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Abstract—A complex network analysis of the seismic activity

in the central zone of Chile is made, where each node corresponds

to a location, where a seism occurs. The Mw ¼ 8.3 Illapel earth-

quake (16 September 2015) is included in the data set studied.

Assuming a self-similar data network, the value of the power law

characteristic exponent c for the link probability distribution of the

directed network and the value of the power law characteristic

exponent d for the cumulative distribution of the betweenness

centrality are studied, before and after the earthquake. Both

exponents have a different values before and after the earthquake

when the network is built with cell size of 5 � 5 � 5 km, but there

is no difference when the cell size is 10 � 10 � 10 km. The

exponents were evaluated for the data set with the total number of

seismic events and for three cutoffs in magnitude. There is not

much variation when applying the cutoff. Variations of both

exponents are found when both subsets, before and after the main

event, are compared, suggesting that the topological features of the

complex network of seisms are modified by major events.
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1. Introduction

The study of complex networks has an important

development in the last years, and it is becoming a

useful tool that has been applied to many systems real

systems, providing new perspectives in diverse fields,

such as communication, biology, and social rela-

tionships (ALBERT et al. 1999; ALON 2003; BARABÁSI

et al. 2000; BARABÁSI and OLTVAI 2004; BAR-JOSEPH

et al. 2003; CENTOLA 2010; PALLA et al. 2005). These

types of analyses have been particularly fruitful in the

study of earthquakes (COSTA et al. 2005; DOROGOVT-

SEV and MENDES 2003; DOROGOVTSEV et al. 2008;

GERMANO and MOURA 2006; GHAFFARI and YOUNG

2013; GRUZD et al. 2011; KITSAK et al. 2007; LACASA

et al. 2009; NEWMAN 2002, 2005; NEWMAN and GIR-

VAN 2004; ABE and SUZUKI 2006; TELESCA and

LOVALLO 2012), an interesting and difficult system to

understand. Seismic data can be studied as a complex

network considering its spatial distribution (ABE and

SUZUKI 2006; ABE et al. 2011) or, more recently, as a

visibility graph (AGUILAR-SANJUAN and VARGAS 2013;

TELESCA and LOVALLO 2012). In the former approach,

the spatial network of seismic data has usually found

to be scale-free and small world (ABE and SUZUKI

2006, 2004; ABE et al. 2011, 2010). In the later

approach, the magnitude is included in the analysis,

and it also seems to display scale-free behav-

ior (AGUILAR-SANJUAN and VARGAS 2013; TELESCA

and LOVALLO 2012). In this study, we have analyzed a

seismic data set measured in the central zone of Chile

considering it as a spatial complex network. In our

approach, we have divided the data in two different

sets according to the time of the main event, before

and after the large earthquake of Illapel 2015, and the

exponents for the probability distribution of connec-

tivity and the cumulative distribution of betweenness

were calculated and compared before and after the

Mw ¼ 8.3 earthquake, for the total number of seismic

events and three magnitude thresholds. It is important

to mention that following BARTHELEMY (2004), it is

necessary to analyze both the probability distribution

of connectivity and the cumulative distribution of

betweenness to assert the scale-free properties of a

complex network.
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2. Data and Network Analysis

The data set was obtained from the National

Seismological Center of Chile (Centro Sismológico

Nacional, CSN) between October 2000 and October

2015, containing 15 years of measurements with

34,877 seismic events in the zone between 29� and

35.5� South Latitude and between 69� and 74� West

Longitude, as shown in Fig. 1. This includes the Ill-

apel earthquake, occurred on 16 September 2015,

with magnitude Mw ¼ 8:3, as reported by the CSN.

To use the hypocenter in kilometers, the latitude,

h, and the longitude, /, were converted to kilometers

following the expressions:

dNS
i ¼ Rðhi � h0Þ;

dEW
i ¼ Rð/i � /0Þ cosðhpromÞ;
dz

i ¼ zi;

ð1Þ

where zi is the depth in km, h0 is the minimum lati-

tude, hprom is the average latitude for the data set

studied, /0 is the minimum longitude, and R is the

radius of the Earth, considered for this study as

6370 km (ABE and SUZUKI 2006; ABE et al. 2011).

A complete set in magnitude is obtained for this

data starting from Mw ¼ 3:0, beyond which the

Gutenberg–Richter law is satisfied, as can be seen in

Fig. 2.

Furthermore, the original data set was divided in

two sets, before and after the large Illapel earthquake.

The data set before the 8.3 earthquake considers until

15 September 2015, and contains 33,209 events,

while the data set after the earthquake starts on 16

September 2015, and contains 1668 seismic events.

We will be interested in studying the dependence of

our analysis with the magnitude threshold, and hence,

three magnitude thresholds were used: Mw ¼ 3.0 (the

complete set in magnitude); Mw ¼ 3.5; and Mw ¼ 4.0.

In this way, we intend to study variations of our

results when the size of the data set is reduced, and

statistics become poorer.

Using these data, a complex network is con-

structed following the procedure described in ABE

and SUZUKI (2006) and ABE et al. (2011), and which

we summarize below. A cubic grid of cells of equal-

size D, covering the geographical zone of interest, is

considered. If a cell contains a seismic event, it is

considered as a node of our network, and the links

between nodes map the time sequence of the data.

Hence, the first seismic event yields the first node of

the network, then a link is directed from the first node

to the second one (the cell where the second seismic

event occurred), and so on.

Thus, we can study the dependence of the topo-

logical features of the networks with time (before/

Figure 1
Map of the zone studied, for seismic events with Mw � 4

0 2 4 6 8
Magnitude

1

10

100

1000

10000

lo
g(
N
)

Figure 2
Complete magnitude data set is found above Mw ¼ 3.0, with the

parameter b ¼ 0:90 ± 0.01
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after a major seismic event), and with grid size D. In

this work, we will analyze the scale-free properties of

these 2 networks (ABE and SUZUKI 2004, 2006; BAIESI

and PACZUSKI 2004) by studying their probability

distribution of connectivity and the cumulative dis-

tribution of betweenness centrality, as both

distributions need to follow power laws to be scale-

free networks (BARTHELEMY 2004).

The connectivity is defined as the number of links

that each node has. In a scale-free network, the

probability distribution for the connectivity, P(k),

follows a power law:

PðkÞ ¼ k�c; ð2Þ

where c is the characteristics exponent and, for real

seismic networks, usually has a value close to 2

(TELESCA and LOVALLO 2012; AGUILAR-SANJUAN and

VARGAS 2013).

Similarly, the betweenness centrality (BC) is a

measure of how important is the node m in the

shortest distance connections between all the other

pairs of nodes. Hence, if the BC is large, the nodes

are more active. The cumulative distribution of BC

turns out to follow a power law if

Bðx\gÞ� g�d: ð3Þ

In all cases, our analysis consists of calculating the

characteristic exponent, c, of the scale-free connec-

tivity distribution of the network, and d for the

cumulative distribution of the betweenness centrality.

2.1. Maximum Likelihood Estimation and Linear

Regression

Hence, in this study, it is necessary to calculate

the slope of power law distributions: the probability

distribution of the connectivity and the cumulative

probability distribution of the betweenness centrality.

To obtain a reliable estimation for a power law

distribution is not a simple task, specially for a
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Figure 3
Probability distribution of connectivity before the large earthquake

(upper panel) and after the large earthquake (lower panel), for the

data points with magnitude greater than 3.0. Cell size is 10 km
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Figure 4
Probability distribution of betweenness centrality before the large

earthquake (upper panel) and after the large earthquake (lower

panel), for the data points with magnitude greater than 3.0. Cell

size is 10 km
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relatively small number of points. To decide the most

reliable method to fit, these two distributions for these

two particular data sets (before and after the Illapel

earthquake, respectively), we now apply two com-

monly used strategies to produce an estimation of the

power law index, namely, the maximum likelihood

estimation (MLE) and the linear regression (LR).

To compute the MLE estimation, we use the

approach proposed by GOLDSTEIN et al. (2004) for

discrete (connectivity) or continuous (betweenness

Table 1

Table with the values of c and d for the magnitude threshold Mw [ 3.0, and a cell size, D ¼ 10 km, before and after the Illapel 2015

earthquake

Values of the critical exponents, c and d for two methods of fitting

D (km) Mw Parameter LR MLE Minimum N Nfit

10 3.0 c before 2.3 ± 0.2 2.4 ± 0.1 6 56 46

c after 2.4 ± 0.3 2.2 ± 0.2 2 18 10

10 3.0 d before 1.18 ± 0.03 1.98 ± 0.05 0.002 999 23

d after 1.55 ± 0.01 1.7 ± 0.2 0.06 999 338

LR indicates the values calculated using linear regression, and MLE using the maximum likelihood estimation. This table shows the minimum

value of k and BC used (to calculate c and d, respectively); the number of points in the subset above the magnitude threshold, N; and the

number of points used for the fit, as demanded by the Kolmogorov–Smirnov test, Nfit

Table 2

Table with the values of c for the different magnitude thresholds, and two values of the cell size, D ¼ 5 km and D ¼ 10 km, before the Illapel

2015 earthquake

Values of c exponent before Mw ¼ 8.3 Illapel earthquake

D (km) Mw c Minimum N Nfit

5 3.0 3.0 ± 0.1 2 34 18

3.5 3.2 ± 0.1 2 20 12

4.0 4.0 ± 0.1 2 7 5

10 3.0 2.2 ± 0.1 2 56 46

3.5 2.3 ± 0.1 2 35 28

4.0 2.5 ± 0.1 2 14 6

Columns have the same meaning as in Table 1

Table 3

Table with the values of c for the different magnitude thresholds, and two values of the cell size, D ¼ 5 km and D ¼ 10 km, after the Illapel

2015 earthquake

Values of c exponent after Mw ¼ 8.3 Illapel earthquake

D (km) Mw c Minimum N Nfit

5 3.0 3.6 ± 0.2 2 9 6

3.5 3.8 ± 0.3 2 9 9

4.0 4.2 ± 0.4 2 7 4

10 3.0 2.2 ± 0.1 2 18 10

3.5 2.1 ± 0.1 2 13 11

4.0 2.6 ± 0.3 2 9 6

Columns have the same meaning as in Table 1
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centrality) data produced with a scale-free distribu-

tion, where the range of applicability of the estimated

scale-free distribution is found from the Kol-

mogorov–Smirnov type of test proposed by

GOLDSTEIN et al. (2004). For the LR, we apply a

simple linear regression analysis in log–log scale of

the histogram obtained from the connectivity of

betweenness centrality distribution of the complex

network constructed for each of the two data sets. We

use the same range of values demanded by the

Kolmogorov–Smirnov test of the MLE.

In Figs. 3 and 4, we show a comparison of the

connectivity distribution and the estimations produced

with the MLE and LR methods, corresponding to the

complex networks constructed from the two data sets

(before and after the earthquake) with D ¼ 10 km and

Mw � 3:0. The values of the slopes and points used

are shown in Table 1. For the connectivity, the

applicability range was 100:8 � k� 101:8 before the

large seismic event, while for the data after the large

earthquake, we found 100:4 � k � 101:2. For the

betweenness centrality, the same Kolmogorov–Smir-

nov test was used, with the ranges 10�3:0 � g� 10�1:0

before the large earthquake, and 10�1:2 � g� 10�0:4

after the large seismic event.

The values of c are quite similar for both methods,

but the values of d are very different. On the other

hand, the number of data points included in the range

of applicability demanded by the Kolmogorov–

Smirnov method may be quite small, as shown in

Table 1. Similarly, the error obtained for BC is

smaller using LR than the error using MLE.

We note that when the data have a reasonably

large number of points (e.g., data set before the

earthquake), both methods seem to provide similar

estimations for the power law index; however, when

we have a relatively small number of data points

(e.g., data set after the earthquake), the estimations of

the power law index are not as similar. One of the

main problems is that the Kolmogorov–Smirnov type

of test for the MLE sometimes demands a very small
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Figure 5
Probability distribution of connectivity for two cell sizes, 5 km

(upper panel) and 10 km (lower panel), before the Illapel

earthquake. Three magnitude thresholds are considered, as indi-

cated in the figure
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Probability distribution of connectivity for two cell sizes, 5 km

(upper panel) and 10 km (lower panel), after the Illapel earth-

quake. Three magnitude thresholds are considered, as indicated in

the figure

Vol. 173, (2016) Time-based network analysis before and after 2271



range of applicability of the power law distribution,

which, in essence, can restrict considerably the

number of points over which the MLE estimation is

done. Hence, for the complex networks produced by

our data sets, the LR seems to give a more reliable

result than the MLE, and gives us the possibility to

use a larger range of values to make the fitting.

Therefore, for the rest of the manuscript, we will use

the LR to estimate c for the connectivity and d for the

BC, respectively. The applicability range of values

used to calculate the slope was defined by minimizing

the fitting error r for the LR.

3. Variability of the Complex Networks

We will now analyze the variation of the scale-

free properties of the complex networks computed

after and before the large earthquake of Illapel, as we

change D and the magnitude thresholds Mw, using the

LR method to estimate the power law index as sug-

gested above. We show, in Tables 2 and 3, the

estimated value of c, before and after the large

earthquake, respectively, for threshold values of

Mw � 3:0, 3.5, and 4.0; for D ¼ 5 km and

D ¼ 10 km.

Focusing on data for thresholds Mw [ 3:0 and 3.5

in Tables 2 and 3, we notice that, in general, similar

values of c are obtained. On the other hand, a large

variation of c is found when data before and after the

Illapel earthquake are compared, at least for

D ¼ 5 km. This suggests that the topological features

of the network are affected by the occurrence of a

large earthquake, specially at these small scales.

The values of the slope for the sets with Mw [
4.0 do not have such a regular behavior. Comparing

data sets before and after the earthquake, for both cell

sizes, the values of c are almost the same.

Table 4

Table with the values of d, the characteristic exponent for the cumulative distribution of BC, for the set with the total number of seismic events

and the three subsets with different magnitude thresholds and two values of the cell size, D ¼ 5 km and D ¼ 10 km, before the Illapel 2015

earthquake

Values of d exponent before Mw ¼ 8.3 Illapel earthquake

D (km) Mw d Minimum N Nfit

5 3.0 1.43 ± 0.01 0.006 999 193

3.5 1.48 ± 0.01 0.006 999 114

4.0 2.02 ± 0.02 0.05 999 150

10 3.0 1.45 ± 0.01 0.02 999 680

3.5 1.42 ± 0.01 0.02 999 280

4.0 1.26 ± 0.01 0.02 999 280

Columns have the same meaning as in Table 1

Table 5

Table with the values of d, the characteristic exponent of the cumulative distribution for BC. This exponent was calculated for the set with the

total number of seismic events and the three subsets with different magnitude thresholds and two values of the cell size, D ¼ 5 km and D ¼ 10

km, after the Illapel 2015 earthquake

Values of d exponent after Mw ¼ 8.3 Illapel earthquake

D (km) Mw d Minimum N Nfit

5 3.0 2.29 ± 0.02 0.02 999 480

3.5 2.02 ± 0.01 0.03 994 770

4.0 1.82 ± 0.01 0.03 999 370

10 3.0 2.31 ± 0.02 0.25 999 550

3.5 2.32 ± 0.04 0.25 999 550

4.0 1.75 ± 0.01 0.05 997 750

Columns have the same meaning as in Table 1
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The connectivity distributions, with the estimated

LR distributions, are shown in Figs. 5 and 6. We

clearly note that the connectivity distribution, even

for different magnitude thresholds, has a power law

tail. However, to assert the scale-free nature of the

complex networks, it is important to analyze the

power law characteristics of the BC distributions, to

which we now turn.

Before the earthquake, d is close to 1.4 for both

cell sizes. After the earthquake, d is close to 2.0 for

D ¼ 5 km, and close to 2.3 for D ¼ 10 km. The

values of d for both cell sizes, using the linear

regression method and all thresholds, are shown in

Tables 4 (before the earthquake), and 5 (after the

earthquake).

Consistent with the findings in the previous sec-

tion, the case Mw [ 4:0 does not show the same

regular behavior. It can be seen in Tables 4 and 5 that

the slopes are not similar. This holds for both cell

sizes, but specially for the smaller one, namely

D ¼ 5 km.

Focusing now on thresholds Mw [ 3.0 and

Mw [ 3.5, important differences exist between the

slopes of the cumulative distribution of BC before

and after the Mw 8.3 earthquake. This jump in the

values of d when the sets before and after the large

seismic event are compared suggests that the Mw 8.3

Illapel earthquake modifies the shortest paths

between nodes of the network.

4. Discussion

We have characterized the seismicity in the cen-

tral zone of Chile before and after the Mw 8.3 Illapel

earthquake using a complex network description,

where each node corresponds to a cubic cell, where

an hypocenter is located.
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Figure 7
Cumulative distribution of BC for the seismic network before the

large Mw 8.3 earthquake, considering two cell sizes, 5 km (upper

panel) and 10 km (lower panel). Three magnitude thresholds were

considered
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A jump in the value of the characteristic exponent

of the connectivity distribution, c, is found when data

before and after the seism are compared. However,

this behavior is found only for the smaller cell size

D ¼ 5 km, not D ¼ 10 km. Thus, the large earth-

quake seems to change the network connectivity,

making more connections between aftershocks, at

least at this smaller scale.

In addition, the value of the characteristic expo-

nent for the cumulative distribution of the

betweenness centrality of the network shows an evi-

dent change before/after the earthquake for both cell

sizes (Figs. 7, 8).

The above results are clear for networks built with

seisms above Mw ¼ 3:0 and Mw ¼ 3:5 magnitude

thresholds. When only Mw [ 4:0 seisms are consid-

ered, the behavior of c and d is not so clear, which

could be due to the small number of data points, and

thus poorer statistics, in both data sets.

5. Concluding Remarks

Two directed networks were constructed for the

data set measured in the central zone of Chile,

including the Mw 8.3 Illapel earthquake. This study

considered an analysis of the characteristic expo-

nents c (probability distribution of connectivity) and

d (cumulative distribution of betweenness

centrality).

The most interesting result is the jump in the

values of c and d after the large earthquake, sug-

gesting that the earthquake modifies the network, a

remarkable fact, as this data set considers 15 years of

measurements in an area quite greater than the area

close to the large seismic event. In the end, the effect

of the 8.3 Illapel earthquake reached almost 700 km

to the south of the hypocenter and 400 km to the east

of the hypocenter, generating a new network in the

total area of study.

Finally, at least for the Mw � 3:0 threshold, we

can say that our results strongly suggest that complex

networks constructed before and after the large Ill-

apel earthquake are scale-free, as the values of c and

d satisfy the restrictions imposed by BARTHELEMY

(2004).
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