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One of the major challenges in the medical domain today is how to exploit the huge amount of data that this field
generates. To do this, approaches are required that are capable of discovering knowledge that is useful for
decision making in the medical field. Time series are data types that are common in the medical domain and
require specialized analysis techniques and tools, especially if the information of interest to specialists is concen-
trated within particular time series regions, known as events.

This research followed the steps specified by the so-called knowledge discovery in databases (KDD) process to
discover knowledge from medical time series derived from stabilometric (396 series) and electroencephalo-
graphic (200) patient electronic health records (EHR). The view offered in the paper is based on the experience
gathered as part of the VIIP project.’

Knowledge discovery in medical time series has a number of difficulties and implications that are highlighted by
illustrating the application of several techniques that cover the entire KDD process through two case studies.
This paper illustrates the application of different knowledge discovery techniques for the purposes of classifica-
tion within the above domains. The accuracy of this application for the two classes considered in each case is
99.86% and 98.11% for epilepsy diagnosis in the electroencephalography (EEG) domain and 99.4% and 99.1%
for early-age sports talent classification in the stabilometry domain. The KDD techniques achieve better results
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than other traditional neural network-based classification techniques.
© 2016 Anguera et al. Published by Elsevier B.V. on behalf of the Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

The quantity of information generated by the many different activities
carried out in medicine is constantly on the increase. The efficient and
responsible use of this information is one of the key challenges today.

In the healthcare field, information is generated at many different
levels: management, planning, medical examinations, etc. In particular,
the research described in this paper focuses on patient medical data,
formally known as electronic health records (EHR).

EHRs may contain very wide-ranging data types: nominal (ICD9
codes, CPT codes), ordinal (pain scales, PEW scores), numerical
(temperature, BP), unstructured clinical narratives (for which text
mining techniques are required), etc. There is a lot of literature on
clinical systems operating on these data types [1]. However, more and
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more EHRs contain a data type whose structure may, on occasions, be
extremely complex and which has been found after investigation not
to have been thoroughly researched: time series.

A time series can be defined as a sequence TS of time-ordered data
TS = {TS, t = 1,...,N}, where t represents time, N is the number of obser-
vations made during that time period and TS, is the value measured at
time instant t. The results of medical examinations (electroencephalo-
gram, electrocardiogram, electromyogram, etc.) very often constitute
a time series [2,3]. Such is the importance of time series in medicine
today that important data types like medical images (radiodiagnosis)
are also very often mapped as time series for later processing and
analysis [4].

The analysis of time series for knowledge discovery is far from
straightforward and requires the application of special-purpose tools,
especially if the key information of interest to the expert is concentrated
within particular time series regions, known as events. Data mining is
an interesting option in this respect. As illustrated by the success stories
described by Shadabi and Sharma [5], data mining techniques have a
huge potential for analysing such large volumes of stored medical data
in order to discover knowledge. Generally, the extraction of useful,
tacit and previously unknown knowledge from large data volumes is
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what is known as knowledge discovery in databases (KDD). The KDD
process ranges from the understanding and preparation of the data to
the interpretation and use of the discovered knowledge (results of the
KDD process). Data mining is the stage of the KDD process where the
data are studied and useful information is extracted using a set of
techniques and tools [6].

Traditional time series analysis techniques examine whole time se-
ries. However, the techniques applied in this case study were especially
designed to address the analysis of time series events. As discussed in
detail later, together, these techniques solve a classification problem,
for example, by means of a strategy combining:

a) The identification of time series events

b) The generation of time series reference models for several subjects

c) The comparison of a subject (to be classified) with different refer-
ence models.

The aim of this paper is to report the results of two case studies
applying the above techniques and also share with the scientific com-
munity the experience that we have gained in the field of medical
time series analysis, highlighting the particularities of medical time
series processing throughout the different stages of the KDD process.
To do this the case study research methodology was used in order to
propose and apply advanced knowledge discovery techniques on data
from two branches of medicine: stabilometry and electroencephalogra-
phy. In doing so, the above process was supervised in its entirety by
medical specialists from the respective fields. A sample of their impres-
sions is reported as lessons learned in Section 5. Other researchers may
find the experience shared in this paper useful for more efficiently
and successfully undertaking similar projects for extracting useful
knowledge from other medical time series.

The remainder of the paper is organized as follows. Section 2 dis-
cusses some papers and concepts of interest related to our proposal.
Section 3 describes the reference domains used in this research.
Section 4 details the process enacted to extract knowledge from time se-
ries, as well as the results of its application. Section 5 briefly discusses
different issues of interest related to the proposed techniques and the
illustrated case study (applicability, relationship to other techniques,
limitations, viewpoint of medical experts, etc.). Finally, Section 6 reports
the conclusions of the research and states some challenges in this field.

2. Background

The literature covers different approaches based on the application
of computer techniques applied to the domain of medicine. Some are
based exclusively on expert knowledge [7-12]. Others, however, learn
from previous problems (case-based approaches) [13,14] or are
representations (e.g., decision trees) that support decision making
(model-based approaches) [15]. There are also hybrid approaches, such
as the one illustrated in this article, where expert knowledge is used to
gain a better understanding of the domain and KDD techniques are then
applied to build models for use in decision making (e.g., diagnosis)
based on the medical data.

The KDD process includes the following stages (which may vary
slightly from author to author) [6]:

1. Domain and data understanding. This first phase (which some
authors consider to be outside the scope of the KDD process) studies
the general characteristics of the data to be analysed and the source
domain.

2. Data selection. This phase determines all the sources of data of inter-
est, which are unified in a target dataset.

3. Data preprocessing. The goal of this stage is to assure the quality of
the data. To do this, a series of tasks are performed on the dataset
generated in the selection phase. These tasks include reducing
noise, handling missing values, etc.

4. Data transformation and reduction. In this phase, the preprocessed
data are subjected to a number of filters and operations in order to
assure that the data format is suitable for running data mining
algorithms.

5. Data mining. A series of techniques and machine learning
algorithms can be applied to the correctly formatted data in order
to discover knowledge. These techniques are applied in order to
solve different problem types, known as tasks.

6. Knowledge interpretation/evaluation. The last step in the KDD
process aims to evaluate the resulting models and, if the assessment
is positive, interpret the knowledge inferred from the models.

Clearly, KDD is a well-established process divided into phases and
tasks. It generally functions as a paradigmatic framework for discovering
knowledge from the data of any domain. And medicine is not immune ei-
ther to the beneficial effects of being able to access a highly standardized
and widely documented framework such as the above. In fact, applying
the KDD process to a branch of medicine by documenting and storing
(whenever possible) the interim and final results could be a major step
forward in medical research based on data analysis.

2.1. Time series analysis techniques

There are a great many techniques related to time series analysis in
the literature.

There are techniques for comparing time series and extracting
common subsequences. The most noteworthy are techniques based
on Fourier [6] or wavelet [16,17,18] transforms. Others are based on
comparing time series singularities, known as landmarks [19]. Unlike
the above, another group of techniques address the time series directly,
using concepts such as the time warping distance [20,21], minimum
bounding rectangles (MBR) [22], Markovian models [23] or graph
theory [24]. Of the above, the wavelet-based technique is most closely
related to our proposal, as it is somehow capable of identifying events.
The drawback of this technique, however, is that the events in question
(wavelets) do not necessarily match up with the segments of interest to
domain experts. The other techniques described in this section are
useful for comparing two whole time series. These techniques apply
different methods to extract information on the entire time series. In
many domains, like EEG or stabilometry, the focus should be exclusively
on regions of interest (events) in the time series.

There are techniques not only for comparison but also for generating
transform-based reference models [25]. Again, however, they analyse
the whole time series in order to output the transform coefficients
(which are modelled). The same applies to other research aiming to
find parts that a group of time series have in common but which are
not necessarily of interest to the specialist [26,27,28,29]. Some tech-
niques are based on previously transforming the series into a set of seg-
ments. Even so, their applicability is confined to specified domains [30].

On the other hand, there are some proposals in the literature related
to event identification. They are linked to specified domains, which
means that they are either not usually generally applicable [31,32] or
are based on identifying the prominently shaped segments of the series
[33,34,35] that do not necessarily match up with the events that are of
interest to domain specialists.

Finally, this article illustrates an example of time series classification.
Note, therefore, that most of the reviewed literature concerns tradition-
al techniques like the simple nearest neighbour algorithm [36,37,38].
We have also found techniques that are more like the approach reported
here and are based on distinctively identifying subsequences in time
series (not necessarily events of interest for experts) [39].

2.2. Time series analysis techniques applied to medicine

Other authors have proposed different approaches to time series
analysis techniques for the medical domain. Firstly, several authors
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conducted an interesting survey of time series with regard to what they
are capable of modelling and why they should be used to analyse the
complexity of some multidimensional data that would otherwise not
be understandable for expert systems analysing raw data [40]. These
time series have been widely used in the field of KDD applied to medi-
cine in many papers. A prominent example is the data mining research
applied to the classification and treatment of known medical conditions
[41], proposing an expert system that classifies and automatically
recommends a treatment based on a history of known diseases and
disorders (partly characterized by data mining-based measurements
and diagnoses). Another similar and again very interesting article [42]
proposes a time series clustering system based on formal concept anal-
ysis. This prototype outperformed other classical clustering techniques,
although it had a problem in common with many other proposals of this
type: medical specialists find it hard to select the right techniques, tools,
steps and technologies in order to undertake KDD. On this ground, sev-
eral authors put together a practical guide for the above KDD-focused
phases in the field of medicine [43]. Finally, another problem with re-
spect to time series management in a domain as complex as medicine
is the explosion of complexity resulting in multi-valued data clustering
tasks. On this ground, many papers are in favour of reducing data
dimensionality by abstracting subseries of interest. This would simplify
the data analysis and classification processes. [44].

In any case, and as we are given to understand by the above and
papers like [45], where several authors review the state of the art up
until 2011 on clustering and other implemented techniques for KDD
from time series, this is a key data type in medicine today. Hence, there
is a need for proposals like the one outlined in this article, whose
aim is to communicate a case study on time series events analysis, an
issue not previously addressed in the medical field by any of the above
techniques.

3. Reference Domains: EEG And Stabilometry
3.1. The EEG field

Electroencephalography (EEG) is a branch of medicine responsible
for studying electrical brain activity. To do this, it uses an electroenceph-
alogram machine, which is able to graphically represent this activity.
Electroencephalography is used among other things to diagnose disor-
ders like epilepsy and brain injuries or tumours. The signals generated
by an electroencephalogram are time series, whose analysis has brought
major advances in the medical domain [46,47,48].

In the past, electroencephalography was a tool used exclusively by
physicians. Recently, different methods from the intelligent systems
field have been applied to discover knowledge from electroencephalo-
graphic time series [49,50]. This was the perfect opportunity to specify
medical knowledge and standardize different diagnostic procedures.

Electroencephalographic devices generate time series that record
electrical activity (voltage) generated by brain structures over the
scalp. EEG signals contain a series of waves characterized by their
frequency and amplitude. EEG time series include certain types of spe-
cial waves that are characteristic of some neurological pathologies,
like epilepsy. Such waves are known as paroxysmal abnormalities and
can be considered as events (special regions of the time series that are
interesting for domain experts).

During this research we have taken into account three kinds of
events:

» Spike wave: A wave whose amplitude is relatively higher than
the other waves in the signal and has a period of between 20 and 70
milliseconds.

» Sharp wave: A wave whose amplitude is relatively higher than
the other waves in the signal and has a period of between 70 and
200 milliseconds (see Fig. 1).

« Spicule: A sharp wave with an abrupt change of polarity.

The features characterizing these events are the duration and ampli-
tude of the wave, as shown in Fig. 1.

3.2. Stabilometry Field

Stabilometry is a branch of medicine responsible for studying
human postural control [51,52]. Postural control is a key element for
understanding a person's ability to perform their routine activities.

Postural control is measured by means of a device called a
posturograph. To do this, patients take a series of tests, designed to sin-
gle out the major sensory, motor and biomechanical components that
contribute to people's balance [53]. Fig. 2 shows a patient performing
a posturographic test.

Although stabilometry was originally devised merely as a technique
for assessing a patient's postural control and balance, it is now consid-
ered to be a useful tool for diagnosing and treating balance-related
disorders [54-59].

Throughout this research, we have used a posturography device
called Balance Master, manufactured by NeuroCom® International
[60]. The device is composed of a metal plate placed on the floor and
divided into two interconnected longitudinal plates. The metal plate is
surrounded by a wooden platform, whose sole mission is to prevent pa-
tients from stumbling and falling. The patient stands on the metal plate
and completes different types of tests, called US, LOS, BIS, RWS and WBS
[61]:

US (Unilateral Stance): The aim of this assessment protocol is to
measure the ability of patients to keep their balance standing on one
foot with either eyes open or eyes closed.

LOS (Limits of Stability): The aim of this assessment protocol is to
measure the maximum distance that patients with both feet on the
platform can intentionally displace their centre of gravity without
losing balance or stepping for a time.

BIS (Bilateral Stance): The aim of this assessment protocol is measure
patient balance on different surface types during which patients must
stand still on the platform on top of first a firm surface and then a foam
surface.

RWS (Rhythmic Weight Shift): The aim of this assessment protocol is to
quantify patient ability to voluntarily move their centre of gravity
laterally from left to right and forward and backward between two
targets at various speeds.

WABS (Weight Bearing Squat):The aim of this assessment protocol is to
measure the percentage of body weight borne by each of the two legs.
Ideally each leg should bear approximately half the body weight.

These tests generate time series that measure patient balance. This
case study focused on the US test, as, according to the consulted experts,
this is the assessment protocol that reveals most information about sub-
ject balance. The aim of the US test is to measure how well able patients
are to keep their balance standing on one foot with either eyes open or
eyes closed. Ideally patients should remain perfectly static with no sway
throughout the test. An interesting event type for this test is located at
times when patients lose their balance and put their raised foot down
on the platform. This event type is known in the domain as a fall and
is identified when the pressure on the sensor corresponding to the lifted
leg is greater than a specified threshold (3). These events are character-
ized by their duration and intensity (see Fig. 3).

4. Applied Methods and Results

The case study reported below stated two different scenarios, one for
each of the two reference domains. The KDD process was enacted from
start to finish in each of the above scenarios, applying the specified tech-
niques (see Sections 4.1 to 4.6). The ultimate aim was to classify individ-
uals represented by their respective time series. In fact, two reference
models were output for each domain (healthy and epileptic for EEG;
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Fig. 1. Event taken from an EEG time series.

basketball players and ice-skaters for stabilometry). The idea was to test
the discriminatory power of the proposed classification strategy,
adopting for this purpose the approach defined by the cross-validation
technique (90% for training; 10% for testing).

In the statistical study conducted throughout the case study, tried
and tested descriptive and predictive methods were applied for hypoth-
esis testing based on p-values whose critical value was consistently
below the confidence threshold of oo = 0.05.

The entire process is described below.

4.1. Understanding the domain and the data

The first step was to understand the data for each of the two
domains.

To do this, time series first had to be studied thoroughly, analysing
their many features. Some of the key characteristics are:

« Size of the time series (number of timestamps). Size can determine
the amount of resources required to store and process the series. In
this case, the size of the time series is manageable (from 1000 to
4000 timestamps).

* Type of recorded value. Values will generally be numerical, as applies
to this research. This generally makes the research simpler, as there is
a wider range of techniques for use or from which to borrow ideas.

» Regions of special interest. Time series may have regions that are of
interest to domain experts. These regions have to be identified and
characterized. Such regions are known as events and are usually a

Fig. 2. Patient performing a test on a stabilometric platform.

very common feature of medical time series. It is evident in this case
that there are events of interest, as discussed in Section 4.3.

Regions without interest. If there are regions of special interest
(events), the other regions may be of less or even of no interest. It is
important to clarify this point with experts. In this research, the
experts specified that time series regions that were not events could
be disregarded.

Range of recorded values. The value range is necessary in order to
identify any regions of interest.

Distance between measurements of the time series, paying special at-
tention to whether or not there is a pattern. This was 10 milliseconds
in the time series used in this research.

Possible noise in the series. Noise may be caused by many factors. The
identification of noise and the respective factors will help to correct or
minimize noise. As discussed in Section 4.3, most noise is caused by
the patient and the expert supervising the test being out of phase.

Interaction with experts would appear to be crucial for dealing with
the above questions, etc. Experience suggests that it is highly advisable
to consult a group or panel of experts for multiple gold-standard anno-
tation rather than relying on a single expert [61-68]. The premises of
this panel-based approach are as follows:

1. There are two or more individuals, each characterized by his or her
own perceptions, attitudes, motivations, and personalities,

2. who recognize the existence of a common problem, and

3. attempt to reach a collective decision.

A panel of experts often participates in different decision-making
rounds. The decisions made by each particular member are used as
input for new decision-making rounds involving the whole panel. The
Delphi method is an example of an expert panel technique. Using
techniques like this, experts have access to the decisions of their
peers. This can lead them to change or add to the decisions that they

A

Intensity

Balance
Value

Fig. 3. Fall event taken from a stabilometric time series.
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made based on the viewpoints of other experts [69]. In this research, the
Delphi method was used for all expert consultations (the panel was
composed of five experts), and consensus was reached in two or three
rounds depending on the task in question.

4.1.1. Conceptual modelling

Apart from the above, the domain and data may be easier to
understand using conceptual modelling mechanisms. The conceptual
modelling of a dataset has many benefits:

W It is useful for clearly establishing relationships among different
dataset entities, especially when the dataset contains different levels
or hierarchies.

B [t is useful for representing the entity attributes, as well as the
possible attribute value types.

B Avisual data representation is useful for giving a rapid and intuitive
overview of the dataset.

B Conceptual modelling is often the basis for later data storage in
databases.

B Additionally, conceptual modelling is the potential starting point for
automating other tasks such as the comparison of individuals or the
generation of reference models.

B Modelling specifies and standardizes data and is the starting point
for their transformation to other models of different levels of
abstraction [70].

When conceptually modelling the reference domains (and other
areas), it was found that, in all the studied cases, there is a central entity
or register that represents the analysed object (in this case, a patient).
Other lower-level data entities including different measurements of the
object under analysis (for example, a patient EEG) usually depend on
the central entity. Some conditions are usually altered when these
measurements are taken in order to check the behaviour with different
parameters (for example, an EEG of an epileptic patient could be repeated
immediately after a seizure or a long time after the last seizure). The data
collected from each of the measurements under each particular condition
may be single valued or adopt more complex structures, like, for example,
time series. Data engineers that undertake a project in the field of medi-
cine must be aware that they will come across large volumes of complex,
high-dimensional data types. For example, patient stabilometric data are
composed of several tens of time series and several tens of single-valued
attributes, and a patient's stabilometric data total around three megabytes
of information.

Following the above structure, common to any branch of medicine, a
general-purpose procedure was proposed for conceptually modelling
data in UML2, as illustrated in Fig. 4. This generic model is able to auto-
mate the medical data preprocessing phase. The proposed model
includes stereotypes, a mechanism for extending UML2 whereby it is
endowed with more meaningful conceptual representations using
icons and constraints based on a UML mechanism called profile. For an
exhaustive description of the above stereotypes, see [65].

Fig. 4 highlights the above concepts of register, measurement and
condition. It also shows all the possible data types that may condition
the data mining techniques: time series are processed differently to
single-valued data, which are, in turn, often processed differently
depending on whether they are quantitative or qualitative. Note that
the above concepts are organized hierarchically in the form of a tree,
where register is the root and the times series and single-valued data
(represented by data) are the leaves.

The above generic notation has to be tailored to each domain of
experimentation. For example, Fig. 5 shows the model tailored for
stabilometry domain data.

The proposed notation has been used as a major support tool for
understanding the analysed data and domains, as well as reducing the
workload necessary for developing the other tasks. As reported by
Lara et al. [65], the domain and data understanding phase can be

performed about 1.6 times faster using the proposed notation in the
studied domains.

Apart from this advantage, the data gathered from each subject have
been stored according to this conceptual model. Additionally, each
individual data model is later used in data mining techniques to provide
the structure guiding the different algorithms.

4.2. Data selection

Several electroencephalographic and stabilometric data sources
were used throughout this research.

With respect to the electroencephalographic domain, the publicly
available data described by Andrzejak et al. [71] were used. They include
data from real patients. The complete dataset consists of five sets
(denoted A-E), each containing 100 single-channel EEG segments.
These segments were selected and cut out from continuous multi-
channel EEG recordings after visual inspection for artefacts, e.g., due to
muscle activity or eye movements. Sets A and B consisted of segments
taken from surface EEG recordings that were carried out on five healthy
volunteers. Volunteers were relaxed in an awake state with eyes open
(A) and eyes closed (B), respectively. Sets C, D, and E originated from
an EEG archive of presurgical diagnosis. The case study reported in
this paper focused on sets A and E. The data source only reports patient
examinations and does not include any demographic information about
the subjects. Note that the patient partitioning into the subsets was de-
termined by the original dataset, and this division was not performed
for the purposes of cross-validating the potential classification methods
to be applied.

As regards the stabilometry domain, we used data from real top
athletes, including professional basketball players and elite ice-skaters.
The study was conducted on young, white males (practising professional
athletes).

The input data associated with subjects were, in both cases, first and
foremost time series generated after medical examinations. These time
series were composed of numerical values generated on the spot during
medical check-ups and stored in plain text files. As illustrated in
Section 4.3, these files are converted into XML documents which can
then be automatically preprocessed. In both reference domains, time
series size is defined by the number of observations. This value is
equal to 1000 in the stabilometric domain and 4000 in the EEG domain.
The sampling period was 10 milliseconds. Fig. 6 shows a time series
snippet for the stabilometry domain.

These data have to be stored in a repository. Since this was a small
project, XML documents were used to store the time series in conven-
tional databases. Fig. 7 shows a snippet of an XML document generated
from a patient profile in the field of stabilometry, one of the reference
domains used in this research. This and other similar documents were
used as a data source from which to extract useful knowledge.

Clearly, this is a pseudo ad hoc extract, transform and load (ETL) pro-
cess, whereby information from medical tests are dumped, offline, in an
information repository based on standard XML. The schema of these
XML documents does in fact conform to the conceptual modelling
pattern (for example, Fig. 5).

However, this proposal was found to have some weaknesses with
respect to flexibility and efficiency as bigger data were processed. In
this respect, the use of big data methods (based on efficient distributed
information storage frameworks) and open standards (such as HL7 [72]
or i2b2 [73]) could be a major advantage.

4.3. Data preprocessing

At this stage it is crucial to address noise and missing values. In this
case, both circumstances were found to be the result of the patient and
the test supervisor being out of phase with respect to the start and end
of the test. This meant that there was noise and missing data at the start
and end of the time series. These fragments were eliminated so that the
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time series only contained the parts that were really consistent with the
examination. In actual fact, the physician supervising the test is respon-
sible for cancelling the test if time series noise is not only confined to the
beginning and end of the times series but also affects a considerable part
of the remainder of the series. As a result, the first filter is applied
manually.

Additionally, the same automatic strategy was enacted with respect
to noise management and missing values:

1. Omit the missing values (pressure equal to 0 recorded by the respec-
tive sensor) or inconsistent values (according to established domain-
dependent thresholds).

2. If at least 70% of the values can be retrieved after step 1 above, the
time series is considered to be valid.

3. Otherwise, the time series is omitted from the respective data model-
ling tree and is not considered for comparison and conceptual
modelling.

Apart from the above, a mechanism, based on the generic conceptual
model common to both analysed fields (Fig. 4), was devised for auto-
matically transforming the data of any medical field to an equivalent
format on which data mining techniques can operate directly. To be
precise, a standard and well-known target XML schema definition
(XSD) was defined, in conjunction with an automatic mechanism for
transforming an XML that does not fully conform to the above schema
into another equivalent and fully compliant XML, applying for this pur-
pose finite and non-ambiguous XSLT transformations [36]. As discussed
in Section 4.2, the availability of XML data sources (see example in
Fig. 7) is useful for quickly inferring the domain data structure and

using automated mechanisms such as this during the data processing
phase.

The architecture supporting this automatic data preparation mecha-
nism uses the proposed UML2 model, which is mapped to description
logic by means of a series of XSLT-based transformations, a target XSD
and a source XML schema. A tool called eMOFLON [76] is used to auto-
matically build a rule box called ABox, “AssertionComponent”, from the
output description logic. The description logic is also used to build a
terms box called TBox, “TerminologicalComponent”, which contains a
description of the terms used (register, measurement, condition, etc.).
In this manner, the eMOFLON tool is capable of mathematically describ-
ing the domain schema and XML format used in the data from the user-
defined descriptive logic. The outputs of executing this tool (the above
ABox and TBox) feed another tool, called RACER, whose input is the
XML data of any domain and their respective XSD. RACER outputs two
Boolean values: subsumption and instance. Subsumption indicates
whether the input component model is a subsumption of the generic
model, and instance indicates whether the component syntax is an in-
stance of the generic model and a new ABox’ component that contains
a series of XSLT mappings. The XSLT mappings are applied to the source
XML data and XSD and transform the data into other equivalent data
structured to conform to the proposed generic UML2 model. In other
words, RACER is capable of calculating a set of XSLT mappings that can
modify an XML whose structure does not conform to a XSD in order to
make an equivalent XSD-compliant XML for the above descriptive logic.

The automatic data preprocessing mechanism is capable, according
to experiments, of reducing the error rate in the preprocessing phase
to at most 2%. Besides the low error rate, automatic preprocessing
saves time and effort. In any case, the time taken to apply the proposed
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Fig. 5. Part of the conceptual model of the stabilometry domain [65].

mechanism is, according to the results, linearly correlated to the size
(number of lines) of the generated XML and XSD data files of 0.99 and
0.56, respectively. This linear behaviour evidences the scalability of
our proposal.

Number of Data Sample: 1000
DP LF RR SH LR RF
1 86 20 0 ga 22
2 86 20 0 89 22
3 g6 20 0 g9 22
4 g6 21 0 89 22
5 g6 21 0 89 22
6 86 21 0 89 22
7 86 21 0 88 23
8 86 21 0 g9 23
g g6 21 0 g9 23
10 86 21 0 89 23
11 86 21 0 89 23
12 86 21 0 g9 23
13 86 21 0 g9 23
14 g6 21 0 g9 23

Fig. 6. Stabilometric time series snippet.

4.4. Data transformation and reduction

After preprocessing the data automatically, it is necessary in this pro-
posal to apply filters in order, for example, to reduce data dimensionality.

The main filter for reducing data applied in this proposal is time
series event identification, applicable if only some parts rather than
the whole time series are of interest. The identification of events in
times series is a complex task and requires costly ad hoc methods for
each domain. Therefore, we proposed the time series event definition
language [67]. This language enables domain experts to simply and nat-
urally define any events appearing in the time series of each domain.

For example, Fig. 8 shows an excerpt from the event definition
process for one of the stabilometric domain tests. The notation proposed
by time series event definition language was used for this purpose.

After applying the event identification technique, each series was
mapped to a set of events, each characterized by a series of all numerical
characteristics. These are the event-related features that were described
in Sections 3.1 and 3.2 (see Figs. 1 and 3). They will be the input data
source for the data mining algorithms.

The results of applying the above technique are reported below.

* EEG

This experiment focused on sets A (healthy patients with open eyes)
and E (epileptic patients during an episode). It is precisely the wealth of
these data and their availability that led us to explore this medical do-
main in order to validate the proposed model. First, we applied the
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<?xml version="1.0" standalone="yes">
<stabilometry>
<exploration>
<date>2012-11-10</date>
<patientAge>34</patientAge>
<rws>
</rws>
<uni>
<l-c>
<stap-TS>
<1 f>
</1lf>
<1f>
</1lf>
<1f>
</1lf>

<rf>

</ri>

<explorationId»23465</explorationId>

<patientName>Nnonymous</patientName>

<directionalControl>78.2</directiocnalControl>

<balanceTest>78.6</balanceTest>

<balanceCond>74.2</balanceCond>

<timestamps>1000</timestamps>

<timestamp>1l</timestamp>
<value>32</value>

<timestamp>2</timestamp>
<value>32</value>

<timestamp>399</timestamp>
<value>85</value>

<t lmestamp>1</timeslamp>
<valuer84</value>

Fig. 7. XML snippet containing patient stabilometric data.

event definition language in order to discover events from a total of
more than 200 time series. In order to evaluate the accuracy of our
event identification proposal, a number of EEG domain experts were
asked to identify the events in the above 200 time series. The proposed
technique was then applied to do the same thing. The accuracy of the
proposal was calculated according to Eq. (1) which measures the
match between the events specified by the experts and identified by
the proposed language for all time series. In Eq. (1), #EV;qng stands for
the number of events identified by the language, #Evg,, is the number
of events specified by the experts and #EV;ang-gxp Stands for the number
of events detected by the experts that were also identified by the
language (match). Note that this formula offers a normalized result in

the interval [0,1], where 1 indicates a perfect match between the num-
ber of events identified by the experts and by the language.

2% #EVLang—Bcp

" #EVpy + #EViang (1)

SIMExp,,,

Looking at all 200 time series, there is found to be a close match
between the experts and proposed language, as shown by the mean
similarity (close to 96%) between the experts and language (Table 1).

The aim of the validation reported in Table 1 was to illustrate the
match between events identified by the proposed technique and speci-
fied by the domain experts. With regard to language expressiveness, the

// Time series statement
1f series;
lr series;
rf series;
rr series;

set candl { x in 1f such that
(x in max(lr))
&& (3 y in max(lf)
&& (3 z in min(rf)
&& (3 w in min(rr)

set cand2 { y in candl such that
({(1f.value (y)
> INTENSITY_THLD };

set intersec { z in 1f such that
1f.value(z)

event stepping { break_point in candZ2,
start in intersec,
end in intersec
such that

such that abs (x-y)
such that abs(x-2z)
such that abs (x-w)
// The TIME_AXIS_THLD is elicited from the expert

+ lr.value(y)) -

// The INTENSITY THLD threshold is elicited from the expert

== mod(1lf) };

(previous (break point,intersec)
&& (next (break point,intersec) ==

< TIME_AXIS_THLD)
< TIME AXIS THLD)
< TIME_AXIS_THLD) };

(mod (1f) + mod(1lr)))

== gstart)
end) };

Fig. 8. Definition of events for the US stabilometric test.
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experts who used the language did not pinpoint any weaknesses at all
regarding missing elements or it being hard to use, etc.

Having validated the event identification procedure, the events were
analysed statistically, taking into account the number of events of each
class in the time series and the mean values of their attributes (Table 2).

Note that the above data are taken from a preliminary descriptive
study and should not be construed as being illustrative of the final
model, which is much more representative of the data sets and is, as
explained in Section 4.5, output according to a much more sophisticated
logic.

« Stabilometry

The stabilometric data used were from a total of 33 elite sportspeople,
of which 15 were professional basketball players and 18 were elite
ice-skaters. The studies focused on the US test, a test that provides
interesting balance-related information. The events of interest occur
when patients lose their balance and step on the platform (see
Section 3.2). This test has four trials that are each repeated three
times during a stabilometric examination. Therefore, we had access to
a total of 33(subjects)*4(trials)*3(repetitions) = 396 time series.

We repeated the validation procedure on the 33 sportspeople. First,
we applied the time series event identification method and compared
the results with the events discovered by the experts using Eq. (1).
The results are shown in Table 3, revealing a match greater than 98%.

Having validated the event identification procedure, the events were
analysed statistically, taking into account the number events of each

class in the time series and the mean values of their attributes (Table 4).

4.5. Data mining

The next step after transforming and reducing data is to apply data
mining techniques to discover useful models. There are a great many
possible time series data mining tasks, ranging from time series value
prediction to time series classification. In the event of domains without
special events (where, in principle, the whole time series is of equal in-
terest), more conventional techniques based on feature set processing
(k-means, K-NN, neural networks, etc.) can be applied. However,
when time series contain events (as is the case of the research described
in this paper), more made-to-measure alternatives have to be found. In
this case, the techniques proposed for this purpose were:

B A method for comparing two patients in order to output a measure
of similarity between the two [68]. This similarity measure indicates
how alike patients are or how a patient evolves over time. It is the
baseline for solving other problems like outlier detection or refer-
ence model generation. The proposed method for comparing indi-
viduals is based on a comparison of the conceptual data models of
the two subjects. This method is an algorithm for comparing two
time series [62] based on the similarity of the events identified
and characterized in both series.

B The above comparison method as the starting point for a method for
generating reference models from two or more patients [68]. The
structure of the resulting reference model is again specified by the
respective domain conceptual model. The resulting model should
identify the elements common to all the subjects at each level of
the conceptual model. Note that the algorithm for generating refer-
ence models for time series based on the cluster analysis of events
[63,64] using clustering techniques is the main part of this method.
This method aims to pinpoint the events that are often found in the
time series of the respective patients. These frequent events are the

Table 1
Overall results of applying the event definition language to the EEG domain.

Table 2
Statistical analysis of the events identified in the EEG domain.

Class Avg(#Events) Avg(Duration) (ms) Avg(Amplitude)
Epileptic 9.47 195 78
Healthy 5.49 56 54

ones that best characterize the group of time series and, therefore,
are built into the final reference model.

In order to assure that outliers do not distort the resulting reference
models, the reference model generation method also includes an
outlier detection and filtering algorithm [68]. The outlier detection
method is based on four criteria. These criteria are designed to
emulate how human beings analysing clusters of objects identify
outliers within a set of objects. This has an advantage over other
clustering-based outlier detection techniques that are founded on a
purely numerical analysis of clusters.

All the proposed algorithms were devised such that experts had to
define the least possible number of input parameters, as physicians
are not at all happy about rating these parameters with which they
are mostly unfamiliar.

The above contributions are combined to solve the problem of
classification of individuals (represented by their time series). Classifi-
cation can be considered as a tool with many potential uses in the
medical domain: diagnosis, early-age sports talent recruitment, study
of patient evolution, etc.

The process of classifying individuals is based on a strategy combining
the use of the method of comparing two patients and a method for
generating reference models from a set of patients. The strategy followed
to classify patients is as follows:

[: Generate, for each class G; (i = 1, 2,..., K), a reference model (M;)
from a training set of individuals.
II: Compare the new patient to be classified (Pygw) with each
previously generated reference model M; (i = 1, 2,..., K).
III: Select the class Gy whose reference model M; is most similar to the
new patient Pygw such that GG = G | similarity(Pnew,M;) =
max(similarity(Pyew,M;)) Vi =1, 2,..., K.

The entire process described above is illustrated in the sequence
diagram shown in Fig. 9, highlighting the different techniques applied
in each phase of the process. Fig. 9 shows the original data source, the
different intermediate products and steps of the process, and the discov-
ered knowledge (valid model output after the interpretation/evaluation
phase described in Section 4.6). The data mining phase enacts the above
strategy consisting of: i) creating reference models, ii) comparing the
element to be classified with each model, and iii) outputting the class
depending on its similarities to each model.

The results of applying the proposed techniques in order to classify
individuals have been satisfactory, as shown in Section 4.6. Before
classification, it is necessary, as mentioned above, to filter out outliers.
The outlier detection process is reported below.

» EEG

The outlier detection method was applied and evaluated based on
the events identified previously using the event definition language.
The time series comparison technique was applied to perform pairwise

Table 3
Overall results of the application of the event definition language to the stabilometric
domain.

#Series #EVExp #EViang #EViang—Exp SIMEyp,,,,,

#Series

#EVEx H#EVLang #EVLang— Exp SIMExp,,,,.

200 1446 1496 1412 0.959

396 942 954 931 0.982
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Table 4

Statistical analysis of events identified in the stabilometric domain.
Class Avg(#Events) Avg(Duration) (ms) Avg(Intensity)
Basketball 3.37 754 107
Skating 1.45 346 83

comparison on data from different patients This produced a similarity
matrix for each pair of individuals. The outlier detection algorithm
was then run on this matrix. This algorithm returns a list of the outlier
individuals from the input matrix. On the other hand, the experts
consulted in our research were asked to use conventional techniques
to identify the individuals that they considered to be outliers. Table 5
shows the confusion matrix comparing the method and expert criteria.

Different indicators (precision, recall, specificity and accuracy)
were calculated based on the above confusion matrix according to the
formulae specified below.

Predicted Label

Positive Negative
Known label Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

Precision = TP / (TP + FP)

Recall = TP / (TP + FN)

Specificity = TN / (TN + FP)

Accuracy = (TP + TN) / (TP 4 TN + FP + FN)

1. Conceptual Modelling

Conceptual Model and
Expert Knowledge

E)lr)llfigon matrix for the application of the outlier detection method to the EEG domain.
Language
Outlier Yes No
Experts Yes 11 1
No 185

The values of the above indicators for the confusion matrix reported
in Table 5 are shown in Table 6. In particular, the accuracy of the above
results for the outlier detection method that we propose is 98%.

« Stabilometry

The time series outlier detection method was again applied as
explained above. Table 7 illustrates the confusion matrix highlighting
the comparison between the method and the experts.

The outlier detection performance indicators calculated based on
this matrix are shown in Table 8. Worthy of special note is the overall
accuracy value of 98.5%.

4.6. Evaluation/interpretation of discovered knowledge
4.6.1. Evaluation

Domain experts were used to evaluate most of the proposed data
mining techniques. In this case, the models yielded by applying the pro-

posed techniques were compared against those generated by experts
for validation purposes. This poses problems of differing criteria and

3. Data Preprocessing

Minable XML Data

4. Data Transformation and
Reduction

Generic UML Model

(" k'
Minable Events BOaa hnng Output Class (C) +
(“Pwusw” TEST SET) Unvalidated Model (M)
P Il MODEL —
_—— COMPARISON
6. Evaluation and Interpretation of
knwoledge
Minable Events i 4
( “TR" TRAINING SET) 3
L TR I REFERENCE | | /
MODEL GENERATION | :
1ll. CLASS SELECTOR
H Applicable, Interpretable and
= i Valid Model (M)
N\ b

( 10-fold Cross Validation j

——— Accuracy = 98%
I

Fig. 9. Overview of the process enacted in the case study (aligned with the KDD process).
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Table 6
Overall results for the application of the outlier
detection method to the EEG domain.

Indicator Value
Precision 78.6
Recall 91.7
Specificity 98.4
Accuracy 98.0

subjectivity because it requires the participation of more than one
expert.

* EEG

After filtering out the outliers, the remainder (individuals) were used
to evaluate the classification method based on the generation of reference
models against which the individuals to be classified are compared. To
evaluate the mechanism, a series of experiments were run using the 10-
fold cross-validation technique. This is a particular case of k-fold cross-
validation, a clearly defined standard technique for validating classifica-
tion techniques. The goal of this evaluation is to determine the quality
of the classifications using the proposed techniques in terms of accuracy.
The accuracy of a classifier CF is its probability of correctly classifying a
randomly selected instance <Pngw,G>, i.e., accuracy = Pr (CF(Pygw) =
G) [74].

First, we generated two reference models, one for each class (Mpeaiiny
and Mepitepiic)- In this field, healthy patients could be viewed as a control
group. The first model (Mpeainy) was created from a training set
composed of 90% of time series of the set of healthy patients (A). The
other 10% of healthy patients were part of the test set. The second
model (Mepiieptic) Was generated from a training set composed of 90%
of the time series in the epileptic patient set (E). The other 10% of
patients were part of the test set. The patients in the test sets were
chosen randomly.

Both generated models were evaluated to check whether Myeqiehy
properly represents the group of healthy patients and Mepiepric is repre-
sentative of the group of epileptic patients. To do this, we classified the
individuals in the test sets according to their similarity to the two
generated models (this similarity value was determined using the
time series comparison method). This entire process was repeated 10
times, varying the training and test sets.

Table 9 reports a comparison of the results of classifying individuals
from sets A (healthy) and E (epileptics) using the proposed knowledge
discovery techniques, the AFINN system (a fuzzy neural network) and a
multilayer perceptron. The best result for the above neural networks
was using three layers, with three neurons in the input layer, one in
the output layer and two in the middle layer. We used a classical sig-
moid activation function and conducted backpropagation learning
using the mean square error as a measure of total cost. The proposed
approach was compared with these neural networks because they
were familiar to us, as members of a research consortium partnered
by other institutions that is applying and evaluating traditional neural
network classification techniques on different data sets. The proposal
was found to outperform neural network techniques.

Table 10 shows the events present in the two models built using the
proposed techniques and their characteristics.

Table 7
Confusion matrix for the application of the outlier detection method to the stabilometric
domain.

Table 8
Overall results for the application of the outlier de-
tection method to the stabilometric domain.

Indicator Value
Precision 76.5
Recall 86.7
Specificity 99
Accuracy 98.5

From the medical viewpoint, the reference models output by our
proposal are, according to the above results, a promising option for
epilepsy diagnosis from electroencephalographic examinations. With a
classification accuracy greater than 99.8%, the proposed method is capa-
ble of correctly classifying patients suffering from epilepsy based on
their EEG time series. Note that the proposed method and the resulting
models are designed not as a medical diagnosis tool but rather as a med-
ical decision-making aid.

* Stabilometry

After filtering out the outlier elements, a classification process was
again enacted with the two problem classes (Mpasketban and Mikaging)-
This process was performed using the same validation technique
(10-fold cross validation). The results are shown in Table 11, where
the classification accuracy for our method is greater than 99%, illustrat-
ing that our method outperforms the other analysed methods.

Table 12 shows the events present in the two models built using the
proposed techniques and their characteristics.

From the medical viewpoint, these models reveal that balance is a
variable related to the practised sport. In this case, there is a 99% likeli-
hood of sportspeople being classified in their respective sport. These
and other possible models for other sports have potential in the field
of sports medicine, as balance (especially of young athletes) can help
to classify sportspeople within the discipline for which they are best
suited according to their postural control. This would help to point
young sportspeople in the direction of the disciplines at which they
are most likely to be proficient during early-age sports talent recruit-
ment and possibly increase their future success as professional athletes.

In actual fact, both models in this classification problem represent
sports disciplines, and there is no control group of non-athletes. This
approach was taken because the key applicability of this method is to
select the sports discipline for which each talented young athlete is
best suited (the individuals are presumed and known to have potential
as elite athletes).

4.6.2. Interpretation

A fundamental design premise of the proposed techniques was that
the resulting models should be easily interpretable by the respective
type of expert user. Additionally, it was decided to use graphical
elements (especially time series and their events) at all times for the
purpose of ease of interpretation by specialists.

The stereotyped conceptual data model shown in Fig. 5 was a great
help in this respect. For example, the result of the comparison of the
stabilometric data of two individuals is a tree with the same structure
as illustrated in Fig. 5. The tree is annotated with the similarity among

Table 9
Comparison of the classification of patients by different methods in the EEG domain
(accuracy)

Language Patient type Knowledge discovery AFINN Multilayer
Outlier Yes No in time series perceptron
Experts Yes 13 2 Epileptic 99.86% 96.26% 96.61%
No 4 377 Healthy 98.11% 95.12% 93%
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Table 10 Table 12
Reference models built by our proposal for EEG. Reference models built by the proposed method for stabilometry.
Model #Event Duration (ms) Amplitude #Timestamp Model #Event Duration (ms) Intensity #Timestamp
Epileptic 1 56 74 345 Basketball 1 854 103 345
2 321 81 1022 2 723 96 783
3 68 73 3429 3 1099 117 267
4 167 87 2879 Skating 1 234 73 211
5 189 83 1758
6 245 92 895
7 76 101 2210 .
there were very often not enough samples because of the complexity
Healthy 1 89 45 1355 of the medical tests and the need to gain the patients' consent to use
2 145 32 3652 the medical data.
3 110 37 345
4 57 21 1384

the individuals at each level of the tree. The physician can browse the
tree to study the similarities and differences between the two individ-
uals under comparison. The result of the outlier detection process was
a list of outlying values, sorted in top-down order.

On the other hand, the generation of reference models results in an
archetypal patient that represents a patient group. Using the proposed
standard notation (see Fig. 5 for the stabilometric domain), the arche-
type has the same structure as any patient. This makes the model a lot
easier for the medical expert to understand. Fig. 10 includes a sample
screenshot of the application developed for this purpose, where the
user can select the model (top), navigate the tree (left) and visualize
the models as both a data table and chart (centre).

Medical experts are dynamic professionals who are always on the
go. They have to travel from one institution to another, visit patients
at home or athletes at training facilities, etc. Therefore, not only do the
models have to be displayed by the application, but they also have to
be exportable to manageable and printable formats (models displayed
in Fig. 10 can also be exported to PDF).

5. Case Study Discussion

This section aims to discuss the different issues related to the reported
case study and the techniques used. These issues are as follows.

5.1. a) General comments and lessons learned

The design of the proposed techniques was a troublesome process
beset with complications that had to be addressed. One of the main
handicaps was the shortage or temporary unavailability of experts in
the reference domains, especially stabilometry, which is a relatively
new discipline. The project would have failed if it had had a demanding
schedule for deliverables and milestones. Therefore, one lesson learned
is that, when dealing with medical specialists, the schedule has to be
flexible.

Despite the difficulties, the medical specialists participated actively
in the case study and took a lot of interest in the final results. It is true
that, in many cases, physicians are not happy with the resulting models,
when they are based only on historical cases. This case study, however,
relied on expert knowledge (in order to define the events, which are the
basis of the subsequent analysis), as well as on historical cases,.

We soon learned that medical data are very sensitive data whose ac-
quisition is governed by sometimes very slow protocols. Additionally,

Table 11
Comparison of the classification of patients by different methods in stabilometric domain
(accuracy)

Patient type Knowledge discovery in time series AFINN Multilayer perceptron

Basketball 99.4 98.8 97.7
Skating 99.1 98.1 97.1

5.2. b) Comparison with other techniques

The case study found that the proposed approach outperforms other
(neural network-based) methods that had been used with the respec-
tive test data in previous projects. Apart from improved predictability,
the proposal has a sizeable added value compared to neural networks,
as it shows the resulting models in a manner that is easy to interpret
and justify.

As mentioned in Section 2, apart from the neural network-based ap-
proaches, the literature also describes special-purpose techniques for
classifying time series. They include techniques based on the k-nearest
neighbour algorithm. It is usual practice in this approach to use a mea-
sure of distance based on end-to-end differences among the series.
The experiments described in the case study were repeated using this
approach, and resulting accuracy rates were close to 50%. This algorithm
behaves like a random classification system. This is because the analysis
covers parts of the time series that are potentially of no interest to experts
which are not filtered out. On the other hand, the Shapelets-based tech-
nique has the drawback of generating a single segment representing
each class. This segment does not necessarily match any fragment of
interest to the expert. Additionally, a reference model is generally
composed of several representative segments (events) that are not nec-
essarily adjacent. On this ground, the average accuracy of this proposal
in the experiments conducted on our data was at most 62%.

It is true that, in all the above cases, the final result of our case study
(an end-to-end process) was compared with the results of specific
(independent) classification techniques because literature review failed
to show up any proposals applying an end-to-end process (from the
raw data to knowledge) on data from time series with events.

5.3. ¢) Proposal applicability

This paper described a case study applying data mining with time
series containing events. Of course, this is a case study confined to two
domains. However, the positive results hold out some promise for
applying this proposal to other branches of medicine.

The only technique applicability condition is that the information of
interest should be concentrated in certain regions of interest (events) of
the time series to be analysed.

Event definition is the only part of the proposal that is domain
dependent and requires expert participation. Event definition is easy
to perform thanks to the proposed language, which is very like natural
language and is very intuitive for experts, as evidenced by the experi-
ence of the medical experts that participated in this research. The
other techniques are completely domain independent.

As regards the number of events, the applied techniques appear to
work well irrespective of the number of events (the analysed data
contain some series with few or no events and others with a sizeable
number of events). For the purposes of applying this proposal, there is
no limitation with respect to time series periodicity. The proposed ap-
proach identifies the events, irrespective of their periodicity, according
to the conditions defined by experts for the purposes of characteriza-
tion. A characteristic indicating the number of times that each event
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Fig. 10. Model interpretation interface.

occurs in a periodic time series might be added in order to supplement
the events.

Accordingly, our proposal is applicable to many areas, both inside and
outside the field of medicine. In the medical domain, it could be applied
to another type of times series like, for example, electrocardiograms,
which contain periodic events.

5.4. d) Deployment of described techniques

As mentioned above, the proposal applied to this case study can be
extended to other branches of medicine where time series with events
are of special importance. The procedure would be as follows:

1. Thoroughly research the domain and data (especially the time series
and their events) by means of interviews with experts and based on
conceptual data modelling.

2. Select the data set to be used and arrange the data in XML files.

3. Reduce any noise and deal with missing values as explained in order
to then automatically convert the specified XML data into XML data
that conform to the standard UML pattern defined here.

4. Define the event types using the language designed for the purpose.

5. Apply the data mining techniques to output reference models of the
classes to be studied (after removing outliers using the proposed
method).

6. Compare the element to be classified with existing models to deter-
mine its class.

7. Based on the above results (repeated for each element), output
model quality indicators (evaluation).

8. If the model quality indicators are good (typically accuracy is above a
particular threshold), interpret and apply the above models.

Of course, the last step will involve implementing the respective
techniques separately, in principle, albeit with the ultimate aim of
building more comprehensive medical decision support system that in-
tegrates all the techniques. C# and the NetBeans 8.1 development

environment were used in the reported the case study. Future integra-
tion requires exploration of which would be the best strategy to follow,
that is, whether to use these or other technologies to further the above
integration.

6. Conclusions and Future Lines

Iconographic time series, like electroencephalographic, stabilometric,
electrocardiographic, etc., are increasingly common in medicine. This
paper presented a number of specific knowledge discovery techniques
applied on this type of time series from patient EHRs. Throughout this
paper, we reported two empirical applications of the proposed tech-
niques on data from the stabilometry and EEG domains throughout the
different stages of the KDD process: from data comprehension, through
data mining, to discovered knowledge interpretation and evaluation.

This paper, which reports the results and experience gained as a re-
sult of these case studies, aims to convey this knowledge to other re-
searchers planning to use temporal data in the respective branches of
medicine.

The experiments revealed that a surprising amount of useful knowl-
edge can be gathered from this type of structures. The two specific exam-
ples reported in this paper show that is possible to discover knowledge
from EHR-derived time series that is useful for medical experts. While
medicine is possibly one of the richest domains for data mining
engineers, it is definitely the toughest. To overcome this, we think that
the scientific community needs to address the following challenges:

1. The design of tools to automate some resource-consuming time
series analysis tasks, such as preparation.

2. The proposal of representation models capable of capturing all the
singularities, heterogeneity and structural complexity of medical
time series.

3. The specification of secure models for medical time series storage
and publication with the aim of increasing efficient data reuse and
processing.
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4. The implementation of time series visual support tools for medical
specialists.

The main future lines that we intend to address are as follows:

1. Atool for visually defining events in time series which is currently a
text-based process
Research is now centring on a visual tool to enable experts to identify
events in time series. This tool is composed of an interface that
displays graphs of different time series for experts. Experts can use
the mouse to point to the regions that they consider of interest
(events). This proposal infers the conditions that the identified
regions meet (analyses aspects such as time series maximums or
minimums, changes of trend, etc.), which it maps to the event
definition language code. Clearly, this tool acts an intermediary be-
tween the experts and the event definition language (which is rather
complex for experts who have no experience in using programming
languages or similar).

2. Avisual tool for managing panels of experts and applying the Delphi
method [69,75]
The tool described above is rounded out by another tool that
considers the opinion of several rather than just one medical expert.
Expert collaboration via the Delphi method renders the gold-
standard annotation scheme more objective, and the events more
accurate. However, expert availability is low, for which reason we are
working on a tool capable of applying the Delphi method remotely
and asynchronously. It is actually a web application that manages the
different rounds of the Delphi method by sending out warnings and re-
minders to the email addresses of the participating experts according
to an established schedule. The preliminary results are satisfactory
with respect to both lines of research.

3. Extend the comparison beyond neural networks
The possibility of examining whether the results of applying the
techniques described in this case study are better than other data
mining techniques that were not devised for purely classification
purposes, like, for example, logistic regression is worth considering.

4. Study data computing performance
This paper reported an evaluation of the proposed techniques in
terms of effectiveness and usefulness (in this case, by means of clas-
sification accuracy). Although the response times of the techniques
applied are viewed by the experts as being acceptable, future
research should specifically examine the computational complexity
of the above techniques depending on data characteristics (time
series size and dimensionality, number of subjects, etc.). Public gold
standard datasets should be used for this purpose.

Acknowledgments

The authors would like to thank Ms. Rachel Elliott for translating this
manuscript.

References

[1] Shortliffe EH, Cimino JJ. Biomedical Informatics: Computer Applications in Health
Care and Biomedicine. 3¢ ed. Springer; 2006.

[2] Alonso F, Martinez L, Pérez A, Santamaria A, Caraga-Valente JP. Integrating Expert
Knowledge and Data Mining for Medical Diagnosis. Expert Syst Res Trends 2007;
3:113-37.

[3] Chaovalitwongse WA, Fan Y, Sachdeo RC. On the Time Series K-Nearest Neighbor
Classification of Abnormal Brain Activity. IEEE Trans Syst Man Cybern Syst Hum
2007;1.

[4] Karri SPK, Garud H, Sheet D, Chatterjee J, Chakraborty D, Ray AK, et al. Learning
scale-space representation of nucleus for accurate localization and segmentation
of epithelial squamous nuclei in cervical smears. [EEE-EMBS Int Conf Biomed Health
Inform (BHI) 2014:772-5.

[5] Shadabi F, Sharma D. Artificial Intelligence and Data Mining Techniques in Medicine
- Success Stories. Int Conf BioMed Eng Inf 2008.

[6] Fayyad UM, Piatetsky-Shapiro G, Smyth P. In: Fayyad UM, Piatetsky-Shapiro G,
Smyth P, Uthurusamy R, editors. From Data Mining To Knowledge Discovery: An
Overview, Advances In Knowledge Discovery And Data Mining. AAAI Press/The
MIT Press; 1996. p. 1-34.

[7] Zhou Z-G, Liu F, Li L-L, Jiao L-C, Zhou Z-], Yang J-B, et al. A cooperative belief rule
based decision support system for lymph node metastasis diagnosis in gastric can-
cer. Knowledge-Based Systems; 2015[in press].

[8] Ge L, Kristensen AR, Mourits MC, Huirne RB. A new decision support framework for
managing foot-and-mouth disease epidemics. Ann Oper Res 2014;219(1):49-62.

[9] Raghu A, Praveen D, Peiris D, Tarassenko L, Clifford G. Lessons from the Evaluation of
a Clinical Decision Support Tool for Cardiovascular Disease Risk Management in
Rural India, Technologies for Development. Part V Springer International Publishing;
2015 199-209.

[10] Gil D, Soriano A, Ruiz D, Montejo CA. Embedded systems for diagnosing dysfunctions
in the lower urinary tract. Proceedings of the 22nd Annual ACM Symposium on
Applied Computing (SAC07); 2007.

[11] Waring S, Sharland M, Bianco ], Boyce M, Quinlan S. PS2-8: Development and Imple-
mentation of Clinical Decision Support Tools in Epic to Standardize Dementia
Diagnosis and Care at Essentia Health. Clin Med Res 2014;12(1-2):88.

[12] Bourouis A, Feham M, Hossain MA, Zhang L. An intelligent mobile based decision
support system for retinal disease diagnosis. Decis Support Syst 2014;59:341-50.

[13] Rosenblum H, Radcliffe N. Case-based approach to managing angle closure glaucoma
with anterior segment imaging. Can ] Ophthalmol 2014;49(6):512-8.

[14] Siva A, Lampl C. Case-Based Diagnosis and Management of Headache Disorders.
Springer International Publishing; 2015.

[15] Horn M, Glauche I, Miiller MC, Hehlmann R, Hochhaus A, Loeffler M, et al. Model-based
decision rules reduce the risk of molecular relapse after cessation of tyrosine kinase in-
hibitor therapy in chronic myeloid leukemia. Blood ] 2013;121(2):378-84.

[16] Chan K, Fu AW. Efficient Time Series Matching by Wavelets. Proc. of the 15th
International Conference on Data Engineering; 1999. p. 126-33.

[17] Tseng VS, Chen C, Hong T. Segmentation of Time Series by the Clustering and
Genetic Algorithms. Proc. of the 6th IEEE International Conference on Data Mining
- Workshops; 2006. p. 443-7.

[18] Kumar RP, Nagabhushan P, Chouakria-Douzal A. WaveSim and Adaptive WaveSim
Transform for Subsequence Time-Series Clustering. Proc. of the 9th International
Conference on Information Technology; 2006. p. 197-202.

[19] Perng C, Wang H, Zhang SR, Parker DS. Landmarks: A New Model for Similarity-
Based Pattern Querying in Time Series Databases. Proc. of the 16th International
Conference on Data Engineering; 2000. p. 33-42.

[20] Rafiei D, Mendelzon A. Similarity-Based Queries for Time Series Data, ACM Special
Interest Group on Management of Data; 1997 13-25.

[21] Park S, Chu W, Yoon ], Hsu C. Efficient Searches for Similar Subsequences of Different
Lengths in Sequence Databases. Proc. of the 16th International Conference on Data
Engineering; 2000. p. 23-32.

[22] Lee S, Chun S, Kim D, Lee ], Chung C. Similarity Search for Multidimensional Data Se-
quences. Proc. of the 16th International Conference on Data Engineering; 2000.
p. 599-610.

[23] WangY, Zhou L, Feng ], Wang ], Liu Z. Mining Complex Time-Series Data by Learning
Markovian Models. Proc. of the 6th International Conference on Data Mining; 2006.
p. 1136-40.

[24] Jan L, Vasileios L, Qiang M, Lakaemper WR, Ratanamahatana CA, Keogh E. Partial
Elastic Matching of Time Series. Proc. of the 5th IEEE International Conference on
Data Mining; 2005.

[25] Agrawal C. Faloutsos and A. Swami, Efficient Similarity Search In Sequence Data-
bases, Foundations of Data Organization and Algorithms. Lect Notes Comput Sc
1993;730:69-84.

[26] Caraga-Valente JP, Lopez-Chavarrias 1. Discovering Similar Patterns in Time Series.
Proc. of the 6th ACM International Conference on Knowledge discovery and data
mining; 2000. p. 497-505.

[27] Srikant R, Rakesh R. Mining sequential patterns: Generalizations and performance
improvements, Advances in Database Technology. Lect Notes Comput Sci 1996;
1057:1-17.

[28] Ferreira PG, Azevedo PJ. Protein sequence classification through relevant sequence
mining and Bayes classifiers. Prog Artif Intell 2005:236-47.

[29] Martinez HP, Yannakakis GN. Mining multimodal sequential patterns: a case study
on affect detection. In Proc. of the 13th international conference on multimodal in-
terfaces; 2011. p. 3-10.

[30] Chen Z, Yang BR, Zhou FG, Li LN, Zhao YF. A New Model for Multiple Time Series
Based on Data Mining. International Symposium on Knowledge Acquisition and
Modeling; 2008. p. 39-43.

[31] Morchen F, Ultsch A. Mining Hierarchical Temporal Patterns in Multivariate Time Se-
ries. Proc. of the 27th Annual German Conference in Artificial Intelligence; 2004.
p. 127-40.

[32] Catley C, Stratti H, H., McGregor C. Multi-dimensional temporal abstraction and data
mining of medical time series data: trends and challenges. Proc. of the 30th Annual
International Conference of the IEEE Engineering in Medicine and Biology Society;
2008. p. 4322-5.

[33] Lan Q, Ma C. A Method of Discovering Patterns to Predict Specified Events from
Financial Time series. Proc. of the 4th International Conference on Natural Computa-
tion; 2008. p. 18-22.

[34] Guralnik V, Srivastava ]. Event Detection from Time Series Data. Proceedings of the
5th ACM International Conference on Knowledge Discovery and Data Mining;
1999. p. 33-42.

[35] Chung F-L, Fu T-C, Ng V, Luk R. An Evolutionary Approach to Pattern-Based Time
Series Segmentation. IEEE Trans Evol Comput 2004;8:471-89.

[36] Ding H, Trajcevski G, Scheuermann P, Wang X, Keogh E. Querying and Mining of
Time Series Data: Experimental Comparison of Representations and Distance
Measures. Proc. of the 34th Very Large DataBases; 2008. p. 1542-52.

[37] Salzberg SL. On comparing classifiers: Pitfalls to avoid and a recommended
approach. Data Min Knowl Disc 1997;1:317-28.


http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0005
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0005
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0005
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0010
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0010
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0010
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0015
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0015
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0015
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0020
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0020
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0020
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0020
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0025
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0025
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0030
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0030
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0030
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0030
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0035
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0035
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0035
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0040
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0040
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0045
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0045
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0045
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0045
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0050
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0050
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0050
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0055
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0055
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0055
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0060
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0060
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0065
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0065
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0070
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0070
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0075
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0075
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0075
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0080
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0080
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0085
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0085
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0085
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0090
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0090
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0090
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0095
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0095
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0095
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0100
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0100
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0105
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0105
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0105
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0110
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0110
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0110
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0115
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0115
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0115
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0120
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0120
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0120
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0125
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0125
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0125
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0130
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0130
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0130
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0135
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0135
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0135
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0140
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0140
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0145
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0145
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0145
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0150
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0150
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0150
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0155
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0155
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0155
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0160
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0160
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0160
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0160
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0165
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0165
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0165
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0170
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0170
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0170
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0175
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0175
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0180
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0180
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0180
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0185
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0185

A. Anguera et al. / Computational and Structural Biotechnology Journal 14 (2016) 185-199 199

[38] Xi X, Keogh E, Shelton C, Wei L, Ratanamahatana CA. Fast Time Series Classification
Using Numerosity Reduction. Proc. of the 23rd International Conference on Machine
Learning; 2006. p. 1033-40.

[39] Ye L, Keogh E. Time Series Shapelets: A New Primitive for Data Mining. Proc. of the
15th ACM International Conference on Knowledge Discovery and Data mining;
2009. p. 947-56.

[40] Philippe E, Agon C. Time-series data mining. ACM Comput Surv 2012;45(1, Article
12):1-34.

[41] Mikut R, Reischl M, Burmeister O, Loose T. Data mining in medical time series.
Biomed Tech (Berl) 2006;51(5-6):288-93.

[42] Kenji S, Yoshiaki O, Makoto H, Susumu K. Data Mining of Time-Series Medical Data
by Formal Concept Analysis. Knowledge-Based Intelligent Information and Engi-
neering Systems. Lect Notes Comput Sci 2007;4693:1214-21.

[43] Abe H, Yokoi H, Ohsaki M, Yamaguchi T. Developing an Integrated Time-Series Data
Mining Environment for Medical Data Mining. Data Mining Workshops, 2007. ICDM
Workshops 2007. Seventh IEEE International Conference on, Omaha, NE; 2007.
p. 127-32.

[44] Moskovitch R, Shahar Y. Medical Temporal-Knowledge Discovery via Temporal
Abstraction. AMIA Ann Symp Proc 2009;452-456.

[45] Tak-chung F. A review on time series data mining. Eng Appl Artif Intell 2011;24(1):
164-81 (ISSN 0952-1976).

[46] Wolpaw JR, Birbaumer N, Heetderks W], McFarland D], Peckham PH, Schalk G, et al.
Brain-computer interface technology: A review of the first international meeting.
IEEE Trans Rehabil Eng 2000;8(2):164-73.

[47] Tzallas AT, Tsipouras MG, Fotiadis DI. Automatic seizure detection based on time-
frequency analysis and artificial neural networks. Comput Intell Neurosci 2007;
7(3):1-13.

[48] Barry RJ, Clarke AR, Johnstone SJ. A review of electrophysiology in attention-deficit/
hyperactivity disorder:1 Qualitative and quantitative electroencephalography 2.
Event-related Potentials Clin Neurophysiol 2003;114:171-98.

[49] Kundra D, Pandey B. Classification of EEG based Diseases using Data Mining. Int ]
Comput Appl 2014;90(18):11-5.

[50] Chen J, Hu B, Moore P, Zhang X, Ma X. Electroencephalogram-based emotion assess-
ment system using ontology and data mining techniques. Appl Soft Comput 2015;
30:663-74.

[51] Barigant P, Merlet P, Orfait ], Tetar C. New design of E.L.A. Statokinesemeter. Agressol
1972;13(C):69-74.

[52] Boniver R. Posture et posturographie. Rev Med Liege 1994;49(5):285-90.

[53] Chaudhry H, Bukiet B, Ji Z, Findley T. Measurement of balance in computer
posturography: Comparison of methods—A brief review. ] Bodyw Mov Ther 2011;
15(1):82-91.

[54] Song D, Chung F, Wong |, Yogendran S. The Assessment of Postural Stability After
Ambulatory Anesthesia: A Comparison of Desflurane with Propofol. Anesth Analg
2002.

[55] Nguyen D, Pongchaiyakul C, Center JR, Eisman JA, Nguyen TV. Identification of
High-Risk Individuals for Hip Fracture: A 14-Year Prospective Study. ] Bone Miner
Res 2005;20(11).

[56] Raiva V, Wannasetta W, Gulsatitporn S. Postural stability and dynamic balance in
Thai community dwelling adults. Chula Med ] 2005;49(3):129-41.

[57] Sinaki M, Brey RH, Hughes CA, Larson DR, Kaufman KR. Significant Reduction in
Risk of Falls and Back Pain in Osteoporotic-Kyphotic Women Through a Spinal

Proprioceptive Extension Exercise Dynamic (SPEED) Program. Mayo Clin 2005;
80(7):849-55.

[58] Park J-H, Youm S, Jeon Y, Park S-H. Development of a balance analysis system for
early diagnosis of Parkinson's disease. Int ] Ind Ergon 2015;48:139-48.

[59] Sucuoglu H, Tuzun S, Akbaba Y, Uludag M, Gokpinar HH. Effect of Whole-Body Vi-
bration on Balance Using Posturography and Balance Tests in Postmenopausal
Women. Am ] Phys Med Rehabil 2015 [in press].

[60] Neurocom® International. Balance Master Operator's Manual v8.2. www.onbalance.
com (last accessed in October 2015).

[61] Lara JA. Marco de Descubrimiento de Conocimiento para Datos Estructuralmente
Complejos con Enfasis en el Anélisis de Eventos en Series Temporales. Technical
University of Madrid; 2011PhD Thesis.

[62] Lara JA, Moreno G, Pérez A, Valente JP, Lopez-Illescas A. Comparing posturographic
time series through events detection. 21st IEEE International Symposium on
Computer-Based Medical Systems, CBMS '08; 2008. p. 293-5.

[63] Lara JA, Pérez A, Valente JP, Lopez-Illescas A. Modelling Stabilometric Time Series.
Proceedings of the 3rd International Conference on Health Informatics -
HEALTHINF; 2010. p. 485-8.

[64] Lara JA, Pérez A, Valente JP, Lopez-Illescas A. Generating time series reference
models based on event analysis. 19th European Conference on Artificial Intelligence
- ECAI 2010; 2010. p. 1115-6.

[65] Lara JA, Lizcano D, Martinez MA, Pazos ], Riera T. A UML Profile for the Conceptual
Modelling of Structurally Complex Data: Easing Human Effort in the KDD Process.
Information and Software Technology, IST; 2014.

[66] Lara]A, Lizcano D, Martinez MA, Pazos J. Data preparation for KDD through automat-
ic reasoning based on description logic. Information Systems, IS; 2014.

[67] Anguera A, Lara JA, Lizcano D, Martinez MA, Pazos J. Sensor-generated Time Series
Events: A definition language. Sensors 2012;12(9):11811-52.

[68] Alonso F, Lara JA, Martinez L, Valente JP. Generating Reference Models for Structur-
ally Complex Data: Application to the Stabilometry Medical Domain. Methods Inf
Med 2013;52:441-53.

[69] Anderson DR, Sweeney DJ, Williams TA. Quantitative Methods for Business. 7th ed.:
International Thomson Publishing; 1998

[70] Kleppe AG, Warmer ], Bast W. MDA Explained: The Model Driven Architecture:
Practice and Promise. Addison-Wesley Longman Publishing Co.; 2003

[71] Andrzejak RG, Lehnertz K, Mormann F, Rieke C, David P, Elger CE. Indications of
nonlinear deterministic and finite dimensional structures in time series of brain
electrical activity: dependence on recording region and brain state. Phys Rev E
Stat Nonlinear Soft Matter Phys 2001;64.

[72] Health Level Seven InternationalHL7 (HL7). www.hl7.org (last accessed in October
2015)

[73] Informatics for Integrating Biology & the Bedside (i2b2). www.i2b2.org (last
accessed in October 2015)

[74] Kohavi R. A Study of Cross-Validation and Bootstrap for Accuracy Estimation and
Model Selection. International Joint Conference on Artificial Intelligence (IJCAI);
1995.

[75] Scott G. Strategic Planning for High-Tech Product Development. Tech Anal Strat
Manag 2010;13(3).

[76] Leblebici E, Anjorin A, Schiirr A. Developing eMoflon with eMoflon. Theory and
Practice of Model Transformations. Springer International Publishing; 2014 138-45.


http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0190
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0190
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0190
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0195
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0195
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0195
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0200
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0200
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0205
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0205
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0210
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0210
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0210
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0215
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0215
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0215
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0215
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0220
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0220
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0225
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0225
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0230
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0230
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0230
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0235
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0235
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0235
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0240
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0240
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0240
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0245
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0245
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0250
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0250
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0250
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0255
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0255
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0260
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0265
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0265
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0265
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0270
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0270
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0270
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0275
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0275
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0275
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0280
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0280
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0285
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0285
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0285
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0285
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0290
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0290
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0295
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0295
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0295
http://www.onbalance.com
http://www.onbalance.com
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0300
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0300
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0300
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0305
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0305
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0305
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0310
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0310
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0310
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0315
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0315
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0315
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0320
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0320
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0320
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0325
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0325
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0330
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0330
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0335
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0335
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0335
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0340
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0340
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0345
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0345
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0350
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0350
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0350
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0350
http://www.hl7.org
http://www.i2b2.org
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0355
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0355
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0355
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0360
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0360
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0365
http://refhub.elsevier.com/S2001-0370(16)30010-1/rf0365

	Applying data mining techniques to medical time series: an empirical case study in electroencephalography and stabilometry
	1. Introduction
	2. Background
	2.1. Time series analysis techniques
	2.2. Time series analysis techniques applied to medicine

	3. Reference Domains: EEG And Stabilometry
	3.1. The EEG field
	3.2. Stabilometry Field

	4. Applied Methods and Results
	4.1. Understanding the domain and the data
	4.1.1. Conceptual modelling

	4.2. Data selection
	4.3. Data preprocessing
	4.4. Data transformation and reduction
	4.5. Data mining
	4.6. Evaluation/interpretation of discovered knowledge
	4.6.1. Evaluation
	4.6.2. Interpretation


	5. Case Study Discussion
	5.1. a) General comments and lessons learned
	5.2. b) Comparison with other techniques
	5.3. c) Proposal applicability
	5.4. d) Deployment of described techniques

	6. Conclusions and Future Lines
	Acknowledgments
	References


