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RESUMO

FERREIRA, L. N. Mineração de dados em séries temporais usando redes complexas. 2017.
147 p. Tese (Doutorado em Ciências – Ciências de Computação e Matemática Computacional) –
Instituto de Ciências Matemáticas e de Computação, Universidade de São Paulo, São Carlos –
SP, 2017.

Séries temporais são conjuntos de dados ordenados no tempo. Devido à ubiquidade desses dados,

seu estudo é interessante para muitos campos da ciência. A mineração de dados temporais é uma

área de pesquisa que tem como objetivo extrair informações desses dados relacionados no tempo.

Para isso, modelos são usados para descrever as séries e buscar por padrões. Uma forma de

modelar séries temporais é por meio de redes complexas. Nessa modelagem, um mapeamento é

feito do espaço temporal para o espaço topológico, o que permite avaliar dados temporais usando

técnicas de redes. Nesta tese, apresentamos soluções para tarefas de mineração de dados de

séries temporais usando redes complexas. O objetivo principal foi avaliar os benefícios do uso da

teoria de redes para extrair informações de dados temporais. Concentramo-nos em três tarefas de

mineração. (1) Na tarefa de agrupamento, cada série temporal é representada por um vértice e as

arestas são criadas entre as séries de acordo com sua similaridade. Os algoritmos de detecção de

comunidades podem ser usados para agrupar séries semelhantes. Os resultados mostram que esta

abordagem apresenta melhores resultados do que os resultados de agrupamento tradicional. (2)

Na tarefa de classificação, cada série temporal rotulada em um banco de dados é mapeada para

um gráfico de visibilidade. A classificação é realizada transformando uma série temporal não

marcada em um gráfico de visibilidade e comparando-a com os gráficos rotulados usando uma

função de distância. O novo rótulo é dado pelo rótulo mais frequente nos k grafos mais próximos.

(3) Na tarefa de detecção de periodicidade, uma série temporal é primeiramente transformada

em um gráfico de visibilidade. Máximos locais em uma série temporal geralmente são mapeados

para vértices altamente conectados que ligam duas comunidades. O método proposto utiliza a

estrutura de comunidades para realizar a detecção de períodos em séries temporais. Este método é

robusto para dados ruidosos e não requer parâmetros. Com os métodos e resultados apresentados

nesta tese, concluímos que a teoria da redes complexas é benéfica para a mineração de dados em

séries temporais. Além disso, esta abordagem pode proporcionar melhores resultados do que os

métodos tradicionais e é uma nova forma de extrair informações de séries temporais que pode

ser facilmente estendida para outras tarefas.

Palavras-chave: Mineração de séries temporais, Redes complexas, Mineração de grafos, Detec-

ção de comunidades, Agrupamento.





ABSTRACT

FERREIRA, L. N. Time series data mining using complex networks. 2017. 147 p. Tese (Dou-
torado em Ciências – Ciências de Computação e Matemática Computacional) – Instituto de
Ciências Matemáticas e de Computação, Universidade de São Paulo, São Carlos – SP, 2017.

A time series is a time-ordered dataset. Due to its ubiquity, time series analysis is interesting

for many scientific fields. Time series data mining is a research area that is intended to extract

information from these time-related data. To achieve it, different models are used to describe

series and search for patterns. One approach for modeling temporal data is by using complex

networks. In this case, temporal data are mapped to a topological space that allows data

exploration using network techniques. In this thesis, we present solutions for time series data

mining tasks using complex networks. The primary goal was to evaluate the benefits of using

network theory to extract information from temporal data. We focused on three mining tasks. (1)

In the clustering task, we represented every time series by a vertex and we connected vertices

that represent similar time series. We used community detection algorithms to cluster similar

series. Results show that this approach presents better results than traditional clustering results.

(2) In the classification task, we mapped every labeled time series in a database to a visibility

graph. We performed classification by transforming an unlabeled time series to a visibility graph

and comparing it to the labeled graphs using a distance function. The new label is the most

frequent label in the k-nearest graphs. (3) In the periodicity detection task, we first transform a

time series into a visibility graph. Local maxima in a time series are usually mapped to highly

connected vertices that link two communities. We used the community structure to propose

a periodicity detection algorithm in time series. This method is robust to noisy data and does

not require parameters. With the methods and results presented in this thesis, we conclude that

network science is beneficial to time series data mining. Moreover, this approach can provide

better results than traditional methods. It is a new form of extracting information from time

series and can be easily extended to other tasks.

Keywords: Time series data mining, Complex networks, Graph mining, Community detection,

Clustering.
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CHAPTER

1

INTRODUCTION

A time series is a set of ordered values in time (MORETTIN; TOLOI, 2006). Examples

of time series are the daily temperature, the stock price variation, heart beats per second, etc. It is

possible to observe these sets of ordered data in many fields of science. Therefore, the study of

time series has several applications in many different areas of knowledge, such as robotics (RA-

MONI; SEBASTIANI; COHEN, 2000), space science (VLACHOS et al., 2003), speech recog-

nition (TRAN; WAGNER, 2002), energy consumption (CUARESMA et al., 2004), medicine

(BURKOM; MURPHY; SHMUELI, 2007), genetics (LIN; KAMINSKI; BAR-JOSEPH, 2008),

ecology (LI et al., 2001), music (WEIHS; LIGGES; SOMMER, 2006), finances (SONG; LI,

2008), criminology (GORR; OLLIGSCHLAEGER; THOMPSON, 2003), hydrology (OUYANG

et al., 2010), seismology (MORALES-ESTEBAN et al., 2010), meteorology (ROMILLY, 2005),

and many others.

The systematic study of time-correlated data is called time-series analysis (SHUMWAY;

STOFFER, 2011). It uses two different approaches of analysis: time and frequency. In the

temporal approach, it is considered that an observed data depends on another data that was

previously observed. In this type of approach, the idea is to construct mathematical models that

describe the series as a function of time and that can be used to make predictions. The frequency

approach performs a transformation of the series into the frequency spectrum and uses models to

decompose the series into simpler parts to find periodicity in the observations of the series. This

strategy can be used to find cycles and describe seasonality. Among the most common forecasting

methods, we cite the Autoregressive Integrated Moving Average (ARIMA) (BOX; REINSEL;

JENKINS, 1994), decision trees (BREIMAN et al., 1984), k-nearest neighbors (ALTMAN,

1992), artificial neural networks (ANN) (BISHOP, 1995), bayesian networks (NEAPOLITAN,

2003), support vector machines (SVM) (DRUCKER et al., 1996), Hidden Markov Models

(HMM) (CAPPÉ; MOULINES; RYDEN, 2005), and Kalman filters (HARVEY, 1990). The

most used techniques to study the frequency domain are the Fourier transform (BLOOMFIELD,

2004) and wavelets (PERCIVAL; WALDEN, 2000).
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A new approach to the study of sequential data is the time series data mining. It can

be defined as the extraction of non-trivial information from a database (LAXMAN; SASTRY,

2006). Unlike time series analysis, data mining techniques traditionally treat temporal data as an

unordered collection of events and ignore temporal information (MITSA, 2010). The study scope

is also not limited to series forecasting and control. In temporal data mining, the study is divided

into seven tasks (ESLING; AGON, 2012): (1) Search: given a search query, this task consists of

searching a database for a time series that satisfies the query (FALOUTSOS; RANGANATHAN;

MANOLOPOULOS, 1994); (2) Motif detection: consists of searching recurrent subsequence

(motifs) in a time series (LIN et al., 2004). Periodicity detection is also related to this task;

(3) Anomaly detection: this task consists of finding subsequences in the series that differ from

the standard pattern (WEISS, 2004); (4) Segmentation: Consists of finding approximations for

the series in order to reduce its dimensionality without losing its fundamental characteristics

(KEOGH et al., 1993); (5) Clustering: this task can be divided into two subtasks, the first

approach is to group a set of time series of a database and the second one consists on grouping

subsequences of one or more series (FU, 2011); (6) Classification: This task consists of using a set

of previously classified (labeled) series and training an algorithm to assign labels to an unlabeled

series (BAKSHI; STEPHANOPOULOS, 1994); (7) Forecasting: Consists of using a model to

capture temporal correlation in order to predict future values (WEIGEND; GERSHENFELD,

1994).

Different models have been used to study time series. A new way of modeling and

analyzing time series is through complex networks. With this approach, it is possible to describe

the interaction between the vertices of the network and the dynamics that govern them (STRO-

GATZ, 2001). This approach has been used in several fields of science due to the capability

of modeling different complex systems in a unified form (NEWMAN, 2003; SAYAMA et al.,

2013). Therefore, it is possible to study different types of networks and find common proper-

ties. Complex networks are usually formed by a large number of connected vertices forming

a non-trivial topology (BOCCALETTI et al., 2006). Examples of complex networks are the

social networks (WASSERMAN; FAUST; IACOBUCCI, 1994; SCOTT, 2000), collaboration

network in scientific articles (BARABÁSI et al., 2002), World Wide Web (WWW) (HUBER-

MAN, 2003), the wired internet (Fig. 1) (FALOUTSOS; FALOUTSOS; FALOUTSOS, 1999),

email exchanges network (EBEL; MIELSCH; BORNHOLDT, 2002; NEWMAN; FORREST;

BALTHROP, 2002), phone calls (AIELLO; CHUNG; LU, 2000; AIELLO; CHUNG; LU, 2002),

power distribution networks (WATTS; STROGATZ, 1998), airlines (AMARAL et al., 2000),

neural networks (SPORNS, 2002), and interaction between proteins (MASLOV; SNEPPEN,

2002). Furthermore, other systems can be modeled as networks, such as dynamic systems and

time series (DONNER et al., 2011). For example, vertices can represent the subsequences of

the series and the edges represent the correlation between two different subsequences (YANG;

YANG, 2008).

After representing the domain by a network, it is possible to study the network topology
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Figure 1 – Partial map of the world wide web extracted in June 1999.

Source: Cheswick, Burch and Branigan (2000).

and dynamics to extract relevant information. This study originated in the late 1950s with the

work of Erdös and Rényi (1959) that studied random networks and proposed a model for their

generation. However, this random model does not explain many real networks. In social networks,

new friendships are not formed at random. People tend to meet close people, i.e., people who

are friends in common. Another property of social networks is that people taken at random are

on average separated from each other by just a few other people. This feature is called “small

world” and had motivated the creation of a network model with the same name. This model

was proposed by Watts and Strogatz (1998) and has the capability of generating networks that

present the same characteristics of social networks. At the same time, Barabasi and Albert

(1999) demonstrated that several real networks show a topology formed by many vertices with

few connections and few vertices with many connections (hubs). They also observed that the

probability distribution of the number of connections by vertices (degree) of these networks

follows a power law distribution p(k)∼ k−λ , where λ is a constant that varies between 2 and 3. In

random networks, the degree distribution follows a Poisson and the average degree 〈k〉 indicates

the scale of the network, since a randomly chosen vertex will have degree k = 〈k〉±〈k〉 1
2 . On the

other hand, in the networks studied by Barabasi and Albert (1999), the average degree cannot be

used as a scale to predict the degree of a vertex taken at random. That is why this model is called
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free-scale networks.

Among the many different properties of real networks, one of the most studied is the

structure of communities. These structures are groups of densely connected vertices (communi-

ties) with a few connections between this groups and others. Communities appear in several types

of real networks (PORTER; ONNELA; MUCHA, 2009). In networks of protein interaction, com-

munities can be used to classify unknown proteins (GIRVAN; NEWMAN, 2002). Other examples

of real networks that have the same property are the social networks (TRAUD et al., 2011), email

exchange (TYLER; WILKINSON; HUBERMAN, 2003), food chains (GIRVAN; NEWMAN,

2002), and correlation networks between time series of the stock market (BONANNO; VANDE-

WALLE; MANTEGNA, 2000). The community detection problem is analogous to the graph

partition problem in graph theory. The latter one is an NP-Complete problem (FORTUNATO,

2010). However, many heuristics have been developed to find approximately optimal solutions.

These algorithms use different approaches to detect communities. Examples include the modu-

larity maximization (CLAUSET; NEWMAN; MOORE, 2004), spectral analysis (DONETTI;

MUÑOZ, 2004), random walks (PONS; LATAPY, 2005), label propagations (RAGHAVAN;

ALBERT; KUMARA, 2007), information compression (ROSVALL; BERGSTROM, 2008),

particles competition (QUILES et al., 2008), collective intelligence (OLIVEIRA; ZHAO, 2008),

Oscillator synchronization (ZHAO; CUPERTINO; JR., 2008), and consensus (CUPERTINO;

HUERTAS; ZHAO, 2013).

1.1 Objectives

The objective of this thesis is to study and propose solutions for time series data mining

using complex networks. In this approach, we map time series to the topological space and

explore them using network techniques. The central question behind this research is: “Can

complex networks bring advantages to time series data mining?”. To tackle this general question,

we have broken it into the tasks of time series data mining. In this thesis, we decided to treat

three tasks: clustering, classification and periodicity detection. In the following, we present the

specific objectives:

• Time series clustering: In this task, the objective is to propose a time series clustering

technique based on community detection in networks. The hypothesis is that community

detection algorithms could better detect groups of similar time series. To check this

hypothesis, we verified what are the best combination of network construction method,

time series distance function, and community detection algorithm. Then, we used these

methods to propose new time series clustering method. We wanted to check if this new

approach would present better results than traditional methods.

• Time series classification: The goal here is to propose a time series classification method

based on graphs. The idea is to transform a set of time series to the topological space. This
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transformation process permits the use of the whole graph theory and network science

to help in the classification process. Previous works (WANG et al., 2013) show that the

k-NN classifier is very difficult to beat. This classifier uses a distance function to compare

the unlabeled time series to the labeled ones. What we wanted is to transform the time

series comparison problem into a graph matching problem. The hypothesis was that the

difference between classes would be translated to the topology of the resulting networks.

• Periodicity detection: The goal was to propose a method for periodicity detection in

time series using network science. Here again, we decided to transform a time series to

the topological space to use network techniques to find periodicity. There are different

approaches to transforming a time series into a graph. Some of them generate interesting

graph features. For this task, we take advantage of a transformation method and use it to

propose a new method to detect periodicity.

1.2 Motivation

The study of time series is interesting for many fields of science. In many of these areas,

there is an interest in extracting and analyzing large amounts of sequential data. The general

objective is to be able to control specific applications in different areas of knowledge. Thus, the

development and improvement of techniques that solve data mining tasks are fundamental. The

main tasks are the detection of anomalies, detection of periodicities, trend detection, prediction,

grouping, classification, signal processing and control of dynamic systems. Understanding how

time series are generated and how their dynamics occur can enable the extraction of knowledge

that can be used for decision making.

From the characterization works of complex networks (COSTA et al., 2007), it was

possible to study several real systems based on networks. These studies allowed a better under-

standing of the relationship between network structure and dynamics (BOCCALETTI et al.,

2006; NEWMAN; BARABASI; WATTS, 2006). The successful application of network theory in

many fields of science motivated the use of this theory to study time series (ZHANG; SMALL,

2006; YANG; YANG, 2008; LACASA et al., 2008; Donner et al., 2009; MARWAN et al., 2009;

CAMPANHARO et al., 2011; SMALL, 2013; ZOU et al., 2014). Complex networks can capture

important complementary characteristics that the traditional methods of time series analysis are

not able to detect (DONNER et al., 2010). Moreover, this new model might find new patterns

that can be used to develop new techniques for data mining in time series.

Information extraction from connected structures, such as networks and graphs, is by

itself a challenge (GETOOR, 2003). One of the primary motivations for studying structured data

in networks is that connections (edges) between data (vertices) can demonstrate certain patterns

that may be useful for many data mining tasks, but which are hardly captured by traditional

statistical models. Once the data are represented as a network, new specific tasks arise in the
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data mining process. The main tasks are the identification of edges types, prediction of the force

(weight) of the connections and the estimation of the number of smaller paths between vertex

pairs (GETOOR, 2003). In addition to these, classification and clustering tasks should also take

into account the links between the data. In summary, the network structure presents additional

information in the relationship (edges) between the data. Using this information is the biggest

challenge in this type of data mining.

One challenge in time series data mining is the processing of large data series (YANG;

WU, 2006). As much as the technological advance has brought faster processors, the amount of

data generated has increased exorbitantly. This huge amount of data makes impossible to use

many data mining techniques due to processing time. Complex networks focus on studying real

networks, which in most cases are large and dynamic. Thus, most of the methods developed

for extracting information from networks take into account these two factors. Therefore, these

techniques are suitable for time series data mining and might be a useful tool to evaluate large

series.

Another problem with conventional data mining techniques involves noise (YANG; WU,

2006). Noises are imperfections or poor data quality, including missing data, inconsistent values,

duplicate data, or measurement errors. Considering that it is not possible to avoid noise in the

data, there are two ways to deal with such problems. The first approach is to preprocess the data

to correct the problems. The second option is to build robust data mining techniques that tolerate

data noise (TAN; STEINBACH; KUMAR, 2005). Many of the existing temporal data mining

techniques are not able to extract information from noise data, which reduces the effectiveness of

prediction algorithms. The use of complex networks for the study of time series allows obtaining

more information about the series than the traditional techniques. Consequently, it might permit

the development of techniques that are more effective against the noise present in the data.

Considering that time series are composed of large amounts of data, many grouping

techniques preprocess the data to extract feature vectors. However, during this process, some

information about the series may be lost. This same problem occurs when traditional data

mining methods are applied to structured databases, such as graphs, trees, or relational tables

(COOK; HOLDER, 2006). It may occur because conventional algorithms do not take into

account the relationships in the data. These techniques require that the structured data should be

first transformed into an unstructured data. During this process, the information contained in the

relationships is lost (DŽEROSKI, 2003). In complex networks, several clustering algorithms

(community detection) have been proposed to find groups of vertices without having to transform

them, i.e., directly from the network structure (FORTUNATO, 2010). Furthermore, most of them

are designed to process large amounts of data. Thus, applying these algorithms to the task of

grouping time series can bring better results.

In the time series classification task, the best results were obtained using the k-NN (k = 1)

algorithm with the dynamic time warping (DTW) distance (XI et al., 2006). One natural question
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here is: is this the best possible result? The DTW distance first aligns two series and compare

them. This alignment problem is analogous to the graph matching problem in graph theory, a

well-known problem. The similarity between the two problems motivated us to transform time

series into networks and take advantage of graph theory to classify time series.

Another interesting problem is the search for recurrent patterns in time series. Many

clustering techniques were used in the attempt to group similar subsequences (Sec. 2.4.1.2).

However, a study by Keogh, Lin and Truppel (2003) has shown that using this approach to search

for patterns in series yields insignificant results. Regardless of the time series, the results will be

similar. It happens because the used subsequences were generated from sliding windows. This

deficiency motivates the use of alternative techniques for the modeling of subsequences. A new

way of representing temporal data is through networks. This mapping of series to a topological

space can preserve essential characteristics of the series that other models cannot. Also, once

represented in the form of a network, it is not necessary to adapt clustering algorithms to work

with networks, since many community detection algorithms have already been proposed (Sec.

3.4) and can be used to group similar vertices (subsequences).

1.3 Thesis contributions

Here we present how we tackled the objectives proposed in this thesis.

• Time series clustering: We proposed a network-based method for whole time series clus-

tering. The idea was to map every time series from a database to a network. We represent

each time series by a vertex and we connect two vertices if the two underlying time series

are similar. The similarity was measured using any time series distance functions. After

the network construction, we used community detection algorithms to find groups of

highly connected vertices. We tested different combinations of distance functions, network

construction methods, and community detection algorithms to verify which combination

provides the best result. We compared the results to traditional clustering algorithms and

observed that this approach is statistically better than traditional clustering methods. In

chapter 4 we presented these results in details.

• Time series classification: We propose a new time series classification method based on

graphs. We chose the visibility graph algorithm to transform a time series into a graph.

One main feature of this transformation method is that affine transformations from one

time series lead to the same graph. Another point is that small variations (noise) in the time

series may result in the same graph. These features are interesting when time series from

the same class are affine transformations of one another. In literature, the k-NN classifier

with DTW is considered very difficult to beat. This time series distance function first aligns

two series before comparing them. In our method, we used an analogous approach. We
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transformed the time series alignment problem into a graph matching problem. We also

used the k-NN classifier but with the Gromov-Hausdorff distance (GHD) for graphs. In

chapter 5, we show that this approach can beat DTW in specific situations.

• Periodicity detection: We propose a new network-based method for periodicity detection

in time series. We also here take advantages of the visibility graph transformation. This

process maps local maxima to highly connected vertices that connect two different com-

munities. We proposed a method that locates these vertices using community detection

and breaks the network into communities. The vertices from each community represent

the values of a period in the series. This method does not require parameters and is robust

to noise. In chapter 6, we present details about this method and the application in a real

problem.

1.4 Thesis outline

In the following, we present how this text is organized. This thesis has 7 chapters. In the

Introduction (Chap. 1), we contextualized this thesis. We also briefly presented some related

topics, the objectives, the motivation and the contributions of this thesis. The next two chapters,

2 and 3, we present the two main background topics to this thesis: time series data mining

and complex networks, respectively. In these two chapters, we introduce some topics that are

necessary for understanding the later chapters. We also show the literature review about the

two main research topics related to this thesis. In Chapter 4, we show the results for time series

clustering. We present the problem, the related works and how our clustering methods works. We

also show some experimental results. In Chapter 5, we present how to use graph theory and graph

mining to make time series classification. We present our new method and the experimental

results. In Chapter 6, we show our network-based method for time series periodicity detection

and the application of this method in a real problem. In Chapter 7, we present the conclusions

of the results obtained during the elaboration of work here presented. Finally, the bibliographic

references used for the development of this thesis are presented.
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CHAPTER

2

TIME SERIES DATA MINING

2.1 Introduction

Data mining is the process of automatically extraction of knowledge from large databases

using machine learning, pattern recognition, database techniques, and statistics (ZAKI; JR, 2014).

It is part of a broader process of knowledge extraction that can be divided into 3 stages: (1)

Preprocessing of data to make them appropriate; (2) Application of pattern extraction algorithms

(data mining); (3) Post-processing, which consists of interpreting the results, validating and

confirming hypotheses. Data mining involves tasks as sorting, clustering, merging, summarizing,

anomaly detection, and discovering frequent patterns.

A data set is formed by a collection of objects, which can also be called registers,

vectors, cases, patterns or examples. Each object in the data set is represented by a set of

characteristics, also called attributes or variables. These characteristics vary from object to object

and define each set of data. The attributes that describe the data can be of different types: binary,

categorical, numeral, interval, ordinal, relational, textual, spatial, temporal, spatiotemporal,

images, multimedia or mixtures (LIAO, 2005).

Definition 1 (Attribute). An attribute is a property or characteristic of an object that can vary,

either from one object to another or from time to time.

In addition to the attributes that define the data, another important characteristic is the

form they are stored. The data may be stored in a text file or a database table. Or, it can be

stored in more complex structures such as trees, graphs and XML documents. The data structure

is important because it defines the technique that will be used for data analysis. Most of the

data mining techniques have been developed for unstructured data sets. Therefore, it is usually

necessary to transform the data into unstructured forms. The main problem with this process is

that it loses the relationship between the data. Thus, there is a growing interest in methods of

information extraction that do not require this transformation (DŽEROSKI, 2003). In this thesis,
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we will focus on extracting information from data stored in two specific structures: time series

and networks.

A time series is a set of sequential values in time. If the time interval is fixed, this series

is called discrete. On the other hand, if for every instant t ∈ R+ there is an observation, then the

series is said to be continuous. In many real cases, variables are measured (sampled) over time

resulting in discrete series. Some examples are the heart rate per second, monthly rainfall levels,

daily stock price, etc. Also, a continuous time series can also be transformed into a discrete series

by applying some discretization technique. Each observation of the series can be composed of

one or more variables and can be classified as univariate and multivariate, respectively. For the

sake of brevity, we use the single term “series” in this text in reference to a time series.

Definition 2 (Discrete Time Series). A time series X is an ordered sequence of n real variables:

X = {x1,x2,x3, . . . ,xn},xi ∈ R, i ∈ N.

Definition 3 (Subsequence). Given a time series X = {x1, . . . ,xn} of length n, a subsequence

SX = {xk,xk+1, . . . ,xk+m−1} is a time series of length m≤ n composed of contiguous elements

of X where 1≤ k ≤ n−m+1.

Definition 4 (Sliding window). Given a time series X of size n and an arbitrary parameter w that

defines the size of the time window, it is possible to construct an array W X with all subsequences

extracted from X using a window slider. The matrix W X can be written as follows:

W X =













x1 x2 · · · xw

x2 x3 · · · xw+1
...

...
. . .

...

xn−w+1 xn−w+2 · · · xn













,

where the j-nth line is W X
j = {x j,x j+1, . . . ,x j+w−1} such that 1≤ j ≤ n−w+1 and j ∈ N. The

size of matrix W X is n−w+1 rows and w columns.

Definition 5 (Time series database). A time series database DB is a set of time series.

Definition 6 (Time series model). Given a time series X = {x1, . . . ,xn} of size n, a model X is a

representation of X with reduced dimensionality d such that d ≪ n and X approximate X .

The main components of a time series are the trend, seasonality, cycles, and noise

(random influence) (MORETTIN; TOLOI, 2006). The trend is the gradual increase or decrease

that occurs in the values of the observations. Seasonality represents the fluctuations of the series

over a long period. The cycles are similar to seasonality but have a longer duration. Generally,

in time series measured in days or weeks, the seasonality is annual. Thus, the length of the

component period is directly related to the length of the series. If it is possible to precisely
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predict one value in the series using past observations, then the series is considered deterministic.

However, in most real series, future values are only partially defined by past observations. The

random component is responsible for the stochasticity of most of the real series. These series are

called stochastic or random.

2.2 Preprocessing

Very often, the data set has imperfections (noise) generated due to measurement, storage

or processing errors (PYLE, 1999). These errors end up introducing incorrect data that might

compromise the performance of data mining algorithms. Another common error is the absence

of some values in the data set. The primary purpose of the preprocessing step is to solve these

problems. In time series, the noise can be handled with traditional signal processing techniques

such as digital filters and wavelets (GAO et al., 2010a).

Another objective of this step is to transform the data to enable or make more efficient the

execution of the data mining algorithms. In time series of different sizes, re-sampling is a prepro-

cessing technique that matches the dimensions of the series. Another transformation technique is

normalization, which can be used to match the scales of different series (CHAKRABARTI et al.,

2002).

2.3 Distance function

A common concept used in several data mining techniques is similarity. It is defined as a

function d : Q×C→ [0,∞), which determines how different two objects Q and C are. Values

close to 0 mean that the two objects are similar. The terms “similarity” and “distance” will be

used in this thesis to express opposite ideas.

Definition 7 (Distance measure). The distance measure d(Q,C) is a function that has as input

two objects Q and C and returns the distance between them. In addition, this function should

present the following properties:

• Symmetry: d(Q,C) = d(C,Q),∀C,Q.

• Positivity: d(Q,C)≥ 0,∀C,Q.

• Triangular difference: d(Q,C)≤ d(Q,K)+d(K,C),∀ Q,C,K.

• Reflection: d(Q,C) = 0 ⇐⇒ Q =C.

Definition 8 (Corresponding subsequences). Given two subsequences S1 and S2 and a distance

measure d(S1,S2), S1 and S2 are said corresponding if d(S1,S2) ≤ εs, where εs is an arbitrary

limiting error. When d(S1,S2) = 0, then S1 and S2 are called exact motifs. When 0 < d(S1,S2)≤
εs, then S1 and S2 are called approximate motifs.
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In the context of temporal data mining, several distance functions were created or

adapted (DING et al., 2008; ESLING; AGON, 2012). Among them, the Euclidean distance

(FALOUTSOS; RANGANATHAN; MANOLOPOULOS, 1994) is one of the most used one.

Considering two series X1 and X2, both with equal size n, the Euclidean distance between them

can be calculated using the equation 2.1.

d(X1,X2) =

√

n

∑
i=1

(X1[i]−X2[i])2. (2.1)

The biggest problem with the Euclidean distance occurs when there is a distortion in

time, as in Fig. 2. The dynamic time warping (DTW) distance was proposed to solve this problem

(BERNDT; CLIFFORD, 1994). The DTW does not require that the two series have the same size.

The main idea of this measure is to align the two series and get the distance. One issue involving

DTW is the fact that programmers generally implement it using dynamic programming and

therefore has quadratic complexity, requiring high computational time. Among other distance

functions between series are the distance based on the longest common subsequence (LCSS)

(VLACHOS; KOLLIOS; GUNOPULOS, 2002), editing distance (Levenshtein) with real penalty

(ERP) (CHEN; NG, 2004), editing distance (levenshtein) in real subsequences (EDR) (CHEN;

ÖZSU; ORIA, 2005), DISSIM (FRENTZOS; GRATSIAS; THEODORIDIS, 2007), Sequence

weighted alignment (Swale) (MORSE; PATEL, 2007), Spatial Assembling Distance (SpADe)

(CHEN et al., 2007), search based on Threshold Queries (TQuEST) (ASSFALG et al., 2006) and

Campana-Keogh (CK-1) (CAMPANA; KEOGH, 2010). For a revision and comparison between

measures, We point the interested reader to the works of Ding et al. (2008) and Serrà and Arcos

(2014).

Figure 2 – Difference in comparison alignment used by (a) Euclidean distance and (b) Dynamic Time

Warping (DTW).

(a) (b)

Source: Adapted from Ratanamahatana and Keogh (2004).
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2.4 Time series data mining tasks

In this section, we present a review of the main tasks involving time series data mining.

Esling and Agon (2012) divide them into seven tasks: search, motif detection, anomaly detection,

segmentation, clustering, classification, and forecasting. Each of these will be presented in this

section.

2.4.1 Time series clustering

One of the most common tasks of data mining is clustering analysis. The goal is to group

the data using only the information in the data and their relationships (TAN; STEINBACH;

KUMAR, 2005). The idea is to try to group data that is similar (or related) to each other and

different (or unrelated) from other groups. The greater the similarity between the elements of

the group and the greater the difference between the groups, the better will be the grouping.

However, finding the correct number of groups is the main difficulty of the algorithms. In the

figure 3 is illustrated a data set formed by 18 points and two possible results for the process of

grouping data. Visually, both solutions may be correct.

Figure 3 – An example of time series clustering. (a) We represented the set of original data in the form of
Cartesian points. Each color represents a possible partition. For example, it is possible to find:
(b) 2 clusters or (c) 6 clusters. Even different number of partitions can be found.

(a) (b) (c)

Source: Elaborated by the author.

Han, Kamber and Pei (2011) classify clustering algorithms into five categories: hierarchi-

cal methods, partitioning methods, density-based methods, grid-based methods, and model-based

methods. These methods can generate fixed (unique) groups or fuzzy groups (non-unique). Fixed

groupings form the vast majority of algorithms that consist of assigning an element to just one

group. On the other hand, the fuzzy algorithms can assign an object to more than one group. In

the later case, the algorithms usually return the probabilities of one element to belong to one

group. The main approaches used by the clustering algorithms are:

• Hierarchical methods: The hierarchical algorithms group the data into a hierarchy of groups

that can be represented by a binary tree called dendrogram (Fig. 4) (WITTEN; FRANK;

HALL, 2011). There are two approaches: agglomerative and divisive methods. (1) In the

agglomerative (bottom-up) approach, each object is initially placed in a different group.

Then, the algorithms iteratively join the two more similar groups until all elements are in
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only one group or if they met some other stopping criteria. (2) In the divisive (top-down)

approach, all data is initially considered an entire group that is partitioned until each object

is in a different group. Among the main hierarchical methods is the algorithm single-linkage

(SNEATH, 1957) which, at each iteration, join the groups by observing the shortest distance

between data from different groups. Similarly, the complete-linkage (SØRENSEN, 1948)

and average-linkage (SOKAL; MICHENER, 1958) algorithms merge groups by according

respectively to the largest distance and the mean of the distances between elements of

distinct groups. Among other hierarchical algorithms are the CURE (GUHA; RASTOGI;

SHIM, 1998), BIRCH (ZHANG; RAMAKRISHNAN; LIVNY, 1996), and Chameleon

(KARYPIS; HAN; KUMAR, 1999). The main advantage of hierarchical methods is that

they allow the evaluation of the result for different numbers of groups. For applications

where different numbers of groups are required, the hierarchy eliminates the need to rerun

the algorithm for a different number of clusters. One disadvantage of this approach is

that, if at any stage of the hierarchy construction one group is incorrectly merged (or

partitioned), the clustering method will not correct that error in the next iterations, and

usually results in following errors. Another disadvantage is the high computational time

required to build the hierarchy of groups.

Figure 4 – (a) An example of a dendrogram that represents the result of a hierarchical clustering algorithm
of a data set consisting of five points {p1, . . . , p5}. (b) Displays the same dendrogram infor-
mation using annotation sets. At each iteration of the algorithm, if the clustering is divisive,
then both the dendrogram and the order of sets are seen from top to bottom. If the algorithm is
agglomerative, then the inverse order is taken from the bottom up.

(a)
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Source: Elaborated by the author.

• Partitional methods: Unlike the hierarchical algorithms, where groups are divided or joined

in each iteration, in partitioned methods, the data is partitioned directly into k groups (XU;

WUNSCH, 2005). These methods do not provide a clustering hierarchy. Evaluating all

possible partitions and choosing the best one among them is usually not an option because
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it demands high computational time (LIU, 1968). The two most important heuristics to find

partitions in the data are the k-means (FORGY, 1965; MACQUEEN, 1967; BOCK, 2007)

and the k-medoids (KAUFMAN; ROUSSEEUW, 1987; KAUFMAN; ROUSSEEUW,

2005). In the former, the mean value of the group represents each cluster. In the latter,

the most central objects of the group represent the cluster. These two algorithms also

have versions to detect fuzzy partitions. They are the fuzzy k-means (BEZDEK, 1981) and

fuzzy c-medoids (KRISHNAPURAM; JOSHI; YI, 1999). Among other algorithms are

the CLARA (KAUFMAN; ROUSSEEUW, 2005), CLARANS (NG; HAN, 2002), and

k-modes (HUANG, 1997). The main characteristic of these methods is the efficiency in

finding groups of spherical shape in three-dimensional spaces.

• Methods based on density: The clustering algorithms based on density consider that a

data group is a dense region of objects surrounded by a low-density areas. Thus, the

algorithms that use this approach consist in iteratively increasing the size of the group

until the density around the group decreases, i.e., until it reaches a user-defined lower

limiting value. Examples of algorithms that use this approach are the DBSCAN (ESTER

et al., 1996), OPTICS (ANKERST et al., 1999), and DENCLUE (HINNEBURG; KEIM,

1998). The main advantage of these methods is that the user does not need to specify a

priori the number of the desired number of groups. These algorithms define this number

automatically. Instead of specifying the desired number of groups, the user informs the

maximum density of groups. Another advantage is that they can detect clusters in a

variety of ways. However, they present problems when the density of the groups differ

considerably. Also, these methods are very sensitive to the parameter that limits the density

of points. If it is too high, groups are lost. If too little, two groups that should be separated

end up in the same group.

• Methods based on grid: Grid-based algorithms consist of creating a grid structure and

partitioning the data space into a finite number of cells. Then, they calculate the data

density in each of the cells and delete cells that have a density less than a user-defined

parameter. These methods observe adjacent cells with high data density to form the groups.

Among the most commonly used algorithms are STING (WANG; YANG; MUNTZ, 1997),

CLICK (AGRAWAL et al., 1998), and MAFIA (BURDICK; CALIMLIM; GEHRKE,

2001). The advantage of this approach is that algorithms can be highly efficient if the input

does no create empty cells and if appropriate data structures are used to represent adjacent

cells (TAN; STEINBACH; KUMAR, 2005). The disadvantages are similar to those of

density based methods.

• Methods based on models: They assume that models generate the groups and try to fit

the better model into the data set. There are two strategies for these methods based:

statistical-based and neural networks based models. Statistical models assume that some

probability distributions rule the clustering formation. The best-known example is the EM
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algorithm (HARTLEY, 1958; DEMPSTER; LAIRD; RUBIN, 1977), which considers that

data follows Gaussian distributions. Another algorithm is the AutoClass (CHEESEMAN;

STUTZ, 1996), which uses Bayesian models (CONGDON, 2007). The other approach

of the model-based methods are the neural networks (HAYKIN, 2009). Among the most

used network models are the ART (CARPENTER; GROSSBERG, 1987) and SOM

(KOHONEN, 1990; KOHONEN, 2001) networks.

The data clustering process consists of four steps (XU; WUNSCH, 2008):

1. Attribute selection: In the first step, some feature selection method can be applied to extract

useful attributes from the data set. The purpose of this selection is to remove unnecessary

features and reduce the cost of the clustering algorithms. It also might facilitate the process

of grouping data;

2. Clustering algorithm selection: In the second step, the user defines the clustering algorithm.

This choice depends on the type of data set. Since most algorithms use similarity function,

the user also defines this function in this step. Selecting a suitable algorithm and appropriate

parameters can result in better partitions. However, there is no universal method that is

efficient in any case;

3. Validation: Clustering algorithms can always find groups even when there is no real group

structure in the data. Different algorithms may result in different groupings. Even the same

algorithm can return different clusters if it executes with distinct parameters. Thus, it is

necessary to distinguish what is a good and a bad partition. This distinction is usually made

by an evaluation measures that verifies the quality of the clustering result and provides a

degree of reliability to the user. These measures should only evaluate the clustering result

regardless of the algorithm. They are used to answer questions such as how many groups

exist in the data or whether the result is really meaningful from a practical point of view;

4. Interpretation: After obtaining the clusters, the last step consists of analyzing the result

and provide the user with a meaningful knowledge that can develop a clear understanding

of the data.

Esling and Agon (2012) subdivide the task of time series data clustering into two subtasks:

complete series and subsequences clustering. We briefly present each of these tasks and the main

techniques developed for each task in the sections 2.4.1.1 and 2.4.1.2. The interested reader will

find revisions on time series clustering techniques in the works of Liao (2005) and Rani and

Sikka (2012).
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2.4.1.1 Complete time series clustering

The first subtask consists of evaluating complete sets in a database and grouping them in

such a way that similar series are put in the same group. Many authors have proposed different

methods for complete time series clustering. The vast majority of these methods are adaptations

of traditional clustering methods in such a way that they can to deal with time series.

Definition 9 (Complete time series clustering). Considering a distance function d(X1,X2) be-

tween two series X1 and X2, The clustering of complete series tasks consists on finding the set of

C groups C = {C1, . . . ,Cb} where Ci = {Xk|Xk ∈ DB} which maximizes the distance between

groups and minimizes the variance within the group, i.e., ∀ i1, i2, j such that Xi1 ,Xi2 ∈Ci, X j ∈C j

and d(Xi1 ,X j)≫ d(Xi1 ,Xi2).

Two are the main approaches used to adapt traditional clustering algorithms to deal with

time series (JAIN; MURTY; FLYNN, 1999). In the first approach, the modification is inside the

algorithms. The main modification is associated with the substitution of the distance measure in

such a way that they can differentiate time series. The second approach is related to the data. In

this approach, data is transformed from time series to a vector of characteristics (characteristic-

based methods) or model parameters (model-based methods). Then, the traditional algorithms

can be applied without any change. In the following, we present some methods for each approach

of adaptation.

• Methods based on raw data: These methods do not transform the data but they adapted

the traditional methods to deal with time series. Golay et al. (1998) applied the k-means

algorithm to group univariate time series from magnetic resonances to map the activity

of the human brain. Windischberger et al. (2003) and Dimitriadou et al. (2004) have

also used other algorithms to group magnetic resonance images. Wijk and Selow (1999)

used an agglomerative hierarchical algorithm to group daily, weekly and annual energy

consumption series with the objective of finding consumption patterns. Möller-Levet et

al. (2003a) proposed a clustering algorithm based on fuzzy c-means to group small time

series that with different sampling intervals. Authors also applied this method with a new

similarity measure to cluster DNA microarrays. This measure can distinguish the forms

generated by the variation of the amplitude and temporal correlation of the information.

Chandrakala and Sekhar (2008) have adapted the DBSCAN method to be applied to

multivariate time series. Salvador and Chan (2005) developed a hierarchical method, called

Gecko, based on graphs that find clusters in time series in three steps. In the first step,

the method finds small subgroups. In the second step, it merges similar groups and then,

in the last step, it automatically discovers the best number of groups. This method was

used to detect anomalies. Rodrigues, Gama and Pedroso (2008) present an algorithm for

hierarchical divisional grouping of time series into data flows.
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• Methods based on features: These methods consist of converting the raw data into a vector

of low-dimensional characteristics and then using the traditional clustering algorithms

without any adaptation. This data characterization can bring advantages over the methods

that use raw data (without any preprocessing). The main advantages are the reduction

of processing time due to possible reductions in data dimensionality and the elimination

of noise, which makes clustering easier. Vlachos et al. (2003) present an algorithm

based on image resolution that iteratively finds groups using several resolutions of series

obtained through the Haar transform. First, each element of the data set is decomposed

using Haar Wavelet. Then, the k-means algorithm is applied at each level, starting at the

coarser resolutions (levels) to the finer levels. The idea of the algorithm is to decrease

the amount of data using smaller resolutions. If at the end of each iteration, some data

has changed the groups, then the algorithm moves to the next level and begins to analyze

finer resolutions, iteratively increasing the amount of data. Otherwise, the algorithm

ends. Another feature-based method has been proposed by Guo, Jia and Zhang (2008) and

consists of converting raw data into low-dimensional vectors using independent component

analysis (HYVÄRINEN; KARHUNEN; OJA, 2004), and then perform clustering using

the vectors and k-means. Aghabozorgi et al. (2014) proposed a hybrid clustering algorithm

based on the shape similarity between each pair of series. First, there is a reduction in

the dimensionality of the data using the concept of affinity. The result of this process are

subgroups that are clustered using the k-medoids algorithm.

• Methods based on models: These methods consider that a model or a mixture of statistical

probabilities generate the groups. They consider two time series similar if the charac-

teristics defined by the models to characterize the series are similar. Ramoni, Sebastiani

and Cohen (2002) proposed a Bayesian clustering method called BCD. In this method,

time series are modeled using Markov chains. Then, a hierarchical agglomerative method

is used to group the most similar chains. The same authors also present a method for

clustering multivariate series by using modeling of Markov chains. Xiong and Yeung

(2002) present a model-based method for grouping univariate ARIMA series. The method

assumes that k different ARMA models generate the series and each model represents a

cluster. The EM algorithm has been improved to find the number of groups automatically.

2.4.1.2 Subsequence clustering

The second time-series grouping subtask consists of extracting subsequences from

one or more series and grouping them in such a way that similar subsequences are in the

same group. This subtask is primarily used as the basis of other temporal data mining tasks

such as classification (COTOFREI; STOFFEL, 2002), forecasting (SCHITTENKOPF; TIŇO;

DORFFNER, 2002), and anomaly detection (YAIRI; KATO; HORI, 2001).

Definition 10 (Subsequence clustering). The subsequences clustering aims to find the set of
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groups C = {c1, . . . ,cp} where ci = {SX |X ∈ DB} is a set of subsequences that maximizes the

distance between groups and minimizes the distance within the group.

Hebrail and Hugueney (2000) divide series into windows without overlapping. The

window size is chosen using the discrete Fourier transform to analyze periodic structures of the

series. The main limitation of this technique is that if the time series does not have periodic

structures, then the windows without overlapping can lose important structures. To try to solve

this problem, authors use smaller overlapping windows and then group the results. However,

Keogh, Lin and Truppel (2003) demonstrate that using sliding windows to generate subsequences

provides insignificant results. The author used the term “insignificant” because the results

obtained by the algorithms are independent of the input. By definition of the algorithm k-means,

each cluster centroid is the mean of the values of the group. In clustering of subsequences, each

centroid is a series whose values are the mean values of the group subsequences. Regardless of

the data set, the centroids find sine-derived curves.

In contrast to the work of Keogh, Lin and Truppel (2003), Denton (2004) proposes

a clustering algorithm based on density that can find meaningful clusters. Simon, Lee and

Verleysen (2006) propose a preprocessing technique that uses delay operator to perform the

series unfolding and create regressors that are more informative than sliding windows. The

authors used self-organizing maps (SOM) to test the method efficiency to cluster time series.

Chen (2007) also propose a solution for clustering by constraining grouping space. Kremer,

Gunnemann and Seidl (2010) present an algorithm for the detection of variations in multivariate

time series. The series are divided into disjoint intervals of the same size and grouped by using

a density-based algorithm. The method tracks clusters over time and obtains the patterns from

these groups.

Time series clustering is interesting for many fields of science such as genetics, eco-

nomics, finance, remote sensing, engineering, geology, and meteorology. In what follows, we

cite some examples of applications. Steinbach et al. (2003) proposed a method to obtain climatic

indexes based on groups of regions on the planet that have similar behaviors. The centroids of

each group are time series that summarize the behavior of the ocean and atmosphere in these

areas. Alonso et al. (2006) proposed a method to group emission series of CO2 with the objective

of creating classes of countries with similar emission. Chouakria and Nagabhushan (2007) have

clustered series of CD4 + cell progression response in patients affected by the HIV. Cerra et al.

(2011) used a measure of similarity between spectral signatures (electromagnetic radiation) and

a hierarchical clustering algorithm to categorize spectra of different rocks. Samé et al. (2011)

used time series of energy consumptions from engines that perform the alteration of tracks in

train tracks. The authors applied clustering algorithms to these time series and used the resulting

information to find faulty devices.
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2.4.2 Time series classification

The classification task consists of categorizing unlabeled time series. The main difference

for the clustering task is that, in this case, there is a pre-labeled set of series that is used to train a

classifier. For example, a cardiologist can classify series of electrocardiograms if they correspond

to healthy hearts or not. The first step is to train a classifier with these labeled series, that learns

to differentiate the classes according to the characteristics of the series. This classifier is then

used to determine the label of an unknown series.

Definition 11 (Time series classification). Given a set of labels Y , The time series classification

task consists of training a classifier C, which is a mapping function of a series X for a label y ∈Y ,

i.e., C : X → y,y ∈ Y . This mapping function is then used to classify unknown series.

Definition 12 (Linear separability). In the classification context, a data set is said to be linearly

separable if it is possible to draw a line (or hyperplane in higher-dimensional Euclidean spaces)

that divides data from two distinct classes.

Firstly, we present a review of the main classification methods divided into five categories

(KOTSIANTIS, 2007): logical algorithms, perceptron-based algorithms, statistical learning,

instanced learning, and support vector machines.

• Logical Algorithms: These methods are divided into decision trees and rule-based classi-

fiers. Decision trees are tree structures that classify data by ordering them based on their

characteristics. Each node of the tree represents a feature and each branch a value that

the node can assume. The leaves represent the classes. Data are sorted from the root node

through the tree using their characteristics until they reach a leaf node. The construction of

an optimal decision tree is an NP-Complete problem (HYAFIL; RIVEST, 1976). Thus,

some heuristics have been proposed to speed up the tree construction. The most popular

heuristics are the ID3 (QUINLAN, 1986) and C4.5 (QUINLAN, 1993). Decision trees can

be translated into a set of rules by extracting all paths from the root node to each leaf node.

But there are other ways of generating these rules. These algorithms are called rule-based

classifiers. Among the most well-known algorithms are RIPPER (COHEN, 1995) and

PART (FRANK; WITTEN, 1998). We point the interested reader to the work of Safavian

and Landgrebe (1991) that presents a review on decision trees.

• Algorithms based on perceptron: This class of algorithms uses a binary classifier known as

the perceptron (ROSENBLATT, 1962). In the context of neural networks, the perceptron

is an artificial neuron. The perceptron is a binary function defined as:

f (x) =

{

1 if w · x+b > 0

0 otherwise,
(2.2)
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where x is an input vector that defines an object of the data set, w is a vector of weights, and

b is a constant term known as bias. The perceptron can work in one or multilayer networks.

The training process consists of adjusting the weight vector w using objects in the data set

until the classification error is zero or very close to zero. he WINNOW is another example

of an algorithm to train a single-layer network (BLUM, 1997). The main problem of the

single-layer perceptron is that it can only classify linearly separable data set. The Multilayer

Perceptron (MLP) have been created to solve this problem (HAYKIN, 2009). MLPs depend

on three fundamental aspects: input vectors, neuron activation functions and the weight

connections that form the network architecture. Feed-forward networks process the input

signal in only one direction, from the input to the output layer. The main algorithm for

training these networks is the backpropagation (RUMELHART; HINTON; WILLIAMS,

1986). In recurrent networks (RNN), such as the Hopfield networks (HOPFIELD, 1988),

the signal may go back to previous layers. Another type of network widely used are the

radial-based networks (HAYKIN, 2009). These networks use radial basis functions as the

activation function. For a review of classification methods based on neural networks, we

refer the interested reader to the works of Zhang (2000) and Haykin (2009).

• Statistical learning: Statistical methods consider that exists a statistical model that defines

the probability of an object belonging to a given class. The simplest algorithm, called the

Naive Bayes (RISH, 2001), assumes that the features that define the objects are independent

of each other. The algorithm uses the Bayes’ theorem to calculate the probabilities of a

given object belonging to a class li. Thus, the algorithm can be reduced to selecting the

class that maximizes:

p(Ci)∏
k

p(Xk
j = ak|li), (2.3)

where p(Xk
j = ak|li) is the conditional probability that defines the frequency that an attribute

X j has a value ak in the training set, considering that it belongs to class li. The main

advantage of this method is the low computational time required in the training process.

One disadvantage is that this algorithm assumes that the attributes are independent, which

in many cases is not true. This assumption may decrease the accuracy of the method in these

cases. A Bayesian network is a directed acyclic graph that represents the characteristics

(attributes) of the data by vertices the links represent conditional dependencies between the

features. (FRIEDMAN; GEIGER; GOLDSZMIDT, 1997). TThe absence of edges between

two vertices means that these features are conditionally independent. The training process

consists of first constructing the network structure and then defining the probabilistic

parameters. Given an input object, the user can use inference to find the probabilities of

that object belong to each of the classes. The highest probability defines the label of the

object. An advantage of these networks is the ease that the human being has in visually

understanding the relationship between the attributes. The main disadvantage is the high
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computational cost required during the construction of the network. A Bayesian network

that relates temporal attributes (time series) is called the dynamic Bayesian network. One

well-known form of dynamic Bayesian networks is the Hidden Markov Models (HMM).

(MARSLAND, 2009). In these models, each time unit in the system is in a different state,

which may be the same as the previous one. In HMMs, the user does not know exactly

which state the system is but the output is visible. The main advantage of these models

is that the inference is less computationally costly compared to conventional Bayesian

networks. Jensen and Nielsen (2007) present a review Bayesian networks.

• Instance based learning: Unlike decision trees, artificial neural networks, and Bayesian

networks, the instance-based algorithms (IBL) are considered lazy methods because they

do not induce or propose a generalization before classifying the data. Instead, IBL performs

classification by looking at only the training data. The training phase consists of only

extracting and storing the characteristic vectors that represent the data. The best-known

instance-based algorithm is k nearest neighbors (k-NN). This algorithm represents each

object of the data set as a point in a d-dimensional space, where d is the number of

attributes. Given a new object, the algorithm consists of using a distance function to

calculate the similarity of this new object to all the others of the dataset. Among the

most used functions are the Euclidean distance, Manhattan, Minkowsky, and Mahalanobis

(TAN; STEINBACH; KUMAR, 2005). The k-nearest neighbors are the k elements with

the shortest distances to the unclassified object. The class of this object is the class with

the highest occurrence in the set of k-nearest neighbors. Instance-based algorithms require

less computational time in the training phase but need more time during the classification

stage. A disadvantage of this method is the dependence of the parameter k and the distance

function. If k is too small, noisy data might lead to classification errors. If k is too large,

classes with more data will have a greater influence on the classification process, and may

also lead to classification errors. Another problem is the high computational cost of space

since they need to store a lot of data in memory. Several of these problems were solved

using different strategies. For a detailed review of IBL algorithms, we point the interested

reader to Aha (1997).

• Support vector machines (SVM): In a linearly separable data set, it is possible to find several

lines that divide the data from two classes. However, there is one line that separates the

data with the greater margin of separation. The purpose of an SVM (CORTES; VAPNIK,

1995) is to find a line of separation between two classes that maximizes the separation

margins. In non-linearly separable sets, a margin of tolerance error, called flexible margins,

can be used. Another approach is to make a transformation in the data to make them

linearly separable. This transformation consists of representing spatial data using more

dimensions. In this case, SVM aims to find the hyperplane that maximizes the separation

margins. One SVM cannot solve classification problems involving more than two classes.
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However, there are some strategies to deal with this situation (HSU; LIN, 2002). The most

common approach consists of training differents SVMs for each class. Each SVM knows

how to separate its class from the others. In this case, the problem arises of how to know

which SVM knows how to recognize a given object. The simplest idea to solve this issue

is to choose the SVM with the largest output function. We refer the interested reader for a

review of SVM in the work of Burges (1998).

Similar to the task of time series clustering (section 2.4.1.1), There are two approaches

for the use of traditional classification algorithms for time series (KOTSIANTIS, 2007). The first

modifies the distance functions to compare series and the second one transforms the sequential

data into feature vectors or model parameters. The work of (XING; PEI; KEOGH, 2010) presents

a detailed review of the methods. We briefly present the main methods for each category as

follows:

• Distance-based methods: Distance-based classification algorithms, such as k-NN, can be

used to classify time series if the distance measure is adapted to differentiate series (Sec.

2.3). The Euclidean distance (Eq. 2.1) is one of the most used (WEI; KEOGH, 2006). (XI

et al., 2006) show that the 1-NN classifier (k-NN with k = 1) with the DTW presents good

results in time series classification. Ratanamahatana and Keogh (2004) propose a method

to classify series that uses an optimized version of the DTW measure that decreases the

computational time required for the calculation. Prekopcsák and Lemire (2012) Used

k-NN with variations of Mahalanobis distance. Silva, Souza and Batista (2013) used

recurrence graphs to represent series and calculate the distance between them using the

Campana-Keogh distance (CK-1). The authors show that this approach improves accuracy

when compared to Euclidean distance and DTW.

• Feature-based methods: Classification methods, such as decision trees, use feature vec-

tors that define each object. In this approach, the methods transform a time series into

feature vectors and then apply traditional classification methods without any adaptation.

Nanopoulos, Alcock and Manolopoulos (2001) used artificial neural networks to classify

series. Eads et al. (2002) used a genetic algorithm to select features and train an SVM to

classify series. Ye and Keogh (2009) introduced the concept of shapelets, which are the

subsequences that best represent a class (label). Shapelets can be used to train a classifier

and perform classification. The same authors propose a classifier that integrates the process

of selecting shapelets with a decision tree. Sugimura and Matsumoto (2011) adapted a

statistical text mining measure called TF * IDF for time series and extracted characteristics

of the series using a genetic algorithm. These characteristics are used to train a decision

tree-based classifier.

• Model-based methods: Model-based methods consider that a model or mixture of prob-

ability distribution generated the data. One of the simpler models adapted the Naive
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Bayes classifier to deal with time series (LEWIS, 1998). Other model-based techniques

use other classifiers, such as Bayesian networks (PAVLOVIC; FREY; HUANG, 1999),

recurrent neural networks (RNN) (HÜSKEN; STAGGE, 2003), decision trees Hidasi and

Gáspár-Papanek (2011) and Bayesian classifiers with Gaussian mixtures (POVINELLI et

al., 2004).

In addition to these methods, there are two other approaches for the classification of time

series: semi-supervised algorithms and ensembles of classifiers. The semi-supervised algorithms

consider that only some elements of the training set are previously labeled. This situation occurs

in many real cases where there is little information about the classes. Among the main semi-

supervised algorithms are the 1-NN (k-NN with k = 1) Wei and Keogh (2006), HMM (ZHONG,

2004) and SVM (WESTON et al., 2005). Ensembles use more than one algorithm in an attempt

to minimize their particular drawbacks and maximize the classification performance. Alonso et

al. (2008) used k-NN, SVM and Naive Bayes. Jović, Brkić and Bogunović (2012) and Deng et

al. (2013) used decision trees ensembles. Seker et al. (2013) used k-NN, SVM and decision tree

(C4.5).

The classification of time series has many fields of applications. Yang et al. (2005) used

classification methods to classify time series of monthly expenses with telecommunications

companies to detect users who wish to leave the service and migrate to competitors. Kampouraki,

Manis and Nikou (2009) used SVM to classify time series of heartbeats. In this study, it was

possible to distinguish electrocardiograms from younger and older people. It was also possible to

differentiate healthy people and people with coronary diseases. Chen, Nikolov and Shah (2013)

used time series from the activity of a particular subject discussed in Twitter to train a classifier

to recognize and predict if a specific subject will become a trending topic.

2.4.3 Time series segmentation

The central purpose of segmentation (or summarization) is to reduce the dimensionality

of the series without losing its main features (ESLING; AGON, 2012). The idea is to find

the important points that characterize the series and remove the less important ones. Figure 5

illustrates an example of the time series segmentation process. This task can be considered a

preprocessing for other data mining tasks or as a trend analysis technique (FU, 2011). Also, it

may also be considered a discretization problem.

Definition 13 (Time series segmentation). Given a time series X = {x1, . . . ,xn}, the segmentation

task consists of constructing a X such that |R(X)−X | ≤ εr where R(X) is the reconstruction

function of X for X and εr is an arbitrary limiting error.

Several algorithms were proposed to perform the segmentation of series. Keogh et al.

(1993) categorize the time series segmentation algorithms in on-line or off-line. On-line methods
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Figure 5 – An example of time series segmentation. From a time series (a) composed by many values
and noise, the objective of the segmentation is to find the most important points of the series
and to remove the less important ones. (b) Illustrates the main points of the original series. A
low-dimensional approximation that preserves the main features of the original series will be
obtained by drawing segments between the main points.

(a) (b)

Source: Esling and Agon (2012).

can process new data iteratively and do not require to have the whole series. On the other hand,

off-line algorithms always need the entire time series to perform the segmentation. Among the

segmentation methods, some of them use piecewise linear approximation (PLA). In summary,

these techniques consist of approximating a series X of size n using K discrete segments. Keogh

et al. (1993) also propose a categorization for algorithms that use PLA which divides the methods

into three categories: sliding windows, partitional (top-down) and agglomerative (bottom-up).

We briefly present each category as follows.

• Sliding-window based algorithms: These methods initially create one small segment that

approximate to a subsequence of the series. This segment is then gradually increased until

it exceeds an arbitrary threshold error. When it happens, a new segment starts from the

endpoint of the previous segment. This process repeats for the next points that were not

included in this newest segment (QU; WANG; WANG, 1998; WANG; WANG, 2000;

PARK; KIM; CHU, 2001). The advantages of these methods are the simplicity and the

on-line approach. The disadvantage is related to the accuracy, generally inferior to other

approaches (SHATKAY; ZDONIK, 1996).

• Partitional algorithms: In this approach, the method recursively breaks the time series

until it reaches a stop criterion. Among the algorithms that use this approach are the work

of Li, Yu and Castelli (1998), Park, Lee and Chu (1999) and Lavrenko et al. (2000). These

methods present good results but demands high computational time.

• Agglomerative algorithms: Unlike the partitional approach, agglomerative algorithms

create many small segments and iteratively join segments until they reach a stop criterion.

Examples of algorithms have been proposed by Keogh and Smyth (1997), Keogh and

Pazzani (1998) and Keogh and Pazzani (1999). This methods present better results than

the partitioned techniques.
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Several other techniques have been proposed for the same purpose using different

strategies. Fu, Chung and Ng (2006) proposed a method for segmentation of financial series

based on the concept of importance. The more important the data, the sooner this point will

be considered a cut-off point in the series. Guralnik and Srivastava (1999) performed the

segmentation by detecting points where there is a change in their behavior of the series. The

concepts of information theory were also applied to the segmentation of series. Duncan and

Bryant (1996) used dynamic programming to find the number and location of ranges in the

data. Oliver, Baxter and Wallace (1998) used the idea of minimum message length (MML) and

Fitzgibbon, Dowe and Allison (2002) used the concept of minimum expression length (MDL).

Xu et al. (2013) proposed a hybrid version of MML and MDL to segment series into data streams.

For a broader review of segmentation methods, we refer the interested reader to the work of Fu

(2011).

Segmentation of series has been applied to speech recognition, geography, forest sciences,

finance, biology, physiotherapy, among others. Adami and Hermansky (2003) proposed a method

to segment time series of human speech and used them to characterize the speaker and the

spoken language. Mithal et al. (2012) applied series segmentation techniques to monitor plant

coverages. This work was used to detect deforestation in the state of Mato Grosso - Brazil. Si and

Yin (2013) proposed and applied a segmentation method to detect points of change in financial

series. Omranian et al. (2013) presented a network-based method to segment multivariate

series extracted from metabolic processes in biological systems and to detect critical events. In

physical therapy, the rehabilitation process consists of performing repetitive exercises supervised

by a physiotherapist. Lin and Kulic (2014) propose an on-line approach for segmentation

and identification of repeated movements that allows the automatic analysis of rehabilitation

exercises.

2.4.4 Anomaly detection

The anomaly detection task consists of finding points or subsequences that differ from

the pattern. These subsequences are called anomalies or outliers. Figure 6 illustrates an example

of anomaly detection. Gupta et al. (2013) divide the task of anomaly detection into subtasks

according to the data type (Fig. 7): temporal data, data flows, distributed data, spatiotemporal

data and networks. In this section, we focus on two types of data: temporal data and temporal

networks. We will also present the main algorithms for these kinds of data. For a full and

detailed review of all anomaly detection, we refer the interested reader to the works of Chandola,

Banerjee and Kumar (2009) and Gupta et al. (2013). For a review of statistical methods for

outliers detection, we suggest the works of Hawkins (1980) and Rousseeuw and Leroy (1987).
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Figure 6 – An example of a periodic series similar to those obtained by electrocardiograms. In this series,
it is possible to notice a subsequence that differs from the pattern (anomaly). Anomaly detection
consists of detecting points, subsequences or even complete series that differ from the pattern.

Source: Esling and Agon (2012).

Figure 7 – The outlier detection process in temporal data can be subdivided according to the data type:
temporal data, data flows, distributed data, spatiotemporal data, and networks.

Source: Adapted from Gupta et al. (2013).

2.4.4.1 Outliers detection in time series

Outliers detection in time series can be subdivided in the detection of anomalous series

in a database or in finding anomalous subsequences in only one series. These two approaches

will be presented below:

• Outliers detection in database:

– Direct outliers detection: The goal of the direct outliers detection is to find all the

anomalous series in a database. In this approach, the detecting methods consider that
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the majority of the series of a database is normal and only a few ones are anomalous.

To solve this task, some methods use models to represent the series and those that are

different from the model are considered anomalous. These models can be supervised

and unsupervised. In supervised methods use a classifier to identify anomalous series.

Some of the supervised methods used for anomaly detection are the neural networks

(ART) (DASGUPTA; NINO, 2000), support vector machines (SVM) (LI; HAN;

KIM, 2006), classifiers based on rules (LI et al., 2007a) and hidden Markov models

(HMM) (GAO; MA; YANG, 2002). In unsupervised methods, the idea is to group

similar series and measure the anomaly degree of a given series by calculating the

distance from this series to the centroid of the nearest group. In this approach, several

clustering algorithms were used. Among them are the k-means (NAIRAC et al.,

1999), k-medoids (BUDALAKOTI et al., 2009), k-NN (CHANDOLA; MITHAL;

KUMAR, 2008), single-linkage (PORTNOY; ESKIN; STOLFO, 2001), SVM (MA;

PERKINS, 2003b), and Self-organizing maps (SOM) (GONZáLEZ; DASGUPTA,

2003).

– Outliers detection in sliding windows: This task consists of finding unusual time

windows in a series database and consequently detecting anomalous series. The

anomaly degree of a series is the anomaly degree of all the windows that compose

the series. This approach yields better results than the direct detection of outliers.

However, many methods require informing the size of the sliding window. One way

to implement this solution is to store all windows of size w from all series in a

database DB along with their respective frequencies. Given the windows frequencies

and an unknown series, extract all windows of size w from that series and check

for each window its incidence in the DB database. For each window that does

not occur in DB, an anomaly score is given to the series. Series with many points

can be considered anomalous. Some techniques use this approach by considering

the exact match between time windows (GHOSH; SCHWARTZBARD; SCHATZ,

1999; CABRERA; LEWIS; MEHRA, 2001) and others consider the approximate

correspondence (LANE; BRODLEY, 1997; LANE; BRODLEY, 1999).

– Outliers detection in subsequences: Given a time series database, this task consists

of finding an anomalous subsequence taking into account the frequency that this

subsequence occurs in the database. Among the methods used to solve this task are

suffix trees (KEOGH; LONARDI; CHIU, 2002; LIN et al., 2007) and interpolated

Markov models (IMM) (GWADERA; ATALLAH; SZPANKOWSKI, 2003).

• Outliers detection in just one time series:

– Anomalous points detection: It consists of detecting anomalous points in only one

time series. One approach to solving this problem uses forecasting models. For each

point x of a series X , it verifies the value predicted by the prediction model xp and



2.4. Time series data mining tasks 55

calculates the difference to the observed real value. This difference can be used as an

anomaly score (BASU; MECKESHEIMER, 2007). Many classifiers were used with

this approach, including multilayer perceptron networks (MLP) (HILL; MINSKER,

2010), support vector regression (SVR) (MA; PERKINS, 2003a) and artificial neural

networks (SILVESTRI et al., 1994).

– Anomalous Subsequence detection: This subtask consists of detecting anomalous

subsequences in just one time series. Given a series X of size n and a subsequence

SX = {xt ,xt+1, . . .xm} of X size m < n starting in time xt , the subsequence SX is

considered anomalous if its distance to the nearest corresponding subsequence with-

out overlapping is greatest among all pairs of subsequences of X (KEOGH et al.,

2006). To calculate this greater distance using brute force, consider all subsequences

SX ∈ X of size m and compute the distance for all other subsequences S′X ∈ X not

correspondent to SX . Comparison between subsequences can be optimized by prun-

ing unnecessary subsequences. Some algorithms use hash table (WEI; KEOGH; XI,

2006) and Haar wavelet with tree structure (BU et al., 2007) to do this optimization.

2.4.4.2 Outliers detection in temporal networks

Many dynamic systems can be modeled using complex networks. In this approach, it is

possible to study the behavior of dynamic systems without actually studying the dynamics that

govern it. Once they are dynamic systems, the networks that represent them are also dynamic.

Thus, vertices and edges can appear or disappear according to the evolution of the modeled

system. These dynamic networks, also called temporal networks (HOLME; SARAMäKI, 2012),

can be studied by the mining of temporal data. The most common way of studying is to take

“snapshots” from the topological state of the network at any given time frequency and then obtain

a series of “snapshots” from the network. From this sequence of networks it is possible to detect

anomalous states of the network. We present some approaches for outliers detection in temporal

networks as follows:

• Outliers detection using graph similarity: Given a finite time series composed of topo-

logical states of a network, this task consists in detecting abnormal states. One of the

primary approaches uses distance functions between graphs to compare adjacent graphs in

time and creates a time series of differences. Pincombe (2005) presents several distance

functions between graphs, among them are the editing distance (Levenshtein) for graphs,

modal distance, distance using diameter, entropy, spectral distance, etc. Another distance

function between graphs evaluates the variation of the shortest path between two vertices

over time. Gupta, Aggarwal and Han (2011) studied the problem of finding the pair of

vertices that has the greatest variation of the minimum distance in two consecutive instants

of time. Pincombe (2005) uses an ARMA model to represent the normal changes in a

series. Residuals that exceed a certain limiting value are considered anomalous.
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• On-line outlier detection in graphs: These methods search for anomalous states in graph

streams. Idé and Kashima (2004) proposed a method for anomaly detection in streams

using eigenvectors. The main eigenvector of the weight matrix in time t is called the

active vector u(t). Within a h range, the active vectors are stored in a matrix U(t) =

[u(t),u(t + 1), . . . ,u(t − h− 1)]. It is possible to define from U(t) the typical behavior

pattern of the series. From this pattern, the method gets a typical standard vector and use it

to compare to the active vector in time t. The angle between these two vectors defines the

anomaly degree of the active vector in the time t. The algorithm automatically determines

the threshold degree that defines an anomaly. Aggarwal, Zhao and Yu (2011) proposed

another algorithm to detect anomalies in large graph stream. This algorithm tries to find

unusual relations (edges) in large temporal networks. This algorithm uses models that

summarize the structure of the graph in the data flow. The algorithm maintains the models

using a random sampling approach that compresses the structure of the graph representing

the flow. These models define the edge generation probability. The geometric mean of the

likelihood adjustments of its edges defines the probability adjustment of a graph. For each

graph that arrives in the flow, the method calculates the probability adjustment. Graphs

whose probability adjustments are t standard deviations less than the average probability

of all graphs are considered outliers.

• Outliers detection based on community detection: Given a finite time series composed of

topological states of a network, this task consists of finding anomalous variations in the

communities. In graphs sequences, vertices that belong to the same community tend to

have a similar evolution. However, it does not happen for some vertices of the community.

The purpose of this task is to find these anomalous vertices, also called by Gupta et al.

(2012) Evolutionary Community Outliers (ECOutliers). The same authors proposed a

method to simultaneously detect corresponding communities (concept similar to Definition

8) over time and detect ECOutliers. Gupta et al. (2011) presented a set of measures that

can be used to detect community-based outliers.

The detection of outliers in time series has several applications in several fields. One

interesting application is the invader detection in computer networks (SEQUEIRA; ZAKI,

2002; ANGIULLI; FASSETTI, 2007). Hill and Minsker (2010) used outliers detection to find

measurement errors in wind speed data. Keogh, Lin and Fu (2005) used outliers detection to find

anomalous subsequences in electrocardiograms. Yankov, Keogh and Rebbapragada (2007) used

data from historical searches in The Microsoft Network (MSN) to detect upcoming events such

as Easter and Christmas. Ge et al. (2010) applied anomaly detection methods to trajectories data.

They found anomalies in traffic, such as cars driving in the opposite direction or people crossing

the street in forbidden places.
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Figure 8 – Motif detection consists of finding subsequences in time series that occur frequently. These
subsequences are called motifs. This figure illustrates two examples of motifs in different
colors. Motifs can have different sizes and may be overlapping.

Source: Esling and Agon (2012).

2.4.5 Motifs detection

In time series, motifs are subsequences that appear frequently. These motifs can have

several sizes and may be overlapping. Figure 8 illustrates an example of a time series with motifs.

The naive detection approach consists of verifying all the possible subsequences. However, it is

a combinatorial problem and computationally infeasible for long time series. This task becomes

even more complicated when in data streams.

Definition 14 (Motifs detection). Given a time series X = {x1, . . . ,xn}, the motif detection

consists of finding the subsequences SX that repeatedly occur in X .

Motif detection can be used as an auxiliary technique for other temporal data mining

tasks such as segmentation, clustering, and classification (MALETZKE et al., 2014). Lin et

al. (2002) introduced the concept of motifs in time series. In this work, the authors present an

algorithm for motif detection that first reduces the series dimensionality through discretization.

Then, the authors use a distance function similar to the Euclidean distance, but with lower

computational cost. The method uses this distance function to search for repeating subsequences.

This approach presents two problems: low scalability and low efficiency when the series presents

noises. Chiu, Keogh and Lonardi (2003) presented a probabilistic algorithm to solve these two

problems.

Most methods search for motifs with a fixed size (CHIU; KEOGH; LONARDI, 2003;

FERREIRA et al., 2006; MUEEN et al., 2009; YANKOV et al., 2007). Since motifs can have

multiple sizes, most techniques use an arbitrary parameter that defines the motif size to be

fetched. A simple strategy to find motifs of various sizes is to execute the algorithms with

different this parameter. However, this strategy may have a high computational cost due to

successive repetitions. Mueen (2013) proposes an exact method for enumerating motifs in series

that is faster than executing an algorithm several times. The algorithm searcher for all sizes of

motifs and returns only the largest ones. For more methods, we refer the interested reader to the

works of Minnen et al. (2007b), Tanaka, Iwamoto and Uehara (2005) and Tang and Liao (2008).



58 Chapter 2. Time Series Data Mining

Several other techniques use different approaches to find recurring subsequences in series

(MUEEN; KEOGH; BIGDELY-SHAMLO, 2009). Minnen et al. (2007a) define multidimensional

and sub-dimensional motifs. Some authors presented methods to detect both types of motifs

(MINNEN et al., 2007b; MINNEN et al., 2007a; TANAKA; IWAMOTO; UEHARA, 2005).

There are also algorithms that find motifs that appear more than a arbitrary number of times

defined (CHIU; KEOGH; LONARDI, 2003; FERREIRA et al., 2006) or those that only search a

pair of closer subsequences (MUEEN et al., 2009). Mohammad and Nishida (2009) presented the

idea of motifs with constraints. Motifs can also be restricted at a lower limiting distance (CHIU;

KEOGH; LONARDI, 2003; FERREIRA et al., 2006; YANKOV et al., 2007) or restricted to a

minimum density (MINNEN et al., 2007b). Algorithms can also search for approximate or exact

motifs (MUEEN et al., 2009; NARANG; BHATTACHERJEE, 2010; MOHAMMAD; NISHIDA,

2014).

Motifs detection has been applied in several fields. The study of renewable resources

and energy production (such as the wind) requires a short-term forecast (up to 6 hours) and

planning how much energy will be produced (KAMATH; FAN, 2012). Motif detection methods

can find patterns in series and assist in the production planning. Brown et al. (2013) filmed

and extracted series from the motion of the nematode Caenorhabditis elegans. The authors

applied motifs detection techniques to construct a dictionary of patterns of the animal behavior.

Sensors are used to monitor the structure of bridges on highways that suffer from the influence

of cars and weather conditions. Vespier, Nijssen and Knobbe (2013) proposed and applied a

motif detection method to find patterns in these time series from sensors. Small, medium and

large scale motifs represent the influence of cars, congestion and daily temperature variation on

the bridge respectively. Mueen (2014) presents other application of motif detection techniques in

time series.

2.4.6 Forecasting

The major objective of time series analysis is forecasting. In temporal data mining,

the forecasting task (Fig. 9) can be seen as a regression problem. In classification problems,

the expected value for each entry is a discrete value (label). On the other hand, in regression

problems, the expected value is a real value. In this way, a time series can be converted into a

training set that is used to train a model to make regressions.

Definition 15 (Time series forecasting). Given a time series X = {x1, . . . ,xn}, the forecasting

task consists of predicting the next h values of the series {xn+1, . . . ,xn+h}.

Among the most used regression methods are the artificial neural networks (ZHANG;

PATUWO; HU, 1998), support vector machines (SVM) (SAPANKEVYCH; SANKAR, 2009),

self-organizing maps (SOM) (BARRETO, 2007), decision trees (CART) (BREIMAN et al.,
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1984), Bayesian networks (NEAPOLITAN, 2003), Gaussian processes (RASMUSSEN; WILLIAMS,

2005), and the k-NN (ALTMAN, 1992). We briefly presented describe them below.

Figure 9 – An example of time series forecasting. (a) Input time series. (b) The purpose of the forecast is
to predict the next h values (red line) of a series. (c) The higher the h, the harder the forecast.

(a) (b) (c)

Source: Esling and Agon (2012).

The k-nearest neighbors approach (k-NN) was initially proposed by Lorenz (1969) for

the weather forecast. Considering a time series X = {x1, . . . ,xn} in which it is desired to predict

the value of the next element xn+1. First, the authors construct a matrix of time windows W X of

size w, where w is defined by the user. The second step consists in finding in W X the most similar

window of time (k = 1) the window that one wishes to predict, i.e., the one more similar to the

last subsequence of the series: {xn−w+1, . . . ,xn−1,xn}. A distance function is required (Sec. 2.3)

to calculate the similarity between subsequences. Considering that the most similar window is

W X
j = {x j,x j+1, . . . ,x j+w−1} such that 1≤ j ≤ n−w+1 and j ∈ N, the subsequent value after

the window is observed, i.e., x j+w. If this pattern has already occurred in the past, then there is a

high probability that this value will occur again. Therefore, x j+w is the result of the forecast. In

the initial proposal of Lorenz (1969), only the nearest neighbor was observed (k = 1). The main

extension of this work was to consider the k-nearest neighbors (ALTMAN, 1992).

Regardless of the supervised algorithm, there are some ways to train the algorithm to do

regressions. Bontempi, Taieb and Borgne (2013) point out two main strategies that we present as

follows.

• Iterative strategy: Given a time series X = {x1, . . . ,xn}, The iterative (or recursive) strategy

(SORJAMAA et al., 2007; HERRERA et al., 2007) consists of using the sliding windows

of the matrix W X as training set. For each window, the desired output value is the value

that follows the time window. After the training process, the forecasting process consists

of presenting as the model entry the last window of the series: {xn−w+1, . . . ,xn−1,xn}. The

output is the prediction of the next element of the series: xn+1. Then, it is assumed that xn+1

actually occurred and the new last window is used as input: {xn−w+2, . . . ,xn−1,xn,xn+1} to

predict the element xn+2. This iterative process is repeated until the element xh is predicted.
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Example 1 (Iterative forecasting). Consider a time series X = {x1, x2, x3, x4, x5, x6, x7}
and that the user wants to forecast the element x10 (h = 3). We describe below the training

data set and the forecasting processes using the iterative approach:

Train Forecast
input expected iteration input output

{x1,x2,x3} x4 1 {x5,x6,x7} x8

{x2,x3,x4} x5 2 {x6,x7,x8} x9

{x3,x4,x5} x6 3 {x7,x8,x9} x10

{x4,x5,x6} x7

During the training process, the model uses each input and the correspondent expected

values in the training data set. After this process, the regression model iteratively forecasts

the elements x8, x9 and x10 using the input time windows.

• Direct strategy: In the direct approach, the regression model directly predicts the desired

value (CHENG et al., 2006; HAMZAÇEBI; AKAY; KUTAY, 2009). Different from the

iterative approach, it is not necessary to make successive forecasts. However, if the problem

involves the prediction of more than one value, other models are required. For the first

model, the training data are the sliding windows of W X of size w and the expected values

for each of these windows are the next value after the window. For the second model, the

training data are also the W X windows, but the expected values for each window are the

second value after the window. The same idea works for other values of h.

Example 2 (Direct forecasting). Consider a time series X = {x1, x2, x3, x4, x5, x6, x7} and

that the user wants to forecast the element x10 (h = 3), We describe below the training data

set with three inputs (w = 3) and the forecasting processes using the direct approach:

Train Forecast
input expected iteration input output

{x1,x2,x3} x6 1 {x5,x6,x7} x10

{x2,x3,x4} x7

Note that in this case, the prediction of the value x10 is done directly. However, the

intermediate values x8 and x9 were not predicted. If it is necessary to predict them, then it

will be necessary to train two other prediction models, one for x8 and another for x9.

With these strategies, it is possible to adapt classification algorithms to perform forecasts

on time series. Lim, Loh and Shih (2000), Ahmed et al. (2010) present a comparison between

the iterative and direct approaches. For a review on statistical forecasting methods, we refer the

interested read to the works of Box, Reinsel and Jenkins (1994), Hamilton (1994), Shumway

and Stoffer (2011).



2.5. Final remarks 61

The task with the greatest number of applications is probably the time series forecast.

Forecasting techniques have been applied in economics, geography, climatology, medicine,

games, telecommunications and several other areas. We present some application examples

as follows. Rasouli, Hsieh and Cannon (2012) used Bayesian networks, SVMs and Gaussian

processes to predict flow in a watershed in Canada. Reyes, Morales-Esteban and Martínez-

Álvarez (2013) used artificial neural networks to predict earthquakes in Chile. Mateo et al. (2013)

used time series prediction methods to forecast the temperature inside a building and used this

information to manage energy consumption. Arias, Arratia and Xuriguera (2014) used indexes

to measure interest in a particular subject over time on Twitter. Authors used these indexes in

conjunction with other series to improve stock market forecasting and movie sales spending.

2.5 Final remarks

In this chapter, we presented the basic concepts related to time series and main tasks

involving time series data mining. The concepts here presented are fundamental for the under-

standing of the methods and results discussed in the next chapters. In the next chapter, we will

review the other main topic related to this thesis: complex networks.
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CHAPTER

3

COMPLEX NETWORKS

3.1 Introduction

The study of complex networks has origins in discrete mathematics and graph theory.

The famous problem of the six bridges of Kõnigsberg proposed by Leonhard Euler in 1735

is considered one of the first works in the study of graphs. Over the years, graph theory has

consolidated itself as an important tool in the study of networks. However, with the development

of computers, larger and larger databases were collected, stored and processed. The use of

traditional graph theory techniques is unfeasible when dealing with large-scale networks because

they seek optimal solutions and consequently require high computational time.

Another motivation for the study of complex networks comes from the area of complex

systems. So far, many researchers tried to understand how each individual of a system behaves to

understand the collective dynamics. However, it is easy to realize that this reductionism approach

has flaws. For example, understanding how the neurons work does not explain consciousness or

memory. The interaction of the elements that form the system creates complex behaviors that

can not be described by studying each element by itself. As described by Mitchell (2009), many

scientists moved beyond the reductionism and started to believe that “the whole is more than the

sum of the parts”. One important tool that allowed researchers to study these complex systems

is the network theory. Researchers from different areas have been using network models to

investigate the dynamics of complex systems. The main advantage of this approach is to be able

to represent various systems in a unified form, making it possible to find common characteristics

and properties.

We initially present the basic concepts of graph theory used in this thesis (DIESTEL,

2005).

Definition 16 (Graph). A graph G is defined as a pair (V,E), where V is a finite and not empty

set composed by n vertices and E is a set of m edges that connects vertices in such a way that
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E ⊆ {(u,v) | u,v ∈V}.

• Undirected Graph: In a non-directed graph, the existence of an edge (i, j) implies that

( j, i) also exists, i.e., the relationship E is said symmetric: ∀(i, j) ∈ E =⇒ ( j, i) ∈ E.

• Directed Graph (digraph): In a directed graph, the existence of an edge (i, j) does not

imply that ( j, i) also exists. In this case, the directed edge (arc) (i, j) means that the vertex

i is connected to the vertices j, but the reciprocal is not true, that is (i, j) 6= ( j, i).

Definition 17 (Weighted Graph). A weighted graph G is defined as a triple (V,E,W ), where V

and E are the sets of vertices and edges respectively, and W is an array of size n×n of values

(weights) associated to each of the edges of the graph.

The main form to computationally represent a graph is through the adjacency matrix A of

size n×n, where n is the number of vertices of the network. For every pair of vertices i and j of

network, if there exists an edge (i, j) ∈ E connecting them, then the position Ai j = 1, otherwise

Ai j = 0. In weighted graphs, each position i j of the matrix can store the weight of the edge (i, j),

i.e., Ai j = wi j if ∃ (i, j) ∈ E.

Definition 18 (Loop). A loop is an edge (v,v) that connects a vertex v to itself.

Definition 19 (Multiple Edges). Given two vertices i and v, if there exists more than one edge

(i,v) connecting these vertices, they are called multiple edges.

Definition 20 (Simple Graph). A simple graph is an undirected graph that does not have multiple

edges or loops.

In the remainder of this work, the term “graph” will be used, for simplicity, to refer to

a simple graph. When this is not the case, its characteristics will be specified. In addition, the

terms “graph” and “network” will be considered similar concepts.

Definition 21 (Adjacent Vertices). Two vertices i and v are adjacent (or neighbors) if there exists

an edge (i,v) ∈ E connecting them. An edge (i,v) that connects two vertices i and v is said

incident on the vertices i and v.

Definition 22 (Neighborhood). The neighborhood Ni of the vertex i is defined as the set of the

adjacent vertices (neighbors) to the vertex i.

Definition 23 (Vertex Degree). The degree ki of a vertex i is the number of neighboring vertices

of i, i.e., the neighborhood cardinality: |Ni|.

Definition 24 (Walk). A walk W in a graph is a sequence of adjacent vertices W = {(v1,v2),

(v2, v3), ..., (vk−1,vk),(vk,vk+1)}. The length of this walk is given by the number of elements

(cardinality) of |W |.
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Definition 25 (Path). A P path is a walk where no vertices and no edges are repeated.

Definition 26 (Cycle). A cycle is a path where the first and the last vertices are the same.

Definition 27 (Vertices distance). Given two vertices i and v, the distance d(i,v) between them

is defined as the length of the shortest path between them. If there is no path between i and v,

then d(i,v) = ∞. The distance from a vertex v to itself is d(v,v) = 0.

Definition 28 (Subgraph). Given two graphs G = (V,E) and G′ = (V ′,E ′), G′ is a subgraph of

G if, and only if, V ′ ⊆V and E ′ ⊆ E.

Definition 29 (Component). A component is a subgraph in which all pairs of vertices are

connected to each other by a path, but none of them are connected to any other vertex of the

graph.

Definition 30 (Connected Graph). A connected graph is a graph which there is a path between

all the pairs of vertices. A connected graph has only one component.

Definition 31 (Regular Graph). In a regular graph, all the vertices of the network have the same

degree.

Definition 32 (Complete Graph). In a complete graph, all n vertices are connected to each other.

In this case, the number of edges of the graph is m = n(n−1)/2.

Definition 33 (Clique). Considering a graph G, a click is a complete subgraph of G.

Definition 34 (Tree). A tree is a connected graph without cycles and m = n−1 edges.

Definition 35 (Linear Graph). A linear graph, also called a path graph, is a tree where all vertices

have a maximum degree equal to 2.

Definition 36 (Null Graph). A null graph is a graph with no edges, i.e., m = 0.

3.2 Complex networks models

Studying the network topology is important because its structure affects the network

functionality (STROGATZ, 2001). Some researchers proposed network models that present some

features observed in real networks. Three network models are the most studied. We describe

them as follows.

3.2.1 Random networks

Erdös and Rényi (1959) proposed a model capable of generating random networks. Con-

sidering initially a network composed by n vertices totally disconnected (m = 0), the generation

process consists in creating random edges given an arbitrary probability p ∈ [0,1]. This model
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disregards loops and multiple edges. At the end of the process, the distribution of the number of

connections (degree) follows a Poisson distribution. This model has been extensively studied

in the literature. However, most of the real networks do not follow this model because the

connections are not randomly formed.

3.2.2 Small-world networks

Watts and Strogatz (1998) proposed a model that generates networks with some properties

observed in social networks. One of these properties is the transitivity (RAPOPORT, 1953).

Given three people A, B and C, considering that A knows B and B knows C, so there is a high

probability of A also knowing C. This property makes the network to have subgroups of highly

connected vertices (communities) and a high clustering coefficient (c). Another property is the

small-world effect. In social networks, the average shortest paths (l) among all pairs of people is

small. It happens because people are separated from each other by a small number of people.

To generate networks with this properties, the mode initially considers a regular network where

the vertices are positioned under a ring equally spaced. Each vertex is connected to the nearest

k neighbors on each side of the ring, that is, the 2k neighbors. Then each edge is randomly

reconnected to two other pairs of any vertices with probability p ∈ [0,1]. When p is small, a

network is generated with high c and low l. Figure 10 illustrates how the model proposed by

Watts and Strogatz (1998) generates networks with the small-world property

Figure 10 – The process of transforming a regular network into a random network without increasing
vertices or edges. The initial regular network (left) has 20 vertices, each of them connects
to the four closest vertices. The network generation process was repeated twice for different
values of p. The small-world network (center) was generated for small values of p. When
p→ 1, the result is a random network (right).

Source: Watts and Strogatz (1998).
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3.2.3 Scale-free networks

Barabasi and Albert (1999) demonstrated that several real networks have a topology

formed by many vertices with few connections and few vertices with many connections (hubs).

They also observed that the degree distribution of these networks follows a power law p(k)∼ k−λ ,

where λ is a constant that varies between 2 and 3. In random networks, the degree distribution

follows a Poisson and the mean degree 〈k〉 indicates the scale of the network, since a randomly

selected vertex will have degree k = 〈k〉± 〈k〉 1
2 . On the other hand, in networks studied by

Barabasi and Albert (1999), the mean degree can not be used as a scale to predict the degree of a

vertex taken at random. Therefore, these networks are called free-scale networks.

3.3 Complex network measures

After modeling the interested domain using networks, it is common to exam the topo-

logical features of these networks. Another form to study is to evaluate the modifications in

the topology over time or to classify different networks. For all of these branches of study, it is

fundamental to use measures to quantify properties of the network. These measures can be used

to evaluate, characterize and classify networks. Costa et al. (2007) define several measures and

some of them will be presented bellow.

• Average degree 〈k〉: Average number of vertices connections. Considering A the adjacency

matrix of the network, the degree of a vertex i can be defined as ki = ∑
n
j=1 Ai j. The average

degree is defined as:

〈k〉= 1
n

n

∑
j=1

Ai j. (3.1)

• Degree distribution p(k): Distribution of degree probability of all vertices of the network.

Considering that there are nk vertices of degree k, then p(k) = nk/n. Considering p(k) of

all vertices (k = {0, . . . ,n−1}), then we have the distribution of degrees. This distribution

brings global information about the connection of the vertices.

• Average shortest paths l: The mean of the shortest paths between all the vertex pairs is

defined by:

l =
1

n(n−1) ∑
i 6= j

d(i, j), (3.2)

Where d(i, j) is the distance between vertices i and j. It is an important measure of

information flow in the network. For example, considering that we want to transmit

information from a vertex i to a randomly chosen vertex j, if l is small, then d(i, j) is also

small in the average. Therefore, the information will be transmitted quickly on average.
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• Clustering coefficient c: This measure is used to verify the existence of highly connected

subgroups in the network. More specifically, c measures the transitivity of the network,

i.e., the fraction of the cycles of size 3 (N△) among all paths of size 3 (N3):

c =
3N△
N3

. (3.3)

• Betweenness centrality Bu: The greater the number of paths that pass through a certain

vertex or edge, the greater its importance in the network. In this way, it is possible to

measure the importance of a vertex (or edge) u by its centrality Bu, defined as:

Bu = ∑
i j

σ(i,u, j)

σ(i, j)
, (3.4)

where σ(i, j) is the total number of shortest paths between the vertices i and j, and σ(i,u, j)

Is the number of shortest paths between the vertices i and j that pass through the vertex u.

• Assortativity r: Assortativity is the Pearson correlation of the vertices degrees of the

network (Eq. 3.5). It measures the tendency of vertices with high degree to connect with

other vertices also of with high degree (r =+1) or to connect with lower degree vertices

(r =−1). Assortativity equal to 0 means that no correlation exists.

r =

1
m ∑ j>i kik jAi j−

[

1
m ∑ j>i

1
2(ki + k j)Ai j

]2

1
m ∑ j>i

1
2(k

2
i + k2

j)Ai j−
[

1
m ∑ j>i

1
2(ki + k j)Ai j

]2 (3.5)

• Modularity Q: The modularity measure was proposed by Clauset, Newman and Moore

(2004) and measures how good a given network partition is. A partition is a division of the

network into groups where each vertex belongs to a group. This measure is used to find

highly connected groups (or communities) in the network. Networks with low modularity

(close to 0) represent random networks whereas high values (the authors suggest values

above 0.3) indicate the presence of communities. The modularity can be calculated by the

equation:

Q =
1

2m
∑
i, j

(

Ai j−
kik j

2m

)

δ (ci,c j), (3.6)

where ci and c j are communities whose vertices i are j are inserted respectively, and

δ (ci,c j) is the Kronecker Delta function that has output 1 if the communities ci and c j are

equal, or 0 otherwise.
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3.4 Community detection

One of the main properties of real networks is the presence of a large number of edges

connecting vertices of a subgroup, but few edges connecting that subgroup to other subgroups.

Figure 11 shows an example of a network with community structures. Several real networks

present these group structures, called communities. In social networks, for example, people tend

to form groups at work or in the family (DONETTI; MUÑOZ, 2004). Other examples include

scientific collaboration networks (GIRVAN; NEWMAN, 2002), interaction networks between

proteins (SPIRIN; MIRNY, 2003), web pages (FLAKE et al., 2002) and food chains (KRAUSE

et al., 2003).

Figure 11 – An example of a network with three communities represented by colors. Inside each commu-
nity, the vertices are highly connected. On the other hand, there are few connections between
vertices of different communities.

Source: Elaborated by the author.

Definition 37 (Community Detection). Given a network G(V,E), the process of community

detection consists of searching for a set P of groups of densely connected vertices, called

communities, using just the topological characteristics, i.e., vertices and edges. This set is defined

as P = {P1, . . . ,Pb}, where 1≤ b≤ n and Pi = {v | v ∈V} is an nonempty set of vertices. Every

vertex of G can belong to just one community, i.e., Pi∩Pj = /0 for every pair of communities.

The community detection task in networks is similar to the clustering task in data mining.

In fact, it is possible to use the traditional clustering algorithms presented in Sec. 2.4 to perform

community detection. However, most of these traditional clustering methods do not take into

account the relationship between the vertices during the clustering process. The objective of the

community detection algorithms is to use only the topological structure of the networks to group

the vertices. Many of these algorithms can find hierarchies of communities, similar to traditional

hierarchical clustering methods.

We present bellow the main approaches used for the community detection as well as

their main algorithms (FORTUNATO, 2010).



70 Chapter 3. Complex Networks

• Divisive algorithms: It consists of removing successive edges from the network until each

group forms a disconnected component. The main idea of this approach is to find the edges

that connect different groups and remove them. Considering that this removal process

is iterative, this approach can find top-down group hierarchies, usually represented by a

dendrogram (Fig. 4). The best-known algorithm was proposed by Girvan and Newman

(2002) and we summarized it in the following four steps: (1) Calculate the centrality

betweenness (Eq. 3.4) of each edge of the network; (2) Remove the edge with greater

centrality; (3) Recalculate the centrality for all edges; (4) Return to step 2. In its first

version, the algorithm does not return which is the best partition of the hierarchy. The

algorithm started using the modularity measure (Eq. 3.6) to find the best partition just in a

later version (NEWMAN; GIRVAN, 2004). Although it presents good results, this method

consumes high computational time due to successive calculations of centrality. In the

worst case, it runs in O (m2n) time, making its application impossible in larger networks.

Subsequent improvements in the algorithm were proposed to reduce the computational time

(WILKINSON; HUBERMAN, 2004; RATTIGAN; MAIER; JENSEN, 2007). Another

algorithm that uses this approach was proposed by Radicchi et al. (2004). This algorithm

is based on the idea that within the communities there is a large number of cycles. On the

other hand, edges that connect different groups participate in a few cycles. Considering

these observations, a measure was introduced to calculate the number of cycles that pass

through each edge. Edges with small values for this measure are more likely to be edges

between groups.

• Spectral algorithms: Spectral properties of graphs can be used to find partitions in the

network. The Laplacian matrix L of a graph can be obtained by means of the following

function: L = D−A, where A is the adjacency matrix and D is a diagonal matrix whose

element Dii = ki stores the degree of the vertex i. Thus, it is possible to use the values

of the eigenvectors as coordinates of a plane M-dimensional, where M is the number of

eigenvectors used to represent the vertices of the network. When plotted, the vertices that

belong to the same communities are located close to each other. Donetti and Muñoz (2004)

applied a hierarchical clustering algorithm to group these points together. The algorithms

of Capocci et al. (2005) and Yang and Liu (2008) also use this approach.

• Dynamic Algorithms: Random walks can be used to find communities (QUILES et al.,

2008). If a network has a community structure, then a particle that walks randomly over

the network is more likely to remain within the communities, since there are more edges

within the group than edges connecting groups. Zhou (2003) proposes a method that

uses random walks to find the distance between pairs of vertices. This distance d(i, j)

between two vertices i and j is calculated by the average number of edges that a Brownian

particle must travel to reach j from i. Closer vertices are more likely to belong to the same

community. Due to successive distance calculations, this method performs computational
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time detection O (n3). Another dynamic approach uses oscillator synchronization. In

this case, each vertex is represented by an oscillator that initially pulses randomly. The

oscillators begin to synchronize their pulses from the interaction with their neighbors.

When oscillators reach a state of synchronization, their pulses are performed at the same

time. Due to the high density of edges within the community, oscillators from the same

community tend to synchronize first. Arenas, Díaz-Guilera and Pérez-Vicente (2006),

Boccaletti et al. (2007) and Zhao, Cupertino and Jr. (2008) also used this approach.

• Methods based on statistical inference: Clustering in graphs can be treated as a statistical

inference problem. In this case, the idea is to deduce hypotheses models from the connec-

tions between the vertices of the graph and make inferences from these hypotheses. One

of the most commonly used methods is Bayesian inference (MACKAY, 2003). Bayesian

inference uses real observations (evidence) to estimate the probability of a given hypothesis

being true. In community detection, the evidences are represented by the graph structure

(HOFMAN; WIGGINS, 2008). Other types of inference have also been used, e.g., block-

modeling (REICHARDT; WHITE, 2007) and information theory (ZIV; MIDDENDORF;

WIGGINS, 2005).

• Alternative Methods: Raghavan, Albert and Kumara (2007) proposed a simple and fast

detection method based on labels propagation. Initially, different labels are assigned to

each vertex. At each iteration, each vertex of the network is randomly visited and each

vertex receives the label with the highest occurrence among its neighbors. If a draw occurs,

then the label is randomly chosen. During this process, some labels are propagated by the

network and others disappear. The algorithm reaches convergence when the label of each

vertex is the same label of its neighbors. Communities are formed by groups of vertices

that have the same label. Oliveira et al. (2008) propose a divisive algorithm for community

detection based on the movement of vertices. This technique maps the network topology

to a dimensional space and moves the vertices in that space in such way that, at the end

of the process, the vertices of the same community are positioned in close regions. Palla

et al. (2005) propose a method to find overlapping communities based on the idea that

communities tend to form clicks due to their high density of edges. On the other hand,

edges that connect groups are unlikely to form clicks. Other detection techniques use

information theory (ROSVALL; BERGSTROM, 2007), Bayesian inference (HOFMAN;

WIGGINS, 2008), and consensus (CUPERTINO; HUERTAS; ZHAO, 2013).

Leskovec, Lang and Mahoney (2010), Orman, Labatut and Cherifi (2011) and Aldecoa

and Marin (2013) present several comparisons between community detection algorithms.

Algorithms for community detection have been applied to different fields of science.

Wilkinson and Huberman (2004) used community detection to find clusters of related genes.

Clauset, Newman and Moore (2004) detect communities of items that are purchased together on
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Amazon. Gargi et al. (2011) propose a method to detect communities in a network composed of

millions of YouTube videos and find related videos. Traud et al. (2011) have applied community

detection on anonymous Facebook data to investigate demographic organizations in different

universities. Porter, Onnela and Mucha (2009) and Fortunato (2010) presented several other

applications.

3.5 From time series to complex networks

From the characterization works of complex networks (Sec. 3.3), it was possible to

study several real systems using networks. These studies allowed a better understanding of the

relationship between network structure and dynamics (BOCCALETTI et al., 2006; NEWMAN;

BARABASI; WATTS, 2006). The interest in applying network theory to study time series has

grown with the success of the application of network theory in many fields of science. In this

section, we present the main methods of transforming time series into networks. Donner et al.

(2011) divide these transformation methods into three classes: proximity networks, visibility

graphs and transition networks.

• Proximity networks: In this approach, subsequences are represented by vertices and the

connections are made using some distance function. This is one of the most used ap-

proached and it is subdivided into three categories: cyclic networks, correlation networks,

and recurrence networks. We present each of these approach below.

– Cyclical networks: One of the first works that proposed a mapping from time series to

networks was done by Zhang and Small (2006). In this work, networks are generated

from pseudo-periodic series, such as heart beats and human speech. A cycle is a

subsequence between two local minimums (or maxima). For example, on electrocar-

diograms, each heart beat represents one cycle. The series is divided into m cycles

{C1,C2,C3, ...,Cm}. Every vertex represents a cycle and the connections between

vertices are performed according to the force of temporal correlation ρ between the

cycles of the series. This correlation measures how similar two cycles are. Given two

cycles Ci and C j, an edge is created between them if ρi j ≥ d, where d is a limiting

parameter defined by the user. After the network construction, the authors evaluated

the degree distributions p(k), the average shortest paths l and clustering coefficient c.

From periodic series with noise, the result of the transformation are random networks.

Chaotic time series generate networks with the small-world property and are scale-

free. In a second work, Zhang et al. (2008) used other measures such as assortativity,

betweenness centrality and network motifs1 to draw a parallel between the dynamics

1 Motifs are connection patterns that occur in large numbers in a given real network, but do not occur
so often if that same network is randomized (MILO et al., 2002).
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of the series and the statistical properties of the network. The authors show that it is

possible to distinguish types of time series using only these measures.

– Correlation networks: The work of Yang and Yang (2008) consists of obtaining all

the subsequences of size l from a time series. For each subsequence pair Si and S j,

compute the correlation ri j between those segments. Each segment is represented

by a vertex and an edge is created between two vertices i and j if |ri j| ≥ rc, where

rc ∈ [0,1] is a limiting parameter. If rc is large, the number of connections is small

and more noise is eliminated from the series. However, if rc is too large, important

edges might be removed. Thus, this work tries to find a range of values (stability

region) for l and rc in such a way that, for any value in that interval, the resulting

network can reveal information of the mapped time series. After finding this interval,

it is possible to notice that, for any value, the generated network presents a degree

distribution that following a power law.

– Recurrence networks: A phase space of a time series is a mathematical space that

represents all possible states of a time series. When these states are plotted versus

time, the path traced by these consecutive states is called the trajectory. When a

trajectory returns to a point (or area) that it has already passed through, then this time

is called a recurrence. In this way, it is possible to represent all points of recurrence

of a system using a recurrence graph (RP). Marwan et al. (2009) present a method to

transform a time series into a network based on the recurrence plot. This graph is

constructed from a recurrence matrix R that is binary, squared, and symmetric. Ri j

defines whether two states −→x (i) and −→x ( j) are close from each other, i.e., Ri j = 1

if ‖ −→x (i)−−→x (i) ‖ ≤ ε , where ε is an arbitrary parameter, or Ri j = 0 otherwise. In

this way, the authors construct a network where each point in the phase space is

represented by a vertex and the recurrences between them are represented by edges.

The authors used network measures (Sec. 3.3) such as the clustering coefficient and

the average shortest path to extract information and characterize network dynamics.

Another approach to building networks using the recurrence matrix is to connect the

nearest k neighbors (SHIMADA; KIMURA; IKEGUCHI, 2008; SMALL; ZHANG;

XU, 2009). Xu, Zhang and Small (2008) Used these networks of neighbors to classify

series dynamics as chaos, noise or periodic orbits.

• Visibility graphs: Lacasa et al. (2008) proposed a method to construct a graph from a time

series called the visibility graph. Each observation in the series is represented by a vertex

and the connections are made if a given vertex can “see” another one. The observations of

the series are plotted using bar plot and an edge is created between two vertices i and j if

it is possible to draw a line between the points of the series that represent them without

crossing by any bar. An advantage of this method is that the network is invariant to affine

transformations in the series. When applying this method to a periodic series, the resulting
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network is regular. Random series generate random networks. Fractals are mapped to

scale-free networks. Elsner, Jagger and Fogarty (2009) applied this mapping algorithm to

transform annual series of hurricanes and detected anomalies. Shao (2010) Constructed

visibility graphs from the heartbeat dynamics and used the assortativity measure (Eq. 3.5)

to identify patients with heart failure. Sec. 5.1.1 presents more details about visibility

graphs.

• Transition networks: Given a time series X = {x1, . . . ,xn}, it can be discretized in intervals

and represented by a set of symbols L = {L1, . . . ,LK}. From these symbols, it is possible

to construct a complete directed weighted graph where the vertices are the symbols from

L and the weight between two symbols Li and LJ is defined by the conditional probability

p(Xi+1 ∈ Li|Xi ∈ L j). This network can be transformed into an unweighted graph by

applying a threshold parameter p < 1 that defines a minimum transition probability

between the symbols. Different from the other approaches, the network topology generated

by this method depends only on the chosen segmentation method. Among the main works

that use this approach to map series in networks are: Nicolis, Cantú and Nicolis (2005a),

Dellnitz et al. (2006), Li and Wang (2007), Li et al. (2007b), and Shirazi et al. (2009).

3.6 Final remarks

In this chapter, we presented the concepts behind complex networks, the main network

models and some measures to characterize networks. We explained what are communities in

networks and the main approaches to detect them. In this thesis, the main goal is to use networks

to extract information from time series. Therefore, we also presented some approaches on how

to transform a time series into a network.
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CHAPTER

4

TIME SERIES CLUSTERING USING

NETWORKS

4.1 Introduction

Clustering is an important task in time series data mining. The goal is to divide a set of

time series into groups, where similar ones are put in the same cluster (ESLING; AGON, 2012).

Such kind of problem has been observed in many application domains like climatology, geology,

health sciences, energy consumption, failure detection, among others (LIAO, 2005).

The two desired aspects when performing time series clustering are effectiveness and

efficiency (WANG et al., 2013). Effectiveness can be achieved by representation methods

that should be capable of dealing with high dimensional data. Efficiency is obtained by using

distance functions and clustering algorithms that can accurately distinguish different time series

in an efficient way. Keeping these two features in mind, many clustering algorithms have been

proposed and those can be broadly classified into two approaches: data-adaptation and algorithm-

adaptation (LIAO, 2005). The former extracts feature arrays from each time series and then

applies a clustering algorithm in its original form. The latter uses specially designed clustering

algorithms to directly handle time series. In this case, the major modification is the distance

function, which should be capable of distinguishing time series.

In the original form of time series, only the local relationship among neighbor data sam-

ples can be easily identified, while long distance global relationship remains unknown in general.

On the other hand, time series analysis, such as time series clustering, classification or prediction,

requires not only local information but also global knowledge to capture the pattern formation of

a given time series. Networks (graphs) are a powerful mechanism, which can characterize the

relationship between any pair or any groups of data samples. Therefore, the transformation from

time series to network representation is hopefully to present an alternative way for time series

analysis. From the technical point of view, network-based clustering techniques also present
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attractive advantage. Up to now, the majority of existing time series clustering techniques in

literature use k-means, k-medoids or hierarchical clustering algorithms in their original forms

or modified versions. The common feature of these algorithms is that they try to break data

samples into clusters in such a way that the partition optimizes a criterion defined by a given

distance function. As a consequence, these techniques can just find clusters of a particular shape

already determined by the distance function. For example, k-means with the Euclidean distance

function can only produce Gaussian distributed clusters. On the other hand, it has been shown

that network-based clustering techniques can capture arbitrary cluster shapes. Network-based

techniques can identify connectivity patterns of the input data and such patterns can form any

shape in the Euclidean space. Finally, many community detection techniques have been proposed

and some of them have even linear time complexity when the constructed network is sparse

(SILVA; ZHAO, 2012). This feature also makes them attractive to time series data clustering.

In this chapter, we aim to apply network science to temporal data mining. We intend to

verify the benefits of using community detection algorithms in time series data clustering. More

specifically, we propose an algorithm including 4 steps of processing: (1) data normalization; (2)

distance function calculation; (3) network construction, where every vertex represents a time

series connected to its most similar ones using a distance function; (4) community detection,

where each community represents a time series cluster. In summary, we will present in this

chapter the following contributions:

• The main contribution is the proposal of using community detection in complex networks

for time series clustering. For this purpose, we transform time series from time-space

domain to topological domain. Networks are a general representation, which has the ability

to characterize both local and global relationship among nodes (representing data samples),

therefore, our approach is useful not only for time series clustering but also for other kinds

of time series analysis tasks. To our knowledge, applying community detection techniques

for time series clustering has not been reported in the literature;

• An extensive numerical study has been conducted in this chapter. Specifically, we study,

in the time series clustering context, combinations of time series data sets, time series

distance functions, network construction methods and community detection algorithms. In

comparison to other time series clustering algorithms, experimental results and statistical

tests show that the network-based approach presents better results.

• The proposed method presents some desired features when applied to real clustering

problems. It can effectively detect shape patterns presented in time series due to the

topological structure of the underlying network constructed in the clustering process. At

the same time, other techniques studied in this chapter fail to identify such patterns. The

proposed method is robust enough to group time series presenting similar pattern but with

time shifts and/or amplitude variations.
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4.2 Clustering time series with networks

The intuition behind our algorithm is simple. Each time series from a database is repre-

sented by a vertex and a distance measure is used to determine the similarity among time series

and connect the most similar ones. As expected, similar time series tend to connect to each other

and form communities. Thus, we can apply community detection algorithms to detect time series

clusters. The idea of this algorithm is illustrated in Figure 12 and the whole process will be

detailed in the following.

Figure 12 – Time series clustering using community detection in networks. First, we construct a network
where every vertex represents a time series connected to its most similar time series using a
distance function. Then we apply community detection algorithms to cluster time series. The
communities are represented by vertices with different colors.

Source: Elaborated by the author.

More specifically, the proposed method is performed in 4 steps: (1) data normalization,

(2) time series distance calculation, (3) network construction and (4) community detection. Each

step is described as follows:

1. Normalization: The first step is a pre-processing stage that intends to scale the data set. As

observed by Wang et al. (2013), normalization improves the search of similar time series

when they have similar shapes but have different scales.

2. Distance measures: The second step consists of calculating the distance between each pair

of time series in the data set and construct a distance matrix D, where di j is the distance

between series Xi and XJ . A good choice of distance measure has a strong influence on the

network construction and clustering result.

3. Network construction: This step intends to transform the matrix D into a network. In

general, the two most used methods for network construction from a data set are the k-NN

and ε-NN. The way how the network is constructed highly affects the clustering result.

4. Community detection: After the network is constructed, we apply community detection

algorithms to search for groups of densely connected vertices to form communities. There
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are plenty of community detection algorithms that use different strategies and the correct

choice again affects the clustering result.

All these steps are presented in Algorithm 1.

Algorithm 1 – Time series clustering

1: procedure TIME_SERIES_CLUSTERING(dataset, k or ε)
2: normalization(dataset)

3: D← distanceMatrix(dataset)

4: G← netConstruction(D, k or ε )

5: P← communityDetection(G)

6: return P

7: end procedure

The time complexity is defined as the sum of the complexities of each step of the method

and it depends on the chosen algorithms and measures. Considering a data set composed by n

time series all of length t, the z-score normalization of the data set can be performed in O(nt).

Also considering that a time series measure can be calculated in a linear time (Table 2), the

network construction needs O(n2t) computations. The time complexities for the community

detection algorithms (Table 3) are usually lower than quadratic and even can be linear (SILVA;

ZHAO, 2012); therefore, the complexity order of the proposed method is O(n2t).

Notice that the most time-consuming process is calculating the distances between all pairs

of data points, which is O(n2t). Therefore, any improvement of the nearest neighbor methods can

be implemented in our method to reduce the computation time. For example, Chen, Fang and

Saad (2009) propose a divide and conquer method based on Lanczos Bisection for constructing

a k-NN graph with complexity bounded by O(nt). Using this improvement, the complexity order

of the proposed time series clustering algorithm is reduced to O(nt).

4.3 Experimental evaluation

In this section, we present experimental results using the proposed methods. The experi-

ments intend to find out the influence of the distance functions, network construction methods

and community detection algorithms on time series data clustering. Finally, we compare our

method to rival ones.

4.3.1 Experiment settings

For the simulations, we have used 45 time series data sets taken from the UCR repository

(CHEN et al., 2015). This repository is composed of real and synthetic data sets divided into

training and test sets. For our experiments, we consider only the training set and we discarded

the test sets. These data sets have been generated by various authors and donated to the UCR
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repository. The labels of each data set are not defined by the UCR but are defined by the authors

themselves according to the specific data set domain. Therefore, we have to assume that the

labels are correct. Table 1 describes each data set used in our experiments.

Table 1 – The UCR time series data sets used in the experiments

Data set Number of Time series Number of
objects length classes

Adiac 390 176 37
Beef 30 470 5
Car 60 577 4
CBF 30 128 3
ChlorineConcentration 467 166 3
CinC_ECG_torso 40 1639 4
Coffee 28 286 2
Cricket_X 390 300 12
Cricket_Y 390 300 12
Cricket_Z 390 300 12
DiatomSizeReduction 16 345 4
ECG 100 96 2
ECGFiveDays 23 136 2
Face (all) 560 131 14
Face (four) 24 350 4
FacesUCR 200 131 14
Fish 175 463 7
Gun-Point 50 150 2
Haptics 155 1092 5
InlineSkate 100 1882 7
ItalyPowerDemand 67 24 2
Lightning-2 60 637 2
Lightning-7 70 319 7
MALLAT 55 1024 8
MedicalImages 381 99 10
MoteStrain 20 84 2
OliveOil 30 570 4
OSU Leaf 200 427 6
Plane 105 144 7
SonyAIBORobot Surface 20 70 2
SonyAIBORobot SurfaceII 27 65 2
StarLightCurves 1000 1024 3
Swedish Leaf 500 128 15
Symbols 25 398 6
Synthetic Control 300 60 6
Trace 100 275 4
Two Patterns 1000 128 4
TwoLeadECG 23 82 2
uWaveGestureLibrary_X 896 315 8
uWaveGestureLibrary_Y 896 315 8
uWaveGestureLibrary_Z 896 315 8
Wafer 1000 152 2
WordsSynonyms 267 270 25
Words 50 450 270 50
Yoga 300 426 2

Source: Chen et al. (2015).
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The objective of the experiments was to check the performance of each combination of

time series distance measures (Tab. 2), networks construction methods (ε-NN or k-NN), and

community detection algorithms (Tab. 3) to each data sets. To compare the results, we use the

Rand Index (RI) that measures the percentage of correct decisions made by the algorithms

(HALKIDI; BATISTAKIS; VAZIRGIANNIS, 2001). The RI is defined as:

RI =
T P+T N

n(n−1)/2
, (4.1)

where T P (true positive) is the numbers of pairs of time series that are correctly put in the same

cluster, T N (true negative) is the number of pairs that are correctly put in different clusters and n

is the size of the data set. The RI for each clustering method is calculated comparing its result to

the correct clustering (labels) provided by the UCR.

We vary the parameters to find out the best clustering result, characterized by the RI

index, for each data set. In the methods using k-NN, the best RI is achieved by varying parameter

k from 1 to n−1. In the methods using ε-NN, the best RI is achieved by varying ε from min(D)

to max(D) in 100 steps of (max(D)−min(D))/100, where D is the distance matrix. For a fair

comparison, the same procedure is considered in the rival methods.

The results are presented using box plots that use rectangles to represent the middle

half of the data divided by the median, represented by a black horizontal line. The vertical

lines represent the max and min values. Black dots inside the boxes represent the mean values.

Black dots outside the boxes represent the outlier values. For comparison purpose, we use

non-parametric hypothesis tests according to the methodology proposed by Demšar (2006) and

we provide the p-values for the reader interpretation. In all the cases, we consider a significance

level of .05, i.e., p-values ≤ .05 indicates a strong evidence that one method statistically better

(or worse) than another. On the other hand, p-values close to 1 indicates that the algorithms

under comparison are statistically equivalent.

Table 2 – Time series distance functions used in the experiments

Distance Cost Reference

Manhattan O(t) (YI; FALOUTSOS, 2000)
Euclidean (ED) O(t) (YI; FALOUTSOS, 2000)
Infinite Norm O(t) (YI; FALOUTSOS, 2000)
Dynamic Time Warp (DTW) O(t2) (BERNDT; CLIFFORD, 1994)
Short Time Series (STS) O(t) (MÖLLER-LEVET et al., 2003b)
DISSIM O(t2) (FRENTZOS; GRATSIAS; THEODORIDIS, 2007)
Complexity-Invariant (CID) O(t) (BATISTA et al., 2014)
Wavelet Transform (DWT) O(t) (ZHANG; SMALL, 2006)
Pearson Correlation (COR) O(t) (GOLAY et al., 1998)
Integrated Periodogram (INTPER) O(t) (LUCAS, 2003)

t is the length of the series;
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Table 3 – Community detection algorithms used in the experiments

Algorithm Cost Reference

Fast Greedy O(n. log2 n) (CLAUSET; NEWMAN; MOORE, 2004)
Multilevel O(m) (BLONDEL et al., 2008)
Walktrap a O(n2. logn) (PONS; LATAPY, 2005)
Infomap b O(m) (ROSVALL; BERGSTROM, 2008)
Label Propagation O(m+n) (RAGHAVAN; ALBERT; KUMARA, 2007)
a Walk length = 4;
b Num. of trials to partition the network nb.trials = 10.

4.3.2 Network construction influence

The first experiment consists of evaluating the influence of the network construction

on the community detection process. We verify how the parameters k and ε from the k-NN

and ε-NN methods influence the network construction in order to provide a good strategy for

correctly choosing these parameters and therefore get good clustering results. We start by running

our method for all combinations of data sets, time series distance measures and community

detection algorithms for various values of k and ε . The results are shown in Figure 13.

Figure 13 – The influence of the parameters (a) k and (b) ε on the resulting number of communities. Weak
(gray) lines represent the normalized real variation of the parameter for each combination of
data set, time series measure and community detection algorithm. The strongest line (blue) is
an interpolation of all results, showing the average behavior. The k-NN construction method
just allows discrete values of k while the ε-NN method accepts continuous values. This
difference explains why the k-NN interpolation presents the sharpest decrease. In small data
sets, k can assume just a few values. However, small variations of k can result in a densely
connected network.
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Source: Elaborated by the author.

When k and ε are small, vertices tend to make just a few connections, which, in turn,

generate many network components (a component is a connected subgraph). As a result, commu-

nity detection algorithms will produce a high number of clusters. On the other hand, if k and ε
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are high enough, all pairs of vertices tend to be connected, leading to a fully-connected network.

In this case, all vertices are considered in one big community. Examples of these behaviors are

depicted in Fig. 14. So the best clustering is usually achieved when intermediate values of k and

ε are chosen.

Figure 14 – An example of the influence of the network construction method on the clustering result for
the coffee data set (28 time series divided in 2 classes). In this case, we constructed three k-NN
networks with the INTPER measure. Vertices colors represent the communities found with
the fast greedy algorithm. (a) k = 1 results in a disconnected network where every component
is a community (RI=0.64). (b) k = 7 creates a connected network with 2 communities that
correctly clustered all the time series (RI=1). (c) k = 27 creates a fully connected network
where the whole network form just one big community (RI=0.48).

(a) (b) (c)

Source: Elaborated by the author.

We also would like to check which method is better between k-NN and ε-NN. In the

following experiment, we compare the best rand index results achieved with both methods for

each combination of data sets, distance measures and community detection algorithms. Tab.

4 shows some statistics of the clustering results using the two different methods. Using the

Wilcoxon signed-rank test (one-tailed) (DEMŠAR, 2006), we conclude that, at a significance

level of .05, the ε-NN method presents larger rand indexes (p-value ≤ .0001), indicating that it

is a better method.

Table 4 – Performance of the two network
construction methods.

Network Rand Index
Method Median Mean Std

ε-NN 0.8436 0.8133 0.1284

k-NN 0.8256 0.8012 0.1335

4.3.3 Time series distance function influence

Another factor, which may influence the performance of our method, is the time series

distance function. Thus, we conduct studies to verify which one is the best for the clustering
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technique presented in this section. For this purpose, we grouped the results by distance measures

and plotted a boxplot. The results are shown in Figure 15.

Figure 15 – Box plot with the best rand distribution divided by measures and networks construction
method. The letters in the top denote significant differences. Results that share at least one
letter mean that they do not present significant differences using the Nemenyi test and a
significance level of .05.
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Source: Elaborated by the author.

According to the Friedman test, for both network construction methods, clustering

results using different distance measures are significantly different (p-value ≤ .0001). Hence, we

proceed to the Nemenyi test to search for groups of similar measures. According to the results,

DTW measure presents the best results for both network construction methods. However, we

cannot statistically affirm that it is a better measure. According to the Nemenyi test, we can

affirm that, at a significance level of .05, Infinite Norm, STS and INTPER present worse results

than other distance measures for both methods of network construction.

4.3.4 Community detection algorithm influence

The third influence factor to our method is related to the community detection algorithm.

Choosing a right algorithm can lead to better clustering results. So, we here verify which

community detection algorithm is better for time series data clustering. For each combination of

data sets and distance measures, we calculate the best rand index for each algorithm and plot a

box plot, shown in Figure 16. The results are divided into two parts regarding the two network

construction methods (k and ε) and, apparently, seems to be similar for both methods.
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Figure 16 – Box plot with the best rand distribution divided by community detection algorithms and
networks construction method. The letters in the top denote significant differences. Results
that share at least one letter mean that they do not present significant differences using the
Nemenyi test and a significance level of .05.
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To check whether the algorithms really have similar performance, we use the Friedman

test (DEMŠAR, 2006) to compare the 5 algorithms and check whether there is a significant

difference in the results. We conclude that, at a significance level of .05, for both network

construction methods, the algorithms do not present similar results (p-value ≤ .0001). Thus, the

next step of our analysis consists of making a post-hoc analysis to check the difference between

the algorithms. In this case, we use the Nemenyi test (DEMŠAR, 2006) to compare pairs of

algorithms. For the k-NN method, we find that the Walktrap algorithm is, at a significance level

of .05, better than the others. For the ε-NN method, the results show that the Fast Greedy and

multilevel algorithms present statistically similar results and these are better than the Infomap,

label propagation, and Walktrap algorithm.

4.3.5 Comparison to rival Methods

Now we present a comparison of our approach to other time series clustering methods.

For this comparison, we chose the combination of network construction method, the distance

function, and the community detection algorithm, which leads to the best experimental results

so far. The first step consists of evaluating which algorithm achieves the best median value. We

opt to compare the median instead of average because it is less sensitive to outliers (DEMŠAR,

2006). The result is presented in Tab. 5.

According to Tab. 5, the best results for the community detection approach is achieved

by using the multilevel algorithm with the ε-NN construction method and the DTW distance
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Table 5 – Performance of different combinations of networks construc-
tion methods, distance functions and community detection
algorithms.

Network Dist Community Rand Index
Method Func. Detect. Alg. Median Mean Std

ε-NN DTW multilevel 0.8671 0.8309 0.1309

k-NN DTW fastgreedy 0.8644 0.8207 0.1381
k-NN DTW walktrap 0.8644 0.8283 0.1297
k-NN DTW infomap 0.8642 0.8191 0.1431
ε-NN DTW infomap 0.8642 0.8225 0.1360
ε-NN DTW walktrap 0.8642 0.8281 0.1283

...
...

...
...

...
...

k-NN L∞ label prop. 0.8163 0.7831 0.1408
k-NN ED fastgreedy 0.8127 0.7958 0.1310
k-NN STS infomap 0.8073 0.7812 0.1415
k-NN STS fastgreedy 0.8016 0.7822 0.1294
k-NN STS multilevel 0.8016 0.7802 0.1307
k-NN STS label prop. 0.7980 0.7751 0.1388

Results were sorted by the median values

function. This result confirms to all the studies of influences previously presented in this thesis.

For comparison purpose, we firstly consider some classic clustering algorithms: k-

medoids, complete-linkage, single-linkage, average-linkage, median-linkage, centroid-linkage

and diana (GAN; MA; WU, 2007). For a fair comparison, we first find out which distance

function leads to the better results for each rival method. Once again, we use the median to rank

the results, which are presented in Tab. 6.

Table 6 – Best time series measures for each of the rival methods

Clustering Dist Rand index
Algorithm Func. Median Mean Std

Diana DTW 0.8596 0.8167 0.1369
Centroid Linkage DTW 0.8593 0.8075 0.1306
Single Linkage DTW 0.8593 0.8164 0.1320
Median Linkage DTW 0.8591 0.8075 0.1294
Average Linkage CID 0.8575 0.8138 0.1375
k-medoids (PAM) COR 0.8534 0.8113 0.1310
Complete Linkage DTW 0.8501 0.8214 0.1249

Besides of those classic clustering algorithms, we also consider three up-to-date methods

proposed by different authors: Zhang et al. (2011), Maharaj (2000) and Brandmaier (2011)

(PDC). For Zhang’s method, we vary the number of clustering candidates from 1 to the size of

each data set and report the best RI. In Maharaj’s method, we search for the best RI varying the

significance level α from 0 to 1 in steps of 0.5. For PDC, we use the complete linkage clustering
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algorithm and report the best RI from the hierarchy. Tables 7 and 8 show the best rand index for

each algorithm and the corresponding data set. Figure 17 summarizes this information in a box

plot.

Table 7 – Best rand index for each clustering algorithm I

Multilevel k-Medoids Diana Complete Single Average Median
ε-NN (COR) (DTW) Linkage Linkage Linkage Linkage

(DTW) (DTW) (DTW) (CID) (DTW)

adiac 0.97 0.97 0.97 0.97 0.97 0.97 0.97
beef 0.83 0.83 0.83 0.83 0.83 0.83 0.83

car 0.78 0.77 0.77 0.77 0.76 0.77 0.77
cbf 0.96 0.73 0.88 0.92 0.82 0.85 0.74

chlorine_concentration 0.59 0.59 0.59 0.59 0.59 0.59 0.59
cinc_ecg_torso 0.75 0.83 0.76 0.76 0.75 0.82 0.75

coffee 0.60 0.86 0.58 0.58 0.62 0.58 0.59
cricket_x 0.92 0.92 0.92 0.92 0.92 0.92 0.92
cricket_y 0.92 0.92 0.92 0.92 0.92 0.92 0.92
cricket_z 0.92 0.92 0.92 0.92 0.92 0.92 0.92

diatom_size_reduction 0.97 0.96 0.93 0.85 0.93 1.00 0.87
ecg_five_days 0.63 0.55 0.63 0.68 0.60 0.55 0.64

ecg 0.61 0.66 0.57 0.68 0.57 0.70 0.57
face_all 0.96 0.94 0.95 0.95 0.94 0.94 0.93

face_four 0.90 0.78 0.83 0.91 0.79 0.79 0.79
faces_ucr 0.94 0.92 0.94 0.95 0.92 0.92 0.93

fish 0.87 0.87 0.87 0.87 0.87 0.88 0.87
gun 0.60 0.60 0.57 0.59 0.60 0.63 0.62

haptics 0.80 0.80 0.80 0.80 0.80 0.80 0.80
inlineskate 0.86 0.86 0.86 0.86 0.86 0.86 0.86

italy_power_demand 0.71 0.88 0.69 0.70 0.68 0.71 0.64
lighting2 0.64 0.55 0.57 0.70 0.61 0.55 0.65
lighting7 0.85 0.85 0.85 0.85 0.85 0.86 0.85

mallat 0.94 0.95 0.97 0.97 0.91 0.94 0.92
medical_images 0.69 0.69 0.69 0.69 0.69 0.69 0.69

mote_strain 0.78 0.66 0.65 0.64 0.61 0.58 0.63
oliveoil 0.88 0.91 0.86 0.82 0.87 0.90 0.87
osuleaf 0.83 0.82 0.83 0.83 0.82 0.83 0.82

plane 1.00 0.97 0.99 0.99 0.97 0.98 0.95
sony_AIBO_Robot_surface_ii 0.83 0.74 0.77 0.74 0.82 0.74 0.73

sony_AIBO_Robot_surface 0.85 0.69 0.86 0.73 0.92 0.94 0.92
starlightcurves 0.83 0.82 0.83 0.83 0.83 0.83 0.81

swedishleaf 0.94 0.94 0.94 0.94 0.94 0.94 0.94
symbols 0.97 0.95 0.97 0.97 0.97 0.96 0.97

synthetic_control 0.95 0.89 0.94 0.92 0.87 0.89 0.86
trace 0.87 0.76 0.86 0.86 0.91 0.86 0.86

two_lead_ecg 0.61 0.56 0.59 0.68 0.62 0.57 0.58
two_patterns 1.00 0.75 0.94 0.94 0.98 0.75 0.90

uwavegesturelibrary_x 0.89 0.88 0.88 0.88 0.89 0.89 0.88
uwavegesturelibrary_y 0.88 0.88 0.88 0.88 0.88 0.88 0.88
uwavegesturelibrary_z 0.88 0.88 0.88 0.88 0.89 0.89 0.88

wafer 0.82 0.82 0.82 0.82 0.82 0.82 0.83
word_synonyms 0.91 0.91 0.92 0.91 0.92 0.92 0.92

words50 0.96 0.96 0.96 0.96 0.96 0.96 0.96
yoga 0.51 0.51 0.51 0.51 0.52 0.51 0.51

Median 0.87 0.85 0.86 0.85 0.86 0.86 0.86
Mean 0.83 0.81 0.82 0.82 0.82 0.81 0.81
St.D. 0.13 0.13 0.14 0.12 0.13 0.14 0.13

We use the Wilcoxon paired test to verify if our method provides better results than the

other ones. We consided the one-tailed alternative hypothesis that our method presents a higher RI.

To compensate the multiple pairwise comparisons, we use the Holm-Bonferroni adjusting method

(DEMŠAR, 2006). At a significance level of .05, we conclude that the community detection
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Table 8 – Best rand index for each clustering algorithm II

Centroid Zhang et al. (2011) Maharaj (2000) Brandmaier (2011)
Linkage
(DTW)

adiac 0.97 0.97 0.97 0.97
beef 0.83 0.80 0.83 0.83
car 0.78 0.76 0.76 0.76
cbf 0.74 0.92 0.68 0.69

chlorine_concentration 0.59 0.59 0.59 0.59
cinc_ecg_torso 0.75 0.75 0.75 0.89

coffee 0.61 0.58 0.52 0.52
cricket_x 0.92 0.92 0.92 0.92
cricket_y 0.92 0.92 0.92 0.92
cricket_z 0.92 0.92 0.92 0.92

diatom_size_reduction 0.87 0.95 0.74 0.76
ecg_five_days 0.63 0.60 0.59 0.57

ecg 0.60 0.56 0.68 0.57
face_all 0.93 0.95 0.93 0.93

face_four 0.78 0.82 0.75 0.76
faces_ucr 0.93 0.94 0.91 0.91

fish 0.87 0.87 0.86 0.86
gun 0.58 0.59 0.51 0.54

haptics 0.80 0.79 0.80 0.80
inlineskate 0.86 0.85 0.86 0.86

italy_power_demand 0.62 0.70 0.53 0.52
lighting2 0.62 0.62 0.55 0.55
lighting7 0.85 0.86 0.84 0.84

mallat 0.91 0.94 0.87 0.89
medical_images 0.69 0.69 0.69 0.68

mote_strain 0.63 0.62 0.53 0.66
oliveoil 0.88 0.83 0.73 0.72
osuleaf 0.83 0.82 0.82 0.82

plane 0.95 1.00 0.86 0.86
sony_AIBO_Robot_surface_ii 0.73 0.79 0.71 0.51

sony_AIBO_Robot_surface 0.92 0.73 0.72 0.86
starlightcurves 0.83 0.81 0.57 0.62

swedishleaf 0.94 0.94 0.93 0.94
symbols 0.97 0.99 0.83 0.94

synthetic_control 0.86 0.94 0.84 0.84
trace 0.87 0.87 0.84 0.75

two_lead_ecg 0.58 0.58 0.52 0.55
two_patterns 0.92 0.98 0.75 0.75

uwavegesturelibrary_x 0.89 0.89 0.88 0.88
uwavegesturelibrary_y 0.88 0.88 0.88 0.88
uwavegesturelibrary_z 0.88 0.88 0.88 0.88

wafer 0.82 0.82 0.82 1.00
word_synonyms 0.92 0.91 0.91 0.91

words50 0.97 0.96 0.96 0.96
yoga 0.51 0.51 0.50 0.52

Median 0.86 0.85 0.82 0.83
Mean 0.81 0.81 0.77 0.77
St.D. 0.13 0.14 0.14 0.15

approach presents better results (p-values ≤ .02) than k-medoids (PAM), diana, median-linkage,

centroid-linkage, Zhang’s method (ZHANG et al., 2011), Maharaj’s method (MAHARAJ, 2000)

and PDC (BRANDMAIER, 2011). Even though our approach has presented higher median

and mean values, we cannot conclude that it is statistically better than complete-linkage, single-

linkage and average-linkage (p-values ≤ .32) yet.
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Figure 17 – Box plot with the comparison of different time series clustering algorithms applied to different
data sets.

0.5

0.6

0.7

0.8

0.9

1.0

m
ultilevel ε

−
N
N

(D
TW

)
K
−m

edoids (C
O

R
)

diana (D
TW

)

com
plete link. (D

TW
)

single link. (D
TW

)

average link. (C
ID

)

m
edian link. (D

TW
)

centroid link. (D
TW

)

zhang
m

aharaj
pdc

ra
n
d
 i
n
d
e
x

Source: Elaborated by the author.

4.3.6 Detecting time series clusters with time-shifts

Clustering algorithms should be capable of detecting groups of time series that have

similar variations in time. To exemplify the efficiency of our method in detecting the similarity

with time shifts, we consider the Cylinder-Bell-Funnel (CBF) data set, that is formed by 30

time series of length 128 divided into three groups (GEURTS, 2002). Each group is defined

by a specific pattern. The cylinder group of series is characterized by a plateau, the bell group

by an increasing linear ramp followed by a sharp decrease and the funnel group by a sharp

increase followed by a decreasing ramp. Even composed by a small number of time series, this

data set presents characteristics that make difficult the detection of similarity. In this data set,

the starting time, the duration and the amplitude patterns among the time series of the same

group are different. A random Gaussian noise is also added to the series to reproduce the natural

behavior. Figure 18 shows the CBF data set.

Using our approach, we build a ε-NN (ε = 58.87) with DTW and then apply the multi-

level community detection algorithm. The result (Fig. 19) is a network with 3 communities, each

one representing an original cluster of the data set. Our approach correctly finds out all the time

series clusters, except the one with label “3” in Fig. 19. In this simulation, we get RI = 0.96 for

our method. The rival method (Tab. 6) that achieves the best clustering result for this data set is

the complete linkage with DTW: RI = 0.91.

4.3.7 Efficiency to detect shape patterns

In some cases, the similarity of time series is defined by repeating patterns that should

be efficiently detected by clustering algorithms. We exemplify the efficiency of our method to
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Figure 18 – The Cylinder-Bell-Funnel (CBF) data set is composed of three groups of series: (a) the
cylinder group of series is characterized by a plateau, (b) the bell group by an increasing linear
ramp followed by a sharp decrease and (c) the funnel group by a sharp increase followed by a
decreasing ramp.

0 20 40 60 80 100 120

-3
-2

-1
0

1
2

3
4

(a)

0 20 40 60 80 100 120

-3
-2

-1
0

1
2

3
4

(b)

0 20 40 60 80 100 120

-3
-2

-1
0

1
2

3
4

(c)

Source: Elaborated by the author.

Figure 19 – Network representation of the CBF data set using the ε-NN construction method (ε = 58.87)
with DTW. Vertices colors indicate the 3 communities that represent each group of time series
illustrated in Fig. 18. All the 30 time series were correctly clustered, except one (RI = 0.96).
The time series with label “3” belongs to community of color blue (bottom).
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detect different shape patterns in time series considering the two patterns data set (GEURTS,

2002). It is composed of 1000 time series of length 128 divided into four groups. These groups

are characterized by the occurrence of two different patterns in a defined order: an upward step

(which goes from -5 to 5) and a downward step (which goes from 5 to -5). Using these two

patterns, it is possible to define four groups: UU, UD, DU, and DD. The group UU is defined

by two upward steps, UD is defined by an upward step followed by a downward step, and the

same logic defines DD and DU groups. According to this definition, clustering algorithms should

be capable of detecting the order of patterns to correctly distinguish UD and DU. To make the

problem harder, the position and duration of the patterns are randomized in such a way that there

is no overlap. Around patterns, the series is characterized by an independent Gaussian noise.

Figure 20 illustrates the 4 groups of the data set.

Figure 20 – The two patterns data set is composed of the sequence of two patterns: an upward (U) step,
which goes from −5 to 5, and a downward (D) step, which goes from 5 to −5. The order
which these patterns occur define each group: (a) UU, (b) UD, (c) DU and (d) DD.
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Source: Elaborated by the author.

Using the ε-NN construction method (ε = 44.91) with DTW, it is possible to construct

a network as shown in Fig. 21, which represents the two patterns data set. After applying the

multilevel community detection algorithm to this network, we get 4 communities, representing

each group of time series. All the 1000 time series are correctly clustered (RI = 1). The rival

method (Tab. 6) that achieves the best clustering result for this data set is the single linkage with

DTW (RI = 0.97).
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Figure 21 – Network representation of the two patterns data set using the ε-NN construction method
(ε = 44.91) with DTW. Vertices colors indicate the four communities that represent each
group of time series illustrated in Fig. 20. All the 1000 time series were correctly clustered
(RI = 1).
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Source: Elaborated by the author.

4.4 Final remarks

In this chapter, we presented the benefits of using community detection algorithms to

perform time series clustering. According to the experimental results, we conclude that the best

results are achieved using the ε-NN construction method with the DTW distance function and

the multilevel community detection algorithm among the combinations under study. We have

observed that intermediate values of k and ε lead to better clustering results (Sec. 4.3.2).

For a fair comparison, we have also verified which distance function works better with

each of the rival algorithms (Tab. 6). We compare those algorithms to our method using different

data sets and we confirm that our method outperformed in most of the tested data sets. We have

observed that our method can detect groups of series even presenting time shifts and amplitude

variations. All the facts indicate that using community detection algorithms for time series data

clustering is an interesting approach.

Another advantage of the proposed approach is that it can be easily fit to specific

clustering problems by changing the network construction method, the distance function or

the community detection algorithm. Another advantage is that general improvements on these

subroutines are applicable to our method.

In this chapter, we have made statistical comparisons of clustering accuracy based on the

rand index. Although it is a good measure and presents good results, it would be interesting to

evaluate the simulation results using different indexes. Another point is that we have compared

the best rand indexes searching from a variation of k and ε . In many real data sets, it would be

infeasible to do such a searching due to the time. As future works, we plan to propose automatic



92 Chapter 4. Time Series Clustering Using Networks

strategies for choosing the best number of neighbors (k and ε) and speeding up the network

construction method, instead of using the naive method.
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CHAPTER

5

TIME SERIES CLASSIFICATION USING

NETWORKS

One specific task involves the classification of time series. Many classification algo-

rithms were proposed including the k-nearest neighbors (k-NN), decision trees, neural networks,

Bayesian classifiers and SVM (XING; PEI; KEOGH, 2010). However, the simple combination of

the one-nearest-neighbor (k-NN with k = 1) and the Dynamical Time Warping (DTW) distance

function usually presents excellent results and it seems to be very difficult to beat (WANG et al.,

2013).

The two main aspects when dealing with time series classification are the representation

methods and the similarity measures (WANG et al., 2013). The former tries to reduce the amount

of data and make easier the comparison of time series. The latter should efficiently capture

underlying similarity of such data. Many time series representations and similarity measures

were created to study time series (comparisons and references of representation methods and

measures can be found in the work of Wang et al. (2013)), however, in our best effort, we did

not find any time series classification technique based on graphs.

Graph mining is another research area intended to extract meaningful knowledge from

graphs (AGGARWAL; WANG, 2010). The graph classification task is a supervised learning

problem which the goal is to categorize entire graphs. Given a subset of labeled graphs in a graph

dataset, the task is to build a model from the labeled graphs and use it to classify unlabeled graphs.

The graph classification algorithms use two main approaches: graph kernels or feature extraction.

Graph kernels measure the similarity between two graphs using random walks. Feature-based

methods extract a characteristics array from each labeled graph and then use them to train

a traditional classification algorithm. One of the most simple featured based classifier is the

k-NN, that requires only a graph similarity measure to extract features and classify a new graph

according to the most similar ones.

Using graphs to extract information from time series is a novel approach that can
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capture information that traditional techniques cannot find (DONNER et al., 2011). Moreover,

this approach permits using the solid graph theory to extract information of sequential data.

Some methods of mapping time series into networks have been recently proposed using some

approaches like: correlation (ZHANG; SMALL, 2006), recurrence analysis (MARWAN et al.,

2009), transition probability (NICOLIS; CANTÚ; NICOLIS, 2005b), phase-space reconstruction

(XU; WUNSCH, 2008), frequency transition (CAMPANHARO et al., 2011) and visibility

(LACASA et al., 2008; LUQUE et al., 2009). For a detailed review on transformation methods,

we refer the interested reader to the work of (DONNER et al., 2011)).

In this chapter, we aim to apply graph mining techniques to propose a new method for

time series classification. More specifically, we use the visibility graph algorithm to transform

a set of labeled time series into a set of labeled graphs. Then, we use the k-NN algorithm with

different graph similarity measures to classify new graphs. The idea is to transform the problem

of time series comparison into a graph matching problem. This transformation makes possible

to use graph mining techniques and network science. Experiments show that proposed method

presents good results when the time series with the same label are affine transformations from

one another.

5.1 Background and related works

The increasing success of the application of graph and network theory to many scientific

fields also motivated the study of time series as graphs. The main idea is to use a transformation

method to convert a series from the temporal space to the topological space. With this transfor-

mation, we can use the whole graph theory and network science to extract meaningful knowledge

from time series. As described in Sec. 3.5, the transformation methods can be classified in three

categories: proximity networks, transition networks, and visibility graphs (DONNER et al.,

2011). In this chapter, we use the third class of transformation methods: the visibility graphs.

5.1.1 Visibility graphs

The natural visibility graph (NVG) algorithm was proposed by Lacasa et al. (2008) and

consists of representing each value xi from a series by a vertex vi. Two vertices vi and v j are

connected if they can “see” each other, i.e., if it is possible to draw a line between xi and x j that

do not cross any other data height xk:

∃ (vi,v j) ⇐⇒ xk < xi +(x j− xi)
k− i

j− k
∀ k ∈ {i < k < j}. (5.1)

We illustrate an application example of the visibility graph algorithm in Figures 22. This process

of transformation has some important properties:
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1. Connected: the NVG will always be connected since two consecutive data xi and xi+1 can

see each other;

2. Undirected: the NVG algorithm creates undirected graphs by definition;

3. Invariant under affine transformations of the series data: the NGV is invariant under

rescalling of horizontal and vertical axis and horizontal and vertical translation;

4. Information loss: Some information is lost during the NVG construction. For example, the

series X1 = {3,1,3,1} and X2 = {3,2,3,2} will generate the same NVG even tough they

are quantitatively different.

Figure 22 – Examples of visibility graphs for the series X = 8, 5, 5, 2, 2, 8, 1, 6, 8, 7, 1, 4, 9, 8, 4,10, 9,
1,10, 4. (a) Natural Visibility Graph (NVG) (b) Horizontal Visibility Graph (HVG).
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Source: Elaborated by the author.

One important point to discuss is the time complexity of transforming a time series into

a visibility graph. The naive implementation consists of checking, for every pair of vertices, if

all the vertices between them do not cross the line that connects these two vertices, resulting

in a complexity O(n3). This complexity is impractical for long time series. However, some

advances in computational geometry made possible to speed up the construction of VGs. One of

the interesting nontrivial solutions was proposed by Lee (1978) that construct the VG in time

O(n2 logn). For a complete review on visibility algorithms, the interested reader may check

(GHOSH, 2007).
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5.1.2 Graph similarity

After presenting some methods to transform time series into a graph, now we present

some measures to compute the similarity between two graphs. This comparison is essential in

graph mining. In fact, instead of computing similarity, we believe that computing the distance

between two graphs is more straightforward. These distance functions can be divided into three

classes: isomorphism, inexact matching, and topological descriptors (BORGWARDT, 2007).

The first class of measures is based on graph isomorphism.

Definition 38 (Graph Isomorphism). Two graphs G = (V,E) and G′ = (V ′,E ′) are isomorphic

if there exists a bijection f : V →V ′ with (vi,v j) ∈ E ⇔ ( f (vi), f (v j)) ∈ E ′ ∀ vi,v j ∈V .

This topological comparison can be used as a simple distance function where d(G,G′) = 0 if the

graphs G and G′ are isomorphic (match) or 1 otherwise (do not match). This binary measure is

known as exact graph matching (CONTE et al., 2004). One problem with this approach is the

time complexity required for verifying the isomorphism since no polynomial solution is known.

Instead of comparing the whole graph, some related measures compare subgraphs. However,

graph isomorphism is not commonly used in practical because graphs in real-world often have

noise and rarely present an exact matching (CONTE et al., 2004).

The second class of measures tries to solve the problem of the noise by considering a

tolerant error. The inexact matching measures the difference between two graphs using an edit

distance, defined as the cost of the least expensive sequence of edit operations that are needed

to transform one graph into another. The idea is to count the minimum number of node and

edges insertions, deletions and relabelings to transform one graph into the other (GAO et al.,

2010b). The Jaccard index is one of most well know measures. This measure computes the

number of vertices and edges overlaps between two graphs (PAPADIMITRIOU; DASDAN;

GARCIA-MOLINA, 2010). Another related measure is the Gromov-Hausdorff distance (GHD)

(MEMOLI, 2008). This measure compares how far two compact metric spaces are from being

isometric. It is commonly used to compare different shapes. Considering the graph structure as a

metric space, the GHD can be applied to weighted graphs comparison. Given two finite metric

spaces ρ1 and ρ2, the lp Gromov-Hausdorff distance is defined as:

Dp(ρ1,ρ2) = inf{‖(|d(φ1(x),φ2(x))|)x∈X‖p}, (5.2)

where the infimum is taken over all isometric embeddings (preserve the same distance) φ1 of

(X ,ρ1), φ2 of (X ,ρ2) into a common metric space (Y,d) (LIEBSCHER, 2015; MEMOLI, 2007).

The third class of measures consists of extracting feature vectors that describe the

topological properties of the graphs. This vectors are called topological descriptors and can be

used to compare graphs (SOUNDARAJAN; ELIASSI-RAD; GALLAGHER, 2014). In general,
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what these measures do is to extract two n-dimensional feature vectors p and q from graphs

G1 and G2 respectively and compare them using, for example, the Canberra distance. Different

measures use different descriptors to compute distance. Features are extracted observing local

characteristics, like vertex degree and vertex transitivity, to global features like community

structures, average shortest path, average degree, etc. For a survey on network measures, we

refer the interested reader to (COSTA; RODRIGUES, 2007).

Another classification is related to the vertex correspondence. Some distance functions

require that the vertices and edges of the graphs should have unique labels before the comparison.

These functions just measure the correspondent difference between the label vertices and edges.

The advantage is that they do not require to discover first which is the best matching between the

two graphs and therefore are faster. The disadvantage is that they cannot detect similarity when

graphs are similar (inexact matching) but have different labels.

5.1.3 Graph classification

The problem of graph classification is a supervised learning problem which the goal is

to categorize entire graphs. In this task, there is a labeled subset in a graph dataset that is used

to build a model to predict the label of a whole uncategorized graph. We formally define the

problem as:

Definition 39 (Graph Classification). Given a set of N training examples G= {(G1,y1), . . . ,(GN ,yN)}
where Gi is a graph associated to a label yi from a set of p labels Y ∈ {1,2, . . . , p}, the graph

classification problem consists of inducing a mapping function f (G) : G→ Y that correctly map

a graph to its label. This function is used to assign labels to an unlabeled graphs.

The graph classification algorithms can be broadly classified into featured-based and

distance-based. The former extract feature vector from the graph training set and use traditional

classification algorithms.

The distance-based algorithms use distances functions to measure and evaluate the

similarity of pairs of graphs. Examples of algorithms are the k-nearest neighbors, graph kernels,

and graph embedding. The k-NN classifier is one the most simple supervised algorithms because

it only needs a distance function to classify objects. Therefore, it is very convenient for graphs

classification. Given a labeled set of training graphs, the k-NN classifier assigns an unknown

graph to the class that occurs most frequently among the k graphs from the training set that have

the smallest distances to the unknown graph. Due to its simplicity, we chose to use our approach.

5.1.4 Time series classification

The time series classification problem is similar to the graph classification problem. The

idea is to train a classifier using a previously labeled set and use this classifier to label new
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series. The time series classification methods can be broadly classified into three categories:

featured-based, distance-based and model-based algorithms (XING; PEI; KEOGH, 2010).

Featured-based methods extract feature arrays from time series and use traditional

classification algorithms, like decision trees and neural networks. The difficulty of these methods

is to correctly obtain the descriptive features that distinguish each class. One example of a feature

are the Shapelets, which are subsequences which can maximally represent a class (YE; KEOGH,

2009).

Distance-based methods define a distance function to measure the dissimilarity between

pairs of time series. Examples include k-NN and support vector machines (SVM). These methods

are widely used because they just require a time series distance function. The two mostly used

time series distance functions are the Euclidean and Dynamic Time Warping (DTW) distances

(WANG et al., 2013). Although its simplicity, the 1-NN (k− NN with k = 1) algorithm with

DTW provides better results than classifiers such as neural networks and SVM.

Model-based methods assume that all time series of the same class were generated by an

underlying model. Each model describes the probability distribution of the process generating

the data from each class. In the training step, the algorithms learn which parameters describe

the probability distribution. In the classification step, an unlabeled series is assigned to the class

with the highest probability. Examples include the Naive Bayes, Markov models and Hidden

Markov Models (HMM).

5.2 Method description

The idea of our method is to first transform a set of labeled time series X= {(X1,y1), . . . ,(XN ,yN)}
into a set of labeled graphs G= {(G1,y1), . . . ,(GN ,yN)}. In order to classify a new time series

X , we use a graph similarity measure to search for the k most similar (k-NN) graphs in training

set G. The label with more occurrences in the (k-NN) graphs is assigned to the new graph. We

illustrate his strategy in Fig. 23.

By definition, the visibility algorithm creates unlabeled graphs. As seen in Section 5.1.2,

the problem of unlabeled graphs comparison is more difficult then comparing labeled graphs.

Thus, we can simplify this problem by using the natural order of the series to label vertices and

edges in order to make the graphs comparison easier. The vertices labels LV = {1,2, . . . ,n} are

simply defined as the order index of observations in the series. This simply labeling process

permits to use graph distance functions that require vertex correspondence.

We also considered adding weights to the edges in order to add more information about

the relying time series. Every edge has a weight wi j that is the Euclidean distance between the
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Figure 23 – Time series classification using networks. The idea is to transform labeled training set of time
series into a set of networks (different colors represent different labels). Then, an unlabeled
time series is transformed into a network and calculated it’s similarity to the other networks
from the training data set. Finally, the new time series can be classified using the k-NN
algorithm.

two data points represented by the vertices vi and v j:

wi j =
√

(t j− ti)2 +(x j− xi)2. (5.3)

After constructing all networks, the classification is performed by similarity. In this chapter,

we used the lp Gromov-Hausdorff distance described in Eq. 5.2. In our tests, we used the

Euclidean type metric (l2 GHD). One motivation for using this distance function is the capability

of comparing weighted graphs. The second motivation is the capacity of finding similarity in

unlabeled graphs (isomorphism). We wanted to use a distance function that works similar to the

DTW. This measure should first match the vertices before the comparison. Both GHD and DTW

distances try first to match graphs and time series respectively.

5.3 Experimental evaluation

5.3.1 Toy case

We started the experiments showing a toy case where 1-NN with DTW fails to classify.

Consider the data set illustrated in the top part of Figure 24. It is composed of four time series

with two different shapes. The blue and the red ones are trended sinusoidal and cosinusoidal

curves respectively. The goal here is to correctly classify the two detrended time series in the

bottom part of Figure 24. The k-NN classifier with DTW algorithm misclassifies them.

In this case, when the series are transformed to the topological space, using the NVG

algorithm, we can clearly see the similarity between the test cases and training ones. Figure

25 illustrates the respective NVGs for the time series in Fig. 24. Using the 1-NN with GHD

function, we can successfully classify them. Our method works here because time series from
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Figure 24 – A case where 1-NN with DTW fails to classify time series. The goal is to classify the times
series 5 and 6 according to its shape similarity to class blue: sin (series 1) or red (2). The
1-NN with DTW algorithm misclassifies it as belonging to class red (2).
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different classes are affine transformations from each other. It is clear here that a simple detrended

preprocessing would make DTW work for this case, but there are more complicated situations

that it would not work.

Figure 25 – Two NVGs constructed using the 2 time series in test dataset in Fig. 24 (numbers 5 and 6
respectively). (a) NGV for all sinusoidal time series in red (1, 3 and 5), (b) NGV for all
cos-sinusoidal time series in blue (2, 4 and 6). Using the 1-NN we can correctly classify this
time series.
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Source: Elaborated by the author.
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5.3.2 Real case

Here we present the results for a real dataset where our approach presents better results

than DTW and 1-NN classifier. We used a dataset composed of time series extracted from binary

images of beetles and flys (CHEN et al., 2015). Each image was transformed into a time series by

getting the distance from the outline and the center of the image. Each time series is composed

of 512 values and were normalized. The dataset is composed by 20 training instances and 20 test

instances illustrated in Fig.26. The problem consists of using this dataset to detect if an unknown

outline is a beetle or fly.

Figure 26 – Time series dataset (a) composed by distances between the outline and the image center of
beatles (b) and (c) flys.
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Source: Adapted from Bober (2001).

After running 1-NN with both DTW and GHD in this dataset, our approach provides

better results. The accuracy results for DTW and GHD are 70% and 75% respectively. The

dataset explains this result. Some images are transformations (rotation) from one another, what

leads to similar visibility graphs. In fig. 27 we show a specific case where DTW fails to classify

a time series from the BeetleFly dataset. The goal is to classify the test instance number 12 (red).

After transforming these three time series to VGs it is possible to compare them using GHD.

DTW considers the training instance number 7 (green) as the most similar while GHD considers

the training instance number 11, which provides the correct label.



102 Chapter 5. Time Series Classification Using Networks

5.4 Final remarks

In this chapter, we presented a new time series classification algorithm based on networks.

We adapted the VG by adding weights that correspond to the distances between two values in

the series. These weights add mode information about the series to the resulting VG. In order to

compare two graphs, we need a graph distance function that take into account the weights. We

also wanted to use a graph distance function that takes into account some inexact matching. The

idea was to transform the time series alignment problem (done by DTW) into a graph matching

problem. The classification process was also done by similarity using k-NN. The advantage of

this transformation is that makes possible the use of graph similarity measures and the whole

graph theory framework to extract information from temporal data.

Our results suggest that our method presents good results when the time series from the

same label (class) are affine transformations from one another. In these cases, normalization or

trend removal are not required.

The results here presented are still initial, but sufficient to show that is possible to use

networks to perform time series classification. The results here presented opens opportunity of

research in many directions. Some ideas include the use different methods to map time series

into graphs. Testing other graph distance functions. Applying dimension reduction in graphs

before comparing them. Using different graph classification algorithms like graph kernels and

graph-embedding.
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Figure 27 – A case where 1-NN and DTW fail to classify a time series from the BeetleFly dataset. The
objective is to classify the time series in red (test 12). Networks and time series with the same
color indicate the correspondent transformation. On the left of each network, there is a square
that represents the normalized adjacency matrix of the network. The darker the color of the
edge, the stronger the connection. DTW considers the time series in green (train 7) as the
most similar. Using GHD, the distances between the test instance (red) and the two training
instances 7 and 11 are 33.60 and 26.22 respectively. In this case, GHD correctly assigns the
label according to similarity.

Source: Elaborated by the author.
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CHAPTER

6

PERIODICITY DETECTION USING

NETWORKS

6.1 Introduction

Complex networks are a scientific field motivated by observations in real networks.

Numerous systems have been represented with vertices and edges then studied in order to

search for common properties. One particular study involves the representation of time series as

networks. The main idea is to transform a time series into a network and explore its properties

using complex networks techniques. Traditional techniques of time series analysis make a

summarization of the time series characteristics and use them to provide information about the

dynamics in the series. Using networks to study time series is a novel approach that can capture

information that traditional techniques cannot find (DONNER et al., 2011).

Transforming series into networks is however just the first step to study time series with

networks. The next step consists of using complex network theory to make time series analysis.

One typical problem studied in time series analysis is the periodicity detection. A period is

a repeating pattern in the series. This pattern is extensively observed in many real sequential

data from different research areas like oceanography, astronomy, meteorology, medicine and

engineering (VLACHOS; YU; CASTELLI, 2005). Many techniques of periodicity detection

have been proposed, however, the majority of these methods fail to detect periods in noisy data

(PARTHASARATHY; MEHTA; SRINIVASAN, 2006).

In this chapter, we propose a method for periodicity detection based on community

detection in networks. This method consists of dividing a time series into intervals that are

represented by vertices. Two vertices are connected if there are two consecutive observations in

the time series positioned in two different intervals. Once the network is created, community

detection can be applied in order to cluster highly connected ranges. Missing and noisy data

are handled by the discretization process and the community detection process. We applied
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this method to a temperature time series and observed that is possible to use complex networks

techniques to perform periodicity detection. In summary, in this chapter we present the following

contributions:

• A new form of transformation from a time series to network based on intervals;

• A new algorithm of periodicity detection in series based on community detection in

networks.

The remainder of this chapter is organized as follows. First, we present in section 6.2

some related works. In section 6.3, we introduce the new form of transformation from a time

series into a network and how to use it in order to detect periodicity. In section 6.4, we show the

application of this method to a sinusoidal series as example. We also show in this section the

results from the application of the method to a real world time series. Finally, we enumerate

some final remarks in section 6.5.

6.2 Related works

Time series periodicity detection is an old problem that motivates many researchers from

different areas, including data mining researchers. Vlachos et al. (2006) present an algorithm,

called AUTOPERIOD, that performs the detection in two steps. First, the algorithm uses a peri-

odogram to elect candidate periods. The second phase consists of using autocorrelation to verify

if the candidate periods are valid periods. Papadimitriou, Brockwell and Faloutsos (2003) present

an algorithm called AWSON to detect periodicity using wavelets. Rasheed, Alshalalfa and Alhajj

(2011) use suffix trees to detect periodicity in complex time O(kn2), where k is the maximum

length of periodic pattern.

Many techniques (HAN; GONG; YIN, 1998; ELFEKY; AREF; ELMAGARMID, 2005a;

ELFEKY; AREF; ELMAGARMID, 2005b) turn the real values of the series into discrete values.

Considering an alphabet ∑, the discretization process consists of mapping distinct ranges of

values of a time series X to symbols from ∑. For example, considering three ranges a = [0,3),

b = [3,6),c = [6,9] and the alphabet ∑ = {a,b,c}, the series X = {1,3,8,4,2} can be discretized

to X = {a,b,c,b,a}. Elfeky, Aref and Elmagarmid (2005a) presented an algorithm for periodicity

detection based on convolution. The idea of these algorithms is to shift and compare time series.

For example, the discrete series X = {a,b,c,a,b,d,a,b,c} can be shifted three positions resulting

in X ′ = {∗,∗,∗,a,b,c,a,b,d}. Comparing X to X ′, there will be four matches out of six possible

matches. Therefore, X ′ is considered a candidate period. This algorithm can be performed in

time O(n logn), where n is the length of the series.

The algorithm proposed by Nuñez et al. (2012) is the most similar to our approach. First,

the authors transform the series into a network called horizontal visibility graph (LUQUE et
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al., 2009). Every observation of the series is represented by a vertex and a connection is made

between two vertices if they can “see” each other. In other words, the observations of the series

are plotted using a bar chart and a connection is made if it is possible to draw a horizontal line

between two observations that do not cross any bar. Once the network was constructed, the

authors use some properties of the resulting graph to build a noise reduction filter and detect

periodicity.

6.3 Method description

In this Section, we present a method for detection of periodicity in time series based on

networks. As many techniques, we also make the discretization of the series. However, instead of

using an alphabet to represent the ranges of the series, we use a sequence of integers {1, . . . ,n}.
After the discretization process, we use these integer labels to build an adjacency matrix and

map every range of the series to a vertex of a network. The network topology is built according

to the change of intervals in the series. Once the network was constructed, we use a community

detection algorithm to cluster high connected ranges. These communities indicate frequent

changes in the ranges and can be used to detect periodicity, even in the presence of noise. The

whole process will be detailed as follows.

The first part of the algorithm consists of transforming a time series X into a network.

This process consists of dividing X in n distinct ranges with the same length. There are many

strategies to automatically finding the number of ranges in a dataset (GARCIA et al., 2013).

We chose one of the most simple ways of equal-length binning: the square root of the dataset

length. With this simple method is possible to divide a dataset in n = ⌈
√

t⌉ ranges with the

same length. These ranges can be represented by a set R = {r1, . . . ,rn} ordered from low to high

ranges. Every range ri ∈ R will be represented by a vertex vi ∈V in the network G(V,E). For

this transformation, we may label every range of R as a sequence of integers {1, . . . ,n} in the

same order they appeared in R. These labels will be used to represent the indexes of an adjacency

matrix A. Initially, A is considered a null matrix. A connection between two vertices vq and vw is

made if there are two consecutive observations xi and xi+1 in the series located in the different

ranges rq and rw. In this case Aqw = Awq = 1. Repeating this process to all pairs of consecutive

observations in X , we have the resulting network. The network generation procedure is described

in the Algorithm 2.

Once the network was generated, we may apply community detection algorithms in order

to cluster highly connected intervals. The result of this process will lead to a set of communities

P that will be used to detect periods. For the sake of simplicity, we use the term “community of

an element xi” to refer to the community which the vertex that represents the range where xi is

inserted. The process of detection starts by getting the community of the first element x1 of the

series and mark this community as visited. Then we get the community of the second element x2
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Algorithm 2 – Network generation.

1: procedure NETWORK_GENERATION(X)
2: n← ⌈

√
t⌉

3: R← ranges(X , n)

4: for i← 2 to t do

5: r1 ← range(R, xi−1)

6: r2 ← range(R, xi)

7: if r1 6= r2 then

8: v1 ← label(r1)

9: v2 ← label(r2)

10: Av1v2 ← 1
11: Av2v1 ← 1
12: end if

13: end for

14: return A

15: end procedure

and also mark this community as visited. This iterative process goes through the entire series X

and a period is considered every subsequence SX that starts in a community, visits all the other

communities and comes back to the first one. Using this algorithm, it is possible to break the

series in a set of periods P. This detecting periodicity procedure is described in the Algorithm 3.

Algorithm 3 – Periodicity detection.

1: procedure PERIODICITY_DETECTION(X , A)
2: C← communityDetection(A)

3: Cvisited ← /0
4: P← /0
5: C f irst ← community(C, x1)

6: for i← 2 to t do

7: Ccurrent ← community(C, xi)

8: Cvisited ←Cvisited ∪ Ccurrent

9: if Ccurrent =C f irst and |Cvisited|= |C| then

10: P← P∪{i}
11: C f irst ← community(C, xi)

12: Cvisited ← /0
13: end if

14: end for

15: return P

16: end procedure

An important aspect to discuss is how the algorithm deals with noisy data. In real world

time series, two common problems occur: missing and imprecise data. These problems are very

frequent due to the inefficient measurement techniques and storage problems. In our algorithm,

these problems are handled by the discretization and community detection processes. Small

variations in the data are solved by the discretization process that transforms all data in the same

range into the same vertex. The discretization also addresses the issue of missing data in the case
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where the previous and posterior elements are located in the same range. For example, if there is a

repeating pattern S = {1,2,3} and all the elements 1, 2 and 3 are located in the same range, if the

value 2 is missing in same subsequence of the series ({1,3}), the result will be the same, since the

algorithm just considers ranges variations. The missing data is also handled by the community

detection process. There are some specific cases that the result of the community detection is

the same for different networks. For example, the repeating pattern S = {1,2,3,4,5,6,5,4,3,1}
will generate the network depicted in Fig 28a. If the value 5 is missing in some subsequence,

the resulting network will be the one shown in Fig. 28b. In this cases, the result of periodicity

detection will also be the same.

Figure 28 – Result for the transformation process of two different time series into networks. In both cases,
the result of community detection (identified by colors) is the same. This feature is used to
handle missing data in the series.

(a) (b)

Source: Elaborated by the author.

Figure 29 – Periodicity detection in a sinusoidal dataset. (a) The dataset was generated using the function
sin(x) from 0 to 6π sampled at intervals of 0.10. and divided in n = 14 ranges. (b) Network
resulted of the transformation from the sinusoidal dataset. Different colors represent the
4 different communities found with the fast greedy algorithm (CLAUSET; NEWMAN;
MOORE, 2004). (c) Result of the periodicity detection algorithm. Vertical red lines represent
the breaks in the periods found by the method. Every period P = {64,127} in the sinusoidal
series was successfully found with the algorithm.
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Source: Elaborated by the author.

The time complexity of the algorithm is linear if the community detection process is not

considered. The network generation procedure makes n−1 comparisons in the series data to
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create the edges. The periodicity detection procedure also makes n−1 comparisons to search for

changes in communities. The result is a total complexity of O(n). For the experiments, we used

the fast greedy algorithm (CLAUSET; NEWMAN; MOORE, 2004) that detects communities

in time O(m.d. logn), where the d is depth of the dendrogram that describes the network’s

community structure. Considering the community detection process, the time complexity is

O(max(m.d. logn,n)) = O(m.d. logn).

6.4 Experimental evaluation

In this Section, we present the application of the proposed method of periodicity detection

for two different series: an artificial sinusoidal and a real historical temperature dataset.

6.4.1 Sinusoidal series

Initially we consider an artificial sampled sinusoidal series as an example of the method

application. The dataset was generated using the sin(x) function sampled from x = 0 to 6x = π

in intervals of 0.1. It resulted in a dataset composed by 189 elements where every period has

length of 63. In Fig. 29a, we exhibit the dataset, where the x axis represents the index of the

element and y axis represents the real value of the series. This dataset was divided in n = 14

ranges labeled from 1 to 14 where interval 1 is the most low one that used by Alg. 2 to transform

the series into to a network (n = 14), illustrated in Fig. 29b. Every vertex color represents the

community whose vertex is inserted. In this experiment, we used the fast greedy algorithm

for community detection (CLAUSET; NEWMAN; MOORE, 2004) that automatically find the

best number of communities. In this case, 4 communities were found. Once the network was

constructed, we can use Alg. 3 to find periods that are depicted in Fig. 29c by red lines that

divide the series. The algorithm correctly detected every period of the series P = {64,127} that

correspond respectively to the periods 2π and 4π of function sin(x).

6.4.2 Temperature series

The second application consisted of applying the proposed method to a real dataset

composed by the historical temperatures in the city of São Carlos - SP, Brazil (INMET - Instituto

Nacional de Meteorologia, 2013). This dataset is composed by the average temperatures from

month between 1983 and 2013. This dataset has some missing data and it was interesting to test

if the method is sensitive to this usual problem. Specifically, the years 1985, 1992, 1993, 1998

and 2000 have just 0, 8, 10, 11 and 10 values respectively. All the other years have 12 values

resulting in a dataset with a total size of 351 values. This dataset is exhibited in Fig. 30a, divided

in n = 19 ranges. Using Algorithm 2, is possible to transform the dataset to a network (Fig.

30b) and then apply community detection. In this case, two communities were found, separating

the coldest from the hottest temperatures. Once the network was created and the communities
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were found, is possible to apply the Algorithm 3 to detect the periods, that are illustrated in

Fig. 30c. The dataset is composed by 90% of periods with length 12 and our algorithm detected

approximately 70% of periods with length 12.

6.5 Final remarks

In this chapter, we presented an algorithm for periodicity detection based on community

detection. The main difference for this technique to the traditional methods is that it is based on

network theory. The algorithm performs the detection in two steps. First, the a times series is

transformed into a network. Then, communities are detected and used to locate the periodicity.

An advantage of this method is that it is parameter free and do not require a priori knowledge of

the dataset to tune the algorithm. This method was empirically evaluated with two dataset and

presented good results, even in the presence of noisy data.

As future works some points are suggested. It would be interesting to use network metrics

to study the network generated by the transformation algorithm in order to search for patterns

between series and networks. For the same purpose, it would be interesting to apply this method

to other types of series and compare the results for different periodicity detection algorithms. In

short, the network representation leads to a new approach to time series analysis that may be

explored.
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Figure 30 – Application of the proposed method to detect periodicity in a real dataset composed by the
average monthly temperatures of the city of São Carlos - SP, Brazil. Figure (a) shows the plot
of the series divided in n = 19 intervals separated with horizontal dashed lines. These intervals
are labeled from 1 to 19 where interval 1 is the most low one. Vertices colors represent each
community in the networks. (b) Exhibited the network generated from the temperature time
series. Colors represent different communities. (c) Shows the result of periodicity detection
where every period is separated with red vertical lines.

1
6

1
8

2
0

2
2

2
4

te
m

p
er

at
u

re
 (

˚C
)

1983 1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012

(a)

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

(b)

1
6

1
8

2
0

2
2

2
4

te
m

p
er

at
u

re
 (

˚C
)

1983 1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010 2012

(c)

Source: Elaborated by the author.



113

CHAPTER

7

CONCLUSION

The central question behind this thesis is: “Can complex networks bring advantages

to time series mining?”. The answer is positive. In this thesis, we divided this broad question

into tasks related to each time series data mining. We made the same question for each task

and presented the results for 3 of them: clustering, classification and periodicity detection. One

motivation behind this study came from the fact that networks can represent complex systems in

a unified way. This form of representation made possible understanding complex behaviors in

many different systems that previous methods were not able to detect. The second motivation

comes from the great potential of networks as a machine learning tool. Networks have been

widely used in clustering and classification tasks. As we observed in this thesis, networks can

also be used to perform time series data mining.

In the context of time series clustering (Sec. 4), we tested many different combinations

of network construction methods, similarity measures, and community detection algorithms in

several synthetic and real dataset. We observed that the best combination of methods is the ε-NN

construction method with the DTW distance function and the multilevel community detection

algorithm. This approach presented results statistically better than traditional clustering methods.

This method can be easily adapted for specific clustering problems by changing the network

construction method, the time series distance function or the community detection algorithm. The

conclusion is that the network structure and community detection algorithms can better detect

time series clusters. These results are observed due to the capability of community detection

algorithms to find groups of different shapes and sizes.

We also tested methods for times series classification (Sec. 5). For the classification task,

we transformed ever time series from a database into a set of visibility graphs. We wanted to

transform the problem of time series classification into a graph classification problem. With this

approach, we could use the benefits of the transformation method, graph theory, network science,

and network mining techniques. As discussed in the literature, the 1-NN classifier with DTW

distance function is very difficult to beat. In this thesis, we showed that using the visibility graph
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and the GHD is possible to get better results in some situations. We used the GHD because we

wanted a distance function that considered graph matching before comparing them. The graph

matching problem here is analogous to the time series matching performed DTW. When time

series from the same class (label) are affine transformations from one another, the resulting

visibility graph is similar, leading to good classification results.

In section 5, we presented the results for periodicity detection in time series using

networks. We used a similar approach applied to the time series classification task. First of all,

time series were transformed to time visibility graphs. One feature of the VG is that the local

maxima in the series are usually mapped to highly connected vertices that link two communities.

We used this characteristic to propose a periodicity detection method base on community

detection algorithms. Communities represent the periods of the time series. This method can

detect periods in noisy data and does not require parameters.

The methods and results presented in this thesis show that it is possible to transform

time series into networks and use network science to perform time series data mining. In some

cases, this approach can provide better results than traditional methods. Considering the number

of tasks and problems related to time series data mining, the approach used in this thesis can

be applied to many other problems. In the following section (7.1) we suggest a list of possible

extensions to this work.

7.1 Future works

• Summarization: Techniques of summarization (or segmentation) of series consist of pro-

viding a generalized information of the characteristics of the series. The goal is to find

data that does not matter so much to the series and remove them to reduce the number of

data in a time series and simplify its analysis. These techniques can be used independently

in data pre-processing steps in data mining or as ancillary techniques for other tasks.

• Anomaly detection: Outliers Are data from a series that differ greatly from the standard.

These points can be generated by measurement errors, in which case they can be discarded

in the pre-processing stage. Or, these anomalies may represent points of interest in a given

series. Considering, for example, the number of credit card purchases, a high value that

differs from the purchase pattern may indicate the theft and misuse of the card. In this way,

the detection of outliers can be used as a tool for the data mining in time series. In this step,

we intend to develop techniques to find anomalous series in a database and techniques to

find anomalous subsequences in one or more series.

• Search: This type of problem is related to the retrieval of information in series. A growing

number of studies have been carried out in this area (DING et al., 2008; LIAN; CHEN,

2008; SHIEH; KEOGH, 2008). This task consists of finding specific data in a time series

or finding a series in a set of series. In both cases the search is done using a query that
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represents the desired information. To perform the search, it is necessary to organize

(index) the data of a series in a strategic way that facilitates the task. Once the database

has been indexed, it becomes necessary to create search algorithms. Thus, you can create

series indexing methods across complex networks and use those networks to search for

content.

• Association rules: It seeks to identify cause and effect relationships between the data. In

time series, this problem consists of finding patterns in one or more series. When only

one series is considered, the goal is to identify relationships between subsequences. For

example, in stock market analysis, various patterns of price variation have been cataloged

and used for forecasting (EDWARDS; MAGEE; BASSETTI, 2007). That is, probabilistic

mappings of the type are made: given a subsequence S1 so exists x% of chance to occur

S2 in the following. In multivariate series, the correlations between variables can be

represented by association rules. For example, considering that the price of a stock A1 is

increasing and that A2 is decreasing, then there is x% of the stock price A3 also decreasing.

Several works have been developed in this area (CHEN; PETROUNIAS, 2000; LEE; LIN;

CHEN, 2001; SARKER et al., 2003; MöRCHEN; ULTSCH, 2007).

• Multivariate time series clustering: In this thesis we presented the results for univariate time

series clustering. This approach can be easily extended to multivariate time series in the

following ways: (1) changing the time series distance function. In this case, we just need to

use a new distance function designed for multivariate time series. The network construction

method and the clustering method remain the same. (2) Changing the clustering method. In

this case, a new clustering method has to be developed to deal with every series variables.

One possible way is to apply our method to each variable and then use some criteria to

merge the clustering results.

• Data streams: When the dynamics of the series are called into question, the analysis

becomes even more difficult. In many real cases, the series does not have an end value,

but they are infinite data streams that must be analyzed. These data usually come in large

quantities. In this case, limiting in-memory storage makes analysis more difficult. Whether

it is to group, classify or any other task of data mining in time series, in this type of

problem it becomes necessary to use some strategy of discarding or summarizing data.

Several reviews have been published in this area (HULTEN; SPENCER; DOMINGOS,

2001; GABER; ZASLAVSKY; KRISHNASWAMY, 2005; AGGARWAL, 2007; GAMA,

2010; KHAN, 2010).

7.2 Publications

Here we present all the peer-reviewed publications created during the doctorate.
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1. FERREIRA, L. N.; ZHAO, L. Time series clustering via community detection in networks.

Information Sciences, v. 326, p. 227 – 242, 2016. ISSN 0020-0255.

2. FERREIRA, L. N.; ZHAO, L. A time series clustering technique based on community

detection in networks. Procedia Computer Science (Proceedings of International Neural

Network Society - Conference on Big Data (INNS-BigData)), v. 53, p. 183 – 190, 2015.

ISSN 1877-0509.

3. FERREIRA, L. N.; ZHAO, L. Time Series Clustering via Community Detection in Com-

plex Networks. In: Proceedings of International School and Conference on Network

Science (NetSci-X 2015). Rio de Janeiro, RJ, Brazil, 2015

4. FERREIRA, L. N.; ZHAO, L. Time Series Classification with Complex Networks. In:

Proceedings of International School and Conference on Network Science (NetSci-X

2015). Rio de Janeiro, RJ, Brazil, 2015

5. FERREIRA, L. N.; ZHAO, L. Detecting time series periodicity using complex networks.

In: 2014 Brazilian Conference on Intelligent Systems, 2014. p. 402–407.

6. ALVES, L. G. A. et al. Long-range correlations and fractal dynamics in c. elegans: Changes

with aging and stress. Phys. Rev. E, American Physical Society, v. 96, p. 022417, Aug

2017.
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