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Abstract: An invertible mapping between time series and
networks was recently proposed. It can be used as a tool
to figure out properties of the mapped time series. In the
present work we use controlled artificial signals to numeri-
cally investigate how correlation properties of time series are
mapped in the topological measures of associated networks.
More specifically, we employ filtered uniform white noise
and analyse how the autocorrelation sequence influences the
average shortest-path length.
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1. INTRODUCTION

Many works have proposed different procedures to char-
acterize time series using properties of complex networks.
For instance, in [1] a network is obtained by partitioning a
time serie and mapping each of the resulting subsets in its
nodes. In [2] the time serie is divided in cycles and the corre-
lation between these cycles is used to construct an associated
network. The mapping between time series and networks is
done using the Visibility Algorithm in [3] and the Horizontal
Visibility Graph in [4].

Although these works use topological measures like aver-
age shortest-path length or clustering coefficient to classify
time series, it is not evident how conventional and classi-
cal time series properties, like correlation coefficients, are
related to these measures. In this work we use controlled ar-
tificial random time series to evaluate how their correlation

properties are mapped in the average shortest-path length of
networks obtained using the invertible mapping procedure
proposed in [1].

This extended abstract is organized as follows: in Sec-
tion 2 we briefly describe the employed topological measures
and mapping. In section 3 the mapping is applied to filtered
white noise time series and we analyse the average shortest-
path length of obtained networks. Finally, in Section 4 the
conclusions are drawn.

2. NETWORKS AND MAPPING

In this section, we set the complex networks notation and
definitions [5] used in this extended abstract.

Consider a graph composed byN nodes andM links con-
necting them. The link between nodes i and j in this direc-
tion is represented by lij . Two nodes i and j of a network
are neighbours whether the link lij exists.

A path between two nodes i and j is a set of links starting
in i and ending in j. A path with the smaller number of links,
Lij , is called a shortest-path. In a connected network, i.e., a
network where there is a path between any two nodes, the
average shortest-path length 〈L〉 is given by

〈L〉 = 1

N(N − 1)

N∑
i=1

N∑
j=1

Lij . (1)

The degree Ki of a node i is the number of links leaving



or arriving in it. The average degree 〈K〉 is

〈K〉 = 1

N

N∑
i=1

Ki. (2)

The clustering coefficient Ci of a node i is given by the
proportion of links set up between the neighbours of i and the
total number of links which could be set up between them.
The average clustering coefficient 〈C〉 of a directed network
is given by

〈C〉 = 1

N

N∑
i=1

Ci. (3)

Recently it was proposed by [1] an invertible mapping be-
tween time series and networks using quantiles. Using the
direct mapping it is possible to convert a time serie in a di-
rected network.

The m-order quantile q(m), 0 < m < 1, is the sample so
that 100m% of all the samples is lower than q(m).

Given a discrete time serie x(n) with Np samples, the
mapping proposed in [1] can be described by the following
steps:

i. the samples are sorted in ascending order;

ii. they are divided in Q subsets with Np/Q samples.
The last sample of each of this subsets is the quantile
q1, q2, . . . , qQ of the serie x(n), where qi = q(i/Q);

iii. each subset is assigned to a node in the corresponding
network. The transition matrix TQ×Q element tij is
given by the number of times a sample x(n) belonging
to the subset defined by the quantile qi is followed by a
sample x(n+ 1) belonging to the subset defined by qj .

iv. in order to produce an unweighed network, links whose
weight is smaller than a threshold µ are eliminated from
the network.

3. RESULTS AND DISCUSSION

In the present work we consider uniform white noise fil-
tered by finite impulsive response filters. More specifically,
it is considered Moving Average filters given by

rf (n) =
1

β + 1

β∑
k=0

r(n− k), (4)

where r(n) is a Np samples realization of an uniform white
noise distributed in the interval [−1, 1] and β is the filter or-
der. These signals were normalized in order to have their
higher sample value equal to one. The β+1 first samples are
discarded in order to remove transient effects.

Figure 1 shows the first 100 samples of a realization and
the autocorrelation sequences numerically obtained consid-
ering β = 0, 5, 20 and 50. The Q = 10 quantiles are also
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Figure 1 – Instances of filtered white noise and their autocorre-
lation sequences for: (a) and (b) β = 0; (c) and (d) β = 5; (e)
and (f) β = 20; (g) and (h) β = 50.

shown. Figure 2 shows the networks obtained for these val-
ues of β, considering as threshold

µ =

∑Q
i=1

∑Q
j=1 tij

2Q2
(5)

and 2000 realizations with 10000 samples each.
For β = 0, rf (n) is a white noise with impulsive auto-

correlation sequence, as shown in Figure 1(b). This way, the
subset where a sample belongs is independent of the subset
where the previous sample belongs. As the number of pos-
sible transitions between subsets is Q2, the number of tran-
sitions between any two subsets tends to Np/Q2. Therefore,
the transition matrix T will converge to

T =
Np
Q2

1, (6)
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Figure 2 – Networks obtained from the filtered white noise of
Figure 1: (a) β = 0, (b) β = 5, (c) β = 20, (d) β = 50 and
Q = 10.

where 1 is a matrix of unitary elements. So, using a thresh-
old lower than µ = Np/Q

2 the mapping results in a totally
connected network, as shown in Figure2(a). For this network
〈L〉 = 1, 〈K〉 = 2(Q− 1) and 〈C〉 = 1.

As β increases, due to the rising of the correlation be-
tween samples, consecutive samples tend to belong to adja-
cent subsets. Therefore, transitions between adjacent sub-
sets occur more frequently than those between distant sub-
sets. Consequently, obtained networks present many connec-
tions between nearby nodes and only eventual connections
between distant nodes, as shown in Figures 2(b) and 2(c).

For sufficiently large β, we obtain signals whose all con-
secutive samples belong to the same or to adjacent subsets.
As a result, in the networks obtained, only neighbour nodes
are connected, as shown in Figure 2(d). For these regular net-
works it is expected 〈L〉 = (Q+1)/3, 〈K〉 = 4(Q− 1)/Q e
〈C〉 = 0 [9]. ForQ = 10, we obtain 〈L〉 = 11/3, 〈K〉 = 3.6
and 〈C〉 = 0.

Table 1 shows values of 〈L〉, 〈K〉 e 〈C〉 numerically ob-
tained for the networks of Figure 2. The obtained values con-
firm the transition from a completely connected network to a
regular one.

Figure 3 shows how 〈L〉 increases with β for different val-
ues of Q. It can be seen a direct relation between β and 〈L〉.
Specifically, for large values ofQ this relationship tends to be
one-to-one. This way, given a time series modeled as filtered
white noise, the 〈L〉 of the associated network can be used to
estimate the filter order of the model or the autocorrelation
sequence length.

Table 1 – Properties of networks of the Figure 2.

β 〈L〉 〈K〉 〈C〉
0 1.0000 18.0000 1.0000
5 1.6222 9.6000 0.7467

20 2.3111 6.0000 0.4000
50 3.6667 3.6000 0

0 200 400
1

2

3

4

β

〈 
L

 〉

(a) Q = 10

0 200 400
1

2

3

4

5

6

β

〈 
L

 〉

(b) Q = 15

0 200 400

2

4

6

β

〈 
L

 〉

(c) Q = 20

0 200 400

2

4

6

8

β

〈 
L

 〉

(d) Q = 25

Figure 3 – Relationship between average shortest-path length
and β for networks with (a) Q = 10, (b) Q = 15, (c) Q = 20
and (d) Q = 25 nodes.

4. CONCLUSION

In the present work we investigated how correlation prop-
erties of a time serie are mapped in the average shortest-path
length of the network associated to it. We are currently ap-
plying these results in the modeling of financial time series.
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