO+ NAO- AR+ SB+ AR- SB-
SEAS5 Regularised 1.26 -1.79  -0.31 -0.16 -0.33 0.69

SEAS5 Standard 1.33 -1.53  -0.53 -047 0.30 0.69
ERA-Interim 1.38 -1.69 -031 0.06 0.06 0.31

Table 4.4: The average NAO-index for each of the six regimes in both SEAS5 (regularised and
standard) and ERA-Interim.

not find evidence of a signal-to-noise problem in relation to the regime strengths, e.g. a regime is

not weak when its occurrence rate is high.

This leaves us with the discrepancy between the signal strength for the regime frequencies and
for the NAO-index. Using the regularisation, we found that SEAS5 has a predictable signal for the
two zonal regimes with a regression coefficient around one. On the other hand, no signal was found
for the non-zonal regimes and the NAO— signal was not manifest directly, though could be detected
from NAO+ and SB—. Thus, the signal-to-noise paradox for the NAO-index might be linked to
certain regimes being poorly represented within the model, i.e. the NAO-index cannot provide all
the relevant information of the atmospheric flow structure for predictability in the Euro-Atlantic
sector. It is not necessarily the case that the amplitude of the predictable signal in response to
remote forcings such as ENSO is too weak (Scaife and Smith, 2018), but rather that the signal
is only present in part of the dynamics, while other aspects are incompletely represented. The
first regime to consider in this regard is NAO—, which represents a blocking over Greenland, as it

is unsuccessfully predicted from the SEAS5 NAO— regime, even though a strong signal has been

87



identified using the NAO+ and SB— regimes. This also points to the negative phase of the NAO

being at the heart of the signal-to-noise problem.

4.5 Summary and Discussion

To identify a regime variability signal in model hindcast ensemble data a constraint on the similarity
between ensemble members has been implemented. In this way a stronger and more informative
regime signal is identified by considering the trade-off between accuracy and entropy. Different
criteria are used to identify the optimal settings for the ensemble-regularisation method, yielding
an optimal constraint value. This optimal value is sufficiently strong to increase the information
gain (as indicated by the entropy), but not so strong to lose a lot of accuracy (as indicated by the
BIC). The constraint helps better discriminate between the different regimes, which is reflected in
the overall occurrence rates of the regimes being more distinct. The regime patterns themselves are

not strongly affected, increasing confidence in this approach.

When considering the non-stationary regime dynamics, we find that the average sub-seasonal
variability is primarily determined by variability in the average background climatology. When one
looks at a seasonal climatology, such as the DJF average, a large part of the found variability will
remain. A question when removing a background climatology based on daily averages is whether one
is removing part of the signal, for the differences in regime occurrence throughout the season do reflect
the changes in the background climatology. Therefore, we regard it as cleaner to consider a constant

climatology within the season and account for the background variability in the interpretation.

On interannual timescales the NAO+, NAO—, AR— and SB— regimes show significant variability,
which is enhanced by the ensemble-regularisation compared to standard k-means clustering results.
In large part this is related to ENSO, with El Nino leading to SB— and NAO— being more frequent,
while La Nina corresponds to increased occurrence rates of NAO+ and decreased frequencies of
AR~—. When considering only four regimes most data now assigned to either NAO+ or SB— would
be allocated to the NAO+ regime. Thus the use of six regimes (instead of four) allows for a
more nuanced view of the regime response to ENSO. Note that the limited length of the timeseries
available, with only a hand-full of ENSO events, means that the robustness of these responses cannot

be fully established.

We have used linear regression to identify the signal on interannual timescales, as it allows a

direct estimation of the ratio of signal strengths between observations and model, without requiring
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estimation of the noise levels. The SEAS5 ensemble has a predictable signal for the occurrence rates
of the two zonal regimes (NAO+ and SB—), but not for the other regimes. The Bayes factors show
a substantial improvement of predictability, especially for SB—, with the regularisation compared to
the standard results. Interestingly, a strong predictive signal for NAO— is obtained by considering
multiple linear regression using the model NAO+ and SB—, whereas no such signal is found using
the model NAO— frequencies. The regression coefficients that come out of the linear regression are
around one for both NAO+ and SB—, indicating that the SEASSH signal is of the same magnitude
as that found in ERA-Interim. This implies there is no signal-to-noise paradox for these two flow
regimes. Note that also for NAO— the regression coefficient is around one, but is not statistically

significant.

In contrast we find that for an NAO-index the regression analysis results in a regression coefficient
of 2, in line with previous studies on the signal-to-noise paradox for the North-Atlantic sector that
show that the model underpredicts the observed NAO by a similar factor (e.g. Eade et al., 2014).
Our regime analysis suggests that the NAO signal-to-noise paradox largely manifests itself in the
non-zonal phase of the NAO (and related regimes), i.e. in its negative phase rather than its positive
phase. Improving the regime representation of NAO— (and AR—) within the SEAS5 model could
improve not only the regime dynamics, but also help shed light on the signal-to-noise paradox over

the Euro-Atlantic domain.
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Chapter 5

A Bayesian Approach to Regime

Assignment

In the previous two chapters we discussed how to identify robust and pronounced regime signals by
applying regularised k-means clustering methods to gridpoint data. In Chapter 3 the regularisation
enforced a level of persistence, helping to identify the true regime persistence in atmospheric circula-
tion data. In Chapter 4 the regularisation was on the model ensemble, enforcing a level of similarity
between ensemble members to identify the non-stationary variability signal. Both these approaches
constrain the clustering method in a way that allows to identify regime signals within data that is
affected by noise. A drawback of these regularisation approaches is that there is a parameter that
needs to be selected. For this selection we have used different criteria, such as the Bayesian Infor-
mation Criterion (BIC). However, it would be desirable to have an approach that does not rely on
such parameter selection. Another limitation of (regularised) k-means clustering is that it yields a
hard, categorical, assignment of the data to the regimes. As a consequence it is difficult to quantify
the uncertainty of the regime assignment, since data close to the regime centre is treated the same

as data that is only just (by distance) assigned to that regime.

In this chapter a Bayesian approach to obtain a probabilistic regime assignment is proposed. Such
a probabilistic regime assignment can overcome some of the drawbacks of a hard regime assignment,
while not requiring a regularisation parameter to be selected. In the first section the rationale
behind this Bayesian approach is explained. Next, after a brief discussion of the data and the

standard clustering methods used for comparison in Section 5.2, two methods of Bayesian regime
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assignment are discussed. The first sequential approach makes use of knowledge on the persistence
of the regime dynamics and is discussed in Section 5.3. The second ensemble approach employs the
information within the ensemble to focus on the non-stationary signal, similar to the regularisation

in Chapter 4, and is explained in Section 5.4. A summary and brief discussion are given at the end.

5.1 Motivation Towards a Probabilistic Regime Assignment

As mentioned, the hard regime assignment of k-means clustering means that the result is susceptible
to noise. Consider Figure 5.1a which shows the distance of the data to two regimes in time for a real
case (discussed later in detail), over a period of 12 days. Initially, the data clearly is categorised to
belong to regime A, being significantly closer in distance to regime A than to regime B. However,
from day 7 to 9 the data makes a brief excursion into a part of the phase diagram that is closer
to regime B, after which it moves back to being closest to regime A. The question is whether this
is a real signal or simply the effect of noise in the observed distance. Since the regime dynamics is
quite persistent in time it is likely to be the latter, but this possibility is not picked up by the hard
assignment of a standard k-means clustering approach. Often a low-pass filter is applied to remove
this high-frequency variability (e.g. Straus et al., 2007; Grams et al., 2017), but in Chapter 3 it was
shown that low-pass filtering can lead to a bias in the observed regime frequencies. Another solution
is to use a regularised clustering algorithm which constrains, or bounds, the number of transitions
between the regimes so that is in line with the natural metastability of the underlying dynamics
(Chapter 3, Falkena et al., 2020). Such a method allows to better identify the signal within the noise,
but does require selecting a constraint parameter. This introduces a parameter selection, where e.g.

an information criterion is used to decide on a suitable constraint value.

An alternative approach is to make the regime assignment probabilistic rather than deterministic,
allowing for a more nuanced and informative regime assignment in the presence of noise. Methods
such as mixture modelling provide such a probabilistic regime assignment (e.g. Hannachi and O’Neill,
2001; Smyth et al., 1999), but are not widely used. In studies that look into forecasting of regimes
on sub-seasonal timescales, the probability of being in a regime is often considered by looking at
the empirical distribution of the (hard) regime assignment across an ensemble (e.g. Vigaud et al.,
2018; Cortesi et al., 2021; Biieler et al., 2021, and Chapter 4). A limitation of this method is that it
requires availability of ensemble data, where typically the ensemble size is small, and verification is
done against a hard regime assignment from reanalysis. A probabilistic regime assignment that does

not require this availability of ensemble data would help in better assessing the skill in predicting
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Figure 5.1: A conceptual example of the difficulty k-means clustering has when noise affects the
data, showing what a probabilistic approach can bring. (a) An example trajectory of the data as a
function of the distances to two regimes A (orange) and B (red). The 1-1 line is shown black dashed,
meaning the region above is closer to regime A and the region below to regime B. Numbers indicate
the day corresponding to that point in the trajectory. The likelihood functions shown along the top
and right give the climatological probability of those distances given hard assignment to regime A
(orange, top) or B (red, right). The dotted grey line indicates a slice through the probability space
along which the pdfs in panel (b) are considered. (b) A slice of the likelihood functions, weighted
by the prior probabilities following Bayes Theorem, for each of the regimes (solid lines, A: orange,
B: red) along the grey dotted line in (a), perpendicular to the 1-1 line, for the 7th, 8th, and 9th day.
The location of the data on each day is indicated by the vertical black lines, and the bars at the edge
of the plots show the prior (left) and posterior (right, hatched) probabilities for each of the regimes
(A: orange, left edge, B: red, right edge). The climatological likelihood functions are shown dashed
in all panels and the vertical grey dotted line indicates the location of the 1-1 line. The insets in

each panel show an enlargement of the region around the 1-1 line.
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regimes, as it could be applied to reanalysis data, which is also subject to noise, as well. Such
a regime assignment would allow to identify the instances in which the observations cannot be
clearly assigned to one regime or in which a wrong hard assignment is potentially due to noise.
This approach allows for a fairer verification of the model by taking some degree of observational

uncertainty into account.

For a probabilistic regime assignment it is the probability of being in a regime given the data, i.e.
P(Regime|Data), that is of interest, where the data considered here is the location in phase space

at a given time. Following Bayes Theorem this is given by

P(Data|Regime) P(Regime)

P(Regime|Data) = P(Data) ,

(5.1)

combining prior knowledge of the probability of being in a regime P(Regime) with an observed
likelihood given a regime P(Data|Regime). The latter can be computed from the climatological
data, which can be obtained from e.g. a standard k-means clustering result. In Figure 5.1a the
observed (climatological) likelihood functions for both regimes are shown next to the trajectory.
The working of Bayes Theorem for such a trajectory is shown in Figure 5.1b. The climatological
likelihood functions of the two regimes A and B, as indicated by the dashed lines, are re-weighted
using the prior regime probabilities, shown by the non-hatched bars at the edge of the panels. This
yields two new likelihood functions (solid lines) with respect to which the posterior probabilities are
computed as the values of the likelihood functions at the datapoint (vertical black line). The obtained
Bayesian probabilities are indicated by the hatched bars and used to inform the prior probabilities

for the next time-step, employing climatological information about transition probabilities.

Figure 5.1b shows how the inclusion of prior information P(Regime) following Bayes Theorem
(5.1) affects the posterior P(Regime|Data) for the trajectory at days 7, 8 and 9, following a section
along the dotted line in Figure 5.1a. At day 7 the prior information indicates a very high probability
of being in regime A as all previous days belonged clearly to that regime. This increases the
probability of t = 7 belonging to regime A and decreases that of belonging to regime B with respect
to the climatological likelihood, which would otherwise be evenly balanced between the two regimes
as the data lies roughly in the middle. Thus, there is a high probability that the data at day 7
belongs to regime A. Given the known persistence of regimes, the prior information for day 8 again
then indicates a high probability of being in this regime, albeit slightly smaller than at ¢ = 7, which
weights the likelihood functions accordingly. Although the data is closer to regime B, the prior
information gives that there is an approximately equal probability of being in either of the two
regimes. The prior for ¢ = 9 does not weight the likelihood functions as much as for ¢t = 7, and thus

the data at day 9 being equally close to both regimes means that again the probability of being in
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either of the regimes is close to a half. This discussion shows how the inclusion of prior information
can be used to compute the probability of a regime given the data, and thereby soften the effects of

noise, following the fundamental principles of probability as encoded in Bayes Theorem (5.1).

Other aspects than the persistence discussed here can affect the prior regime likelihood as well.
It is likely that non-stationary external factors, such as the El Nino Southern Oscillation (ENSO)
or Sudden Stratospheric Warmings (SSWs), have an influence on the prior regime probabilities (e.g.
Toniazzo and Scaife, 2006; Ayarzaguena et al., 2018; Domeisen et al., 2020). The Bayesian approach
allows to incorporate such information in the prior regime probabilities, either by looking at e.g.
an ENSO index or by making use of the availability of ensemble data. In Chapter 4 a regularised
clustering method helped to identify a more pronounced interannual regime signal by making use
of the information available in an ensemble. Similarly, having a more informative prior for Bayes
Theorem (5.1), incorporating information from external processes, can help in identifying a stronger

non-stationary regime signal.

The next step is to formalise the intuition of Figure 5.1 and study how to use Bayes Theorem
to obtain a probabilistic regime assignment. Before elaborating on this method we discuss the data
that is used and the application of standard k-means clustering to obtain the circulation regimes that
we consider in this chapter in Section 5.2. The two sections that follow explain two different ways
in which Bayes Theorem can be used for the regime assignment, translating the intuition acquired

in this section into an empirical approach.

5.2 Data and k-means Clustering

For the identification of the circulation regimes the 500 hPa geopotential height fields (z500) from
two datasets are used: the ECMWEF SEASS hindcast ensemble dataset (Johnson et al., 2019) and the
ERA-Interim reanalysis dataset (Dee et al., 2011). For both datasets, daily (00:00 UTC) gridpoint
z500 data over the Euro-Atlantic sector (20° to 80°N, 90°W to 30°E) is considered for all winters
(DJFM) for which the SEAS5 ensemble data is available (1981-2016). The regimes are computed
using anomaly data, where the anomalies are computed with respect to the average DJFM clima-
tology (see Falkena (2019) and the appendix to Falkena et al. (2020) for the rationale behind this
choice). The ERA-Interim and SEAS5 anomalies are computed with respect to their own respective
climatologies. The SEAS5 hindcast ensemble has 51 members and is initialised on November 1st,

which means that by considering data from December onwards the effect of the atmospheric initial
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conditions has been effectively lost. This allows us to treat the ensemble members as alternative
realisations of the atmospheric circulation, subject to the non-stationary influences for that year

(notably ENSO).

A standard k-means clustering algorithm, as discussed in Chapter 2, with a Euclidian norm to
compute the distance between the data and regimes, is used to identify six circulation regimes over
the Euro-Atlantic sector for both ERA-Interim and the SEAS5 hindcast ensemble (Jain, 2010). Six
was identified as a suitable number of regimes for such unfiltered data in Section 3.2. The regimes for
the SEAS5 hindcast ensemble are shown in Figure 5.2 and are the two phases of the North Atlantic
Oscillation (NAO), the Atlantic Ridge (AR), Scandinavian Blocking (SB) and both their counter-
parts (as in Chapters 3 and 4). Note that these regimes are slightly different in their patterns from
those of ERA-Interim (see Section 4.4.1 and Appendix B for details on this), thereby providing an

inherent bias correction between the model and reanalysis. These hard, categorical, regime assign-
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Figure 5.2: The six circulation regimes obtained for the SEAS5 ensemble using k-means clustering.
From top-left to bottom-right: NAO+, NAO-, Atlantic Ridge (AR+), Scandinavian Blocking (SB+),
AR-, SB-.
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ments are used to compute the likelihood functions that are considered in the Bayesian approach
(details in Section 5.3.1). In addition we consider the (hard) regime assignments obtained using
the time-regularised clustering algorithm discussed in Chapter 3.3. This allows for a comparison of

different approaches to identify the persistent regime signal.

5.3 Sequential Bayesian Regime Assignment

In this section a sequential Bayesian approach to regime assignment, which can be applied to ERA-
Interim data as well as single ensemble realisations, is discussed. We start with the details of the
method itself in Section 5.3.1, followed by an evaluation and comparison with the results of both a

standard and time-regularised k-means clustering method in Section 5.3.2.

5.3.1 Bayes Theorem for Regime Assignment

The starting point for sequential Bayesian regime assignment is the six regimes obtained using k-
means clustering discussed in Section 5.2 and shown in Figure 5.2 (and earlier Sections 3.2.3 and
4.4.1). The likelihood functions in Bayes Theorem (5.1) are computed based on the distance to these
regimes and remain fixed throughout the sequential Bayesian regime assignment. The discussion of
the method as phrased below is general, and can be applied to all types of regime dynamics as long

as the regimes themselves and the likelihood functions are specified a priori.

Let r be a discrete random variable indicating a regime, i.e. taking values in {1,...,k} for k
regimes, and let d; € R* be a vector containing the distances to each of the regimes at time ¢
(here the Euclidian distance is used, which is also the standard cost function in the k-means setting
(Chapter 2)). Specifically, d; is the data we consider in our Bayesian approach. At a given time ¢
we are interested in the probability to be in a regime r given the data, i.e. P(r|d;). Bayes Theorem

tells us that
P(d|r)P(r)
P(dy)

Here, P(r) is the prior probability of regime r, which may or may not depend on time ¢, and P(d;)

P(r|d,) = (5.2)

is the likelihood of the data at time ¢. Since we only consider a discrete number of regimes which

are mutually exclusive and exhaustive, the latter can be computed by

k

P(dy) = > P(di|r) P(r), (5.3)

r=1

making it a normalisation factor.
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Lastly, P(d¢|r) is the likelihood of the data at time ¢ given a regime r. The likelihood of the
data can be determined from the distance to each of the regimes by considering how the data falls
within the conditional distance distributions, i.e. the distributions conditioned on data belonging to
one of the regimes. For each datapoint in either the SEAS5 or ERA-Interim timeseries we have this
distance to each of the k regimes, which has been computed in the k-means clustering procedure to
determine the hard regime assignment (Section 5.2). This gives the distributions of the distances to
each of the regimes conditional on regime r, which for SEAS5 are shown in Figure 5.3. There are
a few things to note concerning these distributions. Firstly, the distance to the regime the data is
assigned to is generally the smallest, but can still be larger than the distance to other regimes for
a different data point belonging to that regime. Secondly, for data assigned to AR+, SB+, AR—
and SB— the distances to the other regimes are roughly equally distributed with the means being
relatively close to each other. However, for data assigned to either NAO+ or NAO— the distance
to the other phase is larger than that to the other four regimes. Thus these two regimes are further
away from each other than the rest of the regimes, and information on the proximity to one regime

is providing information on the proximity to the other.
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Figure 5.3: The distributions of the distances to each of the regimes (color) conditional on the
SEAS5 hindcast data being assigned to the regime given in the title. The means of each distribution

are indicated by the vertical dotted lines.

98



Also, we see that these distributions are approximately normal, justifying us to approximate
the corresponding k-dimensional conditional probability density functions (pdf) by a multivariate
normal. The likelihood P(d;|r) is then given by the value of the conditional pdf, that is

EXP(_%(dt - NT)TE;l(dt — fir))
(2m)k |2, |

P(di|r) = ; (5-4)

where | - | represents the determinant. The mean p, and covariance %, representing the variability
around the cluster centre, are estimated from the conditional distance distributions obtained from
the k-means clustering results for each regime. These estimates are done separately for ERA-Interim
and SEAS5 to avoid biases due to the regimes being slightly different. The estimates of the mean
and covariance are surprisingly similar between both datasets, indicating that, apart from the slight
difference in regimes, the model does a reasonable job in representing the variability of the regime
dynamics. A further discussion on this, including a robustness analysis of the distance distributions

is given in Appendix C.

To obtain the prior probability P(r) there is a natural choice from propagating the probabilities of
the previous time-step forward, which makes the prior time dependent P(r) = P;(r). From k-means
clustering an estimate of the regime dynamics is known, which is characterised by the climatological

regime frequencies P and transition probabilities T} between the regimes. For SEAS5 these are

given by
0.176 0.728 0.000 0.039 0.062 0.060 0.112
0.158 0.000 0.822 0.050 0.046 0.053 0.029
0.160 0.079 0.054 0.702 0.075 0.021 0.069
P = , T° = , (5.5)
0.163 0.069 0.058 0.065 0.739 0.037 0.031
0.175 0.072 0.032 0.035 0.045 0.771 0.045
0.168 0.065 0.033 0.095 0.029 0.070 0.708

as obtained in Chapter 4. Starting from the regime probabilities at time t — 1, a best estimate of

the prior probabilities for the next time step is
Py(r) = T°P(r|d;-1), (5.6)

where P;(r) is the vector of prior probabilities {P;(r)}r=1,.. % at time ¢ and P(r|d;—1) the vector
of posterior probabilities {P(r|d;—1)},=1,. r at time ¢ — 1. Note that in the transition matrix T
the diagonal elements — corresponding to persistence of the current regime — dominate. At the
start of each winter, on December 1st, there is no previous regime probability to use, and thus little

prior information on the likelihood of each of the regimes. For that reason the climatological regime
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frequencies P¢ are used as a prior in these cases. Note that this is nearly as uninformative as using

a uniform distribution.

Using the prior probabilities P;(r) and likelihood of the data P(d:|r) following the conditional
distance distributions we can compute the posterior probability of a regime given the data P(r|d;)
using Bayes Theorem (5.2) in every time-step. This can be regarded as a direct implementation of
the optimal filter, which is feasible since we consider a finite state Markov chain. Following this
approach, we obtain a sequential probabilistic regime assignment, where the regime probabilities of
one day are used to obtain a prior for the next day. Applying this method to ERA-Interim data
and the ensemble members of the SEASSH ensemble yields a probability of being in each of the six
regimes at every day in winter. From here on we refer to this posterior Bayesian probability simply

as the Bayesian probability.

The above described sequential Bayesian regime assignment is simple and allows for a straight-
forward comparison with the commonly used hard regime assignment, as well as with the regularised
clustering results (without the need of selecting a constraint parameter). However, there are other
options to model the uncertainty and to update the corresponding model parameters sequentially.
For instance one can model each regime individually and associate its center estimates with the
mean of a Gaussian. The updating procedure for such a model is called the Kalman filter (Kalman,
1960) and the corresponding Monte Carlo approximation the Ensemble Kalman Filter (Evensen
and van Leeuwen, 2000). Of course various other methods for more general distributions as well as
iterative assimilation of incoming information exist (e.g. Kantas et al., 2014; Hu and van Leeuwen,
2021; Acevedo et al., 2017). The method used here is closer to a particle filter (Del Moral, 1997;
Doucet et al., 2001) as our ensemble members are weighted with importance weights stemming from
the likelihood rather than using an analytic formula such as being used in the Kalman filter. In
this thesis the aim is specifically to stay close to the methods discussed in previous Chapters 3 and
4, and model the process of hard regime assignments as random variables in each time step. This
allows for a straightforward implementation which can be readily applied in an operational setting.
Furthermore, using this method we can investigate whether the results are comparable to those

found using regularised clustering methods, without the need to select a constraint parameter.

5.3.2 Effect on the Regime Dynamics

The first question to answer is what the effect is of this Bayesian approach in practice, and whether

this matches the intuition behind the method. How does the prior affect the Bayesian probabilities?
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A next step is to compare the probabilistic approach with results obtained using a hard regime
assignment, as given by k-means clustering. Is the average regime frequency affected? What is the
effect on the regime persistence? In this section we start by discussing the first question by looking
at some examples to get an idea of how the method is working in practice. Next we look at the

statistics of the results compared to a k-means clustering approach to answer the other questions.

To start, consider the example given in Figure 5.4 for the 23rd ensemble member which shows the
prior and Bayesian regime probabilities together with the climatological likelihood corresponding to
the observed datapoint. A first aspect to note is that most of the time the regime likelihood P(d|r)
gives a clear indication of the regime the data belongs to. Secondly, we see that the prior quite
closely follows the Bayesian probabilities with a delay of one day, corresponding to the high persis-
tence in the transition matrix in Equation (5.5). The initial prior, given by the climatological values,
is uninformative and in that case the regime likelihood nearly fully determines the Bayesian prob-
abilities. Subsequently, the prior is much more informative but in most cases the regime likelihood
still strongly determines the final probability. However, when the likelihood does not clearly point
towards one regime, e.g. around days 8-12, the prior information shifts the probabilities towards
stronger persistence, in this case of the AR+ regime. This can also be seen around days 99-101,
corresponding to days 7-9 in the example shown in Figure 5.1 in Section 5.1, where the inclusion of
prior information increases the importance of persistence over a short excursion away from the most
likely regime. In this way the Bayesian regime assignment allows for identifying stronger persistence,
i.e. high probability of the dominant regime, without losing the signal of other regimes entering the
dynamics as they still have some non-zero probability. The effect of this approach for ERA-Interim

data is similar.

The Bayesian probabilistic regime assignment allows to understand some of the subtleties of the
regime dynamics, e.g. regime transitions occur in the form of a decrease/increase of the regime
probabilities. How does such an approach compare to the commonly used hard regime assignment
obtained using k-means clustering? The bar at the bottom of Figure 5.4 shows the hard regime
assignment corresponding to this time series. The Bayesian regime probabilities vary more smoothly,
and do show less short back-and-forth transitions between regimes, which occur several times for
the hard regime assignment, e.g. around day 9 and 20. In Section 3.3 a constraint on the number
of transitions between regimes was introduced to reduce the number of these short back-and-forth
regime transitions (Falkena et al., 2020). This was shown to increase the regime persistence without
affecting the regime occurrence rates, provided the constraint parameter was chosen appropriately.

In Figure 5.5 a comparison between the regime likelihood, Bayesian regime probabilities and a
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SEAS5 Ensemble Member 23, winter 1992-1993
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Figure 5.4: The prior probability, conditional regime likelihood and Bayesian regime probability for
the 23rd ensemble member in the sequential Bayesian regime assignment procedure for the winter of

1992-1993. The bar at the bottom indicates the hard regime assignment following k-means clustering.

hard regime assignment obtained using either a standard or this time-regularised k-means clustering
approach is shown for ERA-Interim for the winter of 1993-1994. The regularisation does reduce
the number of regime transitions, by e.g. removing the NAO+ regime between two occurrence
of SB— around day 18. At the same time the Bayesian probabilities show a small increase in
the NAO+ likelihood, with SB— still having the highest probability. Here the regularisation and
Bayesian approach thus yield similar results. On the other hand, around e.g. day 84 and 107 the
regularisation eliminates some regime transitions where the Bayesian probabilities still show some
signal of the corresponding regimes. The probabilistic approach thus allows to identify the data
where the observations are less clear, showing an increase in probability instead of a hard regime
change. It also retains some regime transitions that the time-regularised clustering eliminates due
to it being difficult to select the “correct” constraint, which in the probabilistic approach show as
increases in the corresponding regime probability. This analysis confirms that the Bayesian approach

seems to be doing something sensible, without having to tune any parameters.

The impact of the sequential Bayesian approach on the regime frequencies, computed as the

average Bayesian regime probability for this method, and (1-day) autocorrelation is shown in Figure
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ERA-Interim, winter 1993-1994
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Figure 5.5: The observed regime likelihood and Bayesian regime probability for ERA-Interim, with
the hard assignment using a standard or time-regularised k-means algorithm shown by the bars for

the winter of 1993-1994.

5.6. The average frequencies of the regimes do not change when using the Bayesian regime assign-
ment, as can be seen in Figure 5.6a. This holds both for the SEAS5 hindcast ensemble data and for
ERA-Interim, where also the results of the time-regularised k-means clustering algorithm are shown
for comparison. On the other hand the autocorrelation, being an indication of the persistence of the
regimes, is strongly affected (Figure 5.6b). For ERA-Interim we see that the sequential Bayesian
approach increases the autocorrelation even beyond that obtained using a regularised clustering
algorithm that contains a persistence constraint. Also for SEAS5 a strong increase in autocorrela-
tion is found using the sequential Bayesian regime assignment compared to a standard categorical
assignment. For most regimes the ERA-Interim values lie at the top of the SEAS5H autocorrelation
range, both for the standard and Bayesian approach. We find that the Bayesian approach does not

alter the regime frequencies, but does lead to more persistent regime dynamics, as we might hope.

5.4 Ensemble Bayesian Regime Assignment
The implicit assumption made in the sequential Bayesian approach as discussed in the previous

section is that the regime dynamics is statistically stationary in time. That is, the climatological

likelihood functions and transition probabilities do not change in time. This is a reasonable and
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minimal first assumption yielding good results, but it is likely that external factors such as ENSO
affect some aspects of the regime dynamics, as discussed in Section 5.1 and seen in Section 4.4.3.
These external factors act on timescales of several weeks to years and are unlikely to be picked up by
the sequential approach. Nevertheless, the sequential regime assignment does impact the statistics
on shorter timescales and could be relevant for sub-seasonal to seasonal (S2S) applications. There
are two obvious ways in which to include the effect of external forcing in the Bayesian approach.

The first is to update the regime likelihood functions in time. The second is to update the prior
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Figure 5.6: The regime frequencies and 1-day autocorrelation as obtained using either standard
k-means clustering or a sequential Bayesian regime assignment for the SEAS5 hindcast ensemble
(boxes) and ERA-Interim (circles and stars), for which also the values obtained with the time-
regularised k-means clustering method are shown (squares). Error bounds are determined using
bootstrapping, where the boxes indicate the interquartile range with the whiskers extending 1.5

times on top of that and the circles being outlier points.
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probabilities.

In the following analysis we focus on the latter approach and not the first. The main reason
for this is the lack of data availability. Even though the SEAS5 hindcast ensemble has 51 members
for each year, this still is insufficient to allow for e.g. weekly updating of the likelihood functions.
An option for which sufficient data is available would be to compute the likelihood function during
e.g. strong El Nino years, and use those to change the likelihood functions each year. However, this
relies on the hypothesis that the regions in phase space belonging to each of the regimes shift as a
consequence of ENSO forcing, while it may simply be the case that some regions are visited more
often than others. As there are only 36 years of data available it is impossible to test this hypothesis
and thus we refrain from pursuing this approach further. On the other hand, there is sufficient data
to update the prior probabilities in time. There are several ways in which this can be done. For
example, one can use information on ENSO to shift the prior probabilities, or one can make use of
the ensemble information by allowing the transition probabilities to change in time. We pursue the
latter approach, as it makes use of the information within the SEAS5 ensemble and does not require
any external information. This ensemble Bayesian approach is explained and evaluated in the next

two sections, followed by an analysis of the resulting interannual variability in Section 5.5.

5.4.1 Updating the Transition Probabilities

To obtain more informative prior regime probabilities, we focus on the transition matrix 7. The
transition probabilities T;; from regime ¢ to j are updated following the ensemble behaviour. This
allows not only for (fixed) persistence to inform the prior, but also non-stationary external factors
such as ENSO. Although there is not sufficient data to robustly estimate the transition probabilities
directly, they can be inferred from the occurrence rates. The main assumption we make when
updating the transition matrix 7" in time is that the regime probabilities are approximately stationary
with respect to the current best estimate of the transition matrix. That is, we look for a transition
matrix 7'(t) for which the regime probabilities averaged over the ensemble at time t, P(t), are
approximately stationary:

T(t)P(t) = P(t) + ¢'. (5.7)

Here €' is a noise term. Note that the climatological transition probabilities P¢ are (nearly) stationary
with respect to the transition matrix 7. The aim thus is to find a transition matrix 7'(¢) for which

Equation (5.7) holds. In addition we have that a transition matrix is normalised, meaning its
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columns each sum to unity:
k

STt =1, Vel . kWt (5.8)
i=1
This gives two equations which can be used to update T'(t) at each time-step ¢. The problem of

finding the values of the transition matrix T'(¢) is ill-posed as there are not sufficient constraints, i.e.
there are many transition matrices T'(t) which have P(t) as their invariant distribution. This means
some choices need to be made in order to obtain a unique solution. The approach we propose in
the following paragraph is one that follows the regime dynamics closely and is least biased in the
sense that the deviations from T are equally distributed over all six regimes. With this approach
the updating of the transition matrix differs from common methods used to identify hidden Markov
models (e.g. Rabiner, 1989; Ghahramani, 2001; Majda et al., 2006) and no assumptions on the form

of the noise are made.

The regime dynamics is dominated by persistence, i.e. the probability of a regime to transition
to itself corresponding to the diagonal elements of the transition matrix, as can be seen in Equation
(5.5). Therefore we focus on these diagonal elements Ty;(¢) for updating the matrix T'(¢) in time.
Writing out Equation (5.7) elementwise while separating the diagonal and off-diagonal elements

yields

k
Tu(t)Pi(t) + Y T () Pi(t) = Pi(t) + €, Viel,. .,k (5.9)

J#i
There are several ways to progress from here. As the diagonal terms dominate, we assume the

off-diagonal elements do not differ much from the climatological values, that is T;;(t) ~ T}; for all
it # j. This yields an approximate equation for the diagonal elements of T'(¢):
k
Tii(t)P,(t) = Pi(t) = > TS5 Pi(1). (5.10)
i

When a particular regime is less populated than it is in climatology, the other regimes will conversely
be more populated, implying a larger negative term on the right-hand side of (5.10) and thus a smaller
value of the self-transition probability, which makes physical sense. Note that this approximation
breaks down when P;(t) is very small compared to the other P;(t), in which case we set Tj;(t) = 0 to
prevent negative values. Starting from the updated diagonal elements, the off-diagonal elements are
computed using Equation (5.8) with an equal distribution of the perturbation from the climatological

value over the off-diagonal terms, that is

1

Ti;(t) =T — -1

(T35 () = T55)- (5.11)

The above method is equivalent to considering T'(t) as the climatological transition matrix plus

a perturbation, i.e. T'(t) = T¢ + T'(t), and subsequently assuming that the perturbations to the
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off-diagonal terms are small. To see this substitute the above perturbation into Equation (5.7) and
neglect T}, for 7 # j. An alternative way of looking at this is by considering it as a Markov regression

model (Hamilton, 1989; Krolzig, 1997). That is, we write the transition matrix 7" as
T(t) =T+ am(t)Tn. (5.12)

Here T,,, are matrices that set the shape of the perturbations to the climatological transition matrix,
where the sum over each of the columns is zero for every m, and a,,(t) gives the strength of that

term at time ¢. For a choice of

1
0 —L 0
Tm=|: 1 A (5.13)
1
0 —L 0

where the m-th column is non-zero this is exactly equivalent to the approach mentioned before.
Here the «,, can be computed using the same assumptions as discussed before (compare with the
perturbation approach and Equation (5.11)). This shows that there are several ways of looking at

the problem that yield the same outcome, increasing the confidence in this approach.

5.4.2 Effect on the Regime Dynamics

To get an idea of how this approach can inform the prior probabilities consider Figure 5.7, which
shows both the sequential and ensemble Bayesian regime assignments for the 42nd ensemble member
during the winter of 1992-93. This is the same winter for which the 23rd ensemble member is shown
in Figure 5.4. As an example, consider the probability of AR—. Around days 5-10 the ensemble
indicates this regime is less likely, as shown by a lower self-transition probability, lowering the prior
probability of the regime. On the other hand, from day 25 onward AR— is more likely according to
the ensemble, increasing its prior probability compared to the sequential approach. In most cases
changes to the final Bayesian probabilities are small. The only exceptions occur when a regime is
deemed very unlikely, i.e. does not occur in any of the other ensemble members, as happens twice
for the SB+ regime between days 60 and 90. In these two cases a high observed likelihood for
SB+ is reduced substantially in the Bayesian probabilities in favour of the second most-likely regime
according to the likelihood, e.g. a 90% likelihood is reduced to a 35% Bayesian probability. Yet

importantly, the Bayesian probability of this regime is still non-zero, so it can quickly respond to
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SEAS5 Ensemble Member 42, winter 1992-1993

1.0

=
o
= .D
o

0.0 L — S
1.01

\\\\\

0.51
— NAO+

—— NAO-
' —— AR+
— SB+
—— AR-
— SB-

Likelihood

M& ‘).JJ

Bayesian

T Perturbation

Time (days)

Figure 5.7: In the top three panels the prior probability, conditional regime likelihood and Bayesian
regime probability for the 42nd ensemble member in the Bayesian regime assignment procedure for
the winter of 1992-1993 are shown. The solid line shows the sequential Bayesian approach and the
dashed line the ensemble approach discussed in this section. The bottom panel shows the difference
between the updated self-transition probabilities in the ensemble approach and the climatological

values.

new information. The overall regime frequencies and autocorrelation are not affected and remain as

shown in Figure 5.6 for the sequential approach.

5.5 Interannual Regime Variability

The interannual variability as obtained using the ensemble Bayesian regime assignment is shown in
Figure 5.8, with the result of the sequential Bayesian approach shown for reference (the interannual
variability of the sequential Bayesian approach is nearly identical to that obtained using a k-means
clustering assignment). The primary signal in the variability is found during very strong El Nifio
years (red vertical lines) with SB— and NAO— showing an increase in frequency, while AR+, AR—

and NAO+ show a decrease in frequency. The signal during La Nina years is less clear, with an
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increase in NAO+ frequency but no clear signal for the other regimes. These results reflect the
well-known nonlinearity in the response to ENSO (Straus and Molteni, 2004; Toniazzo and Scaife,
2006) and are in line with the results obtained in Chapter 4 using a regularisation on the ensemble
members, even though the regimes themselves are slightly different. The boxes on the right of each
panel show the average regime frequencies during very strong El Nino and La Nina years for both
the sequential and ensemble Bayesian approach. Some enhancement of the signal is found using
the ensemble Bayesian regime assignment, which is most clear for the AR— and SB— regimes. The

ERA-Interim variability obtained using the sequential Bayesian approach is shown as well.

To further consider the effect the updating of the transition matrix in the ensemble approach
has on the interannual variability we look at Figure 5.9, which shows the difference between the

sequential and ensemble Bayesian regime assignment as well as the yearly average change to the
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Figure 5.8: The interannual variability of the occurrence rates for the ensemble Bayesian regime
assignment for SEAS5 (colour, with 95% confidence interval shaded), with the standard approach
indicated by the black dashed lines. The grey shaded areas bounded by the grey dotted lines indicate
the 10th and 90th percentile of the ensemble Bayesian assignment for each regime over all years. The
black dotted line shows the ERA-Interim variability and the boxes on the right show the average

occurrence rate during strong El Nino and La Nina years.
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Figure 5.9: The difference in interannual variability of the occurrence rates between the standard and
ensemble Bayesian regime probabilities (solid), as well as the change in the self-transition probability

for the regimes following the ensemble (dashed).

self-transition probabilities, or persistence, of the regimes following the ensemble approach. Note
that on average the perturbation to the self-transition probabilities is negative. The effect of the
ensemble Bayesian approach on the regime frequencies is clearly visible for AR+, AR— and SB—,
where the signal in response to El Nifio is enhanced. For NAO+ a strong increase in regime frequency
is found for the 1988-1989 La Nina, together with a weak change during El Nino years. NAO— and
SB+ do not show much difference in interannual variability between the two methods, although in
the latter case there is little signal to enhance. The changes in the self-transition probabilities in
general match those found in the regime frequencies, as expected. One aspect to note is that for
NAO+ the changes in the self-transition probability are relatively larger than those in the regime

frequencies, especially when comparing to SB—.

The response of the changes in regime frequency to El Nino events found using the ensemble
Bayesian approach appears to show a true signal and is very unlikely to have arisen by chance.
To understand this, consider the change in regime frequency for SB—. The marginal probability

of a very strong El Nifio event is 3/36 (3 events in 36 years), so the chance of the first increase
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in SB— frequency aligning with El Nifio is 3/36. Then, given the first El Nifio event has already
happened, the probability of the second spike aligning is 2/35 and for the third 1/34. This gives
a p-value of 3/36 - 2/35-1/34 ~ 10~* for the alignment occurring by chance. The alignment of
the increase/decrease in frequency for the other regimes only further decreases the probability of
this being by chance. Also note that the response of both AR+ and AR— is a decrease in regime
frequency during El Nino years, indicating another aspect of nonlinearity in the circulation response

to ENSO.

Some of these signals in response to ENSO can already be picked up using 10-member ensembles.
In Figure 5.10 the interannual variability of the regime frequency is shown for 50 random 10-member
ensembles obtained from the full SEAS5 ensemble. For the full ensemble the strongest signal is found
for SB— during very strong El Nifio years, and this is the signal that jumps out most strongly again.
To quantify this the Probability of Detection (POD) and False Alarm Ratio (FAR) for the 10-member

ensembles are considered for peaks or troughs in regime frequency aligning with El Nifio (Figure
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respectively.
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5.11a). Here, peaks and troughs are considered as exceedances with respect to the nth percentile.
The POD is computed as the number of peaks/troughs aligning with El Nino years over the total
number of El Nino years, and the FAR is computed as the number of peaks/troughs outside those
El Nifio years divided by the total number of peaks/troughs. As expected, there is a high POD for
peaks in the SB— regime frequency with a relatively low FAR. Also for NAO— (peaks), NAO+, AR+
and AR— (troughs) there is some signal, with the FAR being comparable to the POD. For La Nina
years there is some signal for NAO+, AR+ (peaks) and NAO— (troughs), but it is not as strong
as for SB— in El Nino years (Figure 5.11b). This is to be expected as it is unlikely we can identify
strong signals using a smaller ensemble if they are not clear in the full ensemble. Nevertheless, the

relatively high PODs for these three regimes are encouraging.

To see whether the found response to ENSO for some regimes also reflects a predictable signal in
the observations we regress the ERA-Interim interannual variability onto the SEAS5 one, as done in
Chapter 4.4.4. The results for this, looking at the sequential and ensemble Bayesian approach, are
shown in Table 5.1. In addition to the p-value, we also compute the Bayes factor which is the fraction
of the probabilities of the data given two different hypotheses Hy; and Hs, i.e. P(D|H;)/P(D|Hz)
(Kass and Raftery, 1995, and Section 1.6). Here the first hypothesis H; is that of a linear regression
model, whereas the second hypothesis H, assumes a constant, climatological, regime frequency.
Values of the Bayes factor above one indicate H; is more likely, with values between 3 and 20
constituting positive evidence and values over 20 yielding strong evidence towards it (Kass and

Raftery, 1995).

Using the sequential Bayesian approach we already find some predictable signal for the NAO+
and SB— regimes, with Bayes factors of 7.6 and 5.1 respectively (Table 5.1). The Bayes factor
for NAO— is also above 3, but here the p-value is larger reducing the confidence in this being a
true signal. These results are comparable with those found in Chapter 4.4.4, with the regression
coefficients being close to one for NAO+, NAO— and SB—. These regression coefficients around one
indicate the signal in SEASS5 is of similar magnitude to that in ERA-Interim, showing no evidence
of a signal-to-noise problem for the regime frequencies, in contrast to the NAO-index (as discussed
in Section 4.4.5). Using the ensemble information to update the transition probabilities increases
the predictable signal for NAO+ and SB—, with smaller p-values and higher Bayes factors. Also
the AR— signal is enhanced with a Bayes factor over 3, although the p-value is still relatively large.
The enhancement of the NAO+ signal is comparable to that found using an ensemble-regularised
clustering approach, whereas the change for SB— is weaker (a Bayes factor of 13.2 compared to 5.5,

see Section 4.4.4 for comparison). On the other hand, the decrease in Bayes factors for NAO— and
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Figure 5.11: The probability of detection (solid) and false alarm ratio (dashed) for a peak or trough
in regime frequency in 10-member subsamples of the SEAS5 ensembles occurring in the same year
as a very strong El Nifio or La Nifia, as a function of the percentile used for the definition of the
peaks and troughs. The colored lines indicate the regime values, and the grey lines the values for

peaks and troughs occurring in random years, i.e. no signal.

AR~— using a regularised approach is not found using the ensemble Bayesian method, which shows
small increases of the Bayes factors. In Chapter 4.4.4 a significant signal was found using multiple
linear regression (MLR) of ERA-Interim NAO— onto the SEAS5 NAO+ and SB—. Here we find
this signal as well with a Bayes factor of 21.1 for the sequential method increasing to 26.6 using
the ensemble approach. Comparing the two methods, we find that the ensemble Bayesian regime
assignment allows to identify more pronounced interannual variability signals for some regimes, while

still accounting for the signal of the other regimes.
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Regime NAO+ NAO- AR+ SB+ AR- SB- | MLR NAO-

Sequential Bayes
Regression Coefficient | 1.170 1.094 -0.504 0.258 1.207 1.083 | NAO+ -1.369

SB— -1.838
p-value 0.052 0.139 0592 0.795 0.174 0.082 0.047
Bayes Factor 7.579 3.251 1.167 1.037 2.696 5.054 21.108

Ensemble Bayes

Regression Coefficient | 1.066 1.035 -0.435 0.225 1.037 0.785 | NAO+ -1.429

SB— -1.412
p-value 0.044 0.133  0.527 0.782 0.136 0.075 0.041
Bayes Factor 8.910 3.365 1.240 1.042 3.306 5.487 26.641

Table 5.1: The regression coefficient, p-value and Bayes factor for linear regression of the interannual
variability in regime frequency (ERA-Interim onto SEAS5) for all six regimes. In addition, the result
of MLR of the ERA-Interim NAO— frequency against the SEAS5 ensemble mean NAO+ and SB—
regime frequencies is shown. Values for both the sequential as well as the ensemble approach are

shown.
5.6 Summary and Discussion

A new approach exploiting Bayes Theorem (5.1) is proposed to obtain a probabilistic regime assign-
ment. The approach combines climatological likelihood functions with prior information from the
previous day, using the known regime persistence from prior studies, to obtain a Bayesian regime
probability. This sequential Bayesian regime assignment allows for smoother transitions between
the regimes and indicates when data does not clearly belong to one regime. In contrast to the
methods discussed in Chapters 3 and 4 that use a regularised k-means clustering algorithm, there is
no parameter, other than the number of regimes &, that has to be selected. Applying the approach
to six wintertime circulation regimes over the Euro-Atlantic sector yields an increase in persistence,
without affecting the average regime frequencies for both SEAS5 and ERA-Interim (Figure 5.6). In
addition, for ERA-Interim the 1-day autocorrelation was found to be higher than that obtained using
a time-regularised k-means clustering approach containing a persistence constraint (as introduced

in Section 3.3).

A yet more informative prior for the Bayesian approach can be obtained by continuously updating

the prior probabilities by taking information from the full SEAS5 ensemble into account. Starting
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from the assumption of approximate stationarity of the ensemble mean regime frequencies, the
regime transition matrix is updated. This in turn affects the prior probabilities, leading to more
pronounced interannual variability for some regimes. When considering the interannual variability,
the response to three very strong El Nino events in recent decades clearly stands out (Figure 5.8).
During these three winters SB— and NAO— increase in frequency, while NAO+, AR+ and AR—
decrease. The signals for AR+, AR— and SB— are enhanced by the ensemble Bayesian approach
compared to the sequential method. The signal during La Nina winters is less pronounced, with the

increase in NAO+ frequency during 1988-89 standing out most clearly.

This response to ENSO in the SEAS5 ensemble can already be identified using only a 10-member
ensemble. The increase in SB— occurrence during El Nino years is a particularly strong signal and
is found in nearly all 10-member ensembles considered (Figure 5.10). Also for NAO+, NAO—, AR+
and AR— significant probabilities of detection for peaks or troughs coinciding with El Nino events
are found. However, here there also is a substantial false alarm ratio indicating that many peaks or
troughs in the ensemble occur in non-El Nino years. These results suggest that one may not need a

very large ensemble to identify regime signals in response to ENSO.

We also use a linear regression analysis to identify predictable signals in the observations on
interannual timescales. Here, as in Chapter 4.4.4, NAO+ and SB— were found to be predictable
from the SEAS5 ensemble with regression coeflicients around one (Table 5.1), suggesting no signal-to-
noise deficit for these regimes. The ensemble approach leads to an increase in Bayes factor compared
to the sequential method for all regimes, with the largest improvement for NAO+. The signal for
NAO+ is comparable to that obtained using the ensemble-regularised clustering approach discussed
in Section 4.4.4, whereas the signal for SB— is slightly weaker. This difference likely is related to
the small differences between the regime patterns used for the two methods. On the other hand,
none of the signals for the other regimes are reduced, which is the case for the regularised clustering

approach.
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Chapter 6

Discussion

A thorough understanding of regional circulation dynamics is essential to increase our knowledge
of the effects of climate change on different parts of the world. Non-stationary factors within the
climate system, varying on (sub-)seasonal to interannual timescales, are key to this understanding, as
they are driving aspects of the atmospheric circulation around the world via teleconnection patterns.
When embedding these remote drivers in a storyline approach to better understand the circulation
response, it helps to discretise the atmospheric circulation into a discrete number of states: regimes.
This thesis addresses the very first step towards developing such a storyline approach, discussing
the identification of robust circulation regime signals using different approaches. The focus here is
on the wintertime Euro-Atlantic sector, where circulation regimes have been well established and

widely studied (e.g. Michelangeli et al., 1995; Kageyama et al., 1999; Yiou and Nogaj, 2004).

6.1 Summary

In Chapter 3 the standard approach to identifying atmospheric circulation regimes is revisited.
Most studies apply both Principal Component (PC) analysis (a spatial filter), using only the first
couple of PCs, and a low-pass time filter before applying a clustering algorithm. The use of PCs
is found to yield a different optimal number of regimes compared to the use of gridpoint data.
Information criteria indicate four regimes (two phases of the North Atlantic Oscillation (NAO),
Atlantic Ridge (AR), Scandinavian Blocking (SB)) as being optimal for PC data, in line with
literature (e.g Michelangeli et al., 1995; Yiou and Nogaj, 2004). On the other hand six regimes is

found to be optimal for gridpoint data, adding the opposite of the Atlantic Ridge and Scandinavian
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Blocking to the standard four regimes. Furthermore, the use of a low-pass filter is found to introduce
a bias in the regime frequencies, whereas the use of a time-regularised clustering algorithm including
a persistence constraint does not lead to such a bias. Both these results show that it is important
to be careful with filtering the data, whether through PC analysis or a low-pass filter, as it can
remove some of the important nuances of the signal. Changing the clustering method itself, instead
of the data, allows for identifying equally persistent regime signals without introducing a bias. These
results are in line with the mathematical understanding that it is better to treat the signal and noise

at the same time, rather than attempting to first remove the noise.

In Chapter 4 we turn to the non-stationary regime signal, using the six circulation regimes
identified in Chapter 3. A novel ensemble-regularised clustering approach is introduced, enforcing
a level of similarity between different members of a model ensemble, to identify a more pronounced
non-stationary regime variability signal. The idea behind this regularisation is that the majority
of ensemble members respond to e.g. an El Nino event, with some regimes being preferred over
others. Noise may lead to some members not showing as strong a response to such forcing and the
constraint on the ensemble similarity corrects this. It is found that there is no robust sub-seasonal
regime variability in the climatology, other than that introduced by changes in the background
circulation. On interannual timescales a clear response to the El Nifio Southern Oscillation (ENSO)
is found, with an increase in SB— and NAO— frequency and decrease of NAO+ during very strong
El Nino events. Predictable signals are found for both NAO+ and SB—, with an NAO— signal only
emerging by using multiple linear regression with NAO+ and SB— as predictors. In contrast to
an NAO-index, no signal-to-noise problem is found for the regime occurrence rates, with regression

coefficients around one.

To further study the persistent and non-stationary regime dynamics another method to identify
the regime signal is discussed in Chapter 5. This Bayesian approach to regime assignment does not
require any parameter selection, as is required for the regularised clustering methods in Chapters 3
and 4, but instead uses prior information to obtain a better informed regime probability. This prob-
abilistic approach also captures the subtleties of the regime dynamics better, as it is not enforcing a
hard, categorical assignment of data to a regime. A sequential Bayesian regime assignment method
leads to more persistent dynamics, while an ensemble Bayesian approach in addition enhances the
non-stationary regime signal. The identified interannual regime variability is comparable to that
obtained using the ensemble-regularised method, with predictable signals for both NAO+ and SB—.
Small differences are found when considering the response to ENSO, with the Bayesian method also

identifying an ENSO signal for AR+, in addition to the NAO+, NAO—, AR— and SB— response
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signals that are obtained using the ensemble-regularised approach. Some of the regime variabil-
ity signals in response to ENSO can already be identified in a 10-member ensemble, showing the

robustness of the signal within the model.

6.2 Outlook

6.2.1 Regime Variability Signals

This thesis only adds one small part to the extensive literature on atmospheric circulation regimes
and many questions remain. The interannual regime variability signal is affected by many factors,
where ENSO is the driver that can be identified most clearly regardless of the method used and
has been discussed in most detail in this thesis. In response to very strong El Nifo events SB—
and NAO— become more frequent, while NAO+, AR+ and AR— decrease in occurrence rate. The
response to La Nina events is less strong, exhibiting a larger spread, with increased occurrence rates
of NAO+ and decreased frequencies of AR—. In this respect, it would be interesting to look at the
response for early and late winter separately, as those responses might differ (e.g. Moron and Plaut,
2003; Ayarzaguena et al., 2018). One can imagine that such a difference in response could be related
to the Stratospheric Polar Vortex (SPV) dynamics and the occurrence of Sudden Stratospheric
Warmings (SSWs). As the SPV is known to affect the North Atlantic atmospheric circulation
(e.g. Charlton-Perez et al., 2018; Domeisen et al., 2020), it would be interesting to investigate the
relation between the SPV, ENSO and the regime response to them. Also the response of the regime
dynamics to other remote drivers, such as the Madden-Julian Oscillation (MJO) (e.g. Cassou, 2008;
Straus et al., 2015; Lee et al., 2019, 2020), would be valuable to consider in future studies. Here,
especially the probabilistic regime assignment obtained using the Bayesian approach can be valuable

in understanding the links between the regime dynamics and remote drivers.

The use of six instead of four regimes can aid in better understanding the nuances of the regime
response to external drivers and maybe identify some aspects where models lack skill. When consid-
ering only four regimes, which is standard in many studies, most data now assigned to either NAO+
or SB— would be allocated to the NAO+ regime. The separation between NAO+ and SB— in this
work could help better understand the relation between ENSO, the MJO and the North Atlantic
circulation. Previous studies found a more frequent NAO+ after MJO phases 1-5 in El Nino years
using four regimes (Lee et al., 2019), whereas the overall signal is a decrease of the NAO-index

during El Nifio (Figure 4.10). El Nifio was found to enhance the teleconnections between the MJO
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and the regimes, which is also apparent in the increase of the NAO— frequency after MJO phases
7 and 8. On the other hand La Nina on average inhibits such teleconnections between the MJO
and the four regimes studied. It would be interesting to examine the teleconnection signal for the
additional regimes (AR— and SB—) discussed here, to see whether these relations can be captured

in more detail.

On interannual timescales predictable signals for NAO+ and SB— are found for both the regu-
larised and Bayesian approach using a regression method. It is interesting that no clear signals are
found for the other regimes, especially for NAO— as this is part of the NAO teleconnection pattern.
As ENSO is important to obtain this predictable signal, the weaker NAO— response compared to
that of NAO+ and SB— can probably be linked to this lack of signal. It indicates the model might
not represent this NAO— regime accurately, which could be related to it resembling a blocking
pattern over Greenland, as models are known to have difficulty representing blocking patterns (e.g.
Tibaldi and Molteni, 1990; Pelly and Hoskins, 2003). A potential reason for the lack of a predictable
signal in NAO— could lie in the role of SSWs, which are known to induce negative NAO states
(Baldwin and Dunkerton, 2001; Hitchcock and Simpson, 2014; Domeisen et al., 2020). Portal et al.
(2022) have shown that seasonal forecast models, including the SEAS5 model studied here, tend
to overpredict the SSW response to ENSO. Consistent with that, there is a strong negative NAO
response to ENSO, which is not seen in observations. However, if SSWs are playing an important
role in seasonal predictability, then this role will be difficult to assess from the limited sample size

provided by the reanalysis record.

The lack of predictable signal for NAO— likely ties in with the signal-to-noise problem found
for an NAO-index, discussed in Chapter 4. NAO— shows a weaker response to ENSO than NAO+.
Linked to this weak NAO— response, Hardiman et al. (2022) found a weak teleconnection between
ENSO and the Arctic Oscillation (AO), which is highly correlated with the NAO, to be linked to a
lack of eddy feedback within models. The eddy feedback within a model in turn was found to be
correlated to the Ratio of Predictable Components (RPC), which gives the ratio of the predictable
component in observations over that in the model, with lower RPC values for stronger eddy feed-
back. One pathway between ENSO and the North Atlantic atmospheric circulation runs via the
stratosphere (e.g. Butler et al., 2014), which links this to the previous discussion on the relation
with SSWs. It indicates that the low signal-to-noise ratios for an NAO-index and lack of NAO—
predictability both could (in part) be caused by weak eddy feedback in the model. It would be

interesting to quantify this effect further using the regime approach.

The regime variability signals obtained can feed into the development of storylines of regional
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climate change. One can imagine that the regime occurrence rates change depending on the level of
warming. These changes in the regime frequencies describe the change in the atmospheric circulation
and in turn can inform the effect on e.g. the surface temperature. For example, suppose there is
one regime that is known to increase the probability of cold spells. When in a model increasing
temperatures lead to this regime occurring less often, we can infer from this that cold spells are
becoming less likely. This type of reasoning can also be applied to possible changes in the regime
response to e.g. ENSO under climate change and the effect that would have on regional weather. In
this study we have not dealt with the surface impact of the different circulation regimes, which is
a crucial factor when developing storylines. Thus assessing the effect of the six circulation regimes
on surface variables would be valuable next step for the identified regime signals to aid in better

understanding the regional effects of climate change.

6.2.2 Regime Identification Methods

A significant part of the work described in this thesis has been devoted to discussing different
methods for regime signal identification. In Chapters 3 and 4 two different regularisation approaches
were applied to a standard k-means clustering algorithm to focus on either the persistent or non-
stationary regime dynamics. One can imagine other types of regularisation, enforcing for example a
level of similarity in the regime assignment of ensemble members over a longer period of time. The
regularisation can be tailored to the question of interest and used as an alternative to filtering the
data before applying a clustering method. Here one has to be careful not to enforce unphysical regime
dynamics. Information criteria can aid in selecting suitable constraint values for the regularisation,

preventing overfitting which could indicate such unphysical results.

The Bayesian regime assignment approach discussed in Chapter 5 does not require such a selection
of a constraint value. The inclusion of prior information allows to identify both more persistent and
non-stationary regime dynamics. The two methods of identifying the prior regime probabilities,
using the regime transition matrix and assuming approximate stationarity in time to update this
transition matrix, are by no means the only ways in which the prior can be obtained. For example,
one could link the computation of the prior regime probabilities to external drivers such as ENSO
or SSWs to obtain more informed posterior regime probabilities. Such better informed prior regime
probabilities could be relevant for predictions on sub-seasonal to seasonal (S2S) timescales. The
clear improvement in persistence obtained from the sequential Bayesian method and the probabilistic

nature of the regime assignment might be useful in this regard, even if the seasonal averages are
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not much affected. Priors that are informed by a persistent transition matrix and external climatic
processes could be used for both model ensembles as well as reanalysis datasets, and aid in better

distinguishing the signal from the noise in these S2S predictions.

Another aspect of the Bayesian regime assignment that one can consider to obtain a better
informed posterior regime probability is the climatological likelihood function. In Chapter 5 this is
assumed to be constant, but one can imagine situations where remote drivers impact these functions.
For example, it could be the case that there is a difference in the regime likelihood functions between
El Nifio and La Nina years. The difficulty here is how to assess such a hypothesis, as the reanalysis
time series is not of sufficient length to obtain a reasonable sample size. It could be an option when
using ensemble data, but testing its value remains a challenge due to the lack of reanalysis results.
Another direction one could imagine is to have seasonally varying likelihood functions, capturing

the variability in the background climatology.

The use of the Bayesian regime assignment approach is not limited to atmospheric circulation
regimes, but can be applied to any situation in which the data can be separated into two or more
regimes. For example, one can think of the two phases of the NAO or the jet latitude (Woollings
et al., 2010), but one can also imagine applications in topics outside of climate such as finance and
healthcare. For the application one needs some information on the regime likelihood function and
a way to obtain an informative prior. In most cases the latter will be the most challenging and
requires a thorough understanding of the processes involved. For circulation regimes a prior based
on climatological transition probabilities, which automatically builds in persistence, was shown to
be a suitable and natural choice, and incorporating information from a full ensemble enhanced the
interannual signal. Depending on the regime process considered other choices for the prior may be

more suitable.

There are many directions that can be taken to advance the presented methods for regime identi-
fication and assignment in this thesis. One can apply the methods to other clustering problems. One
can adapt the regularisation within the k-means clustering algorithm focused on different research
questions. One can use external drivers to inform the prior in the Bayesian approach to regime
assignment. One can dive into the results to study the relation between regimes and remote drivers.
One can research these and many more aspects building on the methods and results of this thesis.
Studying any of these aspects will aid in better understanding the atmospheric circulation signal,
have valuable applications in e.g. developing storylines of regional climate change, and hopefully

lead to model improvement for even better predictability in the future.
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Appendix A

Relating Average Regime
Duration, Self-Transition
Probability and e-Folding Time

Scale

In this appendix we discuss the derivation of relationships between the self-transition probabilities
and the corresponding e-folding timescale and average regime duration. The main assumption for
deriving these relations is that the regime dynamics is can be approximated by a first-order Markov

chain, meaning the current state fully determines the probability of the state the next day.

Let p be the probability of a regime transitioning into itself. Consider the exponential e~*/Te,

where ¢ is time and T, the e-folding time (both in days), describing the decay in likelihood of the
atmosphere still being in the same regime after time ¢. For ¢ = 1 day we can relate the transition

probability to the e-folding time scale by

o U/Te

=D
_1/Te = IOg(p)» (Al)
1
o= g

meaning that if we know one, we can compute the other.
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Next we relate the self-transition probability to the expected (or average) regime duration. Start-
ing from a regime with self-transition probability p (day 0), the expected time it takes to transfer
out of that regime (O) is

E(days to O) = Z nP(O at day n),

n=1

= dp (A.2)

=(1 —p)d%(ﬁ),

11
1—p)? 1-p

We denote the found average regime duration by E(days to O) = T,,. Note that the Taylor series

:(lfp)(

of —log(p) around 1 is
—log(p) = (1 —p) + O(p*), (A.3)

meaning that in the limit p — 1 we have that T, and T, become equal (by comparing Equation

(A.1) and (A.2)).

The found relations between p and either T, or T, allow us to also express the e-folding time

T. as a function of T,, and the other way around. This yields

1 1

T, = Ty = ——— .
1= exp(—1/T.)

‘ - IOg(Tav - 1) - log(Tav) ’ (A4)
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Appendix B

A Comparison Between Regimes

for ERA-Interim and SEASS Data

In this thesis both ERA-Interim and ECMWF SEAS5 model hindcast data are used for the regime
identification. When comparing the regime results between both these datasets it is important to
be aware of the differences between them and the biases present in the model that could affect the
regimes. In this appendix we discuss these correspondences and differences, starting with some notes

on the general differences in Section B.1, followed by a regime-tailored discussion in Section B.2.

B.1 General Differences

The main interest in this thesis is on the circulation regimes and their dynamics, these can be
impacted by different aspects of the data. In this section of Appendix B we focus on differences in
the climatology, which is used as a background state with respect to which anomalies are computed,
in the variance and in the autocorrelation. These three aspects are studied for two domains; 20° to
80°N and 90°W to 30°E (domain A, dashed box) and 30° to 90°N and 80°W to 40°E (domain B,

dash-dotted box). These are the two domains considered in Chapter 4.

We start by looking at the difference in the background climatology as shown in Figure B.1. We
find that SEAS5 has a lower geopotential height over the central Atlantic extending north-eastwards
over Europe and a higher geopotential height over Greenland and the northern parts of both do-

mains. The regimes are computed using anomaly data with respect to these respective background
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Figure B.1: The average climatology of ERA-Interim and SEAS5 and their difference. The boxes

indicate the two domains considered.

climatologies, meaning these do not provide direct information on the anomalies. Nevertheless, it is

possible that the differences in climatology do affect the identified regime patterns.

Next we turn to the variance around the climatology, where we not only consider deviations
with respect to the fixed climatologies shown in Figure B.1, but also with respect to a seasonally
varying climatology. The variance over the domain for both datasets and climatologies is shown in
Figure B.2. Firstly, we note that the variance is smaller when using a seasonal climatology than when
considering a fixed one. In general this difference is small, except over Canada/North America, which
is the case for both ERA-Interim and SEAS5. Interestingly this effect is larger for ER A-Interim than
for SEAS5. The difference in the effect of the used climatology between SEAS5 and ERA-Interim
shows a larger variance difference for SEAS5 in the central and northern Atlantic, while over the
United States and Canada the variance difference between the two climatologies is a lot smaller. The
differences between ERA-Interim and SEASSH are very similar for both climatologies. On average the
variance of SEASS is slightly higher, with largest differences off the coast of Spain/France followed
by Eastern Europe. There is a small area near Iceland where the variance of SEASS is slightly lower

than that of ERA-Interim.

Lastly, we discuss the autocorrelation for a lag of one day shown in Figure B.3. As for the
variance we see that using a seasonal climatology reduces the autocorrelation compared to a fixed
climatology. Again, this effect is stronger for ERA-Interim than for SEAS5, with the differences
occurring in roughly the same regions, albeit with different strengths. We also see that the difference
increases with increasing lag, for both the differences between the two climatologies and between
ERA-Interim and SEAS5. The differences in autocorrelation between ERA-Interim and SEAS5 show

a more varied pattern than those for the variance. We find a lower autocorrelation for SEAS5 in the
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Figure B.2: The variance of ERA-Interim and SEAS5 and their difference using either a fixed or

seasonal climatology and their differences.
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Figure B.3: The autocorrelation of ERA-Interim and SEAS5 using either a fixed or seasonal clima-

tology and their differences at a 1-day lag
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Table B.1: The pattern correlation between the SEAS5 ensemble regimes and the ERA-Interim

regimes for k =4 and k = 6.

k | AR+ SB+ NAO+ NAO- AR- SB- | Mean

41 097 0.98 0.97 0.99 0.98
6| 097 0.89 0.91 098 095 0.96 | 0.94

south-western part of the domain, as well around Italy and north of the UK. A higher autocorrelation
occurs over the Baltic states and in a band throughout the centre of the domain. These difference

patterns are roughly the same for longer lags, becoming stronger the longer the lag.

B.2 Differences in the Regimes

The discussed differences in climatology, variance and autocorrelation can affect the regimes iden-
tified, as well as their dynamics. In this section we study the difference between the regimes of the
two datasets, both for k = 4 and k = 6, where also the effects of the background climatology and
domain are considered. All of this is done using a standard k-means clustering algorithm applied to
gridpoint data. It is not expected that the SEAS5 and ERA-Interim results are the same, but it is
desirable for the ERA-Interim results to fall within the ensemble spread of SEAS5. We start with
some notes on the regime patterns themselves, after which the optimal number of regimes and the
regime dynamics are considered. In the end some brief comments are made on the incorporation of
a persistence regularisation within the k-means clustering algorithm applied to the SEAS5 model

ensemble data (method discussed in Chapter 3).

B.2.1 Regime Patterns

The regime patterns differ between ERA-Interim and SEAS5, but for both & = 4 and k& = 6 they
can straightforwardly be linked one-to-one as shown in Figure B.4. The regimes overall look quite
similar, but changes in the location of high- and low geopotential height centres are found. To
assess the correspondence of the regime patterns, we compute the pattern correlation between the
regimes. These are given in Table B.1 and show a very high correspondence for all regimes for k = 4.
When using six regimes the correspondence is slightly lower but still good, with the lowest pattern

correlation for SB+ and NAO-+.
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Figure B.4: The regimes for ERA-Interim (colour) and those for the SEAS5 ensemble (contours at

same intervals, dashed for negative values).
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These results are obtained using a constant climatology for the primary domain A considered
in this thesis. However, the domain and background climatology do affect the regimes for SEASS5,
as also discussed in Chapter 4, while for ERA-Interim the regime patterns are robust to changes in
these two aspects. When using four regimes the results are still quite robust, but for k£ = 6 this is no
longer the case. The use of a seasonal climatology does substantially alter the regime patterns, with
two NAO—-like regimes and the loss of AR—. This likely is due to a different seasonal cycle in the
model. The effect of a different background climatology, also means the good correspondence with
the ERA-Interim regimes is lost. The same is true when using domain B for SEAS5, for which the
regime patterns change as well. These differences could be related to the more northern domain (B)
having on average a higher (positive) difference in the variance between ERA-Interim and SEAS5
(Figure B.2). Thus, for domain A with a fixed climatology, being the focus in this thesis we find the

highest correspondence between the ERA-Interim and SEAS5H regimes.

It is relevant to know what the ensemble spread in regime patterns is, as the amount of data
available is a lot lower for ERA-Interim compared to using all 51 SEAS5 ensemble members. When
clustering single ensemble members we find that the obtained regimes show a large spread. This
indicates that for the SEAS5 data, the 36 years available are not sufficient to robustly identify the
circulation regimes. This holds for both four and six regimes. The higher variability in SEAS5 likely
contributes to this less pronounced regime behaviour. The regimes obtained for ERA-interim do fall
within the ensemble spread, but are more identifiable as they are quite robust to subsampling within
the ERA-Interim dataset. The more ensemble members are considered, the more robust the regimes
become, although there still are cases where the regimes are substantially different when considering
the pattern correlation. Overall, this indicates that the SEAS5 model shows less robust regime

dynamics than ERA-Interim, but due to the ensemble size still yields reliable regime dynamics.

B.2.2 Regime Dynamics

Next to the regime patterns it is important to check that the regime dynamics of ERA-Interim
falls within the ensemble spread of SEAS5. Here, the average regime frequency and transition
probabilities are considered. We consider the spread in both these aspects using one, five or ten
ensemble members a year to investigate whether the ERA-Interim values fall within the ensemble

spread.

In Figure B.5 the distributions of occurrence rates for the ensemble are shown for k¥ = 4 and

k = 6. The first thing to note is that the value of ERA-Interim always falls within the ensemble
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spread, albeit at edge for a significant number of regimes. Using four regimes this is more true than
using six regimes. Furthermore, we see that by increasing the number of ensemble members a year
the distributions move closer to the full ensemble value, as is expected, leading to the ERA-Interim
value falling outside of the ensemble spread in some cases. Most notable are the underestimation
of NAO+ and overestimation of NAO— occurrence rates for k = 4. For six regimes primarily the

occurrence of SB+ is underestimated.

Next we look at the transition probabilities, i.e. the frequency of regime A transitioning to regime
B throughout the time series. The distributions for SEAS5 are shown in Figure B.6. As for the
regime frequencies the ERA-Interim values fall within the ensemble spread. On average the regime
persistence, i.e. the transition probability of a regime to itself, of ERA-Interim lies on the higher end
of the ensemble spread. This lower SEAS5 persistence could be related to the lower autocorrelation
(on average) over domain A, as found in Figure B.3. For the regime transition probabilities ERA-
Interim values lie more on the edge of the SEAS5 spread for transitions out of SB when considering
four regimes. For k = 6 the picture is more mixed, with a number of cases where ERA-Interim

values lie at the edge of the ensemble spread.

Overall we find that for both the regime frequencies and transition probabilities the results for
the ERA-Interim regimes fall within the ensemble spread of SEAS5. This indicates that, after a bias

correction by using the respective regimes obtained for the ERA-Interim and SEAS5 datasets, the
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(a) Regime frequency for k = 4. (b) Regime frequency for k = 6.

Figure B.5: The distribution of regime frequencies for the SEAS5 ensemble members (color), con-
strained on a one-to-one match with ERA-Interim and using 5 (black, blank) or 10 (grey, shaded)
members a year. The vertical lines give the values for ERA-Interim (solid) and the full SEAS5
ensemble (dashed).
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(b) Transition probabilities for k = 6.

Figure B.6: The distribution of transition probabilities for the SEAS5 ensemble members (color),
constraint on a one-to-one match with ERA-Interim (black line) and using 5 (black, blank) or 10
(grey, shaded) members a year. The vertical lines give the values for ERA-Interim (solid) and the

SEAS5 ensemble (dashed).
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ERA-interim regime dynamics is sufficiently represented within the SEAS5 model.

B.2.3 Persistence in SEAS5

Due to the large size of the SEAS5 ensemble it is not possible to use the time-regularised k-means
clustering algorithm discussed in Section 3.3.1 to identify persistent regime dynamics in the full
SEAS5 ensemble. However, it is possible to apply the time-regularised algorithm to individual
ensemble members to get an idea of the persistent regime dynamics in the ensemble data. The first
aspect to look at in this regard is what a suitable constraint value would be. Here we consider the
constraint value in terms of the average regime duration (ARD) corresponding to a C for consistency
between ERA-Interim and SEAS5 data, as the time series are of different length. The BIC is
considered to identify a suitable value, as shown in Figure B.7 for £k = 4 and k¥ = 6. For ERA-
Interim an average regime duration of approximately 7 days is found to be optimal for both four and
six regimes. For k = 4 the majority of ensemble members identifies this to be the optimal regime
duration as well, while for £ = 6 the majority finds 6 days to be optimal. A shift towards shorter
regime duration is expected as the use of more regimes allows for more variability and thus more

regime transitions. This also corresponds to the results obtained in Section 3.3.

k=4 k=6
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Figure B.7: The BIC for ERA-Interim (black) and single SEAS5 ensemble members where the colour
indicates the location of the minimum; red for an average regime duration of 8 days, green for 7

days and orange for 6 days.

Since also for k = 6 the BIC for a 7 day average regime duration is close to its minimum,
we decide to consider this constraint value for further analysis. The regime patterns, occurrence
rates and transition probabilities are not strongly affected when the persistence constraint is used.
Therefore, we focus on the effect on the distribution of the regime duration, which is shown in Figure

B.8. The constraint reduces the number of one-day regimes that occurs and has a similar effect on
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Figure B.8: The distributions of regime duration using a persistence constraint enforcing an average

regime duration of 7 days. The grey bars give the histograms of the different ensemble members, the

coloured solid lines give the ensemble with constraint and in black solid the result for ERA-I with

constraint is shown. Furthermore the results for ERA-Interim (black dotted), full SEAS5 ensemble

(colour dotted) and SEAS5 ensemble mean (colour, dashed) without constraint are shown.

the SEAS5 ensemble members as on ERA-Interim. As before, the ERA-Interim distributions fall

within the ensemble spread. The noise within the ERA-Interim results is substantial, especially for

a long regime duration, making it difficult to say anything more on the correspondence with SEAS5.

Overall we have no reason to believe the persistent regime dynamics differs significantly between

ERA-Interim and SEASb5.
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Appendix C

Robustness of Distance

Distributions

This last appendix relates to the robustness of the Bayesian regime assignment discussed in Chapter
5. The likelihood P(d|r), i.e. the likelihood of the data given a regime, is a key element in the
Bayesian regime assignment approach. This likelihood is determined by fitting a multivariate normal
to the conditional distance distributions for ERA-Interim and SEAS5. Thus, it is important to
determine how robust those estimates are. We use a bootstrap analysis to obtain an error estimate
of the mean and covariance of the fitted multivariate normal distributions. Here we use 20 years
for ERA-Interim and single ensemble members for SEASS in the bootstrap analysis. Results for the

mean are shown in Figure C.1 and for the covariances in Figures C.2, C.3, C.4, C.5, C.6, C.7.

Firstly note that the spread in the mean distance is small and that the ERA-Interim and SEAS5
values are comparable. The only exception to the latter is the distance to NAO+ and AR— con-
ditional on being assigned to NAO+, where the ERA-Interim and SEAS5 values differ. This is
related to the regime patterns being slightly different. Also for the covariances mostly the spread is
small and comparable between the two datasets, indicating that also the spread around the mean
is relatively robust. The largest spread in covariance values is found for data assigned to NAO—,

indicating this is the least stable regime.
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Figure C.1: The mean distance to each of the regimes conditional on the data being assigned to the

regime in the caption. Results for ERA-Interim are shown left, for SEAS5 right.
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Figure C.2: The covariance of the distance conditional on the data being assigned to NAO+. Top
left to bottom right shows the covariance matrix row by row. Results for ERA-Interim are shown

left, for SEAS5 right.
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Figure C.4: As C.2 for data assigned to AR+.
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Figure C.5: As C.2 for data assigned to SB+.
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Figure C.6: As C.2 for data assigned to AR—.
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