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Abstract. The fact that the climate on the earth is a highly ing the Labrador Sea with the rest of the world are found to
complex dynamical system is well-known. In the last few be significantly affected by NAO, with a maximum at intra-
decades great deal of effort has been focused on understandnnual timescales. While the strongest non-local links found
ing how climate phenomena in one geographical region afare those forced by the ocean, the presence of teleconnections
fects the climate of other regions. Complex networks are adue to internal atmospheric variability is also shown.

powerful framework for identifying climate interdependen-
cies. To further exploit the knowledge of the links uncov-
ered via the network analysis (for, e.g., improvements in pre-

diction), a good understanding of the physical mechanismsl Introduction

underlying these links is required. Here we focus on under-

standing the role of atmospheric variability, and construct The existence of long-range teleconnections in climate is an
climate networks representing internal and forced variabi-established fact, as the atmosphere connects far-away regions
lity using the output of an ensemble of AGCM runs. A main through waves and advection of heat and momentum. This
strength of our work is that we construct the networks us-long-range coupling makes the complex network approach
ing MIOP (mutual information computed from ordinal pat- (Albertand BarabasP003) of the earth’s climate very attrac-
terns), which allows the separation of intraseasonal, intrafive (Tsonis etal.2006 200§ Donges et a]20091). Climate
annual and interannual timescales. This gives further insighfletworks are constructed by considering the earth as a regu-
to the analysis of climatological data. The connectivity of lar grid of nodes and assigning links connecting two different
these networks allows us to assess the influence of two maifodes via an analysis of their similarity over a particular field.
indices, NINO3.4 — one of the indices used to describe ENSOThis approach has been used in the literature both on local
(El Nifio—Southern oscillation) — and of the North Atlantic @nd on global scales and for analyzing climate phenomena
Oscillation (NAO), by calculating the networks from time se- considering both linear and nonlinear interdependencies.

ries where these indices were linearly removed. A main result For example, the network approach has been recently used
of our analysis is that the connectivity of the forced variabi- t0 analyze patterns of extreme monsoonal rainfall over South
lity network is heavily affected by “El Nifio”: removing the Asia (Malik et al, 2013, to infer early warning indicators
NINO3.4 index yields a general loss of connectivity; even for the Atlantic Meridional Overturning Circulation collapse
teleconnections between regions far away from the equatotvan der Mheen et al2013, to gain insight into the origin of

rial Pacific Ocean are lost, suggesting that these regions ardecadal climate variabilityTisonis and Swansp2012 and

not directly linked, but rather, are indirectly interconnected t0 study the El Nifio phenomenon as an autonomous compo-
via El Nifio, particularly at interannual timescales. On the Nent of the climate network3ozolchiani et al.2011).

contrary, on the internal variability network — independent of ~ Various methods for constructing climate networks have

sea surface temperature (SST) forcing — the links connectPeen proposed (computing information measures from tem-
perature or geopotential fields, from daily or monthly data,
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618 J. |. Deza et al.: Internal and forced atmospheric variability in climate networks

etc.) and the reliability and robustness of the networks un-variability. For each run it results in
covered have also been analyzed in terms of a critical com- ; ; ; ;

parison of the networks found with the various methods used® = *for T Xint = Xfor + Xint

(Palus et al.201% Hlinka et al, 2013 Martin et al, 2013
Tirabassi and Masolle2013. A main conclusion of these
studies is that it is crucial to analyze the robustness of the
method used to quantify climate similarities because trends; = x¢o, + (1/N) inim,
and serial correlations in the time series, as well as time lags, i

can significantly affect the topology of the network obtained. . .
. : . f N is large enough, the second term will be small, as each
This paper is focused on understanding the atmospheric . : )
L model run will have a different value. Thus, to the first order
variability by means of networks constructed from monthly _

. . X =~ Xfor-
averaged surface air temperature (SAT) anomalies. for

. o . . In other words, each time seriescan be separated into a
Atmospheric variability can be considered, to first order, :
roosition of an internal part due to intrinsic dvn m_partthat changes from run to ruxj,,, and a part that does not
as a superposition ot a ermal part due 1o sic dyna depend on the initial conditions (is forced by the boundary
ics, and an external part due to the variations of the bounda%onditions only and is the same for all rungly ~
conditions, primarily given by the sea surface temperature This method allows for the construction (’)f tw6 types of

(SST) forcing. These two components can be distinguished . . . A
by using atmospheric general circulation models (AGCMS)networks, those in which the links represent similarities in in-

forced with prescribed historical SSTStfaus and Shukja Iti?rnr?é::/rgr?spzr?gir:?srfibr:lI\:\?/h(i::er:?krlr:(ljirtilsair?gls\é?]?2ibrlr_|iIar-
200Q Barreiro et al. 2002 Molteni, 2003 Bracco et al. y ’ P

2004 — see also the accompanying paprizmendi et al, ities in forced atmospheric variability (tHerced variability

e ) network).
2014 in this Special Issue. -
. . . The connectivity of these networks allows us to assess the
The separation between internal and forced atmospheric

variability is a standard procedure to study the impact of themfluence of two main phenomena: El Nifio (characterized by
y P y P the NINO3.4 index) and the North Atlantic Oscillation (cha-
oceans on the atmosphere and has led to important advances

regarding our understanding of the dynamics involdadnes racterized by the NAO index). This was done by calculating

(1995 and Trenberth(1997 provide two excellent sum- the networks frqm time series where either the NINO3.4 in-
maries of the processes involved, mainly based on the propaqex or the NAO |n_de?<_was linearly _removed. -
' The forced variability networks is found to be intimately

gation of Rossby waves and the generation of teleconnectionelated t0 El Nifio phenomenon and that linearly removin
patterns. Although there are some nonlinear secondary efir:[s evolution ields% breakdown of the lon -ranye telecong—
fects, the theory asserts that, to first order, the observed pro nections of tze climate network articularlg at i%terannual
agation and establishment of teleconnection patterns are lin- L . ' P y a .
ear timescales. A similar result is observed for the internal varia-
Separating forced from internal atmospheric variability bility network in the Northern Hemisphere when NAQ is re-

. : . . moved, with the maximum effect at intra-annual timescales.
is also important because it can allow for improvements

in climate prediction. In many geographical regions, the The paper is organized as follows. In SeZthe method

atmosphere is strongly influenced by SST variations thatused for constructing climate networks is shown. The data

force persistent anomalieStjukla 1999. Because the evo- _anq the mode_l, employgd as well as the NINO3.4 and NAO
lution of the tropical oceans presents some predictability at|nd|ces, are d|spussed n SeBt.SecuonA pr.esents the re-
timescales longer than the atmosphere, prediction of atmo§uns' Here the intemnal and for(N:ed variability networks, and
X . L the effects of NAO and El Nifio are analyzed. Secti®n

spheric variables beyond the chaotic timescale of 7-10 days :
is possible, provided that the atmospheric dynamics havé)resents a summary and the conclusions.
been forced by the oceaBlfuklg 1998.

The usual modeling strategy to study predictability con-2  Methods for network construction
sists in forcing AGCMs with idealized or observed SST
anomalies. This allows for investigating the response of the2.1 Measure of statistical interdependence
atmosphere to different boundary conditions and different
initial conditions. If the time series of anomalies of a cli- The mutual information (MI) is computed from the proba-
mattic field (e_g_, SAT anoma“es) is considered as a Comb|blllty density functions (PDFS) that characterize two time se-
nation of internal and forced variability (e.g. = xfor + xint) €S in two nodesp; andp;, as well as their joint probability
the output of several numerical experiments initialized dif- function, p;; (Cover and Thoma2006§ Amigé, 201Q Palug
ferently but forced with thsameboundary conditions (i.e., 2007:
same SST) can be used to separate the internal and forced

M;; = Zpij(m,n)mg
m,n

(asxfor does not depend on the initial conditions).
Averaging overN runs yields

pij(m,n)
pi(m)pj(n)’

Nonlin. Processes Geophys., 21, 61631, 2014 www.nonlin-processes-geophys.net/21/617/2014/



J. l. Deza et al.: Internal and forced atmospheric variability in climate networks 619

M;; is a symmetric measuréf;; = M ;) of the degree of L A
statistical interdependence of the time series in nédewd [~ NINO 34 index ]
j ifthey are independent;; (m, n) = p;(m)p;(n), and thus ' 7

Mi; =0. _ | SN
In this paper the PDFg;, p;, andp;; are computed in two 1 a b oc |
ways: by histograms of values (this case will be referred to I f’ .}’ .}
0

as MIH) and by using a symbolic transformation, in terms
of probabilities ofordinal patterngthis case will be referred
to as MIOP) Amig6, 2010 Pompe and Rung@011 Bandt
and Pompg2002 Barreiro et al.2017).

The ordinal patterns are calculated from time series by
comparing the value of a given data point relative to its neigh- i 1
bors (Fig.1). When a value) is higher than the previous 1997 T E— 1o - E— 5000
one (1) and lower than the next ones) (v1 < vy < v3), the Time[years]
ordinal transformation gives pattern “a” (see inset in Rig.
whenvy > v > vs, it gives pattern “f”, and so forth. Con- Figure 1. An example of three ordinal patterns in the time series of

sidering patterns of length, then there ar®! possible pat-  the NINO3.4 index (monthly averaged). Green triangles: intrasea-
terns. sonal pattern, blue squares: intra-annual pattern and red circles: in-

A significant advantage of MIOP for climate data analysis (€rannual pattem. The possible pattemsfoz 3 are shown in the

. . . inset. In this example, the intraseasonal pattern corresponds to an
over other methods is that the ordinal transformation allows, _,, ! m . e

. . e”, the intra-annual, to an “a” and the interannual, to a “b”.
us to select the timescale of the analysis, not only by con-
sidering shorter or longer patterns, but also, by comparing
data points in the time series which are not consecutive, but
separated by a time interval. seasons cover 3 months— we decided to use 3 data points per

This symbolic transformation keeps the information aboutyear because seasons are not well-defined worldwide (for ex-

correlations present in a time series at the selected timescaleample, in the tropics), but the seasonal cycle is.
but does not keep information about the absolute values
of the data points. Therefore, the mutual information com-5 5 pefinition of links

puted from ordinal patterns (MIOP) can be expected to pro-
vide complementary information with respect to the standard.l_0 construct the network, a link between nodesid; is de-

method of computing the mutual information (MIH) with : . : S
monthly averaged data and zero-lag regressions, adequate fgped If M;; is above an appropriate threshold, which is cal-
' culated in terms ofurrogateshuffled data as iDeza et al.

g(iréy ggggrzaz‘gsgzg:;n;gfoi?;h': doxivirﬁgizric?&ﬁjst?em%m@’ where the data are shuffled before we calculate the
P ’ y 99 P istograms or the ordinal patterns. When defining the sig-

interesting extension of the present study that is left forfuwrenificance criterion for the links in climate networks there is

work. o .
Monthly data in the period January 1948—-December 2006 Iwgys a degree of .arb.|trar|ness. As we have shown in our
previous work, the distribution of Ml values computed from

is analyzed. Due to the short length of the time seriessurro ate data is approximately Gaussian (see FigDeaa
(708 data points), in order to compute the probabilities of the 9 pp y SN giieaa
et al, 2013. Therefore, here we use a significance criterion

patterns with good statistics we have considered ordinal pat(—:om uted in terms of the mean. and the standard devia-
terns of length three. Since fd» = 3 there are six possible P an,

patterns, for the sake of consistency, the MIH is computedtlon’ o, of the dlstr|but|on of Mi values computed from sur-
using histograms with 6 equi-sized bins. rogate data, and accept links whose Ml value, computed from

We varied the timescale of the MIOP analysis by con- the original data, is above + 3o

. : i While this is the simplest approach, it has well-known
structing the patterns in three ways (see fjg(1) by com drawbacks (see, e.gSchreiber and SchmitA1996 Palu§

paring temperature ano_mahes in 3 cons_ecutlve mqnthSZOO'/),and the use of block surrogates and/or quantile thresh-
(constructing patters with three consecutive data IOOIntS)Plds as significance criterion will provide a valuable and

(2) by comparing apomalles n 3 equally space:d months thacomputationally not too demanding improvement to the
cover a 1-year period (by taking one data point every fourmethod used here

points), and (3) by comparing anomalies in the same month
of 3 consecutive years (by taking one data point every twelve

points). The MIOP computed in these ways is referred to2.-3 Network representation

asintraseasonalintra-annual andinterannual respectively.

While constructing the patterns with one data point per sea-To represent the network we plot taea-weighted connecti-
son (i.e., every three points) could seem more useful — agity (AWC) of the nodes, which is the fraction of the total

Temperature anonmalies [C]
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620 J. |. Deza et al.: Internal and forced atmospheric variability in climate networks

area of earth to which each node is connected, that is, 3.1.2 NAO
ZN A,»-cos()»-) The North Atlantic Oscillation (NAO) has been shown to
AWC; = % be mainly anatmospherigghenomenon only weakly forced
j cos(4;) by the oceanHurrel, 1995. The NAO index is calculated

as the leading EOF of surface pressure over the North At-
where}; is the latitude of nodé andA;; = 1 if nodesi and  lantic region (20-80° N and 90 W-4(C" E) for each model
j are connected, and 0 otherwisksfnis et al.2008. It is run. Comparison among indices from different model runs
of particular interest to identify significant weak links, as the and between these and the observed NAO index from
strongest links are usually of shorter spatial range. In all theNCEP/NCAR reanalysis data yielded different time series
AWC maps presented in Sedt.the color scale has been set modulating essentially the same spatial pattern. The NAO
from O to a fixed value (0.4), and any node with stronger properties have been studied elsewhere (g&eet al, 2005
connectivity is shown with the color code of 0.4. This allows and references therein), but for our purposes it is enough to
a clearer visualization the weakest part of the accepted sigassume that these series have the same power spectra as low
nificant links. It also allows for a direct comparison of all the frequency noise.
AWC maps.
In Sect4the significant connections of some selected geo-3.2 Model used
graphical regions (represented by individual network nodes)
are explored. In these connectivity maps the value of the indn this study the AGCM from the International Centre for
terdependency measure (MIH or MIOP) will be displayed Theoretical Physics (ICTP AGCM) has been used. It con-
using a color scale which is also fixed, from 0 up to 0.3; Ml sists of a full atmospheric model with simplified physics and
values larger than this will be shown using the same colora horizontal resolution of T30 (35° x 3.75°, which gives
code as 0.3. N =608 grid points or network nodes) with eight vertical
levels Molteni, 2003. The model is forced with histori-
cal global sea surface temperatures (ERSST®®)ith and
Reynolds 2004. In order to separate forced from internal

3 Data sets and model used atmospheric variability, nine runs using the same boundary
(SSTs) conditions (but slightly different initial conditions)
3.1 Climate indices were performed.

In our experiment design SST is taken as a boundary con-
A climate index describes the state and changes of a pardition and it is not changed by the atmospheric flow. In the
ticular region of the ocean or the atmosphere. Indices caneal world there is a two-way interaction between the ocean
be determined from monitoring station or reanalysis data, orand the atmosphere. This limitation is especially important
identified by means of empirical orthogonal functions (EOF) in the extratropics where the SST evolution strongly depends
analysis. In the latter case, they result in the principal com-on the atmospheric forcing=¢ankignoul and Hasselmann
ponent (PC) related to an EOF (generally the leading mode) 977 Barsugli and Battisti1998. However, current under-
over a chosen area, calculated for a predetermined variablétanding indicates that the atmosphere is most sensitive to
(e.g., temperature or pressure). As explained below, the avSST anomalies in the tropics and thus the forced atmospheric
erage of SST on the NINO3.4 area has been used for calcuariability will be related to the evolution of the tropical
lating the NINO3.4 index, and the leading PC over the Northgceans Trenberth et a).1998. This model setup allows, as
Atlantic region has been used to calculate NAO. The indicesexplained in the Introduction, to separate thecedandin-

have been linearly detrended. ternal components of the atmospheric variability. While an
ensemble of only nine model runs might seem insufficient
3.1.1 NINO34 for a robust estimation of the forced response, as it could be

contaminated by noise due to the relatively small ensemble
The NINO3.4 index Trenberth 1997 was calculated as the size, it will be shown that the results found here are consis-
average of SST anomalies in the equatorial Pacific boundetent with well-known climate phenomena, indicating that, at
by latitudes 8S—5 N and by longitudes 120N-170C W, least at the “first order” description of the network via AWC,
using the SST data incorporated by the model as a boundaine model runs are enough to separate forced and internal
ary condition for all the runs. The index, obtained in this variability. This is consistent with previous works that show
way, has been compared with the monthly index fld@AA that an ensemble of about 10 runs is enough to separate in-
(2013, updated monthly, obtaining an excellent agreementternal and forced variability in most places (e.Barreirq
As this index is based on SST — a boundary condition for the2009 Barreiro and Diaz2011; Pohlmann and Latif 2005
AGCM - this phenomenon can be expected to affect mainlySeager et al 2010. More sophisticated methods for identi-
theforcedpart of the atmospheric variability. fying the forced variability despite the small-ensemble noise

Nonlin. Processes Geophys., 21, 61631, 2014 www.nonlin-processes-geophys.net/21/617/2014/
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contamination are discussedAlien and Smith(1997), Ven-
zke et al.(1999, Barreiro et al(2002 2009, andTing et al.
(2009.

Monthly averaged air surface temperature (SAT) in the pe-
riod January 1948-December 2006 was analyzed. This re-
sults in a total of 708 data points per node. For each node,
the time series were linearly detrended and the anomalies of
these series were computed by subtracting the long term av-
erage to each monthly data point.

The influence of NINO3,4 or NAO indices was assessed
by computing time series where one of these indices was
linearly removed from the original time series, respectively.
This was done in three steps:

N

=

o

[y

Temperature anomalies [C]

1
N

1 0 1
NINO3.4 anomalies[C
1. calculate the indices, as explained above; [€]

. . . Figure 2. Graphical representation of the linear index-removal pro-
perform a zgro-lag regression _Of the .tlme serlgs Of(:edure. The SAT anomalies are compared at zero lag with the index
each node with respect to the time series of the indeXi, this case NINO3.4 SST anomalies) and a linear regression is
(see Fig2); performed (in red).

2.

3. subtract the linear regression from the original data.

In the following section it is shown that this procedure ef- all pattern of global connectivity with a maximum in the cen-
fectively removes the linear contribution of the given index tral tropical Pacific, relative maxima in the tropical Atlantic
in the evolution of each nod®pdwell et al, 1999 Barreirq and Indian oceans and over Alaska, the Labrador Sea and the
2009. However, this simple approach for assessing the influ-Southern Ocean. Differences are mainly in the magnitude of
ence of an index could be improved in two ways: on the onethe AWC, with the model underestimating the connectivity
hand, nonlinear methods for calculating the index could beln Most places. Similar observation applies to the compari-

considered (see e.gsamez et aJ.2004), on the other hand,
lagged regressions could be considered.

To validate the model (see Sedtl) we considered re-
analysis data from NCEP/NCARK&Inay, et al. 1996 in the

son between Figb, ¢, and d and the corresponding panel in
Fig. 4, where the network was built by using the MIOP as an
interdependency measure.

Figure 4a shows the AWC using MIH and thus reveals

same time period (1948-2006). Since NCEP/NCAR reanaly-global interdependencies of all the time series; Fig-

sis data are given on a® x 2.5° grid, for easier comparison

d show the AWC using MIOP in intraseasonal, intra-

it was resampled using bilinear interpolation of the gridded@nnual and interannual timescales, respectively. Clearly, the
data to fit the grid of the ICTP-AGCM data. The detrended COnnectivity increases as the timescale increases, in good
and normalized anomalies were computed as stated with thegreement with the results found ireza et al(2013 us-

model data. ing reanalysis data. Many other features of the AWC maps
are also qualitatively well reproduced by the model.
While the networks obtained from AGCM and reanalysis
4 Results

data, when visualized via the AWC, look qualitatively very
similar, quantitative differences are seen, for example, with
respect to the spatial extent of the structures. These differ-
ences might be relevant, especially if more sophisticated net-
work measures were to be used. Nevertheless, the good qual-
itative agreement between networks constructed from model
and reanalysis data lets us focus on using model output to
distinguish the networks associated with intrinsic and forced
atmospheric variability.

4.1 Model validation

While the ICTP-AGCM model has been used extensively in
the literature (see, e.gBracco et al.2004 Kucharski et al.
2005 Molteni, 2003 Barreirg 2009 and references therein),
the model has not yet been validated in the context of cli-
mate networks. Therefore, the first step of our study is to
validate the model by comparing the networks obtained from
one model run with the networks obtained from reanalysisy »  anC maps
data Deza et al.2013.

This can be done by comparing Fi§. with Fig. 4.
Figure 3a displays the AWC map computed from reanalysis
data using MIH as an interdependency measure;4&glis-  The AWC maps presented in Figfor one run of the model
plays the AWC map computed from one model run, also us-contain information on both forced and internal variability.
ing MIH. Clearly, the model is able to capture the same over-To analyzeforced variability only, we have constructed the

4.2.1 Forced variability

www.nonlin-processes-geophys.net/21/617/2014/ Nonlin. Processes Geophys., 2168172014
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Figure 3. Maps of AWC constructed from reanalysis NCEP/NCAR data. The statistical interdependencies are quantifigdiig
(b) MIOP intraseasonal(c) intra-annual, andd) interannual timescales (see Setd for details). The color scale is the same for all panels
and for all the following AWC maps.
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Figure 4. Maps of AWC obtained from single model run. The statistical interdependencies are quantifigpMi&l, (b) MIOP intrasea-
sonal,(c) intra-annual, angd) interannual timescales (see Se&ti for details). Comparinga) with Fig. 3a and(d) with Fig. 3b we observe
that the main features of the maps are the same, providing a visual validation of the model.
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Figure 5. Maps of AWC computed from averaged time series, and thus containing information only of the forced component of atmospheric
variability. The quantifiers of statistical similarity are as in Fig(a) MIH, (b) MIOP intraseasonal(g) intra-annual, andd) interannual. It

can be noticed that in the shorter timescale the tropical area, especially the Pacific Ocean has a weak influence, and it grows stronger witt
increasing timescale. The fact that the mapéinand(d) are similar suggests that most of the links uncovered by the Nd} actually

reflect interdependencies in the longer timescale and thus, are Sg@n in

network from averaged time series (over nine model runs),Comparing these three maps with that in Bgwhich, as ex-
as explained in Sect. 1. plained before, was computed via MIH and thus contains in-
The results are presented in Fig.Figure5a displays the  formation from all the time series, it can be inferred that most
AWC map when the MIH is used to quantify statistical in- of the connections seen in Fifa occur at long timescales,
terdependencies. Here, connectivity is higher in the tropicdbecause they are clear only in Fisd, and are weak or not
and on the Pacific, Indian and Atlantic basins than in the resseen in Fig5b, c.
of the world. It is worth noting that while tropical connecti-  Figure6 represents the same maps as Bigut after re-
vity is relatively symmetrical around the equator for the Pa- moving the NINO3.4 index, as explained in Seg. Fig-
cific and Indian oceans, the North Atlantic is significantly ures5a and6a show large differences. It is clear that the
more connected than in the south of the equator. Firel signal of El Nifio in the tropical Pacific was successfully re-
show that the connectivity of the forced variability increasesmoved, and moreover, the connection hotspots in the extra-
with the timescale. At intraseasonal timescales connectivitytropics were also removed, indicating that they were mainly
is very low compared with the connectivity from Figa. If forced by El Nifio. However, a few small well-connected ar-
we increase the timescale to intra-annual — as in3tig-the ~ eas remain over the equatorial Pacific, indicating that a linear
entire tropical area becomes more connected than the extraegression is not sufficient to fully eliminate the ENSO effect
tropics, indicating a better longitudinal energy and momen-on the network connectivity.
tum exchange. Forced by the tropical Pacific SST anoma- The Caribbean and North Atlantic are the largest regions
lies, a long-range strong teleconnection is found in Alaskathat maintain a similar AWC, even after Nifio has been re-
(Ropelewski and Halperii987. For interannual timescales moved. Note, however, that the instantaneous regression does
(3years) within the period of the El Nifio events (from 2 to not completely remove the ENSO signal if there is a lag in
7 years) many very connected areas are found, especially ithe response. This is so in the tropical North AtlanGhang
the tropics but also in the extratropics. The presence of highlyet al, 2000, where El Nifio affects sea surface temperature
connected spots is observed in the extratropics, especially ithrough heat flux changes that, given the ocean’s heat ca-
the Pacific Basin, but also in the Indian and Atlantic oceanspacity, take a few months to induce an anomaly. Thus, this

www.nonlin-processes-geophys.net/21/617/2014/ Nonlin. Processes Geophys., 2168172014
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Figure 6. Maps of AWC of the forced component of the network when the index ENSO3.4 is removed from the time series (for the description
of the index and for the removal procedure, see Se@ién The statistical interdependencies are quantified as indFig) MIH, MIOP

(b) intraseasonal(c) intra-annual andd) interannual. A comparison with Fic allows for an assessment of the influence of El Nifio
phenomenon over the network connectivity.

might be a reason for the still large connectivity observed in4.2.2 Internal variability
the Caribbean in Figba.

Other areas, like over China and central Asia, which arerjgure7 shows AWC maps of internal variability, computed
weakly connected to the El Nifio phenomenon, show thepy ayeraging the nine AWC maps obtained from the indivi-
same connectivity in Figs and6. The fact that areas not gy model runs, where in each time series, the forced signal
related to ENSO do not change when removing the indeXthe average of the nine runs) was removed as explained in
hints that the statistical test used to fix the network density ishe |ntroduction. Contrary to the forced variability case pre-
robust and allows us to compare maps with and without thesented before, in this case the most connected areas are on
index. _ o _ the extratropics. This is consistent with the results of previ-

Figure6b is very similar to Fig5b except on the absence qys figures, and indicates that in the tropics the ocean forces
of a connected (dark blue) area on the Pacific Ocean, sugne |argest portion of atmospheric variability. As the tropical
gesting that the influence of El Nifio at these timescales isyimosphere cannot sustain horizontal gradients generated by
very low and restricted to the tropical Pacific. Atintra-annual ST anomalies, it induces vertical movements of air, convec-
timescales, Figéc shows the disappearance of many links tjon and release of latent heat, thus giving rise to atmospheric
from the corresponding Fighc. This suggests that at this cjrculation anomalies.
timescale, even if the El Nifio signal is not as strong as on |y the extratropics internal atmospheric variability is
interannual scales, it is already connecting far-away tropicalarger, leading to stronger connections. The larger connecti-
and extratropical areas such as Alaskiéng and Sobel ity in the Northern Hemisphere suggests that the large land-
2002. Thus, removing the EI Nifio signal very heavily af- masses affect atmospheric variability, which is consistent
fects the connectivity of the network. For longer timescales —ith our current understanding of storm track dynamics and
shown in Fig. 6d — the scenario is similar as for Figa with low-frequency transientsgames1995.
only a remnant of connectivity in the tropical region. The most connected spot in Figa is over the Labrador

Sea. The rest of the highly connected areas (in green) are
present mostly in the Northern Hemisphere. In the Southern
Hemisphere connectivity is largest over the Southern Ocean.
Investigation over this well-connected area near Antarctica
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Figure 7. Maps of averaged AWC, revealing the internal variability network (see text for details). The statistical interdependencies are
quantified as in Fig4 (a) MIH, MIOP (b) intraseasonalc) intra-annual, andd) interannual. It can be noticed that in this network, the
timescale showing more connectivity is the intra-annual timescale. This is consistent with the shorter memory of the atmosphere compared
with the ocean.

— only found using MIH to quantify interdependencies — vity unrelated to NAO (i.e., over the Southern Hemisphere or
showed that in this area histograms have a higher skewnegshina) remains almost unchanged.
than in the rest of the nodes, an effect that has also been re-
ported and discussed Hlinka et al.(2014. This effect is 4.3 Node connectivity maps
found on the internal-plus-forced AWC map of F#g, and
using reanalysis data as shown in RBg. When considering AWC maps provide information about the connectivity of the
other measures to quantify interdependencies, such as Pedreographical regions, but no information about the nature —
son cross correlation or MIOP, the AWC maps do not showspatial range or distribution — of the links. It is expected that
high connectivity in this regioneza et al.2013. nearby points behave similarly and this leads to high values
With respect to the AWC maps computed by using MIOP, of correlation between nearby plac&aflebach et 3l2013
in contrast to the forced case, the intraseasonal, intra-annu&onges et a).20093. The distance over which the climate
and interannual maps are very similar to each other. This i/ariables are well connected is related with the Rossby ra-
a sign of “multiscale variability”; in other words, variability dius of deformation (RRD)James1995, which is the dis-
distributed over many timescales. Internal variability cyclestance that a particle or wave travels before being significantly
are less well defined, with spectra similar to “red” noise. It affected by the earth’s rotation. Also, in the tropics, this prox-
can be seen that the most connected AWC map is the intramity effect can be greatly enhanced, as there the information
annual one, stronger than both the intraseasonal and the ifis propagated very fast longitudinally. Here we are interested
terannual, consistent with the fact that atmospheric anomain unveiling the presence of teleconnections, that is, connec-
lies are less persistent than oceanic oftaséelmani976  tions between regions separated by more than the RRD.
Barsugli and Battisti1998. The following plots display the connections of a node, in-
The fact that the most connected area in Fayis over the  dicated with “X”. Figures display MIH in the left column
Labrador Sea suggests that it is related to NAO. In order toand MIOP in the right column. The timescale of the MIOP
verify this, we have removed NAO from the time series usingmaps is interannual for the forced variability network and
the same procedure as with NINO3,4, explained above. Théntra-annual for the internal variability network, following
results are shown in Fi@. Here, indeed the Labrador con- the above results. As explained in Se&8, since we are in-
nected area disappears in all the panels, while the connectterested in unveiling weak but long-range significant links,
we have saturated the color scale for nearby links. In this
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Figure 8. Maps of averaged AWC, revealing the internal variability network when the NAO index is removed from the time series (see
Sect.3.2 for details). The statistical interdependencies are quantified as iftE&).MIH, MIOP (b) intraseasonalc) intra-annual, and

(d) interannual. It can be noticed that in this network the timescale showing more connectivity is the intra-annual timescale. This is consistent
with the shorter memory of the atmosphere compared with the ocean.

way we are able to see the weak links with good resolution,is not enough to fully remove the influence of El Nifio, or
losing information for the stronger links (stronger than 0.3 onthe ENSO dynamics is not fully represented by the NINO3.4
the arbitrary scale of MI, where the highest links have valuesindex.

of 1 or 2 on the same scale, as showrDieza et al.2013 According to Fig.9a and b, Alaska is an area well con-

which will be all represented with the same color. nected to the equatorial Pacific Ocean. To further investigate,
Fig. 10 shows global connections to a point near Alaska. It

4.3.1 Forced variability can be seen in Fid.0a and b that it indeed presents connec-

tions to the equatorial Pacific Ocean with a maximum close
Figure9 shows the connections of a point in the central Pa-to the dateline.
cific Ocean in the forced variability network. It is clear from  Furthermore, connections to the southern Pacific Ocean,
the comparison of the maps in the first row that most links Central Africa, Indian Ocean and even the Drake Passage are
are interannual links. found. These connections are stronger in Eldp, especially

Figure9c and d display the same node connectivity mapsthose linking Alaska with the Indian and southern Atlantic

as in Fig.9a and b respectively, however, in this case theOcean and the Drake Passage. If we remove NINO3.4 we
NINO3.4 index has been removed from the time series andind a dramatic change in the maps. Connections become al-
thus (to first order) they do not contain links due to EI Nifio most local and all the north—south teleconnections are lost;
phenomenon. The differences between Bg.and Fig.9c only connections probably associated with an imperfect re-
and between Figb and Fig9d are evident. First, after elim- moval of the El Nifio signal remain. This indicates that there
inating the effects of El Nifio the tropical and extratropical are no direct teleconnections between Alaska and (for exam-
teleconnection patterns associated to the spot in the Pacifiple) the Drake Passage, but both are strongly connected to
disappear independently of the methodology used to quanEl Nifio. As these networks are constructed using symmet-
tify interdependencies (MIH or MIOP): the connectivity be- rical measures of dependency, calculated directly from the
comes restricted to the tropical Pacific Basin. Even insidedata, they are unable to distinguish between a direct connec-
this region the connectivity is greatly decreased as seen byion and an indirect one.
a much smaller red spot of links over 0.3, although the re- Figure 11 is as Figs.9 and 10, but for a node in the
maining connections indicate that, either a linear regressiorSouthern Hemisphere extratropics. We chose southern New
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Figure 9. Connectivity map of a node in the central Pacific (indicated with X). Paf@@land (b) are computed from forced time series
(averaging over nine model realizations); par{e)sand(d) are also computed from forced time series, but with ENSO3.4 linearly removed
and thus not containing — to the first order — contributions due to El Nifi@))ric) interdependencies are quantified via MIH{ir), (d) via
MIOP interannual timescale.
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Figure 10.As Fig.9 but regarding a node near Alaska (indicated with X). Compared t®rige can notice that the teleconnection between
this region and the Pacific is due mainly to El Nifio.
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Figure 11. As Fig. 9 but regarding a node near New Zealand (indicated with X). In pgbgland(d) the MIOP is adjusted to interannual
timescale. Compare with Fig8.and10.

Zealand because it shows a relatively high forced densityternal variability connections are shown, revealing telecon-
(seen in Fig5a, b) and it is connected to the selected point nections extending over the Northern Hemisphere, especially
over the tropical Pacific of Fig9a,b. Figurella shows over Scandinavia, Mediterranean Europe, the east coast of
connectivity between the chosen point and the Pacific andNorth America and the tropical North Atlantic. Figut@a
Indian oceans, as well as wave patterns (probably a Rossbglso shows connections to eastern China and the Aleutian is-
wave train) along the extratropics. Figur#h adds informa-  lands. The pattern shown in Figj2b mainly corresponds to
tion to Fig.11a, showing that these teleconnections are of in-the known influence of the North Atlantic Oscillation. This
terannual type. If we remove NINO3.4 (Fiylc, d) not sur- s further substantiated in Fig2c and d of the same figure,
prisingly the links to the tropical Pacific disappear, but alsowhere the NAO influence is removed and the connections of
some of the connectivity to the Indian Ocean, suggesting thathe Labrador Sea, particularly in the northern Atlantic Basin,
part of the links with the Indian Ocean are indirect. Never- are strongly weakened.

theless, the extra-tropical wave train remains, and Fig.

suggests that the wave train may be forced by the Indian

Ocean at interannual timescales. As in the previous figure i

some weak north—south teleconnections are found, but the§ Summary and conclusions

disappear if we remove the NINO3.4 index, indicating again . ) ]

an indirect connection between the extratropics through thd "€ monthly variability of the surface air temperature field

Pacific Ocean. has been decomposed into a part forced by the ocean tem-
perature, and another due to internal atmospheric variabi-
4.3.2 Internal variability lity. This has been performed using an ensemble of nine

AGCM runs forced with the same SST data, and starting
Figure 12 displays theinternal variability connections of a  from slightly different initial conditions. The model data
node over the most connected area of FigThe average was firstly validated by observing a qualitative agreement
of the resulting nine different connectivity maps is shown. between the networks constructed from one model run and
In the left column the connectivity computed using MIH is those constructed from reanalysis data. Afterwards, climate
displayed, while in the right column, the intra-annual scale networks were constructed from model data, for the forced
is shown, using MIOP. This timescale shows the strongestind for the internal variability components, using mutual in-
response for internal variability. In Fig2a the original in-  formation to assess the interdependencies between the time
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Figure 12. Maps of internal variability showing the connectivity of a node in the Labrador Sea (indicated with X). Ranhetsd (b)
correspond to the original internal time series as in Fign panels(c) and(d) the NAO was linearly removed and thus the links do not
contain — to the first order — contributions due to the North Atlantic Oscillatioa)and(c) interdependencies are quantified via MIH; in
(b) and(d) via MIOP intra-annual timescale.

series. Ordinal patterns have been used in order to separate the extratropics and even from different hemispheres in the
and determine the strength of the links at different timescalesforced network were observed and explained by the influence
While the main conclusions of our analysis (the connecti-of El Nifio. On the other hand, the network of internal atmo-
vity of the forced variability network is heavily affected by spheric variability has the strongest connections in the extrat-
El Nifio, whereas that of the internal variability network is ropics, and it was found that connections to the Labrador Sea
significantly affected by the NAO) are not new, new infor- are heavily affected by the North Atlantic Oscillation.
mation has been uncovered, as ordinal analysis allows us This study is focused on the lowest levels of the atmo-
to study these phenomena on different timescales. This hasphere. A complementary analysis is performed in the com-
revealed that most of the links detected in the forced va-panion paper byArizmendi et al(2014), devoted to the study
riability proceed from long timescales, while the contribu- of the evolution of the upper atmosphere during the 20th
tions of intra-annual timescales to the internal variability arecentury and aiming at distinguishing the oceanically forced
the most important. This work also opens the possibility of component from the atmospheric internal variability on dif-
studying how various network measures, such as the averaderent timescales. The methodology proposed here for dis-
path length, assortativity, clustering coefficient, betweenesstinguishing links in spatial range (short and long), timescale
etc. depend on the timescale considered for quantifying stafintraseasonal, intra-annual and interannual) and type of va-
tistical interdependencies. riability (forced vs. internal) is a novel approach for the study
Another conclusion of this work is that forced and inter- of climate networks that provides new insight into the clima-
nal atmospheric variability are characterized by very differ- tological meaning of the links found, and their connection to
ent networks. Because the separation of internal and forceghysical phenomena.
variability done here requires averaging over several model
runs, the networks obtained here could not have been ob-

tained from observational/reanalysis data only. It is shown'A‘CknOWIeOIgementSThe research leading to these results has
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