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Abstract. A major challenge in computational and systems neuroscience
concerns the quantification of information processing at various scales of
the brain’s anatomy. In particular, using human intracranial recordings,
the question we ask in this paper is: How can we estimate the infor-
mational complexity of the brain given the complex temporal nature
of its dynamics? To address this we work with a recent formulation of
network integrated information that is based on the Kullback-Leibler
divergence between the multivariate distribution on the set of network
states versus the corresponding factorized distribution over its parts. In
this work, we extend this formulation for temporal networks and then
apply it to human brain data obtained from intracranial recordings in
epilepsy patients. Our findings show that compared to random re-wirings
of the data, functional connectivity networks, constructed from human
brain data, score consistently higher in the above measure of integrated
information. This work suggests that temporal integrated information
may indeed be a good starting point as a future measure of cognitive
complexity.
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1 Introduction

The human brain is an extremely complex non-linear dynamical system that
processes information from the external world, coming in through sensory chan-
nels, in order to determine the sequence of actions necessary for goal-oriented
behavior, given the agent’s internal drives and emotional states. Investigating
the mechanisms of information integration, flow and distribution provide a vital
ingredient in advancing our understanding of brain function and cognition. This
is point at which information theory meets neuroscience. The former provides
rigorous theoretical tools that can effectively be employed to quantify biophysical
processes that encode and assimilate knowledge from the world, which is then
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used to generate goal-oriented action. In this paper, we focus on quantifying
the amount of information integrated by functional connectivity networks con-
structed from local field potentials (LFPs) obtained using intracranial recordings
from human epilepsy patients. The underlying non-linearities in neural process-
ing are reflected in the fact that these functional connectivity (FC) networks are
not static, but dynamic. For our purposes, this can be analyzed as a stack of
temporal networks, signifying the multitude of functional states the brain can
occupy. This also calls for new dynamical measures of information processing to
investigate these temporal networks.

Such measures are part of a larger class of complexity measures that seek to
quantify information generated by all causal sub-processes in such a network.
One candidate measure for global information processing is integrated infor-
mation, usually denoted as Φ. It was introduced as a complexity measure for
neural networks, and by extension, as a possible correlate of consciousness itself
[30]. It is defined as the quantity of information generated by a network as a
whole, due to its causal dynamical interactions, and one that is over and above
the information generated independently by the disjoint sum of its parts. As
a complexity measure, Φ seeks to operationalize the intuition that complexity
arises from simultaneous integration and differentiation of the network’s struc-
tural and dynamical properties. The earliest proposals defining integrated in-
formation were made in the pioneering work of [30], [29] and [27]. Since then,
considerable progress has been made towards development of a normative theory
of consciousness as well as applications of integrated information [15], [17], [28],
[1], [23], [8], [11], [4], [5], [7], [9], [6], [10]. In fact, there are now several candi-
date measures of integrated information such as neural complexity [30], causal
density [25], Φ from integrated information theory: IIT 1.0, 2.0 & 3.0 [27], [15],
[23], stochastic interaction [31], [14], empirical Φ [17] and synergistic Φ [22], plus
several variations of these (see [26] for an overview).

We will work with a recent formulation of network integrated information
that is based on the Kullback-Leibler divergence between the multivariate dis-
tribution on the set of network states versus the corresponding factorized dis-
tribution over its parts [12]. This formulation is particularly suited for large
networks with stochastic dynamics. In this paper, we extend this formulation
for temporal networks. Note that in an ideal setting, to use the measure in [12]
one would need the realistic anatomical connectivity of neural populations gener-
ating LFPs as well as details of the non-linear model generating those dynamics.
In the absence of both these pieces of information, we rely on temporal FC net-
works as proxy to the realistic non-linear processes in the brain and compute
the temporal integrated information of these networks.

2 Mathematical Formulation of Integrated Information

Let us begin this discussion considering networks endowed with linear stochastic
dynamics. The state of each node is given by a random variable pertaining to
a given probability distribution. These variables may either be discrete-valued



Temporal Integrated Information 3

or continuous. However, for many biological applications, Gaussian distributed,
continuous-valued state variables are fairly reasonable abstractions (for example,
aggregate neural population firing rate, EEG or fMRI signals). The state of
the network Xt at time t is taken as a multivariate Gaussian variable with
distribution PXt(xt). xt denotes an instantiation of Xt with components xit (i
going from 1 to n, n being the number of nodes). When the network makes a
transition from an initial state X0 to a state X1 at time t = 1, observing the final
state generates information about the system’s initial state. The information
generated equals the reduction in uncertainty regarding the initial state X0.
This is given by the conditional entropy H(X0|X1). In order to extract that
part of the information generated by the system as a whole, over and above
that generated individually by its parts, one computes the relative conditional
entropy given by the Kullback-Leibler divergence of the conditional distribution
PX0|X1=x′(x) of the system with respect to the joint conditional distributions∏r

k=1 PMk
0|Mk

1=m′ of its non-overlapping sub-systems demarcated with respect
to a partition Pr of the system into r distinct sub-systems. Denoting this as ΦPr

,
we have

ΦPr
(X0 → X1 = x′) = DKL

(
PX0|X1=x′

∣∣∣∣ r∏
k=1

PMk
0|Mk

1=m′

)
(1)

where for an r partitioned system, the state variable X0 can be decomposed as
a direct sum of state variables of the sub-systems

X0 = M1
0 ⊕M2

0 ⊕ · · · ⊕Mr
0 =

r⊕
k=1

Mk
0 (2)

and similarly, X1 decomposes as

X1 = M1
1 ⊕M2

1 ⊕ · · · ⊕Mr
1 =

r⊕
k=1

Mk
1 (3)

For stochastic systems, it is useful to work with a measure that is independent
of any specific instantiation of the final state x′. So we average with respect to
final states to obtain an expectation value from eq.(1). After some algebra, we
get

〈Φ〉Pr
(X0 → X1) = −H(X0|X1) +

r∑
k=1

H(Mk
0|Mk

1) (4)

This is our definition of integrated information, which we use in the rest of this
paper. Note that the measure described in [15] is not applicable to networks
with stochastic dynamics. They do use eq.(1) as their definition but endow their
nodes with discrete states. On the other hand, [17] uses a different definition
of integrated information, where conditional entropies as in eq.(4) are replaced
by conditional mutual information. This definition only matches the definition
of eq.(1) in special cases but not in general for any distribution. From an infor-
mation theory perspective, the Kullback-Leibler divergence offers a principled
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way of comparing probability distributions, hence we follow that approach in
formulating our measure in eq.(4).

The state variable at each time t = 0 and t = 1 follows a multivariate
Gaussian distribution

X0 ∼ N (x̄0,Σ(X0)) X1 ∼ N (x̄1,Σ(X1)) (5)

The generative model for this system is equivalent to a multi-variate auto-
regressive process

X1 = A X0 + E1 (6)

where A is the weighted adjacency matrix of the network and E1 is Gaussian
noise. Next, taking the mean and covariance respectively on both sides of this
equation, while holding the residual independent of the regression variables,
yields

x̄1 = A x̄0 Σ(X1) = A Σ(X0) AT + Σ(E) (7)

In the absence of any external inputs, stationary solutions of a stochastic linear
dynamical system as in eq.(6) are fluctuations about the origin. Therefore, we
can shift coordinates to set the means x̄0 and consequently x̄1 to the zero. The
second equality in eq.(7) is the discrete-time Lyapunov equation and its solution
will give us the covariance matrix of the state variables.

The conditional entropy of a multivariate Gaussian variable is computed to
be

H(X0|X1) =
1

2
n log(2πe)− 1

2
log [det Σ(X0|X1)] (8)

which is fully specified by the conditional covariance matrix. Inserting this in
eq.(4) yields

〈Φ〉Pr
(X0 → X1) =

1

2
log

[∏r
k=1 det Σ(Mk

0|Mk
1)

det Σ(X0|X1)

]
(9)

To compute the conditional covariance matrix we use the following identity (the
proof for the Gaussian case can be found in [16])

Σ(X|Y) = Σ(X)−Σ(X,Y)Σ(Y)−1Σ(X,Y)T (10)

The appropriate covariance we will need to insert in this expression is

Σ(X0,X1) ≡
〈

(X0 − x̄0) (X1 − x̄1)
T
〉

= Σ(X0)AT (11)

which gives for the conditional covariance

Σ(X0|X1) = Σ(X0)−Σ(X0)AT Σ(X1)−1A Σ(X0)T (12)

And similarly for the sub-systems

Σ(Mk
0|Mk

1) = Σ(Mk
0)−Σ(Mk

0)AT
∣∣
k

Σ(Mk
1)
−1A

∣∣
k

Σ(Mk
0)

T
(13)
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where k indexes the partition such that Mk
0 denotes the kth sub-system at t = 0

and A
∣∣
k

denotes the restriction of the adjacency matrix to the kth sub-network.
Further, for linear multi-variate systems, a unique fixed point always ex-

ists. We try to find stable stationary solutions of the dynamical system. In that
regime, the multi-variate probability distribution of states approaches station-
arity and the covariance matrix converges, such that

Σ(X1) = Σ(X0) (14)

t = 0 and t = 1 refer to time-points taken after the system converges to the fixed
point. Then the discrete-time Lyapunov equations can be solved iteratively for
the stable covariance matrix Σ(Xt). For networks with symmetric adjacency
matrix and independent Gaussian noise, the solution takes a particularly simple
form

Σ(Xt) =
(
1−A2

)−1
Σ(E) (15)

and for the parts, we have

Σ(Mk
0) = Σ(X0)

∣∣
k

(16)

given by the restriction of the full covariance matrix on the kth sub-network.
Note that eq.(16) is not the same as eq.(15) on the restricted adjacency matrix
as that would mean that the sub-network has been explicitly severed from the
rest of the system. Indeed, eq.(16) is precisely the covariance of the sub-network
while it is still part of the network and 〈Φ〉 yields the integrated and differen-
tiated information of the whole network that is greater than the sum of these
connected parts. Inserting eqs.(12), (13), (15) and (16) into eq.(9) yields 〈Φ〉 as a
function of network weights for symmetric and correlated networks. For the case
of asymmetric weights, the entries of the covariance matrix cannot be explicitly
expressed as a matrix equation. However, they may still be solved by Jordan
decomposition of both sides of the Lyapunov equation.

For partitioning the network, we will use the Maximum Information Partition
(MaxIP). Following [21] and [1], the MaxIP is defined as the partition of the
system into its irreducible parts. This is the finest partition and is unique as
there is only one way to combinatorially reduce a system into all of its sub-
units. 〈Φ〉 computed using this partition was shown to accounts for the maximum
amount of information that the network can integrate compared to any other
partitioning of the system and is therefore a natural choice for quantifying whole
versus parts [12].

3 Experimental Protocol

Intracranial EEG data for a single subject performing a navigation task was col-
lected as part of a pre-surgical procedure in an epileptic patient. The participant
provided written informed consent to participate in the study. The protocol of
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the experiment was approved by the local Ethical Committee ”Clinical Research
Ethical Committee (CEIC) Parc de Salut Mar” (Barcelona, Spain). Recordings
were performed using a standard clinical EEG system (XLTEK, subsidiary of
Natus Medical) with 500 Hz sampling rate. A unilateral implantation was per-
formed, using 10 intra-cerebral electrodes (Dixi Medical, Besancon, France; di-
ameter: 0.8 mm; 5 to 15 contact points, 2 mm long, 1.5 mm apart) that were
stereotactically inserted using robotic guidance (ROSA, Medtech Surgical, Inc).

The subject navigated a squared virtual environment in which discrete vi-
sual stimuli were presented at specific locations in a 5x5 grid formed by red
boxes located on the ground. Navigation was performed with a joystick. Boxes
remained visible during the whole navigation period. When subjects were close
to one of the boxes, the item pertaining to that specific location was presented
through a small inset in the top-right of the user interface. Participants were
instructed to visit all boxes. The subject completed six blocks of three minutes
each. Navigation data (i.e., positions and orientations) of the subject during the
active condition was recorded at 1000 Hz. We band-pass filtered the signal for
the selected electrodes from 1 to 200 Hz using EEGLAB [20] before building the
FCs. Functional correlation matrices were constructed by binning the activity of
all electrodes in sliding windows of 500 ms. We calculated the Spearman’s cor-
relation of the activity of all pairs of electrodes over time. Electrode localization
included frontal, parietal and temporal lobes, including brain structures such
as the hippocampus and the amygdala (these locations were checked using the
BrainX3 system [13], [3], [24], [18], [19], [2]). After filtering the data for removal
of artifacts, we were left with a stack of 1797 FC networks of size 60x60.

4 Results

As described above, the data extraction process gives us a stack of 1797 tempo-
ral networks. We apply the mathematical machinery of integrated information
to this stack. The measure being defined at each time-point yields a profile of
〈Φ〉 values reflecting variations in informational complexity across time. As men-
tioned earlier, we use the structure of these temporal FC networks as proxy to
the underlying complex neural connectivity and dynamics. Eq.(9) is computed
at each time-point using the corresponding FC network as the connectivity ma-
trix A. We use all positive correlations for this analysis. Furthermore, network
weights are normalized by an overall scaling factor of 19.2 for all networks in
order to ensure that all eigenvalues of all networks are bounded by 1 for reasons
of stability. This yields the temporal 〈Φ〉 profile for the FC networks, shown in
red in fig. 1. As a possible null model, we randomize the data by shuffling the
edges of each FC network while preserving the total network degree at each point
of time. Computing 〈Φ〉 for these randomized networks yields the green profile
in fig. 1. Fig. 2 shows the corresponding histograms of these 〈Φ〉 profiles.

Given these profiles, we can now perform test statistics on 〈Φ〉 itself in order
to compare the temporal FC with their randomized counterparts. More, gener-
ally this method may also be used for making statistical statements for 〈Φ〉 under
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Fig. 1. Temporal 〈Φ〉 for data (red profile) versus randomized networks
(green profile) Here 〈Φ〉 is computed as bits of information, while time runs in steps
of 100ms.
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Fig. 2. Histograms of 〈Φ〉 for data (left) and randomized networks (right)

different experimental conditions. We compute the mean, median and variance
of the 〈Φ〉 profiles for both the data and the randomized case. Since the 〈Φ〉
profiles do not follow a normal distribution, we use then use the Mann-Whitney-
Wilcoxon test to compare the medians between the two 〈Φ〉 profiles and we find
a significant difference in favor of the brain FCs. For comparing the variances we
employ the Brown-Forsythe test (for non-parametric and non-symmetric distri-
butions) and again find significant difference in favor of the data. Our results are
shown in table 1 below. What these results show is that integrated information
is a useful measure for quantifying the plethora of patterns observed in temporal
FC networks corresponding to various brain states. Compared to random re-
wirings, the original FC networks scored consistently higher values of 〈Φ〉 with a
greater mean and median (statistically significant). Additionally, the data net-
works show a much greater variance (statistically significant) in 〈Φ〉 than their
random counterparts. This suggests that realistic temporal FC networks of the
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Table 1. Test statistics on 〈Φ〉 profiles showing the median, mean and variance in
values of 〈Φ〉 for brain data versus the randomized network. The last column shows
p-values for each test.

〈Φ〉 (FC) 〈Φ〉 (Randomized) p-value

Median 0.45 0.41 < 10−40

Mean 0.51 0.43 N.A.
Variance 0.28 0.01 < 10−20

brain explore a greater region of state space than random configurations. For
future work, it might be interesting to look closer at the occasional strong peaks
in 〈Φ〉 that we observe in the FC networks, which may be driven either by task
complexity or by spontaneous neural activity.

5 Discussion

Information-based methods offer a useful way to quantify complexity of brain
functions. Integrated information is interesting as a global measure of a system’s
collective behavior. In this work, we extend the computational framework of
network integrated information for temporal networks and applied it to local
field potential (LFP) data obtained from human intracranial recordings. This
generates a time-series profile of Φ reflecting the dynamical nature of the brain’s
informational complexity. As a null model we generate another profile of Φ ob-
tained from randomizing the FC networks at each instance of time (while pre-
serving total degree for each network). This enables a statistical comparison
of complexity under two conditions. More specifically, for brain functional net-
works we find that compared to random re-wirings, the original FC networks
scored consistently higher values of 〈Φ〉 with a greater mean and median (statis-
tically significant). Additionally, the data networks show a much greater variance
(statistically significant) in 〈Φ〉 than their random counterparts, thus suggest-
ing that realistic temporal FC networks of the brain explore a greater region
of state space than random configurations. This work demonstrates that tem-
poral integrated information may be a good starting point as a future measure
of cognitive complexity. This can have potential impact in the clinic for iden-
tifying information-based differences between healthy subjects and patients of
neurodegenerative diseases.
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