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Abstract. Recently, a map from time series to networks has been pro-
posed [7,8], allowing the use of network statistics to characterize time
series. In this approach, time series quantiles are naturally mapped into
nodes of a graph. Networks generated by this method, called Quantile
Graphs (QGs), are able to capture and quantify features such as long-
range correlations or randomness present in the underlying dynamics
of the original signal. Here we apply the QG method to the problem
of detecting the differences between electroencephalographic time series
(EEG) of healthy and unhealthy subjects. Our main goal is to illus-
trate how the differences in dynamics are reflected in the topology of the
corresponding QGs. Results show that the QG method cannot only dif-
ferentiate epileptic from normal data, but also distinguish the different
abnormal stages/patterns of a seizure, such as pre-ictal (EEG changes
preceding a seizure) and ictal (EEG changes during a seizure).

Keywords: Electroencephalographic time series · Epilepsy · Complex
networks · Quantile graphs

1 Introduction

Epilepsy is a neurological disorder characterized by the presence of recurring
seizures that affects nearly 1% of the general population [1]. Sudden and abrupt
seizures that cause momentarily lapses of consciousness can have significant
impact on the daily life of sufferers. Thus, epileptic seizure detection would help
these people to have a normal life.

Like many other neurological disorders, epilepsy can be assessed by the elec-
troencephalogram technic. Visual inspection of the EEG data has not yet led
to the detection of all characteristic changes preceding seizure onsets. Moreover,
detection of seizures by visual inspection of the EEG even by a trained neu-
rologist is challenging for a variety of reasons such as the excessive presence
c© Springer International Publishing AG 2017
I. Rojas et al. (Eds.): IWANN 2017, Part II, LNCS 10306, pp. 95–103, 2017.
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of myogenic artifacts [3]. Hence, several studies have focused on the detection
of epilepsy from EEG signals using automatic analysis like methods that detect
and quantify non-linear mechanisms and thereby better reflect the characteristics
of the EEG signals [3,5]. Therefore, time-domain methods [4,5,16], frequency-
domain methods [13,15] and Wavelet-domain methods [12,14] have been recently
proposed. However, there is still considerable research toward developing novel
methods to quantify or capture additional information in EEG time series in
new ways.

In the last two decades, research on complex networks became the focus of
widespread attention, with developments and applications spanning different sci-
entific areas, from sociology and biology to physics [2]. One of the reasons behind
the growing popularity of complex networks is that almost any discrete structure
can be suitably represented as a graph, whose features may be then character-
ized, analyzed and, eventually, related to its respective dynamics [9]. Recently
an approach has been proposed for mapping a time series into a complex net-
work representation, based on the concept of transition probabilities, resulting
in a so-called “quantile graph” (QG) [7,8]. This study has shown that distinct
features of a time series can be mapped into networks with distinct topological
properties, opening the door to the analysis of discrete, time-ordered data sets
with mathematical tools usually used in the study of geometric shapes and topo-
logical spaces. Here we show that the complex network theory can be effectively
used to the problem of detecting differences in EEG signals of patients with and
without epilepsy symptoms. It is important to mention that our method does
not require assumptions about stationarity, length of the signal, and noise level.
The rest of this paper is organized as follows. After this Introduction, in Sect. 2
it is described the QG method for mapping a time series into a network. In
Sect. 3 it is described the data set used in this study. Results are presented and
discussed in Sect. 4 while an overall conclusion is given in Sect. 5.

2 Methods

Let M be a map from a time series X ∈ T to a network g ∈ G, with X =
{x(t)|t ∈ N, x(t) ∈ R} and g = {N ,A} being a set of nodes N and arcs A. M
assumes a simple discretization of X that is not sensitive to the distribution of
its values. Specifically, once the Q quantiles have been identified, M assigns each
quantile qi to a node ni ∈ N in the corresponding network. Two nodes ni and
nj are connected with a weighted arc ni, nj , w

k
ij ∈ A whenever two values x(t)

and x(t + k) belong respectively to quantiles qi and qj , with t = 1, 2, . . . , T and
the time differences k = 1, . . . , kmax < T . For an illustration of the QG method
for k = 1, see Fig. 1.

Weights wk
ij are simply given by the number of times a value in quantile qi

at time t is followed by a point in quantile qj at time t + k, normalized by the
total number of transitions. Repeated transitions through the same arc increase
the value of the corresponding weight. With proper normalization, the weighted
adjacency matrix becomes a Markov transition matrix Wk, with

∑Q
j wk

ij = 1.
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Fig. 1. Illustration of the QG method for k = 1. A white Gaussian noise X with
T = 60 time points is split into Q = 4 quantiles (colored shading) and each quantile
qi is assigned to a node ni ∈ N in the corresponding network g. Two nodes ni and
nj are then connected in the network with a weighted arc (ni, nj , w

k
ij) ∈ A where the

weight wij of the arc is given by the probability that a point in quantile qi is followed
by a point in quantile qj . Repeated transitions between quantiles results in arcs in the
network with larger weights (represented by thicker lines) and therefore higher values
in the corresponding transition matrix. (Color figure online)

Since M is insensitive to the distribution of values of X, the map only requires
the specification of the parameter Q, the number of quantiles/nodes, with Q
being typically much smaller than T [8].

We previously showed [7] that with Wk in hand, it is possible to perform
a random walk on the quantile graph (QG) g. After l = L jumps of length
δl,k(i, j) = |i − j|, with i, j = 1, . . . , Q being the node indices as defined by Wk,
the mean jump length Δ(k) can be computed as follows:

Δ(k) =
1
L

L∑

l=1

δl,k(i, j). (1)

The mean jump length Δ(k) can be computed directly from the transition
matrix Wk [10], an approach less time-consuming, especially for networks with
many nodes. In this case, Δ(k) given by:

Δ(k) =
1
Q

tr(PWT
k ). (2)

where WT
k is the transpose of Wk, P is a Q×Q matrix with elements pi,j = |i−j|,

and tr is the trace operation.
Previous works have shown that time series with different properties are

mapped into complex networks with different topologies. For example, we have
found an association between periodic time series and regular networks, random
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time series and random networks, pseudo-periodic time series and small-world
networks [8]. Moreover, we have shown that the bifurcation cascades of two well
known unimodal maps – the Logistic and Quadratic Maps – are mapped through
the QG method into networks whose topological characteristics mimic the main
features of their period-doubling route to chaos as a forcing parameter varies
continuously [6]. Finally, we recently showed that the QG method permits to
quantify features such as long-range correlations or anti-correlations and it can
be used to estimate the Hurst exponent of fractional motions and noises [7].

3 Data

In this study, we use an artifact free EEG database, provided by the University
of Bonn and freely available online [5]. This database has been widely used for
EEG feature extraction and classification in the literature [3]. Our data consists
of five sets (denoted A, B, C, D and E), each containing 100 single-channel EEG
segments, with a duration of 23.6 s, and a sampling rate of 173.61 Hz. Sets A and
B consist of surface EEG recordings from healthy, awake volunteers with eyes
open (A) and closed (B), respectively. Sets C and D correspond to intracranial

-100
0

100

(A)

-200
0

200

(B)

-100
0

100

E
E

G
 a

m
pl

itu
de

s 
[μ

V
]

(C)

-300
0

300

(D)

0 1000 2000 3000 4000
time [s]

-1000
0

1000
(E)

Fig. 2. Typical EEG signals from each of the five sets; from top to bottom: A (healthy,
eyes open), B (healthy, eyes closed), C (epileptic, opposite zone), D (epileptic, epilep-
togenic zone) and E (seizure).



Automated EEG Signals Analysis Using Quantile Graphs 99

EEG signals from epileptic patients recorded during seizure-free intervals at
the epileptogenic zone (D) and at the hippocampal formation in the opposite
hemisphere of the brain (C). Finally, intracranial EEG signals in set E contain
seizure activity, measured at sites exhibiting ictal activity.

Figure 2 shows samples from sets A, B, C, D and E. EEG time series
recorded extracranially during the relaxed state of healthy subjects with eyes
closed (Fig. 2(B)) show a predominant physiological rhythm, the so-called “alpha
rhythm” in a frequency range of 8–13 Hz, an activity which is most pronounced
at the back of the head. In contrast, broader frequency characteristics are
obtained for open eyes (Fig. 2(A)). During a seizure free interval, the EEG
recorded from within the epileptogenic zone (Fig. 2(D)) is often characterized
by intermittent occurrences of interictal epileptiform activities. Investigation of
these steep, sometimes rhythmic high amplitude patterns in EEG recordings
contributes to the localization of the epileptogenic zone. Fewer and less pro-
nounced interictal epileptiform activities can be found at recording sites distant
from the epileptogenic zone (Fig. 2(C)). As for the EEG recorded during epilep-
tic seizures (Fig. 2(E)), termed ictal activity, it is almost periodic and of high
amplitude, resulting from the hypersynchronous activity of large assemblies of
neurons [11].

4 Results

We apply the QG algorithm to the problem of differentiating (a) epileptic from
normal data, (b) EEG changes preceding a seizure and (c) EEG changes during
a seizure. Unless when indicated otherwise, the values Q = 30, T = 4096 and
k = 1, 2, . . . , 100 have been used in the computations. Therefore, we mapped
500 signals into 50,000 quantile graphs and we obtained 50,000 QG transition
matrices. After that, for each set and for a given k we took the median over
all matrices and we obtained a QG transition matrix of medians. We finally
computed Δ(k) versus k using Eq. (2) for all sets (Fig. 3). Observe that the curves
for healthy (A and B) and epileptic (C and D) patients form two distinct clusters
with maximum separation at approximately k = 4. For k > 30, correlations
between QG nodes disappear, and all curves almost merge into one.

Figure 4 displays boxplots of Δ(k), computed over 100 segments, for sets
A, B, C, D and E, and k = 4. Note how the QG method permits a robust
discrimination between healthy and epileptic patients, even more when the EEGs
are taken from healthy subjects with the eyes closed. Comparing sets B (healthy,
eyes closed) and C (epileptic, opposite zone), there is a statistically significant
difference between the two sample means of μB − μC = 4.5389, with a 95%
confidence interval of [4.2989, 4.7790], t(df = 195.3079) = 37.2897 and p ≤ 0.05.
For sets A (healthy, eyes open) and D (epileptic, epileptogenic zone), the less
favorable comparison, we still have a statistically significant difference between
the two sample means, with μA − μD = 2.9658, with a 95% confidence interval
of [2.6689, 3.2625], t(df = 191.8404) = 19.7085 and p ≤ 0.05.

Figure 5 displays QG transition matrices of medians for k = 4. Observe how
well the QG topology mimics the properties of the original time series. For
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Fig. 3. Δ(k) versus k for sets A (healthy, eyes open), B (healthy, eyes closed), C
(epileptic, opposite zone), D (epileptic, epilectogenic zone) and E (seizure).
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Fig. 4. Boxplots of Δ(k), computed over 100 segments each, for sets A (healthy, eyes
open), B (healthy, eyes closed), C (epileptic, opposite zone), D (epileptic, epilectogenic
zone) and E (seizure), and k = 4.
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Fig. 5. QG transition matrices for sets A (healthy, eyes open), B (healthy, eyes closed),
C (epileptic, opposite zone), D (epileptic, epileptogenic zone) and E (seizure), and
k = 4.

healthy subjects from set B (Fig. 5(b)), the weights in the corresponding W4

are more uniformly distributed along its columns and rows when compared with
W4 for healthy subjects from set A (Fig. 5(a)). For unhealthy subjects from set
D (Fig. 5(d)), the higher weights in the corresponding W4 are concentrated in
its peripherical quantiles due to the rhythmic high amplitude patterns found
in the corresponding time series. Although Fig. 5(c) and (d) are very alike, the
fewer and less pronounced interictal epileptiform activities found in set C (when
compared to set D) produce a QG transition matrix with heavier weights. Finally,
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the high amplitude and quasiperiodic patterns found in set E are mapped in a
QG transition matrix with its weights mainly distributed over the secondary
diagonal (Fig. 5(e)).

5 Conclusions

A novel method for classifying EEG data by using the concept of quantile graphs
was presented. We have shown that it can not only differentiate epileptic from
normal data, but also distinguish the different abnormal stages/patterns of a
seizure, such as pre-ictal (EEG changes preceding a seizure) and ictal (EEG
changes during a seizure). These results attest that the QG method is a useful
tool for the analysis of nonlinear dynamics and able to detect differences in
the data structures of physiological signals of healthy and unhealthy subjects.
The QG method is numerically simple and has only one free parameter, Q, the
number of quantiles/nodes. The number of quantiles Q defines the partitioning
level of the amplitude range of the original time series and its selection involves
a trade-off between information loss and computational burden.
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