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Abstract

We consider climate as a network of many dynamical systems and apply ideas from graph
theory to a global data set to study its collective behavior. We find that the network has properties
of ‘small-world” networks (Nature 393 (1999) 440). A detailed investigation of the coupling
architecture of this network reveals that the overall dynamics emerge from the interaction of two
interweaved subnetworks. One subnetwork operates in the tropics and the other at higher latitudes
with the equatorial one acting as an agent that establishes links between the two hemispheres.
Both subsystems are ‘small-world’ networks, but there are distinct differences between the two
subsystems. The tropical one is an almost fully connected network, whereas the mid-latitude
one is more like a scale-free network characterized by dominant super nodes, and multifractal
properties. This unique architecture may lead to new insights not only about the dynamics of the
climate system but of other spatially extended complex systems with a large number of degrees
of freedom.
© 2003 Elsevier B.V. All rights reserved.
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1. Introduction

A network is a set of points (nodes) that interact. In the past, the study of networks
was restricted to either regular (ordered) networks, where each node has the same
number of links connecting it in a specific way to a small number of neighboring
nodes, or to random networks, where each node is haphazardly connected to a few
nodes that can be anywhere in the network. Regular networks are thus highly clustered,
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which means that it takes many steps to go from a node to another node away from its
immediate neighborhood. In addition, because of the high degree of local clustering,
if some of the connections are removed the network does not become fragmented into
disconnected parts. On the contrary, random networks do not exhibit local clustering.
Far away nodes can be connected as easily as nearby nodes. In this case information
may be transported all over the network much more efficiently than in ordered networks.
This is an important property but random networks are also highly unstable. The loss
or addition of several links may completely devastate the system [2,3]. Thus, random
networks imply efficient information transfer and regular networks imply stability. This
dichotomy of networks as either regular or random is undesirable since one could
expect that in nature networks should be efficient in processing information and at the
same time be stable. Networks that combine both stability and efficient information
propagation are called ‘small-world’ networks and were discovered a few years ago by
Watts and Strogatz [1]. ‘Small-world” networks exhibit a high degree of local clustering
but a small number of long-range connections make them as efficient in transferring
information as random networks. Since the original discovery, such networks have been
found to pervade biological, social, ecological, and economic systems, the internet, and
other systems [1,4-9].

The nodes in a network can be anything (for example, actors that are connected to
other actors if they have appeared together in a movie, species that are connected to
other species they interact with, individual dynamical systems, etc.). The networks can
be either fixed, where the number of nodes and links remains the same, or evolving,
where the network grows as more nodes and links are added.

Whatever the type of the network, its underlying topology provides clues about the
collective dynamics of the network. The structural properties of networks are delineated
by the clustering coefficient C and the characteristic path length (or diameter) L of the
network. The clustering coefficient is defined as follows: For each node we assume a
number of neighbors k satisfying the requirement n >k > Inn, where n is the number
of nodes in the network. Then at most Cy,.x =k(k —1)/2 connections can exist between
them. We then find the number of actual connections and we calculate C, = Cy/Cpax.
The average C. over all nodes provides C. As such C provides a measure of local
“cliqueness”. The diameter of the network is defined by the average number of con-
nections needed to connect any two nodes in the network. Graph theory predicts that
for random networks Liungom =~ Inn/Ink and Ciangom = k/n (see Ref. [1]). Thus, for a
‘small-world’ network we require that C > Ciangom and L = Liangom-

2. Data analysis and results

For our analysis we considered the global National Center for Environmental Pre-
diction/Nationall Center for Atmospheric Research (NCEP/NCAR) reanalysis 500 hPa
data set [10]. A 500 hPa value indicates the height of the 500 mb pressure level and
provides a good representation of the general circulation (wind flow) of the atmo-
sphere. The data used here are arranged on a grid with a resolution of 5° latitude
x5° longitude. This results in 72 points in the east-west direction and 37 points in
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the north-south direction for a total of n = 2664 points. The values are monthly val-
ues from 1948 to 1999. From those values we produced anomaly values (actual value
minus the climatological average for each month). Thus, for each grid point we have
a time series of 624 anomaly values. Each grid point is a node in the network and
it is considered to be a dynamical system whose state varies in time in a complex
way. In order to define the “connections” between the nodes, we first estimated the
correlation coefficient at lag zero (r) between the time series of all possible pairs of
nodes [n(n — 1)/2 = 3,547,116 pairs]. Note that even though r is calculated at zero
lag, a “connection” should not be thought of as ‘instantancous’. The fact that the val-
ues are monthly introduces a time scale of at least a month to each “connection”. In
order to avoid spurious high values of r introduced by the presence of a strong annual
cycle we considered only the values for December, January and February in each year
(i.e., the estimation of the correlation coefficient is based on a sample size of 156). A
pair is considered as connected if their correlation » > 0.5. This criterion is based on
parametric and non-parametric significance tests. We found that according to the -test
with N =156, a value of »=0.5 is statistically significant at the 99% level. In addition,
randomization experiments where the values of the time series of one node are scram-
bled and then are correlated to the unscrambled values of the time series of the other
node indicate that a value of » = 0.5 will not arise by chance. More discussion on the
correlation coefficient as an indicator of a connection is presented later.

Having decided which nodes are connected, we then estimated C and L. In our
calculations we assumed that k& = 48, which for these calculations effectively reduces
the number of nodes in the network from 37x 72 to 31 x66. This choice guarantees that
a random graph with the same specifications (number of nodes, and average links per
node) will be connected [11]. For our network we found that L = 2.7 and C = 0.688.
For a random network we estimated that Lingom = 1.97 and Crangom = 0.023. These
values indicate that indeed L = Liyngom and C > Crangom (2 factor of 30). Thus, our
network clearly satisfies the ‘small-world’ network criteria.

An additional analysis was to check the effect of the polar data on the results. In
actuality, the polar latitudes have a much smaller length. When the data are projected
onto a grid with equal number of grid points at each latitude, a bias is introduced.
However, we find that this is not affecting the results significantly. Exclusion of polar
regions does not significantly alter the average values of C and L.

The physical interpretation of this result is that the climate system exhibits properties
of stable networks and of networks where information is transferred efficiently. In the
case of the climate system, ‘information’ should be regarded as ‘fluctuations’ from any
source (for example, the tropics, El Nifo, etc.). The ‘small-world’ architecture of this
climate network allows the system to respond quickly and coherently to fluctuations
introduced into the system. Since L ~ 3 and each connection is associated with a time
scale of one month, the general circulation synchronizes (adjusts) so that fluctuations
diffuse over the whole globe in just a few months. This reduces the possibility of pro-
longed local extremes and provides greater stability for the climate system. The fact
that the climate system may be inherently stable may not come as a surprise to some,
but it is interesting to find that this stability is the result of long-range connections.
From all possible pairs we found that for » = 0.5 about 400,000 pairs are connected.



500 A.A. Tsonis, P.J. Roebber/| Physica A 333 (2004) 497504

0 GOE 120E 180 120W 60W 0

0 500 1000 1500 2000

GON

30N

0 50 100 150 200 250 300 350 400

Fig. 1. Top: Total number of links (connections) at each geographic location. Clearly, equatorial nodes
exhibit a larger number of connections than midlatitude nodes. Bottom: Same as top but the number of
links (connections) with distance of at least 5000 km at each geographic location is shown. The uniformity
observed in the tropics indicates that each node possesses the same number of connections regardless the
length of the connection. This is not the case in the midlatitudes where certain nodes posses more links than
the rest (see text for details).

A detailed study of all these connections and their significance in atmospheric sciences
is beyond the scope of this paper and will be reported in the near future in an atmo-
spheric sciences journal. The main concern here is the unique architecture pertaining
to this network.

Fig. 1 (top) shows the number of total links (connections) at each geographic lo-
cation in the range 65N to 65S. Fig. 1 (bottom) shows the number of connections
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Fig. 2. Degree distribution for the network consisting (a) of mid-latitudes (30N—65N, 30S—65S) grid points;
(b) of tropical (20N-20S) grid points.

with distance of at least 5000 km at each geographic location. This figure displays two
very interesting features. First, in the tropics it appears that all nodes posses the same
number of connections (Fig. 1a). Second, this uniformity in the tropics is present even
for long-range links (Fig. 1b). This indicates that each node in the tropics possesses the
same number of connections regardless the length of the connection. It thus appears that
in the tropics all points tend to be connected to all other points, which will make the
tropics more fully-wired than the midlatitudes. In fact, for »=0.5, the values of C and L
for the network of points in the belt 20N-20S are 0.9 and 2.07, respectively. For a fully
wired network one should expect C =1 and L=1. This tendency is not observed in the
midlatitudes where it appears that certain nodes posses more connections than the rest.
In the northern hemisphere, for example, we clearly see the presence of three regions
where such super nodes exist in North America and Northeast Pacific Ocean. This cor-
responds to the well-known Pacific-North America (PNA) pattern of the atmospheric
circulation [12]. In the southern hemisphere we also see centers corresponding to known
southern hemisphere teleconnection patterns [13]. Considering the midlatitudes only
(30N-65N and 30S—65S), we find that L ~ 3.1 and C ~ 0.5.

These differences are clearly delineated in the corresponding to the tropics and to
midlatitudes degree distributions. Let p,; denote the fraction of nodes that have d links.
The variable d is called the degree and p, is called the degree distribution. A variety
of forms for this distribution have been reported in the past [14]. It includes truncated
power-law distributions [15], gaussian distributions [16], power-law distributions (cor-
responding to scale-free networks) [17], and distributions consisting of two power-laws
separated by a cutoff value of d [18,19]. The last two types emerge in certain families
of networks that grow in time [18,20]. Fig. 2 shows, on a double logarithmic plot,
the distribution of nodes according to how many links they possess (i.e., p; against
d). More specifically, Fig. 2a shows the distribution for all nodes in the mid-latitudes



502 A.A. Tsonis, P.J. Roebber/| Physica A 333 (2004) 497504

(30N-65N and 30S-65S) and Fig. 2b shows the corresponding distribution for the
tropics (20N-20S). Fig. 2a appears to exhibit a scaling regime similar to those ob-
served in scale-free networks. Scale-free networks are dominated by a few nodes that
posses many more links. In fact the slope of this graph is —2.2 in agreement with other
scale free networks [14]. In Fig. 2b no such regime is identifiable. The distribution is
basically a narrow peak at about 3000 links indicating that most points possess the
same large number of connections, a characteristic of almost fully connected networks.
It thus appears that the architecture of the coupling between the individual dynamical
systems in the network is self-organized into two coupled subnetworks, one operating
in the tropics and the other in the higher latitudes. The tropical one is an almost fully
connected network, which has a characteristic path length closer to that of a random
network, and at the same time has a higher clustering coefficient. The mid-latitude one
is more like a scale-free network characterized by dominant super nodes. Whether we
consider them as one or two subsystems does not modify the physical interpretation
which is that the equatorial network acts as an agent that connects the two hemispheres,
thus allowing information to flow between them. This interpretation is consistent with
the various suggested mechanisms for inter-hemispheric teleconnections [21-25], with
the notion of sub-systems in climate proposed in the late 1980s [26], and with recent
studies on synchronized chaos in the climate system [27].

Next we performed some sensitivity experiments. Unlike networks where a connec-
tion is solidly defined (think of social networks where a connection is defined if a
person knows another person), here a connection can be defined as a function of its
strength (or a correlation coefficient threshold). Since the results depend on exactly
how a connection is defined, we calculated C and L for various thresholds of the
correlation coefficient. Fig. 3 shows C and L* = /1 —e!~L as a function of the cor-
relation coefficient, . The diameter of the network L was transformed to L* for easier
comparison of the results. If the correlation coefficient threshold is considered zero it
means that all pairs are connected which makes C=1and L=1 (L*=0). If r =1,
then no pairs are connected which makes C=0 and L=o00 (L*=1). In the same figure
the two horizontal lines indicate the values of Lingom (solid line) and 10 X Ciandom
(broken line). These two lines refer to the criteria L = Liangom and C > Ciangom. From
these two lines we see that the climate system is a ‘small-world’ network for any value
of r between 0.4 and 0.9. For values of r < 0.4 small (and possibly non-significant)
correlations overwhelm and distort the network and for values of » > 0.9 many sig-
nificant connections are excluded making the network too disconnected. An additional
insight from this sensitivity analysis is that it appears that the network exhibits yet
another interesting property. We find that as the threshold of » increases the slope of
the scale-free midlatitude subnetwork increases. For example if a connection is defined
for » = 0.4 the slope of the scaling regime is —1.8. This makes sense because for a
lower threshold, more longer connections are allowed. In this case the number of links
in the supernodes increases thereby decreasing the slope in a graph like Fig. 2a. It thus
appears that the network exhibits multiple scaling regimes. This is akin to multifractals
and multifractal networks, which have lately been proposed [28]. The climate network
may be one of the first such networks found in natural systems.
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Fig. 3. The clustering coefficient, C, and transformed diameter, L*, of the climate network as a function
of the correlation coefficient. The correlation coefficient is used to determine whether a pair of nodes is
connected.

3. Summary

Our analysis offers insights about the evolution and collective dynamics of a complex
network consisting of many interacting nonlinear dynamical systems. While it is known
that networks of identical nonlinear systems can synchronize their erratic behavior
[29,30], not much is known about networks with different nonlinear systems. Here
we show that even in these cases an underlying simple organization into two distinct
subnetworks may dictate global dynamics. The type of ‘small-world’ network reported
here may yet be a new kind of ‘small-network’ underlying the complex dynamics
of other systems with many degrees of freedom and interactions at many space and
time scales. We hope that our results will stimulate further work on the ‘small-world’
properties of such systems.
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