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Abstract. One of the goals of complex network analysis is to identify
the most inﬂuential nodes, i.e., the nodes that dictate the dynamics
of other nodes. In the case of autonomous systems or transportation
networks, highly connected hubs play a preeminent role in diﬀusing
the ﬂow of information and viruses; in contrast, in language evolution
most linguistic norms come from the peripheral nodes who have only
few contacts. Clearly a topological analysis of the interactions alone is
not suﬃcient to identify the nodes that drive the state of the network.
Here we show how information theory can be used to quantify how the
dynamics of individual nodes propagate through a system. We interpret the state of a node as a storage of information about the state of
other nodes, which is quantiﬁed in terms of Shannon information. This
information is transferred through interactions and lost due to noise,
and we calculate how far it can travel through a network. We apply
this concept to a model of opinion formation in a complex social network to calculate the impact of each node by measuring how long its
opinion is remembered by the network. Counter-intuitively we ﬁnd that
the dynamics of opinions are not determined by the hubs or peripheral
nodes, but rather by nodes with an intermediate connectivity.

1 Introduction
In a complex network of interactions among dynamical nodes, some nodes may be
more important than others. These “driver nodes” drive the dynamics of the network
[29]. The two main factors that determine the driver nodes are the dynamics of the
nodes and the topology of the network. The dynamics dictate how nodes inﬂuence
each other, and the topology propagates this inﬂuence to more distant nodes. The
topology and node dynamics are therefore complementary and must be considered
a
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Fig. 1. Venn-diagram of two elements which store information about each other. H denotes
Shannon’s entropy and I denotes mutual information.

together: understanding the dynamics of the network requires an understanding of
the interplay between the rules of dynamics and the topology of the interactions.
A general theory to quantify the inﬂuence of a single element on the dynamics of
the system is lacking. A common approach is to remove an element from the system
and measure the change of behavior of the remaining elements. For instance, in an
N-body gravity simulation of planets one could deﬁne inﬂuence as a measure of how
much one planet incurs a deviating path of another planet [32, 33]. In social networks,
a person’s social inﬂuence could be taken as the number of people that would not
change opinion of this person were not present [4, 16]. In protein-protein interactions,
the inﬂuence of one type of proteins could be the diﬀerence in concentrations of all
other proteins in its absence (“knock-out” experiments) [22, 23].
The problem with such deﬁnitions of “inﬂuence” is that they typically have arbitrary units and lack well-deﬁned procedures for summing up and subtracting. One
cannot sum up these inﬂuences in some way to decide what fraction of the state of
one node is dictated by interactions with other nodes, and what fraction is noise or
randomness. It is also diﬃcult in general to disentangle the individual contributions
of nodes from their combined eﬀect.
Moreover, a list of interventions and system responses is generally not suﬃcient to
understand the natural behavior of a system. For instance, a knock-out experiment
removes a speciﬁc protein from an organism and observes the average diﬀerence in
concentration of all other proteins. However, a knock-out is typically not part of the
natural behavior of a network of interacting proteins, and the problem of understanding natural behavior transfers recursively to the set of remaining proteins.
Here we show that the illusive term “inﬂuence” can be concretized into an amount
of bits for any system. The state of each element is capable of storing a certain number
of bits. For instance, if a person can have one out of two opinions then each person’s
opinion is capable of storing 1 classical bit [12]. This means that each opinion can
at most store 1 bit of information about the opinion of other persons in the social
network. This provides an absolute measure of inﬂuence: person A inﬂuences person
B as much as the number of bits that person B stores about person A. See Figure 1.
How do these bits from person A end up in the state of person B? The answer
lies in the network of interactions. Two persons interact by pursuading each other of
their own opinion. In other words, the opinion of person A can exert inﬂuence on the
opinion of person B, and vice versa. This means that the opinion of B is partially a
reﬂection of the opinion of A, which can be quantiﬁed as the number of bits stored in
the state of B which it copied from A. This fraction would be zero if there would be no
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interaction between A and B, so we can say that bits of information are transported
through interactions. This phenomenon is transitive: bits can travel from A to B, then
from B to C, etc., each time diminished by randomness and coinciding with inﬂuence
(information) from others.
In Sect. 2 we review the literature about information processing in dynamical
systems, as well as the modeling of opinion forming and innovation diﬀusion in social
networks. In Sect. 3 we show by example how to quantify the inﬂuence of an element
in amounts of bits of information, and the diﬀerence between static and dynamical
information. Then in Sect. 4 we show how to apply this concept to a model of opinion
forming in social networks, of which the results are presented in Sect. 5. We conclude
in Sect. 6.

2 Related work
In this article we study the diﬀusion of information in a model of opinion formation
in a social network. Therefore we ﬁrst review the literature on information processing
in dynamical systems, and then we review the modeling of social networks and the
process of forming opinions.
2.1 Information processing in dynamical systems
Information theory is traditionally used for statistical inference, where an external
observer attempts to describe the state of a system and its behavior [12, 13, 15, 41]. In
information processing of dynamical systems, however, there is no external observer.
Each component (particle, agent, or element) can instead be considered as an observer
which stores information about the state and behavior of other components in the
system.
How this information is processed in a system is still unknown, but energy and
information are related concepts. Jaynes [24] studied this connection between statistical mechaniscs and information theory. He suggests a re-intepretation that relates
thermodynamic entropy and information-theory entropy through the second law of
thermodynamics. Landauer [25, 26] goes on to show that erasing information leads
to increasing entropy. Speciﬁcally, losing 1 bit of information corresponds to the exchange of kT ln2 heat [7,8], and information about a system that is erased and truly
lost cannot be retrieved [17]. This supports our view of information as a physical
quantity that is processed in dynamical systems.
Lloyd [30, 31] considers each physical system as a quantum computer: “Nature
intrinsically computes. (...) Every physical system registers information, and just by
evolving in time, by doing its thing, it changes that information, transforms that
information, or, if you like, processes that information.” The starting point of our
research is to ﬁnd an answer to the question: can the behavior of a physical system
be understood from how it processes information? Here, information refers to the
extent that (local) topology and/or the states of nodes in a network are remembered
as they evolve by some dynamical process. The dynamical process can involve either
the state of the constituents, either can involve the network structure itself, or both.
Once the storage and transfer of this information is quantiﬁed it may provide a useful
tool for studying complex systems.
Applications of the concept of information processing is scarce. Various researchers
such as Ebeling [18] uses higher order Shannon entropies to measure the uncertainty
of predicting the next system’s state by observing n foregoing states. This is a measure
of memory of a dynamical system calculated in the same way as the entropy of text
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[18]. Crutchﬁeld et al. employ excess entropy and entropy rate to quantify the amount
of information that is stored in a dynamical system on a lattice [14, 15] and how it
is transferred in time and space [13]. Benett [7] reviewed the connection between
statistical mechanics and information theory.

2.2 Modeling collective phenomena
2.2.1 Scale-free networks
The ﬁrst example of a social network dates back during the ’60 with the Erdos-Renyi
model [19]. The basis of this model is that all the nodes are equivalent, and that the
probability of establishing a link between two nodes is p for every possible couple.
As a consequence, the degree distribution can be drawn from a binomial distribution,
and it is peaked around the average value so that most of the nodes have average
degree k = N p. These random networks have been the paradigm for over 50 years.
With the advent of new technologies for collecting data, researchers collected evidence that many real-world networks have a diﬀerent topology. Examples are technological networks such as the internet and the World Wide Web; scientiﬁc and social
networks such as co-authorhsips, citations, actors, and prostitution; and communication networks such as telephone calls and mail networks. These networks exhibit
a heavy-tailed distribution [5,35]. They are often modeled with a scale-free degree
distribution P (k) ∝ k −γ , which speciﬁes the probability that a node has degree k.
As a consequence, the network consists of many peripheral nodes and only few hubs.
Because of this heterogeneity, the properties of the network are diﬀerent from the
random networks.
Nodes with diﬀerent degree play diﬀerent roles in the communication ﬂow and in
enhancing the resilience of the network [1]: hubs collect information from peripheral
nodes and distribute it to other nodes, which could otherwise be reached only through
a long path in the network. Another characteristic is that scale free networks are
compact: the diameter is of order ln ln N compared to N a typical of random and
regular networks. Also, additional structure such as clustering can be present in the
network [35].
Despite the similarity in degree distribution and compactness, technological and
social networks diﬀer regarding assortativity, i.e. the tendency of nodes with similar
topological properties of being connected. While in technological networks, hubs are
connected to nodes with few degrees, in social networks, gregarious nodes tend to
establish links with other gregarious nodes. Thus, while in the ﬁrst case hubs act
principally as information bridges, acquiring tokens of information at the periphery
of the network and then transmitting to the rest of the network, in the second case
hubs impose their opinion more easily.

2.2.2 Modeling opinion formation in social networks
Statistical mechanics and the social sciences share a common point of view: understanding how macroscopic structures emerge from the microscopic interactions among
atomic elements. The term ‘consensus’ is used in sociology to express that an opinion
is shared by the majority of the population; in the physical sciences this translates
to the term “ordered state” or symmetry-breaking. Although the physics of spin particles or diﬀusion cannot completely describe the evolution of opinion dynamics, it
provides a qualitative and quantitative description of the phenomena [9]. Everyday
life indicates that people are sometimes confronted with a limited number of positions
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on a speciﬁc issue, which often are as few as two: right/left, Windows/Linux, buying/selling, etc. From this point of view, an agent can be described as a spin particle
where the rules of spin alignment are speciﬁc to the speciﬁc problem.
Diﬀerent models of opinion formation have been developed. The main assumption
is that an agent can change his own opinion depending on the current state of the
system, and the stochasticity of the system reﬂects the fuzziness of individuals. The
classical Ising spin model has been used extensively to model the dynamics of opinions [21]. In this case the spin state represents a particular personal opinion, such
as voting for either the Republicans or the Democrats. The local magnetic ﬁeld of
an individual is felt by its nearest neighbors, representing the tendency of an agent
to pursuade his friends to adopt the same opinion. Optionally, an external magnetic
ﬁeld represents the cultural bias or propaganda which equally aﬀects all agents in
the system. Depending on the strength of propaganda and pairwise interactions, the
system may evolve towards a consensus state or remain in a disordered state.
One of the ﬁrst models of opinion dynamics is the voter model [39]. In this model
agents are endowed with a binary variable si (= ±1). At each time step an agent i is
chosen together with one of his neighbor and the agent copies the state of his neighbor.
Agent fell the pressure of the peers in average sense and ﬂuctuations are expected. The
question is whether full consensus can be reached in a system of inﬁnite dimensions.
The analysis of these models has shown that in the case of scale free networks, hubs
reach immediately the ﬁnal state and then, depending on the size and the exponent γ
the system reach consensus in few steps. Several modiﬁcations have been included to
the models, to take account of diﬀerent social eﬀects, like for example, modulating the
ﬂipping probability according to the majority state of the neighbors, or introducing a
random ﬂipping of the spin state as a proxy for introduction of novelty in the society
[20].
Topology plays an important role in reaching consensus. Considering the case of
scale free networks, the threshold temperature value, change according to exponent γ
and diverges with the size of the network [2, 27]. In the case of voter model, the time
to reach consensus can scale with the size N if the exponent γ > 3 and is independent
of N otherwise [39].
2.2.3 Modeling diﬀusion of innovation in social networks
The problem of innovation diﬀusion is a central argument in sociology: what are
the acharacteristics of the social network, its innovators and the novelty of ideas
that determine whether a new practice will be adopted by the entire population?
Classical studies by Ryan and Gross [38] on hybrid corn seeds and Coleman, Katz
and Menzel [11] on the adoption of new medicine among doctors have underlined some
of the common characteristics of the innovation diﬀusion and adoption: the process
of innovation adoption is slow; innovations are costly and then diﬃcult to adopt
immediately; decisions about adoption were made in a context where individuals can
observe what the other were doing.
Rogers [37] went one step further: while analyzing diﬀerent processes of novelty
adoption, from using preservatives in South East Asia to adoption of boiling water
among Peruvian villagers, he revealed the presence of diﬀerent actors in the process
and their position in the social network. Rogers’ mechanisms have been mathematically formulated in the the Bass model, in its deterministic![6] and stochastic [36]
variants.
Since the diﬀerent roles in the process correspond to diﬀerent positions in the
network, the topology can inﬂuence the spread of the new habits. A convenient way
to model the innovation diﬀusion on a network is using cooperative games. Suppose
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that at the beginning only few nodes have adopted the novelty (nodes A) while the
rest of the population hasn’t (nodes B). In this situation some nodes could be at
the interface between nodes A and B, having a certain fraction of links pA towards
innovators and pB = 1 − pA towards resistant ones. The node under observation can
decide to switch to the novelty if it could perceive the positive eﬀect. Quantifying the
possible earning by qA for each link established between with node of type A, and qB
with nodes B, the node will adopt the novelty if:
pA q A ≥ p B q B

(1)

thus ﬁxing a condition on the fraction of adopters necessary for triggering the innovation diﬀusion. Novelty is most of the cases introduced in a population by an innovator,
somebody at the periphery of community with some connections toward the exterior
of the community, then capable of retrieving information that other individuals can’t.
The novelty can initially spread among innovators’ peers (early adopters). Although
highly advantageous, the novelty is also costly, so only when the novelty is adopted by
opinion leaders (people trusted by the community) the innovation can spread through
all the society. Using the terminology of social network, early adopters correspond to
nodes that can retrieve a lot of information from other communities (weak links).
However this informational advantage is not an immediate help for the adoption of
one practice: in order to be adopted, a novelty should be tested by other individuals.
On the other hand, opinion leaders represent nodes with strong ties with other members of the communities, mostly they are in the core of the network, end they are
highly clustered among them: they aren’t the most connected ones, but they represent
the most preeminent. Similar results has been found by Centola [10] and Valente [40],
in studying the diﬀusion of habits among american adolescents.

3 Information storage and transmission: An example
We illustrate the concepts of information storage, transfer and dissipation using a onedimensional system of coin ﬂips. Suppose that an array of fair coins are numbered
S1 , S2 , S3 , and S4 . First we ﬂip S1 , then S2 , then S3 and then S4 , independently
of the previous outcome. We are interested in calculating how much the state of
S1 , i.e., heads or tails, inﬂuences the state of the subsequent states. We do this by
calculating how much information is stored in the state of each coin about S1 , using
the deﬁnitions of Shannon entropy H in the form of mutual information I [12]:
H(X) = −



p(x) log2 p(x)

(2)

x∈X

H(X|Y ) = −


y∈Y

p(y)



p(x|y) log2 p(x|y)

(3)

x∈X

I(X|Y ) = H(X) − H(X|Y ).

(4)

Firstly, the state of S1 trivially stores complete information about itself, namely 1 bit
(heads or tails). The interpretation is that the state of S1 fully determines its own
state. The second coin, on the other hand, was not inﬂuenced by the outcome of the
ﬁrst coin and therefore stores 0 bits of information about the state of S1 . The same
is true for S3 and S4 . This is depicted in Figure 2(a). In other words, the information
stored at S1 is not transmitted.
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Fig. 2. Three forms of information transfer in the coins example. (a) If there is no interaction
between the coin ﬂips, then no information about S1 is transferred. (b) If a stochastic
interaction is introduced – here a 75%-25% chance of reproducing the outcome of the previous
coin ﬂip – information is transferred. The state of S2 depends on the state of S1 , so the state
of S2 partially reﬂects the state of S1 . This information about S1 is stored in S2 and is
quantiﬁed here using Eq. (4). (c) If S1 has a structural bias towards heads, then each coin
state already has ‘static’ information about the state of S1 to begin with. Information due to
interaction, or ‘dynamic’ information, is additional to the static information. The halftime
of dynamic information is unaﬀected by the presence of static information.

3.1 Information transfer
Suppose now that each coin ﬂip tends to reproduce the outcome of the previous coin
ﬂip. Let us assume that each coin ﬂip succeeds in reproducing a heads or tails with
a 75% probability, while the ﬁrst coin still ﬂips randomly. This introduces a direct
inﬂuence between the states of subsequent coins which we can reveal in the same
manner as before.
The ﬁrst coin still stores the maximum 1 bit of information about itself. S2 can
now use its own state, either ‘heads’ (↑) or ‘tails’ (↓), to partially reconstruct the
state of S1 using Bayes’ rule:
P (S1 = ↑ | S2 = ↑) =

P (S2 = ↑ | S1 = ↑) · P (S1 = ↑)
,
P (S2 = ↑)

and
P (S1 = ↓ |S2 = ↑) = 1 − P (S1 = ↑ | S2 = ↑).
In this example, S2 infers that the probability that S1 has the same state is simply
75%. So the ability to reconstruct the state of S1 by S2 has improved from 50% − 50%
to 75% − 25%. We can quantify this reconstruction in a number of bits using the
formula of mutual information:

P (s1 = X) log2 P (s1 = X)
I(s1 |s2 ) = −
X∈{↑,↓}

−



P (s1 = X|s2 = ↑) log2 P (s1 = X|s2 = ↑)

X∈{↑,↓}

≈ 0.19.
This means that 19% of the state of S2 is actually a reﬂection of the state of S1 ; the
remaining 81% is still noise, or randomness, as before.
S3 did not interact directly with S1 , but he did interact with S2 . He can partially
reconstruct the state of S2 , which in turn can partially reconstruct the S1 . S3 , given
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his own state, can use Bayes’ rule to ﬁnd that the probability that S1 has the same
state as S3 is 0.752 + 0.252 = 0.68. Using the formula of mutual information we
ﬁnd that approximately 4.6% of the information stored in the state of S3 originated
from S1 . Similarly, S4 stores approximately 1.1% of the information about S1 . This
is shown in Figure 2(b).
3.2 Static and dynamic information
The ﬁnal change that we discuss for the coin example is the use of an unfair coin.
Suppose that the ﬁrst coin result in “heads” with a probability of 75% and “tails”
with 25% probability. This introduces additional information about the ﬁrst outcome.
See Figure 2(c).
Unlike the previous information, this additional information is not transferred
through interactions. It would be present even if all coin ﬂips were completely independent, and it does not change with dynamical behavior. Therefore we refer to
this information as static. The previous information, in contrast, was transferred by
dynamical interactions and is therefore dynamic.
This means that explaining the observed dynamical behavior of a physical system
requires distinguishing the dynamical information from the static information. An
example characteristic of the processing of dynamical information is the information
dissipation length, which we discuss next.
3.3 Information dissipation length
It is clear that some information is lost during each transfer. In other words, information dissipates. This is caused by imperfect interactions where the state of an element
only partially depends on another element. In the coin example, roughly 81% of the
outcome of a coin ﬂip consists of noise due to the randomness in ﬂipping a coin. This
noise combines until eventually all information about the ﬁrst outcome is lost. The
information dissipation length can be computed and is a measure of the size of the
subsystem that is aﬀected by a particular element.
Typically the amount of information about an element never becomes truly zero
and approximates an exponential decay. Therefore we compute the time it takes to
lose 50% of the information, analogous to the halftime of the decay of radioactive
particles. The rate of losing information in the example is

= 1
2

1
−

−


2
1

2n+1

H(S1 ) − H(S1 |Sn )
I(S1 |Sn )
=
I(S1 |Sn+1 )
H(S1 ) − H(S1 |Sn + 1)

(5)



  1 
 1 
log 1 − 1n + n+1
log n+1
− log 2
 1 2 1 2  1 2 1  2 1

,
1
log 2 − 2n+1 + 2 + 2n+1 log 2 + 2n+1
− log 2

(6)

1
2n

which is independent of the bias of S1 . This rate is constant except for a small
deviation for the lowest n. We ﬁnd the exact rate by taking the limit n → ∞ :
lim  1

n→∞

2

1
−

2
1

−


2n+1



  1 
 1 
log 12 − 21n + 2n+1
log 2n+1
− log 2
1
 1

1

= 4.
1
1
1
log 2 − 2n+1 + 2 + 2n+1 log 2 + 2n+1
− log 2
1
2n

(7)

In other words, every subsequent coin ﬂip reduces the amount of information about the
state of S1 by a factor 4 in the example. The characteristic halftime of the information
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4
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which is depicted in Figure 2.
A related quantity is information dissipation time, which is the time it takes for
information about a coin’s state to be forgotten by the network. In this example it
equals the dissipation length if we interpret Si as the outcome of ﬂipping a single coin
repeatedly at ﬁxed time intervals.

4 Information processing in social networks
We use the concepts of information storage and transfer to explain a counterintuitive
observation in social networks: persons with many friends (connections) do not dictate
the observed dynamics of opinion forming [3, 28]. In a social network, the opinions
of individuals change over time continuously. A change of opinion of one person may
cause a change of opinion of friends, who may in turn cause changes of opinion among
the friends of friends, and so on.
We use the prevailing model of Ising-spin particles connected by a network with
power-law degree distribution. Each particle can be “up” or “down” and represents the
opinion of one person; each connection in the network represents a social interaction.
The size of our system is 6000 spins and the degree distribution of the network is set
to p(k) ∝ k −1.6 . Our results do not change qualitatively with the size and power-law
exponent. The temperature T of the system is a free parameter which determines the
sensitivity of a person’s opinion based on the opinions of his neighbors. We simulate
the continuous change of opinions using the Metropolis algorithm [34].

4.1 Measuring dynamical influence: Information dissipation time
Our goal is to decide which nodes in the network are responsible for the observed
dynamics of individual opinions. For most systems, the information dissipation length
as described above would be an intuitive measure of dynamical inﬂuence of a node.
But the diameter of scale-free networks is very small, on the order of ln ln N , so a
measure of spatial distance is not applicable in this case.
A related concept that we will use is information dissipation time. Instead of
measuring the total information storage about a node as function of distance, we
measure it as function of time. More precisely, we measure the amount of information
that the social network N stores as a whole about the state si of an individual node as
function of time t, i.e., I(si |N(t)). The information dissipation time can be interpreted
as how long the network remembers the instantaneous states of a particular node,
which is a measure of its dynamical inﬂuence. See Figure 3.
We measure how much information is stored in the network about each individual
node as follows. At random intervals during simulation we take a snapshot of the state
of the network, and for each snapshot we sample many state trajectories that lead to it.
Observing only the network state at a particular time, each state trajectory represents
one possible history of individual states over time. The probability of having opinion
1 for each individual i at each previous time step t − δ can be calculated simply by
counting the fraction of state trajectories that have si (t − δ) = 1.
We sample 90, 000 state trajectories according to their likelihood using a MarkovChain Monte Carlo algorithm. Starting at a snapshot N(t0 ) we select a candidate
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Fig. 3. From a global point of view, the state of a system stores information and loses it over
time. This implies that a system state contains information about recent states only (upper
panel). From a local point of view, the information stored in each single element dissipates,
i.e., diﬀuses through neighbors and neighbors-of-neighbors while it diminishes at the same
time (lower panel).

preceding network state using Bayes’ rule:
P (N(t0 − 1) | N(t0 )) = P (N(t0 ) | N(t0 − 1))

N(t0 − 1)
·
N(t0 )

(9)

In this way we recursively select preceding network states until the candidate state
trajectory is long enough for estimating the information dissipation time. This algorithm samples each possible state trajectory with a probability proportional to how
likely it is, given the rules of dynamics.
For each spin we calculate its information dissipation time using the set of state
trajectories. At each time point t we count how many times the spin was observed
in the ↑-state and in the ↓-state. This yields an estimated probability distribution
p(si (t) =↑) of the i’th spin state as function of time t0 − t leading up to the snapshot.
Of the corresponding amount of information I(si (t)| N(t)) we estimate the rate of
dissipation by ﬁtting an exponentially decaying curve 1 − b + b · e−a·t . Here, 1 − b is
the static information and e−a is the rate of decay of the dynamic information. The
information dissipation length is then − log 12 /a.

5 Results
In Figure 4 we ﬁrst show the static information of each spin in the network as function
of its degree. This is the equilibrium information I(si | N, T ) about each spin, which
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Fig. 4. The static information about the state of each spin as function of its degree. This
shows how much is known about a spin only by observing the static network topology and
temperature. It is therefore the minimum information about each spin that could be stored
in the dynamic network state. The temperature was set to 20.

Fig. 5. The dissipation time of the dynamic information about the state of each spin as
function of its degree. This shows how long it takes for dynamic information about a spin’s
state to be lost. The solid line is the average dissipation time per degree. Each plot consists
of more than 35000 data points, generated by six simulations; the solid curve connects the
average for each degree. Nodes with a ﬂip probability of less than 0.01% (1.5% of the nodes)
were ignored because their state probability over time could not be reliably estimated. The
distinct lower cluster of dissipation times pertain to nodes which were incidentally in a high
energy state given their local topology and the states of the neighbors. This high energy
state is transient and due to ﬂuctuations so the information about this state is forgotten
quickly.

is determined solely by its position in the network and the temperature. It is clear
that the state of high-degree spins is ‘known in advance’, while the state of low-degree
nodes is transient and uncertain.
Additional information about the state of each spin comes from the states of
other spins and their changes. This dynamic information is the total information about a spin I(si (t)| N(t0 ), T ) given the instantaneous states of all spins,
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minus the static information I(si | N, T ). It is the amount of information that is stored
in the instantaneous spin states in the network beyond what is already known due
to the static network topology and temperature. We show the measured dissipation
time of this dynamic information for each spin as function of its degree in Figure 5.
Surprisingly, hubs do not dictate the observed dynamics of the spin states in
the network. To explain the behavior of the spin states over time in the network,
intermediately connected nodes provide more information than hubs or peripheral
nodes. Although a hub restricts the equilibrium state space more than any other
node (Fig. 4), a speciﬁc instance of its internal state is apparently irrelevant and soon
forgotten by the system.
One possible interpretation is the following. The state of high-degree nodes is
insensitive to change, i.e., is dominated by determinism, so most information that
it transmits is already present in the network. On the other hand, states of lowestdegree nodes are sensitive to change, i.e., are dominated by thermal noise, so their
information storage is minimal: they mostly transmit noise. It is apparently a trade-oﬀ
between randomness and determinism that optimizes the percolation of information
through a system.
Another observation is that the optimum number of connections kmax increases
as the temperature increases. This supports our interpretation of a trade-oﬀ between
randomness and determinism. Sparsely connected spins become more random, losing
their ability to transmit information, whereas hubs become more dynamic and start
to transmit information.

6 Conclusions
We have shown that information theory can be used to discover how the dynamical
inﬂuence of each element percolates through a system of coupled units. We ﬁnd that
the dynamics of opinions in a model social network with a power-law degree distribution are determined mostly by intermediately connected persons. In order to explain
how opinions change in a social network it would be most informative to observe the
opinions of these persons. This ﬁnding is counterintuitive from the perspective of the
network topology, which suggests that a person with many connections is capable
of inﬂuencing many friends simultaneously and would therefore be most informative.
From the perspective of processing information, however, we ﬁnd that hubs transmit
redundant information and peripheral nodes transmit noise. We believe that the concept of information processing in dynamical systems can improve our understanding
of the behavior of complex systems in general.
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