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Abstract 
 

ARTIFICIAL INTELLIGENCE AND COMPLEX NETWORK-BASED MODEL 

FOR SEISMICITY ANALYSIS IN THE COLOMBIAN REGION. 

 

BY DANIEL ANDRÉS LEÓN VARGAS. M.SC 

 

Research about Earthquake Networks has been carried on for many years, and they 

have been proved as a tool to analyze the seismicity. However, there has been no 

comprehensive integration of this representation with artificial intelligence methods 

to model the dynamics of seismicity. This thesis presents a novel approach to find how 

Earthquake Networks, supported by Machine Learning methods, can be used to look 

into the dynamics of the seismicity in the Colombian region.  

This thesis shows how can Earthquake Networks be constructed to represent the 

seismicity in the region of study. The information of such networks has been analyzed, 

contrasting their characteristics with the variations of the seismicity in time, in order 

to find an appropriate way of creating the Earthquake Networks. Also, data analysis 

of a seismic catalog is performed to develop an annotation schema and a pipeline for 

the application of Machine Learning algorithms with Earthquake Networks 

information. The outputs of the Machine Learning models trained have been analyzed 

using different metrics, and some models appeared fit to forecast some aspects of the 

seismicity such as the seismic energy released by the expected events, or the moment 

of occurrence of the next event.  

The findings indicate that earthquake networks, combined with machine learning 

techniques, can provide valuable insights into seismic behavior, and may serve as a 

predictive tool for seismic monitoring. These models can potentially be integrated 

into real-time systems for seismic observatories, offering forecasting and alerts to 

users of interest. 

 

Keywords: Earthquake Networks, Seismicity, Machine Learning, Graph Neural Networks,  
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CHAPTER 1 
Introduction 

The processes that occur inside the Earth have an aura of mystery that has inspired 

works like Jules Verne's "Journey to the Center of the Earth," or myths about 

civilizations, enormous caverns, oceans, and lost cities. This imagination stems from 

the fact that it is very difficult for humans to see the interior of the Earth. This is 

precisely what has led to this phrase from Stein and Wysession's book: "seismology is 

the primary tool for the study of the Earth's interior because little of the planet is 

accessible to direct observation" [1]. 

Seismology, as a science, plays a crucial role in understanding the structure of the 

Earth's interior and finding out the mechanisms underlying earthquake occurrence. 

Through the analysis of the vibrations measured on the Earth’s surface (which can be 

generated by natural events or human-induced activities), seismologists can infer 

information such as the composition, density, and elasticity of Earth's layers; and 

provide information about geophysical properties and tectonic processes. On the 

other hand, the outcome of Artificial Intelligence (AI) has allowed to model very 

complex phenomena, such as climate, financial markets, or natural-language 

processing; but with all these advances in processing and modeling, to this day, 

earthquakes still can’t be predicted [2]. There are various reasons which make this 

challenge unsolved by the day: the stochastic and nonlinear nature of earthquake 

generation, involving complex interactions among geological faults, stress 

accumulation, and release mechanisms; and the impossibility to actually see the 

interior of the Earth, due to the pressure, strength and temperature of the materials 

that compose this planet. 

This thesis intends to use a novel lens to grasp into the seismic phenomena: to use 

the representation of seismicity as Earthquake Networks and Artificial Intelligence 

algorithms to observe and model the seismicity in a region (A remark for this thesis: 

seismicity is a word often used in this thesis, and it is important to make it clear that 

it is a quantification of the seismic activity in a region [3]). The idea is to use these 

concepts in the seismicity near Colombia, where many tectonic plates interact 

between them, which results in a good region to investigate new advances in 

seismology. 



 

 

1.1. Motivation 

This thesis has been the result of a long journey. It started long time ago, working as 

a research assistant at Corporación OSSO, processing seismological data from oil and 

gas fields. In my master’s thesis I developed a Classification system for seismograms, 

and the annotation of such signals was made using Earthquake networks; and during 

that research, with my advisors, we published the first Earthquake Networks analysis 

for the Colombian seismicity “Modeling of Colombian Seismicity as Small‐World 

Networks” on the Seismological Research Letters journal on 2018 [4]. That was the 

first seed of the research that continues to this day. 

In seismology, there are laws such as the Gutenberg-Richter [5] and Omori laws [6], 

which delve into the complex nature of the seismic phenomena. And the word 

“complex” is chosen because they are governed by power laws in their formulations. 

Power laws play a pivotal role in the understanding of complex systems, offering a 

lens through which the scale-invariant properties can be grasped and emergent 

patterns inherent in these systems. 

About complex systems, in the introduction of Nino Boccara's book "Modeling 

Complex Systems" [7], it is described that a complex system is composed of multiple 

agents where a global dynamic emerges as a result of the actions of these agents 

rather than being imposed by a central controller, exhibiting a behavior of self-

organization. An excellent example of complex systems are social networks, which, 

viewed as graphs, exhibit a high degree of self-organization, evidenced by power laws 

governing some of their characteristics. Since these same types of laws are present in 

seismology, it suggests that seismicity can be treated as a complex phenomenon. 

'Earthquake Complex Networks'; abbreviated in this thesis as ECN networks (not to 

be confused with seismic or seismological networks, which are the set of 

seismometers and geophones that measure Earth vibrations), have been proposed as 

a way to observe seismicity using tools from complex systems and particularly from 

network science. An ECN network is built from a catalog of earthquakes and rules 

defined by an observer to configure nodes and links. The construction of earthquake 

networks was proposed by Abe and Suzuki [8], [9] to study seismicity in various 

regions using concepts from network science, applying concepts from Erdös and 

Renyi's random networks [10], Watts and Strogatz's (WS) Small-World (SW) networks 

[11], and Scale-Free (SF) networks by Albert and Barabasi [12]. Erdös-Renyi networks 

are referred in this thesis as ER networks, Watts-Strogatz networks as WS networks 

and Barabàsi-Albert networks as BA networks. 
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Currently, the best seismicity models suggest the possibility of forecasting earthquake 

occurrences, under the best circumstances (i.e., a well-instrumented region with an 

extensive event catalog), within a few years [13]. Any advance in this research field is 

very important to help organizations and governments to be prepared for events that 

may have a great impact on the life of the citizens. As this thesis was written, no work 

has been made using a seismicity representation as ECN networks, which makes it 

interesting to see if this approach might help in these tasks. 

 

1.2. Problem statement 

Characterizing ECN networks at different spatial scales and their dynamics could 

eventually provide information with added value in a timely manner, allowing a region 

to prepare for changes in seismicity behavior. This remains one of the most important 

tasks in geophysics and seismology. The purpose of this thesis is the creation of a 

seismicity model that allows for the characterization of its dynamics, that is, both the 

current state and how such system may change in time. For this purpose, a description 

will be used where the dynamics occur on complex networks of earthquakes, which 

characterizes the spatiotemporal heterogeneity of the phenomenon. A first step in 

this direction for the case of Colombia can be seen in the publication by León et al. 

[4]. 

The representation of seismicity as ECN networks has been a research topic for 

several years. Different ways of creating such networks have been proposed, and the 

analysis of the characteristics from the constructed network shows that they have a 

very close relationship with some parameters calculated from seismicity. Studies of 

these networks are reported for specific cases in some countries or in a region within 

a country (see Table 5), and so far, there has been no study that tries to define a model 

that integrates the observations made in a region at different spatial scales and their 

variation over time. 

On the other hand, the forecast problem in seismology has been tackled also with the 

power of Artificial Intelligence (AI) and Machine Learning (ML), looking to improve 

models of seismicity. To this day, the scarcity of ML applications on ECN networks 

opens a research question which can be stated as: 

¿How Earthquake Complex Networks, supported by Machine Learning algorithms, can 

be used to forecast seismicity characteristics?  



 

 

 

1.3. Goals and scope 

Following the problem statement, a general and some specific objectives have been 

defined: 

General objective 

To develop a dynamical regional model based on complex networks concepts and 

supported by ML algorithms, which allows to study the behavior and changes of 

seismicity in a region. 

Specific objectives 

a) To define a scheme of complex network construction from a seismicity 

catalog, which allows to study the dynamical behavior of seismicity in a region. 

b) To define characterizations of the earthquake networks from different scales 

and a semi-automatic annotation scheme from the analysis of seismicity, which can 

be used to apply different AI techniques. 

c) To create a dynamical regional model of seismicity from the representation 

and annotation scheme. 

d) To integrate AI techniques to describe the behavior of seismicity through 

different scales of the earthquake networks. 

e) To evaluate the proposed model from the perspective of forecasting the 

dynamics of the next states of the regional seismicity. 

It is important to clarify that this thesis has some limitations. This research has been 

made using only the seismicity around a specific region, and not all regions have the 

same behavior in terms of this phenomenon. Also, the data analyzed spans a period 

of approximately 40 years, which in terms of geologic times is a small period. 
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1.4. Deliveries from this research. 

To accomplish the objectives of this thesis, some papers and products were made. 

Table 1 presents a detailed list of the publications, chapter sections, and documents 

where a contribution was made to reach a completion of each objective. 

 

Table 1: Detailed list of documents that contributed for each objective of the thesis. 

Objective Type Reference Contribution 

To define a scheme of 
complex network 
construction from a 
seismicity catalog, which 
allows to study the 
dynamical behavior of 
seismicity in a region. 

Publication 

León-Vargas, D., Bucheli-Guerrero, V. A., y 
Ordoñez-Erazo, H. A., (2023). Modelado 
de la sismicidad colombiana como una red 
compleja espacio-secuencial. Revista 
Científica, 48(3), 67-81 [14]. 

Description of the way to 
construct earthquake networks in 
the region, and some of the 
metrics which might be of 
interest to study the seismicity. 

Chapter 
Chapter 3: Earthquake complex networks 
in Colombia 

Full detailed definition of the 
network’s construction scheme 
and assess about the best cell 
size to create Earthquake 
Networks for the seismicity in 
Colombia. 

To define characterizations 
of the earthquake 
networks from different 
scales and a semi-
automatic annotation 
scheme from the analysis 
of seismicity, which can be 
used to apply different AI 
techniques. 

Publication 

D. Leon, J. Valdivia, and V. Bucheli, “A 
revision of seismicity models based on 
complex systems and earthquake 
networks,” J. Seismol., vol. 26, no. 1, pp. 
137–145, Feb. 2022 [15] 

Definition of the state of the art 
in ECN Networks as a tool to 
analyze seismicity. 

Publication 

D. Leon-Vargas.,  V. Bucheli-Guerrero., H. 
Ordoñez-Erazo  “TagEQ-CN: Clasificación 
de Eventos Sísmicos Basado en Redes 
Complejas”, Investigación e Innovación en 
Ingenierías,  vol. 9, n°1, 136-148, 2021. 
[16] 

Example of annotation of 
earthquakes using the ECN 
networks information for an 
earthquake classification system. 

Chapter 
Chapter 3: Earthquake complex networks 
in Colombia 

Experiment on networks 
constructed with different cell 
sizes to assert which cell size is 
the best to analyze the network 

Chapter 
subsection 

Section 4.1.4: Input Features and outputs 

Definition of windows to 
construct the networks over 
time, features of these networks 
to train the ML models, and 
output targets for the models. 
Definition of categories 

Chapter 
subsection 

Section 4.1.5: Ontology definition 
Proposal of rules to create an 
ontology to represent the target 
outputs. 

To create a dynamical 
regional model of 
seismicity from the 

Chapter section Section 4.1: Exploratory Data Analysis 
Inspection of the target outputs 
and how they change over time, 
and with the cell size. 



 

 

representation and 
annotation scheme. 

To integrate AI techniques 
to describe the behavior of 
seismicity through 
different scales of the 
earthquake networks. 

Chapter 
Chapter 4: Seismicity Models using 
Earthquake Complex Networks and 
Machine Learning 

Creation of ML models (Random 
Forest and Support Vector 
Machine) and DGCNN models to 
forecast target outputs. Metrics 
for regressions and classifications 
in Tables 13, 14,15, 16, 18, 19, 20 
and 21. 

To evaluate the proposed 
model from the 
perspective of forecasting 
the dynamics of the next 
states of the regional 
seismicity. 

 

It is important to mention that during the development of this research, I contributed 

to the paper “Predicción de radiación solar en sistemas fotovoltaicos utilizando 

técnicas de aprendizaje automático” [17], on some concepts about the photovoltaic 

systems and ML models. Also, to afford my doctoral studies, I worked as a consultant 

on some companies on different projects related with data processing and, machine 

learning, which due to confidentiality agreements, no publications can’t be made. 
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1.5. Thesis outline 

This thesis presents the results of a research intended to use earthquake networks to 

model the seismicity supported by ML techniques and has been outlined in 5 

chapters: 

Chapter 1 serves as an introduction of the main topics that this thesis deals, depicting 

some of the concepts used on this text, defining what is the research problem, the 

objectives, and the scope of the thesis. 

Chapter 2 presents the state of the art on the three main subjects of this thesis: 

Earthquake Networks, ML applications on seismology and ML applications on complex 

networks, with the intention of gathering the main aspects to consider when creating 

the models.  

Chapter 3 tackles the problem of representing the best possible way the seismicity as 

ECN networks using an earthquake catalog for a region surrounding Colombia. 

Chapter 4 presents the development of the model performing first a data analysis of 

the catalog to explicitly state the desired features of the seismicity to model; an 

ontology that defines the concepts used in the models, the inputs, and the outputs; 

and the application of various machine learning techniques on the seismicity 

representation outlined on chapter 3 and the desired outputs with the results of such 

applications. 

Finally, Chapter 5 compiles the conclusions for this thesis and presents some aspects 

which can be improved in future research on this topic. 

 

  



 

 

CHAPTER 2 
State of the Art 

The purpose of this chapter is to present what has been done regarding seismicity 

models using ECN networks, and how these models have been applied. Additionally, 

since the goal is to use machine learning tools in conjunction with representations of 

seismicity through earthquake networks, this chapter also intends to show the extent 

to which ML has been applied in both seismology and complex networks. 

Earthquake Complex networks (ECN) were introduced by Abe and Suzuki in 2004 [8] 

as a way to represent the seismicity and use the methodological tools that graph 

theory can provide to study complex systems. And, thanks to the advances in 

computing sciences, artificial intelligence has been used in seismology for several 

applications. This chapter provides the state of art of these two subjects. The state of 

art in ECN networks was published in 2021 in the Journal of Seismology [15], updated 

to the date; and a revision of the use of artificial intelligence in seismology. Section 

2.1 presents that publication, section 2.2 a review on applications of ML algorithms in 

seismology and section 2.3 a review on the uses of ML algorithms on complex 

networks. 

 

2.1. A revision of seismicity models based on complex systems and earthquake 

networks 

Through the statistical analysis of seismicity, two of the essential seismology laws 

have been formulated: the Omori law [6], which describes the frequency of 

occurrence of aftershocks after a mainshock, and the Gutenberg-Richter (GR) law 

[18], which describes the scaling relationship between earthquake magnitude and 

frequency of occurrence. These two laws display power law distributions, which are 

common in complex systems. A complex system may be defined as «a system formed 

out of many components whose behavior is emergent, that is, the behavior of the 

system cannot be simply inferred from the behavior of its components» [19]. In the 

sense of this type of interaction, complexity has been a critical concept of several 

models in seismology, such as the earthquake nucleation process (which is, how an 

earthquake is generated) as a cellular automaton [20], [21] or seismicity in general as 

earthquake networks [8], [22], [23], [24], [25]. 
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This sub-chapter aims to collect a good part of the efforts made in the analysis of 

earthquake networks to know what questions remain to be resolved in this research 

area. Some theoretical foundations are discussed that support seismicity analysis as 

a complex phenomenon and complex network analysis. Then, the methodologies 

used to build earthquake networks are shown, the most relevant characteristics used 

in the analysis of these networks, and what kind of information about seismicity may 

be inferred from those characteristics. Finally, some conclusions are gathered, and 

some open topics are named that can serve as motivation for future works. 

 

2.1.1. Complexity in Seismicity and Complex Networks 

Power-law distributions in seismology are evidence of the complexity inherent to this 

phenomenon. Thus, many works have been carried to explore seismicity with this 

light. In the work of Bak and Tang [21], seismicity is modeled as a phenomenon with 

critical self-organization using blocks linked by springs, and the power laws of 

Gutenberg-Richter (GR) and Omori are related to behaviors of critical self-

organization that emerge from such system. This work defines an initial framework to 

study seismicity as a complex phenomenon, which continues with Ito [26] discussing 

fractality and multifractality in seismicity. In the preface of "Introduction to 

Nonextensive Statistical Mechanics" by Tsallis [27] it is read that "One of the main – 

necessary but by no means sufficient – features of complexity has to do with the fact 

that both very ordered and very disordered systems are, in the sense of plectics, 

considered to be simple, not complex" (Plectics has to be understood as the science 

that studies complexity). In that work are described some of the analytical tools used 

in complex systems. It is also explained that entropy in complex systems differs from 

entropy in random type or chaotic systems (such as a fluid or a gas), in the sense that 

the system's total entropy is not the sum of the entropy of its parts, which requires a 

non-extensive statistical mechanics. This type of tools, applied to seismology, derives 

in a branch that can be described as non-extensive statistical seismology, collected by 

Vallianatos et al. [28], where many features that make seismicity seen as a complex 

phenomenon are described, such as scaling relationships, spatial and temporal 

correlations, and critical phenomena; as well as the way to apply non-extensive 

statistical mechanics in seismology. 

Boccaletti et al. presented a review about calculations made in complex networks 

[29]. Numerous parameters and measures related to complex networks and some 



 

 

real network characteristics are described. Many of the characteristics inherent to 

complex systems are found in complex networks, such as self-similarity, fractality, and 

scalability. There are different types of complex networks. The most important ones 

can be classified as Small-world (SW), Scale-free (SF) and random (random networks 

are referenced in the literature as Erdös-Renyi (ER) networks). Completely random 

networks began to be studied by Erdös and Renyi [10], which became a first effort to 

lay the foundations with which the networks were studied later. SW networks were 

coined by Watts and Strogatz [11], and are presented as a type of networks that lie 

between regularly connected networks and networks connected completely 

randomly. SF networks are a type of networks that demonstrate a distribution that 

follows a power law in the number of connections that nodes have (known as the 

degree of a node) and have the property of having a few nodes with many connections 

and many nodes with few [30]. Real-world networks are normally compared to and 

studied from the perspective of one of these three types of networks. Table 2 is 

modified from Chorozoglou et al. [31], and some parameters of the networks that are 

most used for analysis are described. 

Table 2. Seven network measures in complex networks. Inspired from Chorozoglou et al.[31] 

Network parameter Description 

Degree centrality Average overall nodes of either the number or the strength of connections. 

Clustering coefficient Average over all nodes of the fraction of connections between the nodes within their 
neighborhood, divided by all possible connections. 

Characteristic path length Average of the shortest path lengths in the network, computed over all pairs of nodes. 

Global efficiency Average inverse shortest path length in the network, computed over all pairs of nodes. 

Betweenness centrality Average over all nodes of the node betweenness centrality, which is the fraction of all 
shortest paths in the network that contain the node, divided by all possible paths. 

Modularity Shows the strength of a network that is divided into components. 

Eccentricity Average over all nodes of the maximal shortest path length between a node and any 
other node 

 

Some complementary parameters have been proposed to analyze networks, such as 

small-worldness S which, for a network i is defined as 

𝑆𝑖 =
𝐶𝑖/𝐶𝑟

𝐿𝑖/𝐿𝑟
 , 

where Ci and Li corresponds to the Global Clustering Coefficient (GCC) and Average 

Path Length (APL) of the network respectively, and Cr and Lr to the same parameters 
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of an ER network similar to the original network; which means that it is calculated 

comparing the clustering and the path lengths in the network with the same 

parameters of an ER random network [32]; Renyi's entropy [33]; Jenson-Shannon 

entropy and statistical divergence respect an equilibrium state (which for the purpose 

of complex networks is chosen as a similar ER random network) [34]. Other types of 

entropies can be reviewed, as entropy can be estimated from the distribution of any 

measure from the nodes, such as degree, centrality, or average path length. While the 

calculation of entropy is valid to check the amount of information in a system, using 

Shannon's entropy may not be the best option in earthquake networks, since as 

commented by Vallianatos [28] seismicity has properties which can be better 

described using non-extensive statistical mechanics, so the use of Tsallis entropy 

could be more appropriate to describe such systems. 

There are many computational tools and frameworks for analyzing complex networks. 

SNAP [35], written in C++ and is available in Python, has many tools to analyze big 

networks. Gephi [36] is a platform built in Java and uses OpenGL for visualization. It is 

available in Windows, Linux, and Mac OS x, intended to visualize large networks and 

manipulate them. GraphViz [37] is also an open-source graph visualization software, 

intended mainly to visualize graphs. On Wolfram Mathematica [38], there is a library 

with many commands and algorithms intended to analyze networks and graphs. In 

python NetworkX [39] has many algorithms to draw and analyze networks, and 

StellarGraph provide a ML framework to work with graphs [40]. 

 

2.1.2. Earthquake networks 

A sequence of earthquakes is a series of events that occur in space and time. In Gao 

et al. [41], different methods to construct complex networks from time series were 

presented, such as visibility graphs, recurrence networks, and networks based on 

transitions. This type of analysis could open a place for cross-fertilization between 

methods to analyze time series and complex networks theory. Interestingly, as 

earthquakes follow a temporal sequence (thus a seismicity catalog can be seen as a 

time series of events), they can be expressed as complex networks in ways that have 

not yet been contemplated in the literature. The joint use of complex networks and 

time series is also evident in Pastén et al. [42], which shows a procedure to transform 

an earthquake network into a time series through a non-random walk, following the 

sequence of occurrence of earthquakes. The time series constructed from this 



 

 

connectivity shows that multifractality decreases when seismic activity increases 

differently in two different regions. So, analyzing complex networks as time series 

seems to generate exciting information about the activity and deserves to be 

considered an analysis tool. 

Abe and Suzuki [8] were pioneers in the analysis of seismicity using complex networks. 

The constructed earthquake networks contain various properties that can be directly 

related to parameters estimated from traditional seismicity analyzes, showing that 

the analysis of earthquake networks can be a tool that allows analyzing the complexity 

of seismicity. Different ways of building earthquake networks have been developed 

from that work, which can be differentiated by how nodes are defined. On the one 

hand, earthquake networks are constructed by dividing a region into cells and a cell is 

selected as a node when a seismic event occurs in it (cells as nodes). On the other 

hand, there are earthquake networks in which earthquakes are the nodes 

(earthquakes as nodes). 

 

2.1.2.1. Cells as nodes 

Abe and Suzuki describe a way to create an earthquake network from a seismicity 

catalog, performing a division of the studied region in cubic cells [9]. A cell is chosen 

as a network node if earthquakes occur within it, and nodes are connected following 

the earthquake's temporal sequence. Figure 1 shows a step-by-step schema that 

describes the process of constructing a cell-as-node network. 
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Figure 1: Diagram of the earthquake network produced by the spatiotemporal sequence of 

earthquakes. (a) The sequence of events (numbered dots) is mapped on a grid. The number 

near the events follows the temporal order from oldest to newest. (b) A cell from the grid is 

selected as a node if there are events mapped inside the cell. The letter inside the node 

(squares) identifies the node. (c) Nodes are connected following the temporal sequence of 

events, linking two nodes with successive events. 

The observation of the earthquake networks reported by Abe and Suzuki [8] for 

seismicity in California and Japan gave as a result degree distribution which follows a 

power law. Earthquake networks can be built considering or not the directivity of the 



 

 

connections; however, since nodes have the same input and output degree (except 

the nodes that correspond to the first and last earthquakes), the networks can be 

analyzed as non-directed. This is because any inward link comes from a previous 

earthquake and follows an outward link to the next earthquake. Also, to analyze the 

earthquake network's clustering coefficient, loops (links of a node with itself) and 

multiple links between two nodes (due to several times when an earthquake in a 

specific node follows an earthquake on another specific node) should not be 

considered, as two nodes are neighbors either there are many or just one link 

between them. In this case, the earthquake network's small-world nature comes to 

light, as the clustering in these networks is strikingly different from that of completely 

random networks [4], [9], [43]. Abe et al. [44] also analyze the cell size influence in 

the earthquake network structure, and it is shown that clustering C and the exponent 

𝛾 in the power law present in the connectivity distribution remain constant ( 𝐶 ~ 0.85 

and  𝛾 ~ 1.0 ) after exceeding a given size; which is a consequence of bigger cells 

grouping more events (quantity of nodes decrease) and greater connectivity (the links 

on specific nodes increase). This invariance is an important finding as to the smallest 

cell size that generates an earthquake network with these values for C and γ may 

constitute optimum earthquake networks for characterizing the seismicity. 

 

2.1.2.2. Earthquakes as nodes 

Earthquake networks can be constructed by linking earthquakes between them. 

Telesca and Lovallo [25] propose to build earthquake networks using visibility graphs; 

which were introduced by Lacasa et al. [45] as a simple computational tool to study 

series from the perspective of graphs, connecting different nodes from some measure 

of amplitude. Telesca and Lovallo introduce this technique based on the magnitude 

of earthquakes. Events are plotted in a magnitude vs. time plot, drawing lines from 

each dot perpendicular to the time axis. Then, links are made between any two 

earthquakes that do not intersect any perpendicular line. Reviewing a sequence of 

events in Italy, the technique shows that the degree distribution follows a power law. 

Figure 2 is made similar to an example shown on Telesca and Lovallo and illustrates 

the method with 18 hypothetical earthquakes. 
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Figure 2: Earthquake network constructed from a visibility graph. Earthquakes are mapped 

as dots in a magnitude vs. time plane; and links are made so they don't intersect any vertical 

line from the dots and the time axis. Inspired in [25] 

Baiesi and Paczuski [46] describe another way to create earthquake networks using 

an event correlation metric to link earthquakes. Correlation 𝑐𝑖𝑗 between two events is 

defined as 𝑐𝑖𝑗 =  1/𝑛𝑖𝑗  ; where 𝑛𝑖𝑗 ≡ 𝐾𝑡𝑙𝑑𝑓10−𝑏𝑚𝑖∆𝑚: this correlation metric takes 

into account the difference of the magnitudes ∆𝑚, the distance l and the time t 

between events, the analysis of the GR curve in the study region (parameter b), the 

fractal dimension of seismicity df, and the calculation of a constant K which is 

calculated for a region, time interval and underlying seismicity. This correlation metric 

should not be confused with the statistical correlation; however, it also tries to find 

how related are two events using some of their features. Networks built with this 

method are of the scale-free type (few hubs, many nodes with few links), consistent 

with few mainshocks connected with many aftershocks. Baiesi and Paczuski conclude 

that although the correlation threshold may be a bit arbitrary (although for Southern 

California, the default value was 104), networks maintain in their structure a constant 

exponential parameter that scales the magnitude of an earthquake with the distance 

of each aftershock; and that there is evidence that seismicity is dominantly triggered 

by small earthquakes. 

Suteanu [47] proposes a way to create earthquake networks similar to that proposed 

Baiesi and Paczuski [46], for volcanic events in Hawaii; however, the links have a 



 

 

weight which is a combination of a spatial, a temporal and a magnitude variables. In 

the formulas used to estimate the weights, constants are used which, for the purposes 

of the study, are tested with different values. Suteanu finds that the variation of 

clustering coefficient C on networks constructed on successive temporal windows can 

be related to variations on the Gutenberg-Richter β parameter, which shows that 

earthquake networks' structures may be associated with fundamental properties of 

seismicity. 

Xu et al. [48] propose another type of threshold. They state that each earthquake has 

a threshold of influence in time and distance that depends on the magnitude; 

whereby links are generated between events within the domain of that space-time 

influence. By using this method, the division by node communities was explored, 

concluding that using the communities can slightly improve the prediction of events 

(although the accuracy of the predictions is still below 0.5). 

 

2.1.3. Seismicity information from earthquake networks 

Table 3 summarizes the methods for creating earthquake networks, indicating how 

the nodes are defined, the rules governing the links between nodes, and some 

references where such networks have been used. 

Table 3: Rules used to define nodes and links in earthquake networks. 

Definition of nodes Definitions of links 

Cells as nodes Cells are linked following the temporal sequence of earthquakes [4], 
[8], [9], [43], [49]. 

Cells are linked if a visibility condition between nodes is met, based 
on the magnitudes and the time between events [24]. 

Cells are linked if it is met that an earthquake in the following cell is 
inside a space-temporal influence domain for the previous event in 
its cell [23]. 

Events as nodes Events are linked if a visibility criterion   is met based on the 
magnitude and the time between events (visibility graph) [25]. 

Events are linked if they are inside the space-temporal influence 
domain [48]. 

Events are linked using a correlation factor from magnitudes, 
occurrence times, and distances [46], [47]. 

 

Measurements from the earthquake networks have a different meaning, depending 

on the type of earthquake network constructed. For instance, the degree in a cells as 
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nodes network implies how many times an earthquake can occur in the sector 

corresponding with that cell after an earthquake has occurred on other sectors. 

Hence, a high degree for a node implies many earthquakes in a sector. For the 

earthquakes as nodes networks, degree implies how many earthquakes are inside its 

influence radius (that is, how many earthquakes can be related as aftershocks or 

foreshocks). Hence, a high degree implies a significant earthquake in terms of the 

number of foreshocks and aftershocks. The other parameters' meaning merits a more 

detailed analysis of the implications in the seismicity dynamics. 

From the analysis of the earthquake networks' parameters, some conclusions found 

in the literature can be summarized in Table 4. 

Table 4: Earthquake network parameters 

Network parameter Seismicity information 

Community division Earthquake prediction by the network can be improved using a community 
division [48]. 

Quantity of links It is shown that the Gutenberg-Richter data can be estimated using the 
Abe-Suzuki model and the Omori law using the Telesca-Lovallo model [24] 

Connectivity distribution It follows a power law, which agrees with the Gutenberg-Richter law, 
showing the presence of giant components (earthquakes that generate 
aftershocks) and the behavior of preferential attachment [50] 

Multifractality Multifractality is evaluated in a temporal series created from an 
earthquake network, and it is shown a change by the presence of strong 
earthquakes [42] 

Small-worldness and 
clustering 

Changes in small-worldness and clustering can be of use to indicate a 
possible seismic risk in the short term [49] 

 

Other conclusions that emerge from other works can be listed below. Chorozoglou et 

al. [49] made a review of the evolution of the earthquake networks created using the 

Abe and Suzuki method before and after large earthquakes, analyzing the cases with 

and without weights in the links, and using 30-day windows which move in periods 

comprising 300 days before and 150 days after a large earthquake. Network 

parameters such as clustering coefficient, eccentricity, small-worldness, path length, 

and efficiency of the networks are reviewed (efficiency in a network can be seen as 

the inverse of the path length and indicates how effective is the transmission of data 

by the network); as well the calculation of a statistical factor p in which the earthquake 

network is compared with random networks similar by the degree distribution (for 



 

 

the case without weights) and by the connectivity (for the case with weights). The 

conclusions show that in the case of links with weights, there is a behavior that seems 

to announce the appearance of a large earthquake in a short time, and an increase in 

centrality is appreciated before a large event. In this work can be seen that 

earthquake networks could be applied as short-term prediction tools (a few months) 

before a large earthquake. However, it is noted the importance to continue 

investigating to corroborate this statement. 

Deyasi et al. [51] made another review of earthquake networks created with the Abe 

and Suzuki method, for different regions in the world that are located between 

different tectonic plates. A measurement of the similarity of the networks from the 

Jensen-Shannon divergence is used, and it was observed that seismic regions near the 

same tectonic plate could generate similar networks. The paper raises the difficulty 

of measuring the distance between two earthquake networks built with different 

amounts of seismic events and generating networks with different numbers of nodes. 

This difficulty was addressed by calculating the spectrum of adjacency matrices, and 

although it is not mentioned, it is shown in the article that the structure of the 

networks has some characteristics which are conditioned by the tectonics of the 

region and that this conditioning covers the regions that are close to such tectonic 

structures. 

Ohsawa [52] presents a method to detect foreshocks of large events using a Regional 

Entropy of Seismic Information index. Entropy, as in almost all work done in complex 

systems, is evaluated from the amount of information in a system. The method is 

applied in seismic clusters, which are created by dividing the study region into a mesh, 

and the cumulus sizes in each mesh cell are estimated. It is observed that some gaps 

appear in the seismicity before the appearance of a large earthquake, which has been 

seen to correspond to changes in the behavior of this Entropy index. Thus, the index 

can detect a precursor activity up to a year before a large earthquake. Although in this 

work a seismic network is not created, the idea of using the changes in the entropy of 

the system, that is, the changes in the information of the seismic system, shows 

promising results for an earthquake prediction system, which could well be used in an 

earthquake network where the calculation of entropy is easier. 

About what is the right size to build a cells-as-nodes earthquake network, some works 

have been found. Lotfi and Darooneh [53] revise a resolution parameter that is 

inversely proportional to the size of the cells, and it is concluded that when the 

resolution increases, the characteristics of the networks become very dependent on 

each other. 
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2.1.4. Role of cell size in Cells as Nodes Earthquake networks 

Cell-as-nodes earthquake networks are sensitive to the cell size. In the work of Lotfi 

and Darooneh [53], earthquake networks were constructed to analyze seismicity in 

Iran, in a region that covered 24° of longitude and 20° of latitude. By using different 

cell sizes to create the network, the authors concluded that as the resolution 

increases, that is, with smaller cell sizes, the network becomes random and 

uncorrelated. However, questions arise about how well these networks represent 

seismicity. Seismicity is a complex phenomenon, which is confirmed by laws such as 

the Gutenberg-Richter law and the Omori law, and a random representation would 

be inadequate given the complex nature of this phenomenon. 

On the other hand, Abe and Suzuki presented in [54] a study on the cell size in 

earthquake networks constructed in California, Japan, and Iran. The study showed 

that when the cell is larger than a certain value, the scale-free behavior remains 

constant, that is, the clustering coefficient reaches a constant level near 0.8 and the 

degree distribution follows a power law with an exponent 𝛾~1. Following this, if many 

networks are created from a single catalog that spans different periods, larger cell 

sizes than this value can create similar networks, and smaller cell sizes could be able 

to capture the dynamics of seismicity over time. 

In the work of Pavez-Orrego and Pastén [55], a survey in Norway was also made 

looking for a cell size to construct earthquake networks that is independent of 

location errors. It is concluded that it is not easy to determine the best range of cell 

sizes, although some relatively small sizes are suggested so that the network is not 

homogeneous, that is, that the γ exponent of the power law of the degree distribution 

is greater than 1. 

Also, Pastén et al. [56] evaluated seismicity in Chile before and after an Mw=8.3 

earthquake using 3D earthquake networks with cell sizes of 5 and 10 km. In that work, 

changes in the networks could be seen, particularly in the exponent of the power law 

of the degree distribution, using 5 km cells, whereas 10 km cells did not detect 

significant changes in these distributions. Table 5 presents a synthesis of the works 

related to the cell sizes in earthquake networks. 

  



 

 

Table 5: Previous studies about cell sizes in earthquake networks 

Reference Region Cell size Cell size criteria Control 
parameters 

Results 

Abe & Suzuki 
[54] 

California 
ΔLat: 11.4° 
ΔLong: 11.4° 

5 km, 10 km and 
20 km 

2D and 3D cells 
l2 = L/(Llat*Llon)0.5 
l3 = L/(Llat*Llon*LDep)0.33 

Clustering < 0.85 

l2 = 0.04 ~ 0.05 is 
the minimum value 
where clustering ~ 
0.85 

Japan 
ΔLat: 31.4° 
ΔLong: 35° 

5 km, 10 km and 
20 km 

Abe et al. [44] 

Irán. 
ΔLat: 20° 
ΔLong: 27.6° 

20 km 

Chile 
ΔLat: 6.5° 
ΔLong: 4.5° 

20 km 

Lotfi & 
Darooneh [53] 

Iran. 
ΔLat: 20° 
ΔLong: 24° 

~4 km - ~20 km 

2D Cells 
Resolution N 
Latitude divided in 12*N 
Longitude in 10*N 

Degree distribution 

power law γ  > 1 

Clustering < 0.85 

Cells between 5 
and 40km do not 
saturate Clustering, 
networks are not 
random according 
to the degree 
distribution. 

Pavez-Orrego & 
Pastén [55] 

Norway. 
ΔLat: 7° 
ΔLong: 9° 

5 km - 20 km 
2D and 3D cells between 
5 and 20 km. 

Power law degree 
distribution > 1 

In cells between 8 
and 16km there is 
no homogenization 
in the power law 
exponent. 

Pastén et al. 
[56] 

Chile. 
ΔLat: 6.5° 
ΔLong: 5° 

3D cells - 5 km 
and 10 km 

N/A 

Detection of 
changes in the 
degree distribution 
power laws after 
the 2015 Mw=8.3 
Illapel earthquake 

Networks with 5km 
cells detect 
changes. 10km cells 
don’t detect. 

Leon et al. [4] 
Colombia 
ΔLat: 18° 
ΔLong: 17° 

2D cells between 
10 and 100 km 

N/A Small-worldness. 

10km cells detect 
zones with greater 
seismicity, and 
100km cells detect 
more zones. 

 

Previous work on cell size has focused on characteristics such as the clustering 

coefficient or the γ exponent of the power law that appears in the probability 

distribution of degree. Some other elements can be added to this discussion, such as 

the small-worldness, entropy, complexity, disequilibrium, and divergence metrics. 
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2.1.5. Conclusions and Discussion 

From all these elements, the possibility of building a seismicity model from the 

perspective of complex networks is raised. The following are questions that remain 

open: 

What is the best cell size to create an earthquake network of the type “cell as a node”? 

From the representation with all the links (both with loops and multiple links between 

nodes) in the cells-as-nodes earthquake networks, how much can be predicted about 

the seismological activity? And how much from the simplified representation that 

evaluates the small-world characteristics of earthquake networks? 

Entropy, complexity, and divergence, as estimated by Wiedermann et al. [34], have 

not been evaluated in detail in earthquake networks. How much information do these 

parameters provide about the seismological activity? 

In seismology, the analysis of the dynamics of mechanical stresses (internal forces 

within the earth) resulting from the seismological activity is of great interest. How can 

a model that relates earthquake networks and the mechanical stress release due to 

the occurrence of earthquakes be created? 

Creating a model that relates stress release with earthquake networks can be very 

complicated, and it would be interesting to devise some first steps to outline a model 

of this type. However, based on what is already known about earthquake networks, 

another research question can be raised that brings together several of these issues 

in this way: 

How can a dynamical model of seismicity be developed from the representation of an 

earthquake network? 

The research question has several questions implicit that should be answered. The 

first has to do with what are the best ways to create earthquake networks and what 

information each one delivers. The problem could be limited by reviewing only the 

representation of networks of the cells as nodes type, and the problem of cell size 

should be reviewed. The type of networks constructed has to be reviewed; hence the 

statistical divergence used by Wiedermann et al. can be used as a similitude 

measurement for the three main types of networks. Also, it must be answered which 

are the more appropriate measures from the networks to create a dynamical model 

of seismicity. Many have been used in previous works, but other measures can be 

used such as the Renyi's entropy used by Duan [33], and the Tsallis-Shannon entropy 



 

 

used by Yulmetyev [57]; or based on the distribution of other measures such as 

centrality, clustering, or path lengths, which can involve different scenarios (in this 

respect it can be remembered that the entropy seen from Tsallis' vision generated the 

branch of non-extensive statistical mechanics [27]). The proposed model should 

somehow describe some characteristics of the dynamics of seismicity, so the 

measurement of time in this sense becomes important in the formulation of the 

model. Although it cannot be specified from now on whether specific seismic events 

can be predicted with the proposed model, it is expected that with this model, some 

kind of behavior can be foreseen; and this is already a sufficient motivation to say that 

this research is relevant: every step that is taken in the way of understanding the 

seismic phenomenon and that can announce a seismicity behavior will be very 

important for science and in particular for the nearby population to the region 

studied. It is expected that the proposed model can be used in different regions, and 

just as with the Gutenberg-Richter and Omori laws, some parameters may change 

depending on the region or the type of events that are presented, so it is expected 

that the model can characterize a seismic region and allow comparison with the 

model applied to the seismicity of other regions. In this regard, the question also 

arises of which regions should be analyzed to raise the seismicity model. 
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2.2. Artificial Intelligence in seismology and complex networks 

2.2.1. AI applications in seismology 

Seismology is a scientific field that encompasses a wide range of processes, from 

signal processing and phase picking in seismograms to source location, earthquake 

source modeling, event classification, and event forecasting. The use of ML in 

seismology has been reviewed in several publications such as the ones by Jiao and 

Alavi [58], Mousavi and Beroza [59], Kubo et al [60], among others. In Bergen et al. 

[61] a compilation of ML methods and their applications has been presented as in 

Figure 3. 

 

Figure 3: ML methods and their applications. From [61]. 

 

In [61] is stated that ML in solid Earth geosciences can be grouped in three main 

categories: automation, modeling, and inverse problems: 

• Automation applications are meant to perform complex tasks that cannot be 

described by a set of explicit commands. In the case of earthquake seismology, 

analysis most of the time is performed on large-scale data and the tasks are 

sometimes repetitive and require the eye of an expert, such as earthquake 

detection, phase picking, or similar waveform searching. 



 

 

• Modeling applications try to create a representation that captures the 

relationships and structure in a dataset. In earthquake seismology this means 

for instance the relationship between source parameters and peak ground 

acceleration for ground motion prediction, or the relationship between 

features and outputs such as magnitude or time of occurrence for next events. 

• Inverse problems connect, as stated in [61], “observational data, 

computational models, and physics to enable inference about physical systems 

in the geosciences”. In earthquake seismology this means how to convert 

observations to results such as earthquake location or full source modeling 

which is to model the faults and movement that generated the earthquakes. 

The review presented by Kubo et al. [60] focuses on four major categories for 

applications of ML, as shown on Table 6. 

 

Table 6: Applications of ML in earthquake seismology. From [59]. 

Earthquake catalog 
development 

Earthquake risk 
evaluation & seismicity 
analysis 

Ground motion 
prediction 

Application to geodetic 
data related to crustal 
deformation 

• Catalog pipeline 
o Event 

detection/classification 
o Arrival time picking 
o Phase association 
o Earthquake location 
o Quality control 
 

• Similar waveform searching 
 

• Focal Mechanism Analysis 
 

• Paleoseismic record analysis 
 

Rupture forecasting of 
laboratory earthquakes 
 
Risk evaluation of induced 
earthquakes 
 
Other applications in 
seismicity analysis 

Prediction of ground 
motion intensity and 
times series from 
features and time series 
 
Related studies: 
Approach to imbalanced 
ground-motion data 

Clustering analysis 
 
Detection of geodetic 
signals due to 
seismic/aseismic 
phenomena 
 
Modeling & prediction 
of crustal deformation 

 

About the four categories outlined in [60], seismicity analysis to forecast events have 

been tackled by a Deep Learning based seismicity model. 

Mousavi et al. [59] present a very nice compilation of publications about applications 

about ML applications in seismology. Figure 4 shows the ratio of ML approaches for 

each seismological task. 
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Figure 4: The ratio of various ML approaches used for each seismological task. Figure taken 

from [59]. 

As shown on Figure 4, much of the applications have tackled signal processing tasks 

such as event detection, phase picking and event discrimination; and earthquake 

prediction has also become a major application of ML in seismology. Although there 

is skepticism about earthquake prediction [62], there are many attempts to predict 

earthquakes using ML. Banna et al. [63] have compiled an extensive review about this 

matter, and state that earthquake prediction can be classified into short-term and 

long-term processes. According to Banna et al., the prediction of earthquakes follows 

a model as described in Figure 5. 



 

 

 

Figure 5: General earthquake prediction model. 

 

The type of input signals mentioned on Figure 5 refer to the type of data available to 

train an ML algorithm. Numerous studies have highlighted the effectiveness of various 

ML algorithms, including Random Forest Regressors, Neural Networks, PhaseNet, and 

Deep Learning models; using historical seismic data, geographical information, and 

seismic time series to predict earthquake characteristics like magnitude, depth, and 

location. Also, incorporating ML techniques like Support Vector Machines, 

Convolutional Neural Networks, and K-Nearest Neighbors alongside regression 

methods can further enhance these predictive capabilities. This paves the way for 

early detection of seismic events on a global scale and facilitates real-time monitoring 

of seismicity in specific regions [64], [65], [66], [67]. 

About the metrics of the forecast, Banna et al. [63] considered a classification of 

forecasting performance following accuracy (for classifications) and root mean square 

error (for regressions) as shown on Table 7. 
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Table 7: Classification of forecast performances for classification and regression in 

seismology. 

Class Accuracy (classifications) Root Mean Square Error (regressions) 

High 75% < Acc <= 100% 0 < RMSE <= 25% 

Medium 25% < Acc <= 75% 25% < RMSE <= 75% 

Low Acc <= 25% RMSE > 75% 

 

In the state of art presented by Banna et al., there are various cases with high 

performance in forecasting, using ML techniques such as SVM, Neural Networks, 

Random Forest, Linear Regression or Deep Learning among other techniques; and 

using features such as Gutenberg-Richter Law parameters, seismic signals, source 

parameters, seismicity indicators, but no research has been made using earthquake 

complex networks. 

 

2.2.2. Machine learning on Complex networks. 

In the chapter 2 of the book “Graph Machine Learning” by Stamile et al. [68], on page 

56, it is said that graphs can be analyzed at different levels: node, link and graph. On 

the node level, the analysis goal can be to classify such nodes between different 

classes. On the link level, the goal might be to predict links between nodes. And on 

the graph level the problem might be to classify different graphs between some 

classes. ML can be a great tool for these tasks, as well as some other such as 

generation of graphs, detection of communities in a network, or prediction of how a 

network might grow over time. The learning representations for graph-structured 

data define also how a ML algorithm can be used to perform a specific task. 

Chami et al. [69] present a taxonomy on Graph Representation Learning, where they 

state that there are four main categories for such methods: Shallow Network 

embedding, auto-encoding, Graph Regularized Networks (GRN) and Graph Neural 

Networks (GNN): 

Network embedding can be viewed as a dimensionality reduction technique for graph 

structured data: graphs are mapped to a continuous domain using vectors that 



 

 

represent local or global properties of the nodes. On the other hand, both GRN and 

GNN use the structure and the node features in the learning process, but they differ 

as GRN are often used on semi-supervised learning tasks, smoothing the differences 

between networks to test similarities between networks, whereas GNN have a 

broader application on supervised learning tasks. 

In the same work, Chami et al. [69]  introduce a Graph Convolution Framework (GCF), 

where they characterize the use of graph convolution layers to provide a 

generalization of standard convolutions on grids (in this case, the network itself) to 

graph-structured data. In Zhou et al. [70] a review of GNN methods and applications 

can be found. About the implementation of such models, Stamile et al. [68] present a 

book with an introduction of many models and their implementation on python using 

libraries such as NetworkX and StellarGraph. 
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2.3. Chapter Highlights 

Earthquake complex networks can be used to model the seismicity. There are two 

ways of creating such networks: the cells as nodes way and earthquake as nodes way. 

Earthquake as nodes networks are often used to analyze the aftershock activity, and 

Cells as nodes networks are often used to analyze the seismicity in a region. 

Therefore, the Cells as nodes earthquake networks are used in this work. One of the 

problems for these networks is choosing the adequate cell size, so the resulting 

network can have enough information about the seismicity. 

In seismology, ML techniques have been used extensively to process seismograms in 

order to detect, locate and classify earthquakes. Most applications are of the 

supervised type. However, the use of these techniques has increased in forecasting 

certain aspects of the seismicity, such as the expected time of occurrence, magnitude, 

or location; and accuracies above 75% or RMSE lower than 0.25 are considered as the 

result of high-performance models. Nevertheless, in these cases it is important to 

consider that the power laws involved in earthquakes might result in a data set highly 

skewed. 

On complex networks, ML can be used for applications in three levels: node, link, and 

graph. On graph levels, the problems might be related to classifying the network, or 

to use many networks to predict a value in a regression way. 

Many features of seismicity have been used in these forecast models, such as 

magnitude of events, Gutenberg-Richter parameters, location tags; but no model 

involving Complex Earthquake Networks has been implemented. This work, as far as 

it is known, would be the first seismicity model using earthquake networks and ML. 

  



 

 

Chapter 3 
Earthquake complex networks in Colombia 

 

The first publication about earthquake complex networks in Colombia was made in 

2018 by León, Bucheli and Valdivia [4]. This paper was a first glimpse into the 

seismicity in Colombia represented as Earthquake Networks, and these networks 

have been used to label earthquakes in a classification system, identifying nodes of 

interest [16]. However, this analysis fell short in answering some questions such as 

what the best cell size is to create networks and what criteria should be used to say 

that certain networks represent the seismicity better than others. This chapter 

presents a deeper analysis on the earthquake networks in Colombia, in order to find 

what is the best cell size to construct an EN; and what features can be used to 

characterize the seismicity. 

Colombia is located in a high seismicity region, where the Nazca, Caribbean and South 

American tectonic plates converge [71], [72], [73], [74]. Most cities are in areas with 

intermediate to high seismic hazard levels; and as a developing country, this 

heightened seismicity poses great challenges in terms of infrastructure resilience and 

disaster preparedness. 

For this thesis, the seismicity analyzed spans from 1973 to 2023 and encompasses a 

region bounded by latitudes -5° and 13° and longitudes -82° and -66°. Recognizing 

that seismicity analysis benefits from longer periods, the USGS-NEIC (United States 

Geological Survey - National Earthquake Information Center - 

https://www.usgs.gov/programs/earthquake-hazards/lists-maps-and-statistics) 

catalog was employed instead of the Colombian Geological Survey (SGC) catalog, as 

the SGC catalog contains events from 1993 onward, while the USGS catalog holds 

events dating back much earlier for this region. The seismicity catalog used in this 

study comprises events occurring between January 1, 1973, and October 11, 2023, 

totaling 7759 events. In Chapter 4 there is a more detailed description of this catalog. 

Figure 6 illustrates the distribution of epicenters in the region, color-coding 

earthquakes according to depth and representing magnitude using circle diameter.  

https://www.usgs.gov/programs/earthquake-hazards/lists-maps-and-statistics
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Figure 6: Seismicity in Colombia - January 1973 to October 2023. 

 

Figure 7 shows the Gutenberg-Richter distribution for the region, where the X-axis 

represents the magnitude, and the Y-axis represents the logarithm of the number of 

events with magnitude lower than the X value. The dark line represents the logarithm 



 

 

of the number of events with magnitudes greater than or equal to the magnitude 

specified on the X-axis. The red line represents the linear portion of this graph, 

considering only data for magnitudes exceeding the blue line, which in this case is 4.1 

Mw. The line is fitted up to a magnitude of 7.5, as events with magnitudes exceeding 

this value are scarce. Based on this distribution, a completeness magnitude of 4.1 Mw 

was chosen for the catalog, indicating that all events with magnitudes greater or equal 

than 4.1 for the selected period are confidently included in the catalog. This 

magnitude serves as the cutoff for selecting events used to construct earthquake 

networks, resulting in a final catalog of 6262 events. 

 

 

Figure 7: Gutenberg-Richter distribution of the seismicity in the region. A completeness 

magnitude of 4.1 Mw is assumed 

Regarding the depth distribution of seismic events, Figure 8 shows a histogram of the 

distribution of the depths of events. In the figure, distinct ranges have been identified 

within the region. The first two ranges span from 10 to 49 km and 50 to 100 km depth 

which accounts for the activity along the pacific subduction zone: shallower seismicity 

towards the oceanic platform and deeper seismicity towards the continental 

platform. A third depth range, from 150 to 200 km depth, can be associated mainly 

with the Bucaramanga nest, which is located on an intermediate depth. 
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Figure 8: Histogram illustrating the distribution of seismic event depths. 

  

To represent seismicity as an earthquake network, two methods were implemented: 

the method proposed by Abe and Suzuki [8] was implemented, as described in León 

et al. [14] (3D networks), and a variation where only latitude and longitude were 

considered, as implemented by León et al. [4] (2D networks). To create 3D networks, 

the region is partitioned into cubic cells with an edge length of Δd. Cells containing 

seismic events are selected as network nodes. A degree-kilometer conversion factor 

of 111 km/degree is assumed. The mapped region measures approximately 2000 km 

in length, 1900 km in width, and 400 km in depth. Figure 9 illustrates the earthquake 

network construction process. The region is divided into cubic cells, each labeled with 

an index (Figure 9a). Seismic events within the region are assigned to specific cells. 

Figure 9b depicts hypothetical events, labeled chronologically, and color-coded 

according to depth. Cells containing events are selected as nodes of the earthquake 

network, and connections are established between these nodes based on the 

temporal order of events (Figure 9c). This approach preserves information regarding 

the event sequence, location, and depth. For network analysis, loops (a node 

connected to itself) and multiple connections between any pair of nodes are 

disregarded; consequently, connections are binary. The method to create 2D 

networks is the same, but depth was not considered. 



 

 

 

Figure 9: Diagram of the construction of an earthquake network from the spatiotemporal 

sequence of earthquakes; including the depth. In this example, the first event occurs on cell 8 

and the second on cell 20, which is near the first but deeper, which results on a link between 

cells 8 and 20. The third event occurs on cell 17, so a link is set between cells 20 and 17. The 

rest of links follow the timely sequence in the same way as the first two links.  

 

3.1. Earthquake Network analysis 

The representation of seismicity using ECN should be able to capture its dynamics. 

Using cells-as-nodes networks, there are two parameters that must be assessed in 

order to create a good representation: the size of cells, and the time windows to 

capture changes on networks over time. In this section, the cell size will be assessed. 

3.1.1. Cell size assessment 

An initial analysis of an earthquake network in Colombia for the full catalog was made, 

in order to characterize network features for the region. 

Network analysis typically employs metrics such as average degree, clustering 

coefficient, and average path length. The average degree represents the mean degree 

of all nodes in the network, where the degree refers to the number of connections a 

node possesses. This measure is also known as the network's connectivity. The 

clustering coefficient quantifies the tendency of a node's neighbors to be connected, 

indicating the presence of clusters or communities within the network. The path 

length represents the minimum number of connections required to traverse between 

two nodes, and the average path length across all paths indicates the network's 

information transmission efficiency. Additionally, for this study, other metrics were 

considered such as small-worldness, entropy, complexity, disequilibrium, and 

divergence (distance between networks). 
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Small-worldness Sw, as introduced by Humphries & Gurney [32], assesses whether a 

network exhibits small-world network characteristics. This measure must exceed 1 

and is calculated using the formula: 

𝑆𝑤 =  
𝐶×𝑁×𝑙𝑜𝑔 𝑁

𝐿×𝑘×𝑙𝑜𝑔 𝑘
 (1) 

where C represents the clustering coefficient, N represents the number of nodes, L 

represents the average path length, and k represents the average degree. As evident 

from the formula, small-worldness is proportional to the clustering coefficient and 

inversely proportional to the average path length. 

Entropy, as defined in information theory, represents the amount of information 

associated with a system [75], [76]. According to Shannon's formulation, entropy is 

calculated using the formula: 

𝐻(𝑃) =  − ∑ 𝑝𝑖𝑙𝑜𝑔2𝑝𝑖𝑖  (2) 

where pi represents the probability of occurrence of event i in the system. In the 

context of networks, entropy for the degree quantifies the heterogeneity of the 

degree distribution. If all nodes have similar degrees, the entropy will be very low, 

approaching zero; conversely, if the number of nodes with small degrees is similar to 

that of nodes with high degrees, the entropy will be higher. Utilizing this entropy 

definition, Wiedermann et al. [32] proposed a complexity-entropy plane to distinguish 

between different networks. Complexity is estimated using the formula: 

𝐶(𝑃𝑖) = 𝐷 × 𝐻(𝑃) (3) 

where D is a measure of disequilibrium, calculated as the distance to an equilibrium 

state defined as an Erdős-Rényi network of similar size (equal number of nodes and 

similar connectivity). This distance between probability distributions is determined 

using the Jensen-Shannon statistical divergence, expressed as: 

𝑄(𝑃1, 𝑃2) =
1

𝑁∗𝑙𝑜𝑔2
× [𝐻(

𝑃1+𝑃2

2
) −

[𝐻(𝑃1)+𝐻(𝑃2)]

2
] (4) 

where Pi represents the probability degree distribution of each network. Following 

this, disequilibrium can be defined as D = Q(Pi, Per), where Pi corresponds to the degree 

distribution of i network, and Per to a similar Erdös-Rényi network. It is important to 

remark that, as disequilibrium can be measured as a distance to an equilibrium state 

defined as a ER network, this type of distance can be measured respect other types 

of networks such as Barabási-Albert or Watts-Strogatz networks. 



 

 

Observed Earthquake Networks can be compared with simulated networks based on 

different models. Most common models are the Erdös-Rényi (ER), Barabási-Albert 

(BA) and Watts-Strogatz (WS). ER networks are created by defining a number of nodes 

and assigning the probability that links exist between any pair of nodes i and j, which 

is defined as pi,j=kmean/N. In this type of networks, a normal distribution of degrees is 

presented. 

BA are simulated networks of the scale-free type, with a power-law degree 

distribution [12]. The concept of preferential attachment is used to build the network 

from a small set of nodes connected as a star, and where each new node is added 

with a predetermined number of links connecting it to the initial set in such a way that 

the links are more likely to be towards the nodes with the highest degree. This is done 

until all the nodes defined as the target size are added to the network. This type of 

network configures hubs, a few nodes with a high degree, which connect to many 

nodes with a reduced degree. 

WS are simulated networks of the small-world type, in which a high clustering 

coefficient and a short path length between each pair of nodes are favored [11]. This 

type of network is built from a ring of N nodes, that is, each node is connected to two 

neighbors. Then, each node is connected to k-2 neighbors, where k is the desired 

average degree for the network. Finally, from a reconnection probability β, each link 

is reassigned to some other node in the network. 

In this work, all networks (ER, WS and BA) were generated and all metrics were 

calculated using the NetworkX Python library [39]. 

 

3.1.2. Experiments design 

For each cell size, a set of 100 random networks are generated for the ER, WA and BA 

types; so these networks have the same number of nodes and a similar average 

degree than the earthquake networks observed. The BA set is simulated from the 

network size and the mean degree. It is worth to note that BA and WS networks 

generate networks which have rounded integer average degrees, and which will be 

the closest to the corresponding earthquake network. In the case of ER networks, for 

each size, an extra ensemble of networks is generated that will be used to measure 

the disequilibrium. For WS networks, the choice of the reconnection probability β is 

done as follows: an ensemble of 20 WS networks with probabilities β between 0.1 and 

1.0 is generated, increasing by 0.1 each iteration; the small-worldness is calculated 

and then the probability β that generates the WS networks with small-worldness on 
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average most similar to the ECN earthquake network is chosen. Table 8 compiles the 

parameters with which the experiments have been designed, the description of the 

parameters, and the values they take. 

 

Table 8: Parameters of the experiments 

Parameter Description Range of Values 
 
 

Cell size Length of the cubic cell edge with which an 
earthquake network is constructed. 

10 – 120 km. 

Number of WS networks Number of WS networks created with a 
particular β reconnection probability, in order 
to find the correct β for the experiment with the 
correct WS networks. 

20 

β Reconnection probability to simulate WS 
networks. 

0.1 – 1 

Number of experiments Number of simulated ER, WS and BA networks 
for comparison with a particular ECN network. 

100 

Network size Number of nodes in the observed ECN network. 214-4345 

Average degree Average of the node’s degree in the observed 
ECN network. 

2.8 – 22.1 

 

3.2. Results 

For each observed network, the number of nodes, links, average degree, power-law 

exponent for the degree probability, clustering, average path length, small-worldness, 

entropy, disequilibrium, and complexity are calculated. The observed (EN) networks 

were constructed for cell sizes between 10 and 120 km. Figure 10 presents the 

number of nodes, Figure 11 the average degree, Figure 12 the clustering coefficient, 

Figure 13 the average path length, Figure 14 the small worldness and Figure 15 the γ 

exponent of the power law distribution of probabilities of degree for the networks 

constructed with different cell sizes. The full table of these results can be found in the 

appendices of this thesis. 



 

 

 

Figure 10: Number of nodes vs. Cell size. 

 

Figure 11: Degree of nodes vs. Cell size. 



  39 

 

 

 

Figure 12: Clustering coefficient vs. Cell size. 

 

Figure 13: Average path length vs. Cell sie. 



 

 

 

Figure 14: Small worldness vs. Cell size. 

 

Figure 15: γ exponent of the power law for the degree distribution vs. Cell size. 
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Figure 10 shows that as the cell size increases, the observed networks will have fewer 

nodes but a higher degree. This is expected, since large cells collect more events, and 

will connect with more zones, increasing connectivity, which is evident in Figure 11 as 

it shows the average degree of the networks with different cell sizes. Figure 12 and 

Figure 13 show that clustering and Average path length are consistent with the effect 

of having less nodes but increasing the degree. Figure 14 shows that the small-

worldness measure for all cases is greater than 1, so it can be said that all sizes 

generate networks with small-world characteristics. Networks with larger cell sizes 

have a greater connectivity, and present nodes that connect to each other with 

greater probability. In the small-worldness graph, all networks have a value greater 

than 1, with a maximum in cells of 22 km. After this cell size, the value falls 

exponentially. These values do not behave monotonically, which accounts for the 

complexity of the behavior of this metric in relation to the cell size. 

Regarding the degree distribution; in [55] the degree distribution is reviewed in log-

log plots of the degree of nodes k vs the probability of such values P(k); and the slope 

γ of the linear distribution that appears corresponds to the exponent that relates the 

degree with their probability. Figure 15 shows that for the 10 km cell the slope is -

2.15, while in the case of the 100 km cell the slope is -1.2. For this parameter, γ values 

closer to 0 indicate that the system is more stable and predictable, while values with 

higher absolute value indicate a lower probability of finding extreme states, which in 

this case would be nodes with a high degree. 

About the comparison with synthetic networks, the calculation of the reconnection 

probabilities β to generate the WS network ensembles has a meaning for networks 

with cell sizes greater than 18 km. For smaller sizes, the small-worldness of the WS 

networks was very different from the ECN networks given that they had a clustering 

close to 0. For cells greater than 18 km, the beta probabilities were mostly 0.1, with a 

maximum of 0.3 in cell sizes 18, 20, and 32 km. In other words, the simulated WS 

networks have very little reconnection probability. 

Given that the disequilibrium is measured as the statistical divergence with respect to 

similar ER networks, a divergence can be made also between ECN networks and the 

other BA and WS simulated networks. 

Figure 16 shows the entropies of the ECN and the simulated ER, BA and WS networks 

when changing the cell size; Figure 17 the disequilibriums of these networks, and 

Figure 18 the divergence between ECN and ER, BA and WS synthetic networks. 



 

 

 

 

Figure 16: Entropies of ECN (blue dots) and simulated ER (red), BA (yellow) and WS (green) 

Networks vs. Cell size.

 

Figure 17: Disequilibrium of ECN (blue dots) and simulated ER (red), BA (yellow) and WS 

(green) Networks vs. Cell size. 
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Figure 18: Divergences between ECN and simulated ER (red), BA (yellow) and WS (green) 

Networks vs. Cell size. 

Entropy measures the information of a system in terms of the number of states it can 

have and the probability of each of them, which in this case will be the probability of 

node degree. An entropy is maximum if all states (degrees) of the nodes have the 

same probability, and decreases if there are few possible states, i.e., if there are only 

a few probable states. Figure 16 shows that WS networks have the lowest entropy 

due to the low beta probability and most nodes have the same state. ER networks 

have a higher entropy given that the randomness of connections leads to greater 

heterogeneity in the states. In BA networks, which are characterized by the power 

law in the degree distribution, there are more states than WS networks, and in some 

cases may have the same entropy as ER networks. With ECN networks, it is observed 

that there are ranges of cell sizes where the entropy is lower than the ER networks 

(cell sizes less than 50 km) and others where it is higher than for ER networks (cells 

greater than 50 km). 

Regarding the disequilibrium of the networks, Figure 17 shows that as the cell size 

increases, so does the disequilibrium. This can be understood as if the experiments 

moved from a non-equiprobable distribution to one in which the degree distribution 

is equiprobable; that is, as if the networks with small cell sizes had distributions similar 



 

 

to the power law and moved to distributions more similar to a normal distribution. 

This also occurs with the disequilibrium in WS and BA networks, although they do not 

increase in the same way as ECN networks. Up to cells near 60 km, the disequilibriums 

are similar with respect to WS and BA, indicating that perhaps up to these sizes the 

networks have more information. 

About the divergences between networks, Figure 18  shows that for sizes between 20 

and 30 km, the smallest values were found with respect to BA networks. Then, there 

is a leap, and the smallest divergence is with respect to the ER networks. Respect the 

WS networks, the divergence is greater, showing that although the networks have 

similar characteristics to small-world networks, they differ in their structure from the 

WS networks. 

In [32], the entropy/complexity plane is proposed to distinguish different types of 

networks, where the complexity is calculated according to formula (3). Figure 19 

shows the average values of the entropies and complexities in the entropy/complexity 

plane for each cell size. 

 

Figure 19 shows that ER networks have the lowest complexity. This is because, while 

they have a higher entropy in general than the other types of networks, the 

disequilibrium is the lowest of all. For WS, BA, and ECN networks, as the cell size 

increases, so does the complexity, although in a more accelerated way in the case of 

ECN networks. In general, the growth is linear for each type of network, although the 

slope with which the ECN network grows is greater and for cell sizes of 60 km, there 

are increasingly differentiated complexities from those present in BA and WS 

networks. Figure 19 also shows that ECN and BA networks change their position in the 

plane, compared to the other types of networks. The sector occupied by ER networks 

is conditioned by the low complexity of these networks. ECN networks, with sizes 

between 20 and 50 km are in a sector of the plane very similar to the one occupied 

by all WS networks. BA networks follow a little more the region occupied by ECN 

networks, although the maximum complexity is lower than that of ECN networks. 
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Figure 19: Entropy-complexity plane for ECN (circles), ER (exes), WS (squares), and BA 

(crosses). The color indicates the cell size with which the networks were generated. The X 

axis corresponds to entropy and the Y axis to complexity. 

 

 

3.3. Discussion and conclusions 

As can be seen in Table 5, many studies show that the clustering coefficient 𝐶~0.85 

becomes invariant when the cells become very large and exceed a certain threshold 

that can be estimated from the size of the monitored region and the cell sizes. This 

was first reported by Abe et al. in [54], and many previous observations of earthquake 

networks show this pattern. However, for the networks constructed in this work, 

there was no invariance detected regarding the clustering when increasing the cell 

size. It is possible that this difference with respect to previous studies could be related 

with the fact that other studies revised earthquake networks corresponding to a 



 

 

seismicity where hypocenters were located in a limited depth range, while for the 

case studied in this paper, there is a diverse range of depths of the events. 

Another invariant reported by previous studies, as was shown in Table 5, is the 

exponent of the power law that appears in the probability distribution of degrees. In 

this case, this exponent γ ~ 1 with very large cells [44], [54]; that is, there is a cell size 

beyond which the γ exponent no longer changes for the constructed earthquake 

networks. In the case of this study, this size is close to 90 km. On the other hand, the 

power laws that appear in the degree distribution for cell sizes smaller than 50 km are 

governed by exponents greater than 1.75. The review of the literature, in particular 

the case presented by Pastén et al. [56], showed that earthquake networks built with 

cell sizes of 5 km had a higher power law (γ > 3) than networks built with cell sizes of 

10 km (γ < 3); and the conclusion of this work was that with smaller cells, a change in 

the degree distribution of the earthquake networks built before and after the 2015 

Illapel earthquake could be evidenced. This conclusion could indicate that higher 

values of the γ exponent of power laws may be suitable for detecting changes before 

and after large earthquakes. 

In previous works, as seen on Table 5, degree probabilities distribution and clustering 

were used as proxies for limits in cell sizes where invariants appear. In this work, it is 

seen that other variables might give other information, such as the entropy of the 

degree probability distribution of the nodes. 

Earthquake networks, for all cell sizes, have characteristics of small-world and scale-

free networks. The values of small-worldness, clustering, average path length, and 

disequilibrium show that these networks do not behave like random networks. 

Statistical divergences between earthquake networks and other types of networks 

show that for small values (between 20 and 30 km) the networks are similar to scale-

free networks. Cells between 30 and 40 km configure networks with disequilibriums 

very similar to WS networks. Between 40 and 60 km, earthquake networks have 

smaller divergences with respect to ER than with other networks, but disequilibriums 

similar to those of WS networks. Although the disequilibriums are smaller, the 

networks have greater complexity than ER, and after sizes of 60 km, they continue to 

have similarities with BA networks. Earthquake networks have a disequilibrium similar 

to WS networks up to cell sizes close to 46 km, after which the disequilibrium grows 

above the other networks. BA networks after cell sizes close to 60 km present a 

disequilibrium very similar to WS networks. The high disequilibriums of ECN networks 

indicates that they have a more organized topology than the other types of networks. 
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When observing the map in Figure 6, it is observed that most of the seismicity is 

distributed in a homogeneous manner throughout the subduction zone in the Pacific 

and the Bucaramanga seismic nest, although there are some areas with little 

seismicity towards the Atlantic coast or the east of Colombia. For this reason, it could 

be thought that an earthquake network representative of seismicity should have an 

entropy that represents this condition, in which there is a limited range of states for 

which the probability would be higher. In this sense, the range of cells smaller than 

50 km, which corresponds to systems with fewer probable states than ER random 

networks, would represent the seismic phenomenon in the region in a better way. 

The cell size conditions the structure of the constructed earthquake networks, which 

is evident on the network’s metrics. On smaller cell sizes entropy shows that 

earthquake networks tend to be more heterogeneous, that is, few states with high 

probability and many with low probability; the γ exponent that the ECN networks are 

more complex; and disequilibrium that the ECN networks have great differences with 

respect to ER similar systems. Also, the divergence between different types of 

networks shows that there are also ranges where the ECN networks are similar to BA 

networks (smaller than 30 km). 

The different topologies found for earthquake networks when changing the cell size 

may favor different aspects which might be of interest. In [4] it was mentioned that 

bigger cell sizes might help to automatically identify many nodes or regions with great 

seismicity, whereas smaller cell sizes might help to highlight the most important 

seismic zone in the region. In this work, it was seen that regardless of the cell size, the 

earthquake networks have characteristics of small-world and scale-free networks, but 

when the cell size changes some features are enhanced or diminished. A proper cell 

size choice should be made according to the goal of the task to be achieved. 

As future work, it would be interesting to review what information the entropy can 

provide from the distributions of other node measures, such as clustering or 

centrality; but it would have to be carefully reviewed how to construct such 

distributions, given that these measures in the nodes are not integers and the entropy 

would have to be estimated from continuous probability functions. A limitation of the 

work is that the definition of an optimal or universal cell size will depend on the 

context and the seismicity of each zone, however this is a contribution to the 

discussion of the cell size and other network metrics have been reviewed and 

proposed to aid in the choice of the cell size to build earthquake networks in the form 

of cell as node. 



 

 

 

3.4. Chapter Highlights 

Most of the highlights were commented on section 3.3, Discussion and conclusions. 

Regarding this study, a cell size of 50 km seems appropriate to create EN, as this size 

creates a network with characteristics similar to those of ER and BA networks, as seen 

on Figure 16, which works as a ground base of the behavior of the region; and it could 

be modeling changes in the seismicity when finding a behavior which differs from this 

ground base. What follows now is to split the catalog in smaller sets to create 

earthquake networks in time and use them in ML instances to model seismic features, 

which is the goal of chapter 4. 
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Chapter 4 
Seismicity Models using Earthquake Complex Networks and 

Machine Learning 

 

This thesis deals with the implementation of Machine Learning models to forecast 

some aspects about the seismicity in the region around Colombia using data from 

earthquake complex networks. There are some desired characteristics for these 

models: they must forecast some features of the seismicity, the models should be 

able to classify the ECN in different classes, or to make a regression of some value. 

This chapter evaluates first what characteristics of the seismicity should be used, and 

then the creation of different models to forecast such characteristics. 

The desired model would be a specialized model, where features of the seismicity are 

input into a model which outputs some characteristic of the following seismicity, 

which might be for a single event or for the activity for a period. The flow of data 

should follow this: 

𝐼𝑛𝑝𝑢𝑡 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠 →  𝑀𝑜𝑑𝑒𝑙 →  𝑂𝑢𝑡𝑝𝑢𝑡 

; where the input features would be taken from Earthquake Networks and the output 

can be a label (High-Medium-Low Magnitude Event, id of a geographical sector, etc.), 

or a continuous variable (Magnitude of next event, time of occurrence, seismicity for 

next N events, etc.). 

This chapter present an Exploratory Data Analysis to choose the input the features 

and the desired outputs, as well the training of different models to forecast the 

outputs. For each output different models were tested and the best results are shown. 

Finally, a compilation of highlights and conclusions are presented. 

4.1. Exploratory Data Analysis 

Exploratory Data Analysis, according to Tukey [77], is a detective work, about finding 

out what the data has to tell. There are many relationships known in seismology, but 



 

 

nonetheless it is important to look with detail how is the data in order to make better 

interpretations from it. 

4.1.1. Catalog contributors 

In Chapter 3 the catalog of events was introduced, and Figure 6 showed the map of 

the region with circles representing the location of earthquakes and their magnitude 

represented by the size of each circle. The USGS-NEIC catalog has many sources, 

mainly from the WWSSN (World-Wide Standardized Seismograph Network [78]) and 

the GSN (Global Seismographic Network [79]) global networks. However, there are 

some other institutions that contribute to this catalog. A full list of contributors to the 

catalog can be consulted in the USGS-NEIC web site1. As mentioned before, the 

seismicity catalog used spans from 1973 to 2023, encompasses a region bounded by 

latitudes -5° and 13° and longitudes -82° and -66°, the events have a magnitude 

greater or equal than 4.1, and encompass a set of 6262 events. Figure 20 shows the 

distribution of the seismological stations from GSN. 

 

 

Figure 20: Distribution of Global Seismographic Network (GSN) stations. USGS GSN sites are 

shown in blue and IRIS/IDA stations are shown in green. Image from 

https://www.usgs.gov/media/images/global-seismographic-network-gsn-stations 

 

 

1https://earthquake.usgs.gov/data/comcat/contributor/ 

https://earthquake.usgs.gov/data/comcat/contributor/
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About the seismicity analyzed in this work, Figure 21 shows that the main contributor 

over time has been the global network (code us - blue bars), with some episodes 

where the Panama network (code upa - red bar), Colombian network (codes 

rsnc/us_rsnc – purple and light blue bars) and Costa Rican network (code car – fuchsia 

bar) barely contributed to the catalog. 

 

Figure 21: Contributors to the seismicity catalog over time 

 

4.1.2. Seismicity Analysis: Energy and time. 

Seismicity models strive to forecast something about magnitude or location of 

earthquakes. As the famous Charles Richter stated, there’s a difference between 

magnitude and intensity: intensity measures how the ground’s movement was in a 

place; and for a single earthquake, different places can have different intensities 

depending on the distance to the epicenter, or ground properties. Magnitude on the 

other hand, is a characteristic of the earthquake as a whole [80], and it should be 

equally measured independent of the place. According to Gutenberg and Richter, the 

seismicity quantifies the seismic activity in a region, and it can be calculated using the 

formula: 

𝑆 =
∑ 𝐸𝑖

𝑛
𝑖

𝛿𝐿𝑎𝑡0 𝛿𝐿𝑜𝑛𝑔0 𝛿𝐷𝑒𝑝𝑡ℎ0 𝛿𝑇𝑖𝑚𝑒0
  (5) 



 

 

, where Ei is the released seismic energy by an earthquake i, and δLat0, δLong0, 

δDepth0, and δTime0 represent an interval of latitude, longitude, depth and time 

where all n earthquakes occurred. According to Kanamori [81], the magnitude-energy 

relation Log E = 1.5M + 11.8 was developed by Gutenberg and Richter [82], where 

energy E is expressed in ergs. 

Figure 7 depicts the Gutenberg-Richter distribution in the region. As said before in the 

beginning of chapter 3, the Gutenberg-Richter distribution shows the logarithm of the 

cumulative number of events with magnitude equal or less than any of the values. 

The shape of the plot shows that there are more events with low magnitude than 

events with high magnitude, and it follows a power-law. A histogram of the magnitude 

of the events is shown on Figure 22. 

 

Figure 22: Histogram of the magnitude of the events in the catalog. 

 

As shown in Figure 22, there is a high number of events with low magnitude and a low 

number with high magnitude. This observation is important, as it will derive in 

unbalanced data when trying to classify events between high and low magnitude 

events. 

Figure 23 shows the distribution of magnitude of events over time and using the 

Gutenberg-Richter magnitude-energy relation the seismic energy released (in Jules) 

by each event on Figure 24. 
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Figure 23: Distribution of magnitude of events over time 

 

Figure 24: Seismic energy released by each earthquake over time 

Figure 23 and Figure 24 show that most of the released seismic energy comes from 

only a few events. Seismicity, according to the Gutenberg-Richter seismicity formula 



 

 

(5), can be calculated as the sum of the energy of n events that occurred on a region 

in a lapse of time. As the time lapse is important to define the seismicity, the time 

lapses (in days) between earthquakes are shown on Figure 25, and in Figure 26 a 

histogram of such time lapses. 

 

Figure 25: Number of days between consecutive earthquakes vs. time 

 

Figure 26: Histogram of time lapses in days between consecutive events 

The mean time lapse between consecutive earthquakes is 2.96 days. However, Figure 

26 shows that there is a great portion of events that occur on the same day; and Figure 

25 shows that the time lapse can be greater than 35 days. If a set of consecutive 
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events is chosen to calculate the seismicity, not only the energy of those events must 

be summed but also the time must be accounted dividing the sum. To analyze the 

seismicity over time the following steps are performed: 

• The full list of n events [x0, x1, …, xn] are ordered by their time of occurrence, 

where x1 is the oldest event and xn the last event. 

• A set window [x0, x1, …, xw-1] of the first w events is used to calculate the 

seismicity according to the Gutenberg-Richter seismicity formula (5), summing 

their energy and dividing by the difference in time between the first and last 

event of the set. 

• The window is moved w/2 events, so the next set window is [x(w/2), x(w/2)+1, …, 

x(w/2)+w-1]; and the seismicity is calculated as mentioned in step ii. 

• The window is moved for the full list of events. 

 

Figure 27 shows the logarithm of seismicity using windows of 10 events vs time, Figure 

28 for windows of 50 events and Figure 29 for windows of 100 events. Figure 30 shows 

the time lapse in days for the windows of 10 events vs time, Figure 31 for windows of 

50 events and Figure 32 for windows of 100 events. 

 

Figure 27: Logarithm of seismicity using windows of 10 events vs. time. 



 

 

 

Figure 28. Logarithm of seismicity using windows of 50 events vs. time. 

 

Figure 29: Logarithm of seismicity using windows of 100 events vs. time. 
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Figure 30: Time lapse for each seismicity using windows of 10 events vs. time. 

 

Figure 31: Time lapse for each seismicity using windows of 50 events vs. time 



 

 

 

Figure 32: Time lapse for each seismicity using windows of 100 events vs. time 

About the day lapse to calculate the seismicity using different windows, Figure 30 

shows that a window of n=10 events derives in rapid changes for each timestamp and 

results in a noisy trend. Maximum lapse is near 90 days and many instances have 

lapses of few days, even less than a day. For windows n=50 and n=100 events, Figure 

31 and Figure 32  looks similar, but maximum lapses times might be very extended for 

a window with 100 events (almost 550 days). 

  

4.1.3. Geographic sectorization of seismicity. 

An ideal forecast system would predict the location, magnitude and time when an 

event will occur. However, a simpler system which indicates the region where the 

next event will occur could be also of great use in order to be prepared. Figure 33 and 

Figure 34 show a proposition of a 4-sector geographic sectorization, and Figure 35 and 

Figure 36 a proposition of a 5-sector geographic sectorization. 
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Figure 33: Definition of 4 seismicity sectors selected manually. In the map, the color of the 

dots indicates the assigned type according to the sector. 

 

Figure 34: Definition of 4 seismicity sectors selected manually. The bar plot shows the 

number of events for each sector. 

 



 

 

 

Figure 35: Definition of 5 seismicity sectors selected manually. In the map, the color of the 

dots indicates the assigned type according to the sector. 

 

Figure 36: Definition of 5 seismicity sectors selected manually. The bar plot shows the 

number of events for each sector. 

According to Figure 33 and Figure 34, a four-sector classification gives that sector 0 
(near Ecuador), sector 2 (Pacific Coast) and sector 3 (Bucaramanga and northeast) 
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have a similar number of earthquakes. However, the extension of sector 2 is large, 
which is why a five-sector classification could also be relevant. In this case, Figure 35 
and Figure 36 show that sector 0 (near Ecuador) and sector 4 (Bucaramanga and 
northeast) have a similar number of earthquakes; but in sectors 2 and 3, which 
corresponds to the seismicity in the Pacific Coast, the number of events have half the 
number of events of sectors 0 and 4. This might be relevant when training a model 
with these labels. 
 

4.1.4. Input Features and outputs 

According to the analysis of the Earthquake networks presented in Chapter 3, and the 

catalog in section 4.1, the following remarks about the features of seismicity and 

earthquake networks can be said: 

• The earthquake networks should be created using a cell size that allows a good 

representation of seismicity. According to Figure 10 to Figure 18 and 

conclusions from Chapter 3, a size of 50km is chosen. 

• Networks can be constructed considering the depth of the events (named as 

3d networks) or discarding the depth (named 2d networks). 

• Figure 27, Figure 28, Figure 29, Figure 30, Figure 31 and Figure 32 show the 

seismicity and time elapsed for set windows of 10, 50 and 100 events, moving 

the windows half the size. The 10 event window results in a rapid changing 

seismicity and a maximum time lapse near 90 days, the 50-events window with 

a maximum time lapse near 300 days, and the 100-events window with a 

maximum time lapse between 500 and 600 days. 

• Most of the released seismic energy comes from a few events with magnitude 

M>7.0. 

• A model can be constructed using feature vectors from each network 

constructed to train ML algorithms such as Random Forest or Support Vector 

Machine; or using the networks themselves to train Graph Machine Learning 

models such as Graph Neural Networks. 

Following this, Table 9 presents the algorithms and features selected to create the 

models, and Table 10 the output targets for the models.  



 

 

Table 9: ML algorithms and input features used to create the models 

ML Algorithm Source Feature 

Random Forest 
Support Vector Machine 

Earthquake Networks 
Δ=50km 
N. events: [10, 50, 100] 

Nodes 

Edges 

Mean Degree 

Clustering Coefficient 

Average Path Length 

Entropy 

Small-worldness 

Betweenness Centrality 

Catalog 

Energy 

Days 

Seismicity 

Graph Neural Networks 
Earthquake Networks 
Δ=50km 
N. events: [10, 50, 100] 

 

Table 10: ML problems and Target outputs. 

M.L. Problem Target Description 

Regression 

Time of next event (days) Number of days for the next event 

Magnitude Magnitude of next event 

Seismicity 10 events Logarithm of seismicity for the next 10 events 

Seismicity 20 events Logarithm of seismicity for the next 20 events 

Classification 

Geographic sector (4 sectors) 
Id of sector where next event will occur 

Geographic sector (5 sectors) 

2 Magnitude bins 

Level of magnitude. 

Low: M < 5 

High: 5 < M 

3 Magnitude bins 

Level of magnitude. 

Low: 4 < M < 5 

Medium: 5 < M < 6 

High: 6 < M 
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4.1.5. Models and learning algorithms 

There are two major types of algorithms used in this work: traditional ML algorithms 

(Support Vector Machine and Random Forest) and Deep Learning models (Deep 

Graph Convolutional Neural Networks). 

To create traditional ML models, feature vectors are created for each network. Table 

9 shows the features selected to create the vectors, and Table 10 the targets. Figure 

37 depicts the process to train a ML model from a catalog: create multiple catalogs 

grouping sets of N events; then construct networks for each network and calculate 

the target variables. Then, joining the feature vectors and the target variables, a 

model is trained with 80% of the vectors and tested with the remaining 20%. 

 

Figure 37: ML models creation pipeline 

As shown on Figure 22, Figure 34 and Figure 36, the target values are imbalanced; 

that is, there are classes or categories with much more members than others. This has 

led to the use of classification models suited for unbalanced data sets. In this thesis 

two methods have been used to train a model suited for imbalanced data: 

oversampling on categories with few members, and association of weights to each 

class. The programs and the models have been trained using python and scikit-learn 

library. According to the documentation of this library2, a Random Forest classifier 

with configured in the balanced mode adjusts the weights for a class C automatically 

in an inversely proportional way to the frequency F of this class following the formula 

Wc=S/(N*Sc) where S is the total number of observations, N the number of classes, 

and Sc is the number of observations for the class C. The RF models were trained using 

 

2https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html 

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html


 

 

100 trees and the balanced class weight. Also, to apply oversampling on the data, the 

SMOTE method from the imbalanced-learn library in python is used3 to oversample 

and balance the data on the training vectors; the test vectors are kept the same to 

validate the model. 

As for the SVM models, they are not recommended for imbalanced data sets, but the 

use of a high cost in the implementation could help to penalize bad classifications and 

train better models. The SVM models were trained using a Radial Basis Function 

kernel, gamma=0.7 and C=25. 

About deep learning models, Deep Graph Convolutional Neural Networks (DGCNN) 

was used in this thesis from the StellarGraph library. According to the 

documentation4, DGCNN was proposed by Zhang et al. [83], using the Graph 

Convolutional Layers from Kipf and Welling [84]. A change in the pipeline for the 

DGCNN models is made, as feature vectors for the nodes are needed but graph 

feature vectors not. The feature vectors for the nodes have information about the 

geographic location of the node: Latitude, Longitude and Depth. This architecture has 

three sequential stages: Graph convolution layers extract nodes local substructure 

features and define a consistent sorting, then a Sort Pooling layer sorts the nodes 

feature vectors following the previous defined sorting and unifies input sizes, and 

finally traditional convolutional and dense layers read the sorted graph 

representations and perform the classifications. Figure 38 shows the pipeline for the 

implementation of DGCNN models for classifications. 

 

Figure 38: Pipeline for the implementation of DGCNN classification models 

 

3 https://imbalanced-learn.org/stable/over_sampling.html 

4https://stellargraph.readthedocs.io/en/stable/demos/graph-classification/dgcnn-graph-
classification.html 

https://stellargraph.readthedocs.io/en/stable/demos/graph-classification/dgcnn-graph-classification.html
https://stellargraph.readthedocs.io/en/stable/demos/graph-classification/dgcnn-graph-classification.html
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To create the DGCNN models, different hyperparameters must be configured, as well 

settings to create the EN. The architecture of the DGCNN model follows the schema 

shown on Figure 39. 

 

Figure 39: DGCNN architecture. From 

https://stellargraph.readthedocs.io/en/stable/demos/graph-classification/dgcnn-graph-

classification.html 

 

Table 11 shows the different parameters, a description of the parameters, and the 

different values used to compile the DGCNN models. 

Table 11: Parameters used to create DGCNN models for EN. 

Name Description Range of values 

N. Events Number of events used to create the EN. [10, 50,100] 

EN Type Type of ECN created. [2D, 3D] 

Train Batch size Number of training examples that will be propagated through the 
network for the training 

50 

Test Batch size Number of test samples that will be tested for each network training 1 

N. Rows Number of rows for the output tensor 30 

Layer Dimensions Size of the convolution layers. A vector with the size for each layer. [ 30, 30, 30, 4 ] 

Filters 1 Number of filters used on the first convolutional layer 16 

Pool Size Size of the pooling in the MaxPool layer. 2 

Filters 2 Number of filters on the second convolutional layer [ 25, 32 ] 

Kernel size Size of the filters used on the first convolutional layer [ 5, 8 ] 

Units Number of neurons on the fully dense layer before the output. 128 



 

 

Activation 1 Activation function for the dense layer. Relu 

Activation 2 Activation function for the output layer Softmax 

Learning rate Setting to control the weights adjusting respect the loss function [ 0.0001, 0.0005, 0.0007, 0.001 , 
0.002 ] 

 

Some remarks: The output layer is fully connected also, and the number of outputs 

corresponds with the number of classes. Also, the type of loss function used is sparse 

categorical cross-entropy, as the classifications are made for multi-class instances. 

 

4.1.6. Ontology definition 

An ontology definition for target outputs, that is, a semantic model, should define the 

source of the data, boundaries and time periods used to analyze the data, the name 

and type of targets, conditions for labeling a specific vector, and the type of ML 

paradigm to implement (classification or regression). 

Some axioms for an ontology can be stated as the following: 

• A Dataset definition, stating the source of the Catalog, and the spatial and 

time boundaries. 

• A Catalog, which is a compilation of Earthquakes. 

• An Earthquake occurred in a place and in a specific instant, and has a 

Hypocenter and a Magnitude. 

• A Source Time has a date and a time. 

• Spatial Coordinates have latitude and longitude in degrees, and depth in 

kilometers. 

• Magnitude is expressed in degrees of moment magnitude. Energy for an 

earthquake can be calculated from the magnitude using the Gutenberg-

Richter magnitude-energy relation from subsection 4.1.2. 

• A Hypocenter is the description of the time and place of the occurrence of an 

Earthquake, and has a Source Time and Spatial Coordinates. 

• An Events Window has an excerpt of N events from the Catalog, and have 

characteristics such as Days which is the difference of the Source Time for the 

first and the last event, Energy which is the sum of energies for the 

Earthquakes, and Seismicity which is calculated for the Earthquakes in the 

window using formula 5. 

• A Cell Size is expressed in kilometers. 
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• An Earthquake Network is constructed from a Dataset, using a specific Cell Size 

and Events Window. 

• Network Measurements are calculated from an Earthquake Network, and have 

the features from table 10: Nodes, Edges, Main Degree, Clustering Coefficient, 

Average Path Length, Entropy, Small-worldness, and Betweenness Centrality. 

• A Feature Vector is calculated for an Earthquake Network, and has Network 

Measurements and Events Window characteristics. 

• A Target Output, which can be either of a Regression type or a Classification 

type. Target Outputs are used together with Feature Vectors to train ML 

models. 

• Time of Next Event is a Target Output of the Regression type, which counts, 

for a Feature Vector, the time in days for the next Earthquake. 

• Magnitude of Next Event is a Target Output of the Regression type, which says 

for a Feature Vector what is the magnitude of the next Earthquake. 

• Seismicity of the Next Events is a Target Output of the Regression type, which 

counts for a Feature Vector what the seismicity is for the next N events. 

Seismicity is calculated for the N events following formula 5. 

• Geographic Sectorization is the splitting of the region defined by the spatial 

boundaries of the Dataset in different Sectors. Each Sector has boundaries and 

a label to identify it. 

• Sector of Next Event is a Target Output of the Classification type. This target 

output corresponds to the label that identifies the Sector from the Geographic 

Sectorization definition where, for a Feature Vector, the next Earthquake 

occurs. 

• Magnitude Binning is the splitting of the Magnitude range into N discrete 

intervals or Magnitude Bin, each one identified with a specific label. 

• Magnitude Bin of Next Event is a Target Output of the Classification type. This 

target output corresponds to the label that identifies the Magnitude Bin from 

the Magnitude Binning definition that, for a Feature Vector, the next 

Earthquake’s magnitude will fall into. 

This ontology could be implemented using knowledge representation languages such 

as OWL, JSON-LD, or RDF. The actual implementation of an ontology following the 

previous definitions is left for future work. 



 

 

4.2. Classification Models 

As mentioned before, the catalog consists of 6262 events. Earthquake networks were 

created as mentioned on section 4.1.2. This resulted in 6251 networks when the set 

window is 10 events, 6211 networks when the window is 50 events, and 6161 

networks when the window is 100 events. According to Table 10, classification models 

are trained for geographic sectorization and magnitude level forecasting. Network 

features were used to create vectors, and the target labels corresponded to 

Geographic Sectorization with 4 and 5 sectors, following the cases shown on Figure 

33 and Figure 35 respectively; and Magnitude Binning with 2 and 3 bins, where a 

binary classification was made for 2 bins defining a low magnitude event with M < 5.0 

and a high magnitude with M > 5.0, and a 3 classes classification with class 0 being M 

< 5.0, class 1 where 5.0 < M < 6.0 and class 2 is M > 6.0. 

As for the metrics used to qualify the classification models, the Precision, Recall and 

F1 score are used. Table 12 shows the metrics, the descriptions of the metrics and the 

formula to calculate them. 

 

Table 12: Metrics used to qualify classifications. 

Metric Description Formula Condition 

Precision Proportion of good predictions among all 
the predictions made for a specific class: 
what is actually well predicted among the 
predictions. 

P=TP/(TP+FP), where TP is True Positives 
and FP is False Positives. 

P > 0.8 good. 

Recall Also called sensitivity, measures the 
proportion of good predictions among 
the actual instances: how good the model 
can predict a specific class. 

R=TP/(TP+FN), where FN is False 
Negatives. 

R > 0.8 good. 

F1 Score balances the Precision and Recall metrics: 
seeks a balance between high precision 
and high recall. 

F1=2*P*R/(P+R), where P is precision and 
R Recall. 

F1 > 0.8 good 

 

The metrics can be calculated for each class and as a weighted average for all classes. 

The weighted average takes a metric for each class and multiplies it by the number of 

samples of each class, all are summed and then divided by the total number of 

samples. This weighted average is a better indication for the model than other types 

of averages as it considers the case of imbalanced data. 

Metrics for the 4 class Geographic sectorization are shown in Table 13, for the 5 class 

Geographic sectorization in Table 14, Table 15 for the 2 class magnitude binning and 
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Table 16 for the 3 class magnitude binning. In the DGCNN case, the metrics 

corresponds with the parameters which resulted on the highest accuracy. 

  

 

Table 13: Classification metrics for the 4 class Geographic sectorization models. 

ML Algorithm Net type N. Events Target Precision Recall F1 score 

Random Forest 
(class weights 
balanced) 

2D 

10 4 GeoSector 0.36 0.36 0.36 

50 4 GeoSector 0.40 0.41 0.40 

100 4 GeoSector 0.41 0.41 0.40 

3D 

10 4 GeoSector 0.38 0.38 0.38 

50 4 GeoSector 0.39 0.40 0.39 

100 4 GeoSector 0.42 0.42 0.42 

Random Forest 
(Oversampling 
SMOTE) 

2D 

10 4 GeoSector 0.36 0.36 0.36 

50 4 GeoSector 0.41 0.40 0.40 

100 4 GeoSector 0.40 0.39 0.39 

3D 

10 4 GeoSector 0.38 0.37 0.38 

50 4 GeoSector 0.39 0.38 0.39 

100 4 GeoSector 0.40 0.39 0.40 

SVM 

2D 

10 4 GeoSector 0.34 0.34 0.34 

50 4 GeoSector 0.36 0.37 0.36 

100 4 GeoSector 0.37 0.37 0.36 

3D 

10 4 GeoSector 0.33 0.33 0.33 

50 4 GeoSector 0.36 0.36 0.36 

100 4 GeoSector 0.37 0.37 0.37 

DGCNN 

2D 

10 4 GeoSector 0.47 0.41 0.36 

50 4 GeoSector 0.44 0.42 0.39 

100 4 GeoSector 0.43 0.42 0.41 

3D 

10 4 GeoSector 0.42 0.41 0.38 

50 4 GeoSector 0.48 0.43 0.39 

100 4 GeoSector 0.42 0.41 0.38 

  



 

 

Table 14: Classification metrics for the 5 class Geographic sectorization models. 

ML Algorithm Net type N. Events Target Precision Recall F1 score 

Random Forest 
(class weights 
balanced) 

2D 

10 5 GeoSector 0.33 0.34 0.33 

50 5 GeoSector 0.40 0.40 0.40 

100 5 GeoSector 0.40 0.40 0.39 

3D 

10 5 GeoSector 0.32 0.33 0.32 

50 5 GeoSector 0.40 0.41 0.40 

100 5 GeoSector 0.39 0.39 0.39 

Random Forest 
(Oversampling 
SMOTE) 

2D 

10 5 GeoSector 0.33 0.35 0.34 

50 5 GeoSector 0.37 0.37 0.37 

100 5 GeoSector 0.38 0.38 0.38 

3D 

10 5 GeoSector 0.34 0.34 0.34 

50 5 GeoSector 0.35 0.35 0.5 

100 5 GeoSector 0.38 0.37 0.38 

SVM 

2D 

10 5 GeoSector 0.30 0.31 0.30 

50 5 GeoSector 0.33 0.35 0.32 

100 5 GeoSector 0.35 0.36 0.33 

3D 

10 5 GeoSector 0.30 0.30 0.30 

50 5 GeoSector 0.32 0.34 0.32 

100 5 GeoSector 0.34 0.35 0.33 

DGCNN 
2D 

10 5 GeoSector 0.48 0.43 0.40 

50 5 GeoSector 0.55 0.42 0.36 

100 5 GeoSector 0.49 0.40 0.34 

3D 50 5 GeoSector 0.53 0.42 0.36 
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Table 15: Classification metrics for the 2 class Magnitude binning models. 

ML Algorithm Net type N. Events Target Precision Recall F1 score 

Random Forest 
(class weights 
balanced) 

2D 

10 2 MagBin 0.75 0.83 0.78 

50 2 MagBin 0.75 0.83 0.78 

100 2 MagBin 0.74 0.82 0.77 

3D 

10 2 MagBin 0.76 0.83 0.78 

50 2 MagBin 0.75 0.83 0.78 

100 2 MagBin 0.73 0.82 0.77 

Random Forest 
(Oversampling 
SMOTE) 

2D 

10 2 MagBin 0.75 0.78 0.76 

50 2 MagBin 0.77 0.74 0.75 

100 2 MagBin 0.77 0.74 0.75 

3D 

10 2 MagBin 0.75 0.78 0.76 

50 2 MagBin 0.77 0.75 0.76 

100 2 MagBin 0.75 0.73 0.74 

SVM 

2D 

10 2 MagBin 0.70 0.75 0.73 

50 2 MagBin 0.77 0.82 0.79 

100 2 MagBin 0.71 0.79 0.74 

3D 

10 2 MagBin 0.71 0.77 0.73 

50 2 MagBin 0.76 0.82 0.78 

100 2 MagBin 0.72 0.79 0.75 

DGCNN 
2D 

10 2 MagBin 0.71 0.84 0.77 

50 2 MagBin 0.71 0.84 0.77 

100 2 MagBin 0.71 0.84 0.77 

3D 50 2 MagBin 0.87 0.84 0.77 

 

  



 

 

 

Table 16: Classification metrics for the 3 class Magnitude binning models. 

ML Algorithm Net type N. Events Target Precision Recall F1 score 

Random Forest 
(class weights 
balanced) 

2D 

10 3 MagBin 0.73 0.83 0.77 

50 3 MagBin 0.74 0.83 0.78 

100 3 MagBin 0.74 0.83 0.77 

3D 

10 3 MagBin 0.73 0.83 0.77 

50 3 MagBin 0.75 0.83 0.78 

100 3 MagBin 0.74 0.83 0.77 

Random Forest 
(Oversampling 
SMOTE) 

2D 

10 3 MagBin 0.74 0.78 0.76 

50 3 MagBin 0.76 0.73 0.74 

100 3 MagBin 0.75 0.73 0.74 

3D 

10 3 MagBin 0.74 0.77 0.75 

50 3 MagBin 0.76 0.74 0.75 

100 3 MagBin 0.75 0.72 0.74 

SVM 

2D 

10 3 MagBin 0.70 0.76 0.73 

50 3 MagBin 0.75 0.82 0.78 

100 3 MagBin 0.71 0.79 0.75 

3D 

10 3 MagBin 0.71 0.77 0.73 

50 3 MagBin 0.75 0.81 0.77 

100 3 MagBin 0.72 0.79 0.75 

DGCNN 
2D 

10 3 MagBin 0.85 0.84 0.77 

50 3 MagBin 0.85 0.85 0.77 

100 3 MagBin 0.71 0.84 0.77 

3D 50 3 MagBin 0.71 0.84 0.77 

 

According to Table 13 and Table 14, performance was bad on all metrics for 

geographic sectorization. This suggests that the network approach is not fit to forecast 

the location of earthquakes. Using oversampling didn’t improve the model 

significatively compared with the balanced weight method. 

Table 15 and Table 16 show better results for magnitude bins forecasting. 

Oversampling improved the precision compared with balanced class weights, 

compromising recall and f1 score. This is because the models improved the 
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classifications for the classes with few members but not in a way that these categories 

had good metrics, but the majority class decreased their metrics.  

Highest precisions were achieved using GCNN models on 50 events windows: for 2 

class magnitude binning using 3D networks, and for 3 class magnitude binning using 

2D networks. Figure 40 presents the confusion matrix for GCNN model on 2 class 

magnitude binning and Figure 41 for 3 class magnitude binning. 

 

Figure 40: Confusion matrix for GCNN model on 2 class magnitude binning and 3D networks 



 

 

 

Figure 41: Confusion matrix for GCNN model on 3 class magnitude binning and 2D networks 

Figure 40 and Figure 41 show that the models can’t predict correctly if an event will 

have high magnitude. In general, the classifications using any of these models fall 

short on being of high quality. 
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4.3. Regression Models 

In the case of regressions, two exercises were made: one where the feature vector 

had both network and catalog characteristics, and the other with only network 

characteristics (see Table 9). Two algorithms were used: Random Forest Regression 

and Support Vector Regression (SVR); and were trained using the scikit-learn library 

from python. However, no results for SVR are shown, as the performance was worst 

in every possible scenario. Table 10 shows the targets for regression. The metrics 

employed to measure the quality of the regression models are shown on Table 17. 

Table 17: Description of regression metrics. Information taken from the sklearn 

documentation web page:  https://scikit-learn.org/stable/modules/model_evaluation.html 

Metric Description Formula Condition 

MAE  
(Mean Absolute 
Error) 

Corresponding to the expected value of 
the absolute error loss. 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑖

 𝐺𝑜𝑜𝑑: 0 < 𝑀𝐴𝐸 ≤ ∞ ∶  𝐵𝑎𝑑 

MAPE  
(Mean Absolute 
Percentage Error) 

The idea of this metric is to be sensitive 
to relative errors. It is for example not 
changed by a global scaling of the 
target variable. As some values could 
be 0, a very small arbitrary value is 
selected to avoid indetermination. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑦𝑖 − 𝑦̂𝑖|

𝑚𝑎𝑥(𝜖, |𝑦𝑖|)
,

𝑖

 𝜖 ≈ 0  𝐺𝑜𝑜𝑑: 0 < 𝑀𝐴𝑃𝐸 ≤ ∞ ∶ 𝐵𝑎𝑑 

MSE  
(Mean Square 
Error) 

Corresponding to the expected value of 
the squared (quadratic) error. 

 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑖

 𝐺𝑜𝑜𝑑: 0 < 𝑀𝑆𝐸 ≤ ∞ ∶ 𝐵𝑎𝑑 

R2  
(Coefficient of 
Determination) 

Proportion of variance (of y) that has 
been explained by the independent 
variables in the model. 

𝑅2(𝑦, 𝑦̂) = 1 −
∑ ((𝑦𝑖 − 𝑦̂𝑖)2)𝑖

∑ ((𝑦𝑖 − 𝑦̅)2)𝑖
 

 

𝐵𝑎𝑑: − ∞ < 𝑅2 ≤ 1: 𝐺𝑜𝑜𝑑 

 

Results of regressions are presented for 2D and 3D networks constructed with sets of 

50 events, using 1000 trees for the random forest algorithm, creating input vectors 

using network features, and comparing when catalog features are also used. An 

extended view of the results of the regressions can be found in the appendices. 

 



 

 

4.3.1 Days for the next earthquake regression 

The metrics of the regression of the number of days for the next earthquake are 

shown on Table 18. This table shows that the R2 metric for these experiments is below 

0.1; with some being negative, which means that the model is not suited to forecast. 

The catalog parameters improved a little the models, but even on those cases, the 

models were far from good. 

Table 18: Metrics for the Random Forest Regression of days for the next event.  

Net. Type N. Evs. N. trees Features MAE MSE MAPE R2 

2d 50 1000 Net 2.587 12.993 35.487 -0.019 

3d 50 1000 Net 2.601 13.126 37.081 -0.030 

2d 50 1000 Net/catalog 2.491 12.352 64.603 0.031 

3d 50 1000 Net/catalog 2.449 12.041 56.554 0.056 

 

To have a better look on these experiment, Figure 42, Figure 43, Figure 44 and Figure 

45 show the comparison between days for the next event real (X axis) vs. predicted (Y 

axis) using 2d and 3d networks, and using only network features and network plus 

catalog features. Important to have in mind that a perfect regression would be seen 

in this plots as a straight line. 

 

Figure 42: Random Forest Regression of days for the next event using only network features 

from 2D networks with 50 events windows. 
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Figure 43: Random Forest Regression of days for the next event using only network features 

from 3D networks with 50 events windows. 

 

Figure 44: Random Forest Regression of days for the next event using network and catalog 

features from 2D networks with 50 events windows. 



 

 

 

Figure 45: Random Forest Regression of days for the next event using network and catalog 

features from 3D networks with 50 events windows. 

 

4.3.2 Magnitude for the next event regression 

The metrics for the regression of magnitude for next event are shown on Table 19. 

This table shows that the magnitude regression has a R2 > 0 for all the experiments, 

which also accounts as a poor model to forecast magnitude. 

Table 19: Metrics for the Random Forest Regression of magnitude for the next event. 

Net. Type N. evs. N. trees Features MAE MSE MAPE R2 

2d 50 1000 Net 0.318 0.180 0.068 -0.123 

3d 50 1000 Net 0.317 0.177 0.068 -0.104 

2d 50 1000 Net/catalog 0.306 0.169 0.065 -0.055 

3d 50 1000 Net/catalog 0.302 0.163 0.065 -0.021 

 

As with the days for the next earthquake, Figure 46, Figure 47, Figure 48 and Figure 

49 show the comparison between real magnitude vs predicted magnitude for the next 

event using 2d and 3d networks, and using only network features and network plus 

catalog features. In these figures it is clear that the models are not appropriate for the 

desired task. 



  79 

 

 

 

 

Figure 46: Random Forest Regression of magnitude for the next event using only network 

features from 2D networks with 50 events windows. 

 

Figure 47: Random Forest Regression of magnitude for the next event using only network 

features from 3D networks with 50 events windows. 



 

 

 

Figure 48: Random Forest Regression of magnitude for the next event using network and 

catalog features from 2D networks with 50 events windows. 

  

 

Figure 49: Random Forest Regression of magnitude for the next event using network and 

catalog features from 3D networks with 50 events windows. 
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4.3.3 Logarithm of seismicity for the next events regression 

Models to forecast the seismicity of the next 10 and 20 events were made. The metrics 

for the regression of logarithm of the seismicity for the next 10 events are shown on 

Table 20. This table shows a R2 > 0.5 for the experiments, and a better performance 

on the network and catalog features case near 0.8.  

Table 20: Metrics for the Random Forest Regression of seismicity released by the next 10 

events. 

Net. Type N. evs. N. trees Features MAE MSE MAPE R2 

2d 50 1000 Net 0.949 1.867 0.057 0.523 

3d 50 1000 Net 0.936 1.831 0.056 0.533 

2d 50 1000 Net/catalog 0.604 0.858 0.037 0.781 

3d 50 1000 Net/catalog 0.607 0.870 0.037 0.778 

 

 

Figure 50: Random Forest Regression of seismicity of the next 10 events using network 

features and 2D networks with 50 events windows. 



 

 

 

 

Figure 51: Random Forest Regression of seismicity of the next 10 events using network 

features and 3D networks with 50 events windows. 

 

Figure 52: Random Forest Regression of seismicity of the next 10 events using network and 

catalog features and 2D networks with 50 events windows. 
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Figure 53: Random Forest Regression of seismicity of the next 10 events using network and 

catalog features and 3D networks with 50 events windows. 

 

Figure 50, Figure 51, Figure 52 and Figure 53 show the comparison between real vs 

predicted seismicity for the next 10 events using 2D and 3D networks, and using only 

network features and network plus catalog features. These figures agree with the 

observations shown on Table 20, that using both network and catalog features can 

improve the results. 

The metrics for the regression of logarithm of the seismicity for the next 20 events 

are shown on Table 21. This table shows also a R2 > 0.5 for the experiments, and a 

better performance on the network and catalog features case. 

Table 21: Metrics for the Random Forest Regression of seismicity released by the next 20 

events. 

Net. Type N. evs. N. trees Full/mod MAE MSE MAPË R2 

2d 50 1000 Net 0.884 1.712 0.052 0.546 

3d 50 1000 Net 0.891 1.689 0.053 0.552 

2d 50 1000 Net/catalog 0.475 0.631 0.028 0.833 

3d 50 1000 Net/catalog 0.493 0.720 0.029 0.810 

 



 

 

Table 21 show that the confidence levels are better for the next 20 events compared 

to the next 10 events case when looking at the R2 metric, and that the best values are 

when using the catalog information. 

Figure 55, Figure 56, Figure 54 and Figure 57 show the comparison between real vs 

predicted seismicity for the next 20 events using 2D and 3D networks, and using only 

network features and network plus catalog features. These figures also show that 

using catalog features improve the quality of the regression. 

 

 

Figure 54: Random Forest Regression of seismicity of the next 20 events using network and 

catalog features and 2D networks with 50 events windows. 
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Figure 55: Random Forest Regression of seismicity of the next 20 events using network 

features and 2D networks with 50 events windows. 

 

Figure 56: Random Forest Regression of seismicity of the next 20 events using network 

features and 2D networks with 50 events windows. 



 

 

 

Figure 57: Random Forest Regression of seismicity of the next 20 events using network and 

catalog features and 3D networks with 50 events windows. 
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4.4. Chapter highlights 

In this chapter different ML models have been trained using data from Earthquake 

Networks, to predict characteristics for next events. In general, classification models 

don’t have good results, as the data is highly unbalanced. ML algorithms were trained 

taking this into account. 

The time lapse between events is, in average, a little more than 4 days. Windows of 

50 events seem to be the better to create models, and there are two reasons to say 

this: The time lapse this number of events is not that long (maximum near a year, and 

on average a network spans half a year), compared to networks with 100 events 

(maximum near 500 days). The second reason is that results are similar and 

sometimes better than using windows of 100 events. On the other side, 10-events 

window seem to be short to forecast using EN. 

Classification models had poor results, no matter which model was used. Forecasting 

characteristics for a next earthquake is a hard task and the use of these techniques to 

create feature vectors for a ML algorithm is not enough.  

The regression models using RF had low errors for seismicity target outputs, but high 

for time and magnitude for the next event. The R2 coefficient was very low when 

trying to forecast the magnitude and the day for the next event, which fits in the 

conclusion about forecasting characteristics for a next earthquake. However, when 

forecasting seismicity for the next set of events, the model were promising, and 

improved a lot when network features were complemented with seismicity 

characteristics, resulting in R2 coefficients near 0.8 which is an indicator of a good 

model in seismology.  

  



 

 

Chapter 5 
Conclusions and Discussion 

Forecasting of seismic events is a very difficult task, due to the impossibility to actually 

see what is in the interior of the earth. However, a pipeline of the process of creation 

of the seismicity model supported by ECN networks and ML can be summarized by 

Figure 58. 

 

Figure 58: Pipeline for the creation of the seismicity model supported by Earthquake 

Networks and ML 

This thesis, as far as it is known, is the first use of earthquake networks and ML models 

to forecast characteristics of the seismicity. Following the ontology described in 

Chapter 4, regression and classification models were trained. In general, the 

regression models showed good metrics, and the classification models poor metrics. 

Earthquake Networks are a seismicity representation model that captures the 

relationship between events. In the literature, characteristics of these networks such 

as mean degree, or global clustering, have been analyzed and in some cases, they 

change before a big event occurs, which suggest their use to forecasting models. A 

good choice of a cell size for the Earthquake Networks can be achieved by plotting the 

entropy of the degree probability distribution versus cell size and comparing it with 

the entropy of similar Erdös-Renyi networks, and selecting when the ECN plot crosses 

the ER plot. 
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The analysis of seismicity must be able to evaluate how the targets change over time. 

In the case of this experiment, seismicity for a set of events, days between events, 

magnitude and location targets were evaluated. The classification models were not 

good enough to forecast the sub-region where a subsequent event could occur, 

neither if the next event can be classified with a label associated with the magnitude. 

However, the regression experiments were successful in forecasting how many days 

until the next event, or what would be the seismicity for the next 10 or 20 events. This 

information is of great importance, as it makes it possible to say if the energy released 

by the next events will be high or low and help the respective agencies to prepare for 

such scenarios. 

The fact that a simple ML model such as Regression Random Forest can have a good 

representation of the changes in time and seismicity for the next events suggests that 

the feature engineering was adequate. 

In seismology, there are some parameters related to the complexity of the 

phenomenon. In the Gutenberg register distribution, the b parameter can be seen as 

the relationship between magnitude of events and their frequency. This parameter 

tends to be b~1 in all seismic regions (Stein et al, p. 274 [1]). Deviation from this value 

sometimes occurs, and sometimes they are associated with changes in the seismic 

regime. The same might happen with parameters from the ECN in a region: there are 

some cell sizes to construct ECN where the entropy is similar to random ER networks, 

and when a network has an entropy that varies from a similar ER Network then some 

variation in the seismicity might be announcing. 

Traditional ML models such as RF and SVM, and DGCNN have a similar response to 

classify the target outputs. As the literature has shown, predicting aspects of the 

seismicity in a region is a hard task, and training the classification models have shown 

poor results. However, when creating regression models, the forecasting of the time 

for the next event, the magnitude of next event, and the seismicity for the next 10 

and 20 events have shown good metrics. 

Although the DGCNN didn't show good results to classify the target outputs, the 

parameters used to train these models such as the kernel size of the first 

convolutional layer might have an impact in the quality of the models. These models 

were a little better than those dealing with the imbalance, but still were not good. 

The possibility to integrate the proposed ontology to real-time operations in a seismic 

Network to forecast aspects of the seismicity exists. In this scenario, the models can 



 

 

be updated with new observations using traditional ML models, because these 

models needed a short time to be trained; unlike the DGCNN, where the training was 

long, and given that both types of models resulted in similar metrics, a simpler model 

would be preferred. The next phase of this research might be using convolutional 

networks with graphs, in this case EN, to make regressions for the variables proposed 

in this thesis: the time and magnitude for the next event, and the energy release by 

the next events. 

The use of depth in the creation of the earthquake networks, that is, to construct 3D 

or 2D networks, doesn’t have a significant impact on the results, except for the 

DGCNN model created to classify the 2 class Magnitude Binning with a high precision 

for high class despite a very low recall. However, a 3D ECN seems to be a better fit for 

the creation of these models. Also, the use of catalog information; that is, the energy, 

the time span for each window and the seismicity; helps the models to improve. 

This thesis fulfilled in a way all the objectives that were set at the beginning. However, 

some of them were partially fulfilled, such as the semi-automatic annotation scheme. 

The ontology defined aimed to complete this objective, but the actual 

implementation using some language such as JSON-LD or OWL was not actually made, 

because at the completion of this thesis the resulting model is more conceptual and 

is not fully implemented as a software with services to ingest data from observatories 

or so. A future step of this research could be aimed towards a fully working 

implementation, defining a database schema to store results and configurations, web 

services to ingest data when a recent earthquake occurs and create new Earthquake 

Networks and update the model, and maybe generating messages to selected people 

following the estimated states from the working model. 

The best models were for the seismicity for the next set of earthquakes, using both 

network and catalog features. Although the best metrics was reached forecasting the 

seismicity for the next 20 events, it is preferred to forecast a shorter time span, as it 

is closer to trigger an immediate response if necessary. A summary of the preferred 

parameters to train a ML algorithm to model the seismicity in the region surrounding 

Colombia might be the following: 

• Cell sizes of 50 km. 

• Event windows of 50 events. 

• 2D Earthquake Network. 
• Random Forest with 1000 trees. 
• Network and catalog features.  
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APPENDIX 1: Measures taken from the earthquake networks (EN) constructed with 

different cell sizes (dx). 

dx Nodes Edges k γ C APL SW H D Complexity 

10 4345 6090 2.8032 2.1511 0.0394 5.5843 88.8515 0.0771 0.0312 0.0024 

12 4070 6029 2.9627 2.5204 0.0451 5.1144 92.7115 0.0939 0.0291 0.0027 

14 3777 5931 3.1406 2.5501 0.0615 4.6479 114.4515 0.1100 0.0277 0.0030 

16 3543 5826 3.2887 2.5399 0.0641 4.4053 107.6615 0.1240 0.0266 0.0033 

18 3267 5767 3.5305 2.6329 0.0814 4.1120 117.4450 0.1417 0.0262 0.0037 

20 3007 5687 3.7825 2.2007 0.0957 3.9207 116.7563 0.1592 0.0259 0.0041 

22 2835 5525 3.8977 2.3315 0.1139 3.7026 130.7151 0.1723 0.0245 0.0042 

24 2588 5456 4.2164 2.2828 0.1326 3.5332 125.7863 0.1913 0.0252 0.0048 

26 2435 5406 4.4402 2.0904 0.1422 3.4512 118.1652 0.2044 0.0243 0.0050 

28 2271 5328 4.6922 2.1687 0.1468 3.3695 105.4048 0.2136 0.0261 0.0056 

30 2109 5162 4.8952 1.9697 0.1713 3.2091 110.8437 0.2325 0.0261 0.0061 

32 1964 5270 5.3666 2.1376 0.1470 3.2974 73.6363 0.2454 0.0272 0.0067 

34 1802 4930 5.4717 1.9448 0.2115 3.0337 101.2912 0.2565 0.0276 0.0071 

36 1669 4786 5.7352 2.0096 0.2324 2.9513 97.3503 0.2725 0.0274 0.0075 

38 1581 4786 6.0544 1.7763 0.2283 2.9480 82.7237 0.2831 0.0297 0.0084 

40 1460 4976 6.8164 1.6412 0.2119 3.0265 56.9358 0.2947 0.0342 0.0101 

42 1384 4669 6.7471 1.7995 0.2199 2.9278 58.3797 0.3039 0.0326 0.0099 

44 1287 4440 6.8998 1.7909 0.2489 2.8155 61.1305 0.3204 0.0329 0.0105 

46 1222 4225 6.9149 2.0006 0.2699 2.7499 63.7716 0.3284 0.0313 0.0103 

48 1137 4310 7.5814 1.8437 0.2660 2.7334 50.6918 0.3442 0.0330 0.0114 

50 1058 4517 8.5388 1.7291 0.2691 2.7649 39.1629 0.3572 0.0370 0.0132 

52 994 4440 8.9336 1.7338 0.2640 2.7307 33.8994 0.3749 0.0384 0.0144 

54 941 4218 8.9649 1.7164 0.3074 2.6597 37.8708 0.3804 0.0380 0.0144 

56 878 4116 9.3759 1.6258 0.2873 2.6448 30.8074 0.3899 0.0409 0.0159 

58 829 3958 9.5489 1.5739 0.3040 2.5965 30.2719 0.4072 0.0413 0.0168 

60 792 3857 9.7399 1.4044 0.3207 2.5658 29.8031 0.4082 0.0445 0.0182 

62 748 4010 10.7219 1.4550 0.3225 2.5587 24.5299 0.4221 0.0456 0.0192 

64 698 3584 10.2693 1.6855 0.3087 2.4745 23.8375 0.4394 0.0430 0.0189 

66 659 3794 11.5144 1.5563 0.3337 2.4701 20.5372 0.4563 0.0462 0.0211 

68 623 3518 11.2937 1.4470 0.3454 2.4042 21.0378 0.4642 0.0466 0.0216 

70 582 3469 11.9210 1.4350 0.3532 2.3658 18.7217 0.4806 0.0470 0.0226 

72 559 3562 12.7442 1.4339 0.3578 2.3939 16.2957 0.4944 0.0507 0.0251 

74 526 3448 13.1103 1.3977 0.3448 2.3201 14.5152 0.5086 0.0482 0.0245 

76 506 3618 14.3004 1.3067 0.3657 2.3560 12.8559 0.5173 0.0509 0.0263 

78 479 3522 14.7056 1.2245 0.3654 2.3735 11.5132 0.5193 0.0528 0.0274 

80 463 3404 14.7041 1.3767 0.3853 2.3657 11.7092 0.5295 0.0532 0.0282 

82 442 3602 16.2986 1.2631 0.3869 2.3880 9.5897 0.5441 0.0586 0.0319 

84 429 3386 15.7855 1.2392 0.3892 2.3286 9.9799 0.5488 0.0590 0.0324 

86 425 3166 14.8988 1.1956 0.3561 2.3290 9.7712 0.5410 0.0580 0.0314 
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88 387 3162 16.3411 1.3510 0.4219 2.2851 9.3253 0.5649 0.0617 0.0349 

90 377 3160 16.7639 1.0862 0.3983 2.2848 8.2489 0.5709 0.0583 0.0333 

92 359 3042 16.9471 1.0446 0.3812 2.2312 7.5243 0.5860 0.0600 0.0352 

94 342 3025 17.6901 1.1414 0.4099 2.2414 7.1809 0.5920 0.0613 0.0363 

96 327 2881 17.6208 1.1322 0.4130 2.1858 7.0758 0.6031 0.0612 0.0369 

98 321 2849 17.7508 1.0789 0.3864 2.1964 6.3837 0.6088 0.0551 0.0336 

100 314 2975 18.9490 1.1726 0.4502 2.2147 6.5838 0.6012 0.0627 0.0377 

102 295 2725 18.4746 1.0318 0.4407 2.1777 6.3007 0.6104 0.0621 0.0379 

104 286 2573 17.9930 1.0462 0.4499 2.1656 6.4630 0.6198 0.0619 0.0384 

106 278 2538 18.2590 0.8877 0.4649 2.1969 6.2423 0.6151 0.0619 0.0380 

108 265 2582 19.4868 1.0549 0.4517 2.1537 5.3583 0.6440 0.0659 0.0424 

110 256 2660 20.7813 1.0709 0.5090 2.1481 5.3348 0.6411 0.0725 0.0465 

112 240 2524 21.0333 0.8882 0.4756 2.1202 4.6053 0.6547 0.0698 0.0457 

114 232 2419 20.8534 0.9819 0.4785 2.1135 4.5165 0.6753 0.0655 0.0442 

116 229 2351 20.5328 1.0269 0.4946 2.1011 4.7206 0.6748 0.0719 0.0485 

118 225 2379 21.1467 0.8447 0.5342 2.1156 4.7684 0.6578 0.0741 0.0488 

120 214 2368 22.1308 0.7787 0.5460 2.1057 4.3439 0.6724 0.0765 0.0515 

 

  



 

 

APPENDIX 2: Regression metrics extended. 

Regression metrics - Next event days 

Net. Type N. Evs. N. trees Full/mod MAE MAPE MSE R2 

2d 50 1000 full 0.918 1.788 25.292 0.868 

2d 100 1000 full 0.919 1.827 16.151 0.864 

3d 100 1000 full 0.920 1.834 16.586 0.863 

3d 50 1000 full 0.921 1.817 25.266 0.865 

2d 10 1000 full 0.927 1.835 22.958 0.864 

2d 50 100 full 0.928 1.859 23.792 0.862 

3d 100 100 full 0.929 1.895 13.471 0.859 

2d 100 100 full 0.930 1.891 16.666 0.859 

3d 100 1000 mod 1.010 2.284 15.610 0.830 

2d 50 1000 mod 1.011 2.147 39.809 0.841 

3d 50 1000 mod 1.011 2.166 39.456 0.839 

2d 100 1000 mod 1.014 2.338 17.327 0.825 

3d 100 100 mod 1.018 2.344 15.384 0.825 

2d 100 100 mod 1.021 2.399 16.167 0.821 

2d 50 100 mod 1.024 2.232 38.264 0.835 

3d 50 100 mod 1.025 2.256 38.495 0.833 

 

Regression metrics - Magnitude next event 

Net. Type N. evs. N. trees Full/mod MAE MAPE MSE R2 

3d 50 1000 full 0.117 0.026 0.025 0.859 

2d 50 1000 full 0.118 0.027 0.025 0.858 

3d 50 100 full 0.118 0.028 0.025 0.853 

3d 100 1000 full 0.119 0.028 0.025 0.854 

2d 100 1000 full 0.119 0.027 0.025 0.855 

2d 50 100 full 0.119 0.028 0.025 0.852 

3d 100 100 full 0.120 0.029 0.025 0.848 

2d 100 100 full 0.120 0.029 0.025 0.848 

3d 100 1000 mod 0.126 0.032 0.027 0.828 

3d 50 1000 mod 0.127 0.032 0.027 0.830 

3d 100 100 mod 0.128 0.034 0.027 0.822 

3d 50 100 mod 0.128 0.033 0.027 0.826 

2d 50 1000 mod 0.129 0.033 0.027 0.823 

2d 100 1000 mod 0.129 0.034 0.027 0.820 

2d 50 100 mod 0.130 0.034 0.028 0.817 

2d 100 100 mod 0.131 0.035 0.028 0.814 
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Regression metrics - Logarithm of seismicity for the next 10 events 

Net. Type N. evs. N. trees Full/mod MAE MAPE MSE R2 

3d 100 1000 full 0.177 0.077 0.011 0.979 

3d 100 100 full 0.180 0.081 0.011 0.978 

2d 100 1000 full 0.181 0.082 0.011 0.977 

2d 100 100 full 0.185 0.087 0.011 0.976 

3d 50 1000 full 0.203 0.097 0.012 0.972 

2d 50 1000 full 0.205 0.097 0.012 0.972 

3d 50 100 full 0.209 0.105 0.013 0.970 

2d 50 100 full 0.212 0.106 0.013 0.969 

3d 100 1000 mod 0.277 0.173 0.017 0.952 

3d 100 100 mod 0.281 0.181 0.017 0.950 

2d 100 1000 mod 0.291 0.188 0.018 0.948 

2d 100 100 mod 0.296 0.198 0.018 0.945 

2d 50 1000 mod 0.321 0.218 0.019 0.937 

3d 50 1000 mod 0.321 0.221 0.019 0.936 

2d 50 100 mod 0.324 0.229 0.020 0.934 

3d 50 100 mod 0.326 0.232 0.020 0.933 

Regression metrics: Logarithm of seismicity for the next 20 events 

Net. Type N. evs. N. trees Full/mod MAE MAPE MSE R2 

3d 100 1000 full 0.118 0.042 0.007 0.988 

3d 100 100 full 0.122 0.044 0.007 0.987 

2d 100 1000 full 0.125 0.048 0.007 0.986 

2d 100 100 full 0.129 0.052 0.008 0.985 

3d 50 1000 full 0.150 0.064 0.009 0.980 

2d 50 1000 full 0.154 0.064 0.009 0.980 

3d 50 100 full 0.155 0.070 0.009 0.979 

2d 50 100 full 0.158 0.068 0.009 0.979 

3d 100 1000 mod 0.222 0.120 0.013 0.966 

3d 100 100 mod 0.226 0.125 0.013 0.964 

2d 100 1000 mod 0.250 0.142 0.015 0.959 

2d 100 100 mod 0.255 0.151 0.015 0.957 

3d 50 1000 mod 0.283 0.178 0.017 0.946 

3d 50 100 mod 0.289 0.189 0.017 0.942 

2d 50 1000 mod 0.295 0.185 0.018 0.943 

2d 50 100 mod 0.299 0.194 0.018 0.941 

 



 

 

APPENDIX 3: Publications made during the doctoral studies. 

 


















































































































































