On the role of atmospheric teleconnections irlimate

Anastasios A. TsorljKyle L. Swansoh and Geli Wang

1. Department of Mathematical Sciences, Atmospherierges Group, University
of Wisconsin-Milwaukee, Milwaukee, WI 53201
2. Institute of Atmospheric Physics, Chinese Academ$aences, Beijing, China

Corresponding author: A.A. Tsonis; aatsonis@uwm.edu



Abstract. In a recent application of networks to 500 hPa datvas found that super
nodes in the network correspond to major telecammedviore specifically in the
northern hemisphere a set of super nodes coinaidieghe North Atlantic oscillation
(NAO) and another set is located in the area wiieré>acific North American (PNA)
and the Tropical Northern Hemisphere (TNH) pattemesfound. It was subsequently
suggested that the presence of atmospheric telecbons make climate more stable and
more efficient in transferring information. Here v&st this hypothesis by examining the
topology of the complete network as well as ofrikévorks without teleconnections. We
find that indeed without teleconnections the nelmecomes less stable and less
efficient in transferring information. We also fitisiat the pattern chiefly responsible for
this mechanism in the extratropics is the NAO. otieer patterns are simply a linear

response of the activity in the tropics and thele in this mechanism is inconsequential.



Text

1. Introduction

This work uses methods from graph theory to ingas#i the role of teleconnection in
climate. Because these methods are new to atmasgleggnces community we begin
with an introduction of the basic ideas. Some ekthbasic principles have been
presented in a recent publication (Tsonis et &620but are presented here as well for

convenience and completeness.

A network is a system of interacting agents. Inliteeature an agent is called a node.
The nodes in a network can be anything. For examplée network of actors, the nodes
are actors that are connected to other actorgyf lave appeared together in a movie. In
a network of species the nodes are species thabarected to other species they
interact with. In the network of scientists, thelas are scientists that are connected to
other scientists if they have collaborated. Inghend network of humans each node is an
individual, which is connected to people he or lshews. There are four basic types of
networks.

a) Regular (ordered) networks.These networks are networks with a fixed number of
nodes, each node having the same number of linkseobing it in a specific way to a
number of neighboring nodes (Fig. 1, left pandlgach node is linked to all other nodes
in the network, then the network is a fully conmechetwork. When the number of links
per node is high, regular networks have a higha{dadustering coefficient. In this case

accidental removal of a number of links does netkrthe network into non-



communicating parts; the network is stable, whicymot be the case for regular
networks with small local clustering. Also, unlestworks are fully wired, they have a
large diameter. The diameter of a network is defiag the maximum shortest path
between any pair of its nodes. It relates to theratteristic path length, which is the
average number of links in the shortest path betviwe nodes. The smaller the
diameter, the easier is the communication in the/on.

b) Classical random networks.In these networks the nodes are connected atmando
(Fig. 1, right panel). In this case the degreerithstion is a Poisson distribution (the
degree distributiorpy, gives the probability that a node in the netwisrkonnected t&
other nodes). The problem with these networksasttiey have very small clustering
coefficient and thus not very stable. Removal otimber of nodes at random, may
fracture the network to non-communicating parts.t@nother hand they are
characterized by a small diameter. Far away node$e connected as easily as nearby
nodes. In this case information may be transpatieaver the network much more
efficiently than in ordered networks. Thus, randoetworks exhibit efficient information
transfer but they are not stable.

¢) Small-world networks. In nature we should not expect to find either wvegular or
completely random networks. Rather we should fietivworks that would be efficient in
processing information and at the same time bdest#¥ork in this direction led to a new
type of network, which was proposed a few yearskagthe American mathematicians
Duncan Watts and Steven Strogatz (1998) and isdsihall-worldnetworks. A ‘small-
world’ network is a superposition of regular andsdical random graphs. Such networks

exhibit a high degree of local clustering but a kmamber of long-range connections



make them as efficient in transferring informatasirandom networks. Those long-range
connections do not have to be designed. A few lamgie connections added at random
will do the trick (Fig. 1, middle panel). The degmistribution of small-world networks

is also a Poisson distribution.

d) Networks with a given degree distribution.The ‘small-world’ architecture can
explain phenomena such as the six-degrees of sepafanost people are friends with
their immediate neighbors but we all have one arfiends a long way away), but it
really is not a model found often in the real wotldthe real world the architecture of a
network is neither random nor small-world but itrees in a variety of distributions such
as truncated power-law distributions, Gaussianidigions, power-law distributions, and
distributions consisting of two power-laws sepatdig a cutoff value (for a review see
Strogatz 2001). The most interesting and commauolh networks are the so-called
scale-freenetworks. Consider a map showing an airline’sesuThis map has a few
hubs connecting with many other points (super npaied many points connected to only
a few other points, a property associated with pdawe distributions. Such a map is
highly clustered, yet it allows motion from a poiatanother far away point with just a
few connections. As such, this network hasgrepertyof small-world networks, but this
property is not achieved by local clustering aridvarandom connections. It is achieved
by having a few elements with large number of linksl many elements having very few
links. Thus, even though they share the same pxgpike architecture of scale-free
networks is different than that of ‘small-world’ tmerks. Such inhomogeneous networks
have been found to pervade biological, social,agioll, and economic systems, the

internet, and other systems (Albert et al. 1999etos et al. 2001; Jeong et al. 2001



Pastor-Satorras and Vespignani 2001; Bouchaud amhid 2000; Barabasi and
Bonabeau 2003). These networks are referred tosdes-gee because they show a
power-law distribution of the number of links perde. Lately, it was also shown that, in
addition to the power-law degree distribution, maegl scale-free networks consist of
self-repeating patterns on all length scales (Sarad. 2005). These properties are very
important because they imply some kind of self-aigation within the network. Scale-
free networks are not only efficient in transfegrinformation, but due to the high degree
of local clustering they are also very stable (Basa and Bonabeau 2003). Because there
are only a few super nodes, chances are that ataldemoval of some nodes will not
include the super nodes. In this case the netwoikdwot become disconnected. This is
not the case with weakly connected regular or rendetworks (and to a lesser degree
with small-world networks), where accidental remaMahe same percentage of nodes

makes them more prone to failure (Barabasi and Beena2003).

2. Previous results

Methods to construct networks were applied to desystem by assuming that climate
is represented by a grid of oscillators each ortberh representing a dynamical system
varying in some complex way. The interest was lmdate the collective behavior of
these interacting dynamical systems and the streictuthe resulting network (Tsonis
and Roebber 2004; Tsonis et al. 2006). They censitithe global National Center for
Environmental Prediction/ National Center for Atrpberic Research (NCEP/NCAR)
reanalysis 500 hPa data set (Kistler et al. 2001500 hPa value indicates the height of

the 500 hPa pressure level and provides a goodgeptation of the general circulation



(wind flow) of the atmosphere. The resolution o thata in those studies wadd&itude

x 5° longitude. For each grid point a time series ofithty anomaly values in the period
December-February from 1950 to 2004 is availalolehis network each grid point is a
node and two nodes are considered as connectsel atisolute value of the correlation
coefficient of their respective time series is ¢geear equal to 0.5. The architecture of the
resulted network is presented in Fig. 2, which shtve area weighted number of total
links (connections) at each geographic locationrdvicurately it shows the fraction of
the total global area that a point is connected Iis is a more appropriate way to show
the architecture of the network because the netwgoakcontinuous network defined on a

sphere. Thus, if a nodas connected tdl other nodes aty latitudes then its area

weighted (:onnectivityf,fi , is defined as

(fi = 4N cos/, / cos/ (1)

overall / and/

where is the longitude. In the above expression the ohemator is the area of the
Earth’s surface and the numerator is the areaabfsirface a node is connected to. We
observe two very interesting features. In the trgjii appears that all nodes posses more
or less the same (and high) number of connectighigh is a characteristic of fully
connected networks. In the extratropics it apptascertain nodes posses more
connections than the rest, which is a characterdtscale-free networks. In the northern
hemisphere we clearly see the presence of regibesansuch super nodes exist in China,
North America and Northeast Pacific Ocean. Simjladveral super nodes are visible in
the southern hemisphere. These differences bettk@gios and extratropics have been

delineated in the corresponding degree distribstiarhich suggest that indeed the



extratropical network is a scale-free network chemazed by a power law degree
distribution (Tsonis et al. 2006). As is the casth\all scale-free networks, the

extratropical network is also a small-world netw@fkonis et al. 2006).

An interesting observation in Fig. 2 is that supedes may be associated with major
teleconnection patterns. For example, the supeesiodNorth America and Northeast
Pacific Ocean are located where the well-knownfiRaldiorth America (PNA) pattern
(Wallace and Gutzler 1981) is found. In the soutiemisphere we also see super nodes
over the southern tip of South America, Antarcaca South Indian Ocean that are
consistent with some of the features of the Pa&ifiath America (PSA) pattern (Mo and
Higgins 1998). Interestingly, no such super nodesaident where the other major
pattern, the North Atlantic Oscillation (NAO) (Th@son and Wallace 1998; Pozo-
Vazquez et al. 2001; Huang et al. 1998) is fourids @oes not indicate that NAO is not
a significant feature of the climate system. SiN&€ is not strongly connected to the
tropics, the high connectivity of the tropics wadther regions is masking NAO out. In
fact, if we consider a network with only nodes haot the 30 N latitude, we find (Fig. 3,
top) that features consistent with NAO are noygrkesent but are also the prominent
features of the network (the other two panels gf Biare discussed later). It should be
noted here that in their pioneering paper Wallaw @utzler (1981) defined
teleconnectivity at each grid point as the strohgegative correlation between a grid
point and all other points. This brings out telewection patterns associated with waves
such as the trough-ridge-trough PNA pattern. Howewecause of the requirement of

strongest negative correlation (which occurs betwseaegative anomaly center and a



positive anomaly center), this approach can onlyndate long-range connections. As
such, information about clustering and connectigitpther spatial scales is lost. In the
network approach all the links at a point are ad&®d and as such much more
information (clustering coefficients, diameter, lsog properties etc) can be obtained.
The similarities between Wallace and Gutzler’s ltssand the network results arise from
the fact that grid points with many long-range §nkill most likely stand out. The
network approach, however, appears superior aslle to delineate both major

teleconnection patterns at once.

The mathematical terminology of networks and gréqgory may appear rather abstract
but is often associated with the physics of théesyshe network represents or is applied
to. For example, networks of nonlinear oscillatmay synchronize and experience
bifurcations as physical parameters vary (Pecosh 4997; Boccaletti et al. 2002,
Tsonis et al. 2007). The rate at which the degneenper of links) of each node changes
is equivalent to thermodynamics forces and themjugated flows and to Onsager
relations, which explain how small perturbationsome parameters can induce
fluctuations of other parameters (Fronczak et@0.73. With regards to our previous
results mentioned above and the new results pessdetre, the physical interpretation is
that the climate system (as represented by thenB@ield) exhibits properties of stable
networks and of networks where information is tfarred efficiently. In the case of the
climate system, “information” should be regardedfgtuations” from any source.
These fluctuations will tend to destabilize therseuegion. For example, dynamical

connections between the ocean and the atmosphegrereste a disturbance in the upper



atmospheric flow from a surface temperature anormady the Pacific Ocean. However,
the small-world as well as the scale-free propefiye extratropical network allows the
system to respond quickly and coherently to flutituns introduced into the system. This
“information” transfer diffuses local fluctuatiotisereby reducing the possibility of
prolonged local extremes and providing greaterilyabor the global climate system.

The above theory and its application to climatedatggests that the climate system may
be inherently stable and efficient in transferrnprmation and that these properties are
closely connected to the presence of teleconnectidext we present results that further

document this hypothesis.

3. Results

Empirical Orthogonal Function (EOF) analysis iselwnown procedure in the
atmospheric sciences, which “decomposes” a signalmodes (EOFs) of variability.
Each mode explains some of the variance observgtidata. The first EOF explains
most of the variance, and so on. Figure 4 showsead 2% EOF of the extratropical
(30 N-90 N) 500 hPa field. Here the data in theqieDecember-March at a resolution of
2.5°x 2.5 are used. Figure 4 is consistent with previoudistusuggesting that these first
two EOFs correspond to NAO and PNA. In our case E@Brresponds to the PNA
pattern, and EOF 2 to NAO, albeit the differenceanance explained is very small
(16% and 14%, respectively). We note that EOF pagtthat explain similar percent
variances may not be uniqguely defined. Also somdiss have suggested that EOF1
identifies the TNH pattern (Straus and Shukla, 20B2wever, in our case we find that

the correlations between the NAO and PNA indicastarir corresponding temporal
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components (PCA loadings) are close to 0.9 whdyeageen TNH and its corresponding
temporal component is 0.6. Thus, in our case E@Edtifies more closely the PNA
rather than TNH. In any case whether it is the Righe TNH that associates with

EOF1 is not crucial to the approach here (this beltome evident below). We also note
here that depending on the period used and thedfypgata, EOF1 may not always
correspond to PNA. For example, if 700 hPa dataiseel, EOF1 corresponds to NAO
(whose presence is more pronounced the closerevi® éine surface) and EOF2
corresponds to PNA but again in this case the rdiffee in variance explained is very
small (20% and 17%, respectively) (Van den Do@leR000; see also the early work of
Wallace and Gutzler 1981). The interesting featdfleOF analysis is that we can use the
results to approximate the original data by inaigdonly EOFs which contribute
significantly to total variance. In this process @& exclude one significant mode (PNA
or NAO) to construct new data without that modeisMaay we can construct a climate
without the PNA pattern or without the NAO. As sweh have a procedure to investigate
how climate will behave without the presence of onenore major teleconnection
patterns. Having the reconstructed climates wetlvam investigate the variability of their
networks and isolate the role of teleconnectiomrs guper nodes in the network) in

climate.

The lower two panels in Fig. 3 show the reduceashate networks (without PNA and
without NAO, respectively). In addition to thesenoectivity maps, Fig. 5 shows the total
distance for each grid point, which is the averaggth of all its links multiplied its

connectivity (for reference, the distance betwéeneiquator and the pole i&). Table 1
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shows the clustering coefficient and the averaggadce of the network for the complete
and the reduced networks. The average total distahthe network is the average of the
corresponding field in Fig. 5. It relates to thardeter of the network; the larger the

distance the smaller the diameter the easier foenation transfer.

Before discussing the interpretation of these tssgitlis useful to revisit the procedure of
estimating the clustering coefficient. The procediar estimate the clustering coefficient
in classical networks is illustrated in Fig. 6. Ttbe panel shows a hypothetical network
and the links of a specific node (the central amé¢his case denoted gs According to

this information the central point is connecte@ight other nodes. These eight nodes are
called theneighborsof nodei and define thelosest neighborhoodf this node. To
estimate the clustering coefficient for this nodetiven find the number of distinct links
between these eight neighborg,For any number d§ neighbors there are at magk;-
1)/2 possible connections. This happens when eachindte neighborhood is
connected to every other node in the neighborhtiedentral point is not part of the
neighborhood). In our example there are five lihktveen the neighbors. Thus5.

Then, the clustering coefficient for nodes Ci=2 ;/(k-1)k = 0.178 (Watts and Strogatz
1998). Based on this definition the clustering ot varies between [0, 1]. The
averageC; over all nodes provides the clustering coefficiginthe networkC. For a fully
connected network=1 and for a random netwofk=<k>/N where<k> is the average

number of links per node amdis the total number of nodes in the network.
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The above definition of the clustering coefficieappropriate for classical networks
where the relative position of nodes and links'steary and there are no spatial
correlations between nearby nodes (for examplepaark of scientists where a link
indicates that the two corresponding scientistel@+authored a paper). In our case, the
network is derived from a spatially extended systemere local spatial correlations
extending up to some characteristic scale as wdbireg range spatial correlations are
present. Indeed, we find that in such cases rehud\the super nodes does not change
the clustering coefficient. When we remove a suyoele we effectively remove its long-
range links while background local correlationt stimain. In this case the
neighborhood becomes smaller but it may still b# eenected (because of the local
correlations), which means that the clustering fa@eht after removing the supernodes
may not decrease as expected in classical noraspativorks. In order to account for
this adverse effect we have introduced a variaticihe definition of the clustering
coefficient (Tsonis et al. 2006). This modified pedure is outlined in Fig. 7. The top left
panel shows again a hypothetical 2-D uniform gnti¢re now each grid represents a
square of some area and where spatial correldbetrgeen grid points may exists) and

the links of the central nodeAccording to this information the central poist i
connected to eight other nodes. This meanséhat8/25. This number is specific to the

central node and we use it to define the size®ttbsesin spaceneighborhood to the
central node, which, accordingly, will be the clstseight squares shown on the top right
panel. This panel also shows all the links betwtberrepresentative grid points in this
neighborhood (again here the central point is aot @f the neighborhood). The lower

eight panels correspond to the eight neighborsshoa the area each grid point is
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connected to. For example, the first of these gxginiels corresponds to the upper left
neighbor and shows the area on the grid thattibmmected to (black square). This
number, (1), is indicated on the top of this pamke number in the parenthesis, (7), is
the maximum number of squares that each node c@uttbnnected to. Doing this for all
eight neighbors we find that the neighbors are eoted to a sum of 8 squares. Dividing
this number by the maximum sum possible (8x7 sq)ayees the clustering coefficient
of the central node, 0.1428. More formally, the ified clustering coefficient for a node
I is defined a€=2 mi/(ki-1)k, where n, is the number of distinct links (four in the

above illustration) between pairs of nodes in tlosest spatial neighborhood of nade
defined byC~:i , and(ki-1) k/2 is the maximum number of possible distinct link$vieen

ki nodes (28 in our illustration). Based on this défn the clustering coefficient varies
again between [0, 1]. The averag@e over all nodes provides the modified clustering
coefficient of the networkC,. The above procedure can easily be extended tsutti@ce

of a sphere with the help of equation (1). Noté because we are now calculating on the
Earth’s surface north of 30 N, the area providedfbynay not always be a circle, but it

could be some arc sector. Note also that the pcesgfirspatial correlations does not

adversely affect the estimation of the diameted{stance) of the network.

The results in Table 1 indicate that both the meditlustering coefficient and the
average distance of the network without PNA arauglty unchanged compared to the
complete network, whereas in the network withoutONthey are significantly smaller
(20% and 36%, respectively). Here we need to sthesillowing: As we mentioned

above, when the long range links due to telecommestire removed the closest spatial
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neighborhood for the nodes associated with supgesibecomes smaller. One may argue
then that the clustering coefficient will incredsecause the local correlations cause most
of nodes in a small neighborhood to be connectéi;hwvill indicate that after the
removal of the super nodes the system becomeslouaity clustered and thus more
stable rather than the other way around. It folldleg in order to be consistent with

graph theory, which demands that removal of supdes makes the network less
connected and less stable (i.e. with a smalletelung coefficient), the removal of a

super node has to alseaken local correlationsThis conjecture is verified by the data.
Figure 8 shows for the 500 hPa field used hereteeage correlation between two

points as a function of their distance, for the ptete field and for the fields without

PNA and without NAO. We see when the PNA is remavedlocal correlation structure
remains unchanged. However, when NAO is removedbttad correlation structure
weakens, which should result in a more fragmenetaiork. This novel result is
consistent with the definition of the modified diersng coefficients in Table 1, and
indicates that the modified approach to estimatecthistering coefficient in spatially

extended systems is more appropriate.

The above results point to the following: 1) TheAPid not relevant to the stability and
efficiency of the climate network in the extratrogi Given that in the global network
(Fig. 2) the PNA is the major feature in the northieemisphere extratropics, this result
indicates that the PNA pattern is a linear respéogmopical forcing. In other words,
most of its connections are with the tropics antwith the extratropics. 2) On the other

hand the NAO is the pattern which appears to bentijer force in the extratropics.
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These points can be visualized in Figs 2, 3 arid the global network (Fig. 2) the PNA
pattern stands out whereas NAO is virtually abderthe extratropics-only network
(Figs. 3, 5) the PNA has “faded” and NAO dominafdse small connectivity and total
distance of the extratropical network observedhaareas of the PNA pattern is an
indication that only local small-scale connectiongonnections within itself are
associated with this pattern, whereas points aatautivith NAO have much longer
range. The results in Figs 2, 3, and 4 are nottdteby the time window (December-

March) used. Different windows produce similar netiks and properties.

As we discussed in the introduction a lower clustgcoefficient means that the network
is becoming more prone to failure and a greatandtar (i.e. a smaller distance) implies
less efficient transfer of information. Here we samt when the true super-nodes (the
NAO) are removed, the network becomes less clusterally and less efficient in
transferring information. This will indicate thdtet climate network from a stable and
efficient scale-free/small-world network becomasoaso highly clustered regular
network. Now the network is more prone to failunel dhus not as stable. In this case
‘failure’ will indicate the breakdown of a prolongieegime and the emergence of a new
regime. This, directly suggested from graph theocoyjecture is verified from
observations. Figure 9 shows 500hPa anomaly cotesdsir three 5-year periods in the
70s and early 80s. In the early 70s (top panelb@@ihPa anomaly field is dominated by
the presence of a wave-3 pattern with both the RNANAO (in its negative phase)
being very pronounced. In the mid 70s (middle peties field is very weak and both

NAO and PNA have for all practical purposes disaped. After that (lower panel), the
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field becomes strong again but a new wave-2 patt@ma very pronounced positive
NAO has emerged. This shift is known as the clinsaié of the 70s. This event is

clearly consistent with our hypothesis. When supstes are removed climate becomes
unstable and shifts to a new state. Lately (Tsena. 2007) have discovered a
dynamical mechanism explaining such shifts. Acaggdp that study major climate
modes may synchronize. Once in place, the synchedrstate may become unstable and
shift to a new state. It appears that our conjecplalys a role in this de-synchronization
of major climate modes. This point is the subjdauwr continuing work in this area and

more results will be forthcoming in the future.

As a final note we would like to point out that EDepresenting NAO) includes, apart
from the dipole over Western Europe and Greenlartbird center east of Mongolia.
Other EOF-type analyses have also featured thiecenthe EOF delineating NAO (van
den Dool et al. 2000). This center, which is alsible in the connectivity map (Fig. 3,
top), does not appear to be associated with th& amea dubious Western Pacific pattern.
This may indicate that the NAO actually is a thpede pattern rather than a dipole. The
fact that this center is absent in the global nétwbig. 2), where NAO is suppressed due
to its lack of connections with the tropics, prasdsupport to this hypothesis. Our
analysis also brings up the more general questda whether or not EOF analysis
(which is based on variance explained) is indeedaffpropriate method to study climate
signals or oscillations. EOF analysis associategitet EOF with the PNA pattern while
in the network approach NAO is far more dominaiiug; if variance is more important

than how the system works (i.e. underlying topo)otiyen EOF analysis may be the best
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approach. Otherwise, approaches like the netwqokoagh may be more appropriate.
We have started looking into this problem and no@&ils may be forthcoming in future

publications.

Finally we note that the above results are highpyroduced in model simulations.
Figures 10, 11, and 12 are similar to Figs. 3dl, & respectively, but for the 300 year
ECHAM5/MPI-OM model simulation from Max Planck litste for Meteorology. While
differences in magnitudes can be observed, quabtgtall major features in the results
from observations are reproduced in the results fifte simulation. This indicates that
the results from the observations are not duettormogeneities in the NCEP/NCAR

reanalysis or length of data.

4. Conclusions

Atmospheric teleconnections are very intriguingndraena in the climate system. The
dynamics underlying the establishment of teleconoes are not well understood. Here
we have used a novel approach to study the raénodspheric teleconnection in climate.
We find that teleconnections in the extratropi@syghe role of super-nodes in the
corresponding networks. We also find that telecatioe patterns in the extratropics can
be divided into two categories. Those that are Birapinear response to tropical forcing
and those that are intrinsic to the extratropiasalfy, we verify the hypothesis that

teleconnections make climate more stable and nfbogeat in transferring information;
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removal of the dominant super-nodes results indesse and less efficient networks

thus increasing the chances for a major climat. shi
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Figure captions

Fig. 1: lllustration of a regular, a small-worldcha random network (after Watts and

Strogatz, 1998).

Fig. 2: Total number of links (connections) at egelbgraphic location. The uniformity
observed in the tropics indicates that each nodsgsses the same number of
connections. This is not the case in the extratsopihere certain nodes possess more

links than the rest. See text for details on haw figure was produced.

Fig. 3: (a) Same as Fig. 2 but for the extratrdpedawork (30 N-90 N). (b) Same as (a)

but for the network without PNA. (c) Same as (a)fouthe network without NAO.

Fig. 4: EOF1 and EOF2 of the observed extratrofo@hPa flow. The correlations
between the NAO and PNA indices and the correspgnid@mporal components (PCA
loadings) are close to 0.9 whereas between TNHlandorresponding temporal
component is 0.6. Thus, in our case EOF1 identifiese closely the PNA rather than

TNH.

Fig. 5: Total distance at each geographical looat®) for the complete network, (b) for

the network without PNA, and (c) for the networkivaut NAO. See text for definition

of distance.
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Fig.6: lllustration of the method to estimate thestering coefficient (see text for

details).

Fig.7: lllustration of the method to estimate thedified clustering coefficient (see text

for details).

Fig.8: This figure shows for the 500 hPa field ubete the average correlation between
two points as a function of their distance, for teenplete field and for the fields without
PNA and without NAO. We see when the PNA is remavedlocal correlation structure
remains unchanged. However, when NAO is removedbttad correlation structure

weakens.

Fig. 9: 500 hPa anomaly field composites for theqoe1969-1974 (top), 1973-1978
(middle), and 1977-1982 (bottom). On the top a w@ymttern is visible with PNA and
NAO in its negative phase being present. In thedieithoth NAO and PNA have for all
practical purposes disappeared. In the bottomi¢he émerges as a wave-2 pattern with
NAO in its positive phase. As we explain in thettinis transition (known as the climate
shift of the 70s) is consistent with our conjecttirat removal of super-nodes makes the
(climate) network unstable and more prone to failjoreakdown of a regime and

emergence of another regime).

Fig. 10: Same as Fig. 3 but for the 300 year ECHAWS-OM simulation.
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Fig. 11: Same as Fig. 4 but for the 300 year ECHAWMS-OM simulation.

Fig. 12: Same as Fig. 5 but for the 300 year ECHAWS-OM simulation.
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TABLE 1: Clustering coefficient and distance fag tletworks considered

Modified Clustering Distance
Coefficient
Complete network 0.34 0.0025
Network without PNA 0.33 0.0023
Network without NAO 0.27 0.0016

Note: /2=pole to equator distance
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Fig. 1: lllustration of a regular, a small-world @ha random network (after Watts and

Strogatz, 1998)
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Fig. 2: Total number of links (connections) at egewographic location. The uniformity
observed in the tropics indicates that each nodssesses the same number of
connections. This is not the case in the extrat®pihere certain nodes possess more

links than the rest. See text for details on hawfigure was produced.
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Fig. 3: (top) Same as Fig. 2 but for the extrategdinetwork (30 N-90 N). (middle) Same
as (a) but for the network without PNA. (bottomin®aas (a) but for the network without

NAO.

29



Fig. 4: EOF1 and EOF2 of the extratropical 500hfRaw.
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Fig. 5: Total distance at each geographical locatigop) for the complete network,
(middle) for the network without PNA, and (bottdor)the network without NAO. See

text for definition of total distance.
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Fig.6: lllustration of the method to estimate thestering coefficient (see text for

details).
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Fig. 7: lllustration of the method to estimate thedified clustering coefficient (see text

for details).
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Fig.8: This figure shows for the 500 hPa field ubede the average correlation between
two points as a function of their distance, for tdoenplete field and for the fields without
PNA and without NAO. We see when the PNA is rentbeddcal correlation structure
remains unchanged. However, when NAO is removelthécorrelation structure

weakens at all spatial scales including the sma#
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Fig. 9: 500 hPa anomaly field composites for theque1969-1974 (top), 1973-1978
(middle), and 1977-1982 (bottom). On the top a wayattern is visible with PNA and
NAO in its negative phase being present. In thedlmidoth NAO and PNA have for all
practical purposes disappeared. In the bottom iblel £merges as a wave-2 pattern with
NAO in its positive phase. As we explain in tix¢ tieis transition (known as the climate
shift of the 70s) is consistent with our conjectilna removal of super-nodes makes the
(climate) network unstable and more prone to fal(lsreakdown of a regime and

emergence of another regime).
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Fig. 10: Same as Fig. 3 but for the 300 year ECEMANPI-OM simulation
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Fig. 11: Same as Fig. 4 but for the 300 year EGH3AVIPI-OM simulation.
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Fig. 12: Same as Fig. 5 but for the 300 year ECEANPI-OM simulation.

38



