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Continuing Two Faces of the Framework for Analysis and Prediction, Part 1 - Education, this article overviews
the successful applications of the Framework for Analysis and Prediction (FAP) – a Java-based tool dedicated
to time-series analysis – in research, highlighting the influence applications had on subsequent development
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classification) and multidisciplinary research (in psychology, medicine, emotion recognition, and agent-based
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1. Introduction
In Two Faces of the Framework for Analysis and
Prediction, Part 1 - Education [32], we described

our Framework for Analysis and Prediction – a Java-based tool dedicated to time-series analysis, pre-
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senting its architecture and supported features for
time-series preprocessing, distance/similarity computation, classification and representation, after
which we extensively discussed applications of FAP
in the domain of education. The present article will
round off the discussion by overviewing other related systems that motivated the development of FAP in
Section 2, as well as applications of FAP in research
(Section 3). General conclusions will be given in Section 4.

2. Software Packages for TimeSeries Analysis and Mining
Many modern research and practice scenarios are
faced with large quantities of data in the form of time
series [8, 43]. Therefore, numerous techniques and
procedures are constantly developed and implemented for time-series processing, as well as exploring and
explaining the phenomena from which they originate.
In Two Faces of the Framework for Analysis and Prediction, Part 1 - Education [32], we described the basic concepts related to time series and appropriate
distance measures. The current section will complement this introduction by presenting several software packages that can be utilized for some tasks of
time-series analysis and mining, also discussing the
motivation for creating FAP.
Discovery of useful knowledge from data relies on
methods for statistical analysis and data mining.
However, in contrast to the classical statistics, data
mining is a rather new scientific discipline aimed at
processing complex and massive data. In this section,
we will give an overview of the best known (mostly free and open source) software packages that are
in some way related to time-series data mining and
analysis. A more detailed review of the available
general-purpose machine-learning and data-mining
tools can be found in [6, 38].
One of the most popular free and open source software packages for machine learning and data mining
is probably Weka (Waikato Environment for Knowledge Analysis – www.cs.waikato.ac.nz/ml/ weka/)
[23], which is being developed and maintained at
the University of Waikato in New Zealand since the
beginning of the 1990s. It is written in Java and dis-
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tributed under the terms of the GNU General Public
License. The initial Weka workbench was developed
with the aim to allow researchers easy access to stateof-the-art techniques in machine learning [23]. Weka
provides a uniform interface to a wide range of different machine learning and data mining algorithms, including data pre- and postprocessing, classification,
clustering, regression, association rules, and visualization. It also supports large-scale statistical experiments employing distributed computing [53]. Besides
three interactive graphical environments (Explorer,
Experimenter and Knowledge Flow) that provide access to its basic functionality, all of its features can be
accessed directly through a command-line interface
(Simple CLI). Furthermore, it can be incorporated
into Java applications as a library. A detailed description of Weka’s capabilities and various possibilities
of its usage can be found in [53]. Although Weka is
a general-purpose data-mining library, and it is not
specialized for time-series data mining, it has a dedicated time-series analysis environment (in the form
of a plugin) that allows forecasting models to be developed, evaluated, and visualized [40].
ELKI (Environment for DeveLoping KDD-Applications Supported by Index Structures – http://elki.dbs.
ifi.lmu.de/) is another open source general data mining software written in Java, which is designed for
researchers and students, and developed at Ludwig
Maximilian University of Munich, Germany [48].
The main focus of this extensible framework is on
unsupervised machine-learning methods in cluster
analysis, outlier detection, and indexing. ELKI supports high-dimensional real-valued feature vectors (a
special case of which are time series) [1]. It contains
implementations of the main time-series distance
measures: DTW, LCS, ERP, EDR, and the Derivative
DTW (DDTW) [26] distance – a variant of DTW.
KNIME (KoNstanz Information MinEr – https://
www.knime.org/) [3] is an open source data analytics, reporting, and integration platform that provides
components for machine learning and data mining
[6]. It is developed by KNIME.com AG and the Chair
for Bioinformatics and Information Mining at University of Konstanz, Germany. KNIME is written in
Java and based on the Eclipse platform. It is available
under a dual licensing model – the KNIME Analytics
Platform is released under the GNU General Public
License without any limitation of its functionality
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(commercial licenses exist for companies requiring
technical support). Incorporating solutions from several other open source packages (e.g. machine-learning and data-mining algorithms from Weka [23] and
statistical routines from R [45]) KNIME, represents a
powerful tools integration platform [3] and supports
several topics, including: univariate and multivariate
statistics, data mining, text mining, image processing,
and time-series analysis.
RapidMiner Studio (https://rapidminer.com) is an
open source predictive analytics platform developed
in Java by the RapidMiner company, whose first version was implemented under the name YALE (Yet
Another Learning Environment) at the Technical
University of Dortmund in Germany [39]. It provides
an easy-to-use sophisticated graphical user interface
for interactive design and execution of the various
steps of the data-mining process (loading, preparing,
analyzing, and visualizing) by connecting the corresponding operators (represented as boxes) which
have configurable parameters [11]. RapidMiner Studio’s functionality can be enhanced by installing extensions using the RapidMiner Marketplace. These
plugins include operators for text mining, web mining, and time-series analysis, too. The Basic and Community Edition versions of the RapidMiner Studio
are available free of charge.
In addition to software packages based on machine
learning methods, there is a considerable number
of systems that support time-series analysis relying
on statistical and econometric modeling. The most
famous representative of this group of applications
is most likely the SAS (Statistical Analysis System –
http://www.sas.com) software suite developed by the
SAS Institute [27]. Among the diverse components
(more than 200) that are part of the SAS software,
the SAS/EST and the SAS Enterprise Miner support
work with time series, too. SAS/EST provides techniques for econometric analysis, forecasting, time-series decomposing, transformation, seasonal adjustment, outlier detection, and similarity analysis. SAS
Enterprise Miner offers statistical, data-mining, and
machine-learning algorithms including several tasks
of time-series data mining and analysis: data preparation, similarity analysis, clustering, exponential
smoothing, dimensionality reduction, and seasonal
decomposition. The freely available SAS University Edition incorporates SAS Studio, Base SAS, SAS/
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STAT, SAS/IML, SAS/ACCESS, and several time-series forecasting procedures from SAS/ETS.
MATLAB (MATrix LABoratory – http://www. mathworks.com/) is another well-known commercial software package for interactive numerical computation,
and a high-level programming language developed
by MathWorks [18]. It supports data analysis, processing and visualization, modeling and simulation,
algorithm development, and application deployment.
Several MATLAB functions assist in working with
time-series data and additional toolboxes can be purchased that support different aspects of time-series
analysis including: System Identification Toolbox,
Econometric Toolbox, Neural Network Toolbox, Financial Toolbox, and Signal Processing Toolbox.
Other examples of commercial products that support
statistical and econometric models of time series include: IBM SPSS Statistics (http://www-01.ibm.com/
software/analytics/spss/), STATA (http://www.stata.
com), RATS (https://estima.com/ratsmain .shtml),
and Mathematica (http://www.wolfram.com/ mathematica/).
The best-known free and open source software environment for statistical computing, data analysis, and
graphics is probably R (https://www.r-project.org)
[45]. R is a system for statistical computation available on multiple platforms (UNIX, Windows, and
macOS) and a programming language based on two
languages: S and Scheme. It consists of two parts: the
base system and a collection of add-on packages [24] –
they are distributed through the Comprehensive R Archive Network (CARN – https://cran.r-project.org). R
supports statistical modeling, statistical tests, classification, clustering, regression, time-series analysis,
and others. Several packages implement functions for
working with time series, including forecasting, univariate and multivariate modeling, regression, seasonality, decomposition, and filtering.
GRETL (GNU Regression, Econometrics and Time-series Library – http://gretl.sourceforge.net/) is an open
source, platform-independent library for econometric analysis [2]. It supports several least-square based
statistical estimators, time-series models, and several
maximum-likelihood methods. GRETL also encloses
a graphical user interface for the X-12-ARIMA environment.
X-12-ARIMA is a seasonal adjustment program that
was distributed by the U.S. Census Bureau [13]. It
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supports several interesting concepts such as: alternative seasonal, trading-day and holiday effect adjustment; an alternative seasonal-trend-irregular
decomposition; extensive time-series modeling and
model-selection capabilities for linear regression
models with ARIMA errors. The currently maintained version of this program, called X‑13ARIMASEATS (https://www.census.gov/srd/www/x13as/),
was created by incorporating X-12-ARIMA and TRAMO/SEATS [44]. TRAMO (Time Series Regression
with ARIMA Noise, Missing Observations and Outliers) is a program for estimation and forecasting
of regression models with possibly nonstationary
(ARIMA) errors and any sequence of missing values;
SEATS (Signal Extraction in ARIMA Time Series) is a
program for estimation of unobserved components in
time series based on ARIMA model [20]. Both of these
programs are provided by the national central bank of
Spain (Banco de España – http://www.bde.es).
Evidently, we can distinguish two types of software
packages for time-series analysis and mining:
1 general-purpose machine-learning and data-min-

ing platforms which to some extent support processing time series, and

2 statistical software systems that provide the means

for statistical analysis and modeling of real world
situations based on time series.

Furthermore, all existing systems have at least one of
the following three shortcomings:
1 they are not free and/or open-sourced,
2 their main focus is not on time series,
3 they do not support all the functionality of FAP.

Since the statistical methods are not sufficient for the
realization of different time-series data mining tasks
[47], it has become important to design new solutions
in this field and to enhance the existing ones. This has
led to publication of a significant number of competitive techniques.
Motivated by the lack of a free and open source framework which could fully support different aspects of
time-series mining (including distance measures,
preprocessing, classification, and representations)
and help researchers in testing and comparing the
alternatives, we have implemented our FAP (Framework for Analysis and Prediction) system.
Our system can cover all main features and function-
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alities needed for time-series analysis (pre-processing tasks, distance measures, time-series representations) and necessary for different data-mining tasks
(indexing, classification, prediction, etc).
In the past ten years, our research group has been
continuously developing and employing different algorithms and aspects necessary for time-series data
mining and analysis. Therefore, we realized that it
would be valuable to systematize all these concepts
in form of an open-source framework. Such a framework could be useful to other research groups as well,
not only in the computer science field [25, 29, 30, 34,
37], but in all other areas where real phenomena are
based on and could be modeled by time series.
Furthermore, we realized that we can utilize it in education as well, for some specialized artificial intelligence and data mining subjects and seminars [32].

3. Applications of FAP in Research
This section will present several successful applications of FAP in research, illustrating the usefulness
and comprehensiveness of the FAP system, as well
as its ability to be applied in diverse domains. The
applications influenced subsequent development of
FAP on the basis of the obtained results and feedback,
encouraging new directions for further development,
upgrade, and improvement.
From the very beginning of its development, FAP has
had a dual role in research. Firstly, extending it with
new elements, features, and functionalities facilitated the investigation and comparison of an increasing
number of diverse approaches in the field of time-series data mining. Secondly, these expansions yielded
the possibility of its application as a research tool in
other domains, too.

3.1 FAP in Time-Series Data Mining
Application 1. Spline representation. The most
fundamental classes of FAP were implemented within the CuBaGe (Curve Based Generator) system [31].
The aim of this work was to create a decision support
system based on Case-Based Reasoning (CBR) [5]
technology, but where the cases are represented as
time series.
The main aspect of all CBR applications is a selection
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of a qualitative similarity/distance measure with an
appropriate representation technique for time series.
In CuBaGe, as the first implementation of time-series concepts in our group, a representation based on
cubic splines was chosen for this purpose. For such a
representation, the distance measure based on definitive integrals was the natural choice [28].
This system has been applied successfully in predicting the rhythm of issuing invoices and receiving actual
payments at the company “Novi Sad Fair” [50, 51]. The
management of “Novi Sad Fair” wanted to know how
high (and at what moment) would be the payment of
some services over a future time, with respect to its
representation,
the distance
on
invoicing. The calculation
of themeasure
saturationbased
point for
definitive
integrals
was
the
natural
choice
[28].
the payment time series (the point where the value of
This
system
haschange
been byapplied
successfully
in
payment
will not
more than
10%) is based
predicting
the
rhythm
of
issuing
invoices
and
on similarity between existing and previous invoicing
receiving
actual
payments
at the
company
Sad
and payment
time
series. An
example
of a “Novi
saturation
Fair”
[50,
51].
The
management
of
“Novi
Sad
Fair”
point can be seen on Fig. 1. A detailed evaluation of
wanted
to know how high (and at what moment)
the proposed methodology using 10-fold-cross-validawould be the payment of some services over a future
tion showed that the system predicts saturation point
time, with respect to its invoicing. The calculation of
with 14.12% error rate in time and 5.88% in value dithe saturation point for the payment time series (the
mension. This is completely understandable from the
point where the value of payment will not change by
operational
point of
becausebetween
time of
more
than manager’s
10%) is based
onview,
similarity
saturation
depends
on
many
other
economical
and
poexisting and previous invoicing and payment time
litical
factors.
Furthermore,
the
value
of
payment
has
series. An example of a saturation point can be seen on
a greater
the time of
Fig.
1. importance
A detailed than
evaluation
of actual
the payment.
proposed
methodology
10-fold-cross-validation
showed
The need for ausing
dedicated
time-series library has
inithat
system predicts
saturation
with 14.12%
tiallytheappeared
during the
processpoint
of implementing
error
rate in time
and 5.88%
valuestage
dimension.
This
the CuBaGe
system.
In thisinearly
of developisment,
completely
from the
operational
the mostunderstandable
fundamental classes
(closely
related
manager’s point of view, because time of saturation
depends
Figure 1 on many other economical and political
factors.
Furthermore,
thetime
value
of some
payment
Actual payment
and invoice
series,
similarhas
timea
series from
databasethan
and saturation
point
greater
importance
the time of
actual payment.

Figure 1 Actual payment and invoice time series, some
similar time series from database and saturation point

The need for a dedicated time-series library has
initially appeared during the process of implementing
the CuBaGe system. In this early stage of
development, the most fundamental classes (closely
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to data points and time series) and interfaces (related
to similarity measures and time-series representations) were outlined. They constitute the central part
of the core package of FAP. Furthermore, the Spline
distance measure and representation were also introduced [31].
Application 2. The influence of global constraints
on 1NN. One of the research areas of time-series data
mining for which there is a growing interest is classification [19, 21, 49, 52, 54]. The simple nearest-neighbor (1NN) rule [12] has proven to be one of the most
accurate classifiers in the domain of time series [46,
54]. To provide a deeper insight into the influence of
a directed graph
time
series is connected
theisSakoe-Chiba
bandwhere
[15] each
on the
classification
acwith
its
nearest
neighbor.
As
the
1NN
classifier
curacy, in [35] and [36], we have investigated its imassigns
class of the graph.
nearestThe
neighbor
to the
print
on thethe
nearest-neighbor
1NN graph
unlabeled
time
series,
the
changes
in
the
1NN
graph
is a directed graph where each time series is condirectly
affect
classification
accuracy.
A
nected with its nearest neighbor. As the 1NN classicomprehensive set of experiments was conducted on
fier assigns the class of the nearest neighbor to the
46 datasets from the UCR Time Series Repository [10]
unlabeled time series, the changes in the 1NN graph
with the most widely used elastic similarity measures:
directly affect classification accuracy. A comprehenDTW, LCS, ERP, and EDR.
sive set of experiments was conducted on 46 datasets
In the first phase of the experiments, we have
from the UCR Time Series Repository [10] with the
investigated the percentage of the NN graph's nodes
most
used elastic
similarity
measures:under
DTW, the
thatwidely
changed
their nearest
neighbors
LCS,
ERP,
and
EDR.
influence of the Sakoe-Chiba band with different
In the
first phase
of widths.
the experiments,
we [36])
have inveswarping
window
Fig. 2a (from
illustrates
tigated
percentage
of thewith
NN graph’s
the the
results
obtained
DTW nodes
for that
several
representative
datasets.
As under
the warping
window
changed
their nearest
neighbors
the influence
becomes
smaller,band
therewith
are more
and warping
more nodes
of the
Sakoe-Chiba
different
win-with
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second the
phase,
dowchanged
widths.nearest
Fig. 2aneighbors.
(from [36])
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re- we
have
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what for
extent
the nodes
of the 1NN
sults
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withtoDTW
several
representative
graph change
their classes
whenbecomes
applying smaller,
the Sakoedatasets.
As the warping
window
Chiba
band.
These
changes
are
not
as
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as in the
there are more and more nodes with changed nearest
previous
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but
it
can
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seen
that
neighbors. In the second phase, we have examined towith
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between
what
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the nodes
of the 1NN
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their the
constrained
and
unconstrained
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classes when applying the Sakoe-Chiba band. These
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(Fig. 2b).as in the previous phase,
changes
are not as intense
Through
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but it can be clearlyextensive
seen that investigations,
with smaller warping
showed
that
the
constrained
measures
are
qualitatively
windows the difference between the constrained and
different than the unconstrained ones. For low values
unconstrained measures becomes more significant
of the constraint (less than 15%–10%), the change of
(Fig. 2b).
the 1NN graph becomes significant for all of the
Through
these distance
extensive measures.
investigations,
we have the
considered
Comparing
showed
that
the
constrained
measures
are
accuracy of the 1NN classifier, we have qualitafound that
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different
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Forbut
lowit is
DTW
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(less of
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change
of the 1NN graph becomes significant for all of
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theTo
considered
measures.
Comparing the
meet thedistance
needs of
these experiments,
the acinitial
curacy
of
the
1NN
classifier,
we
have
found
that
version of FAP, outlined as a basic auxiliaryDTW
tool for
the CuBaGe system, has been expanded with the
unconstrained, and the constrained versions of the
main elastic time-series distance/similarity measures:
DTW, LCS, ERP and EDR. The constrained measures
were implemented relying on the Sakoe-Chiba band
[15]. In addition, basic classes and interfaces for
classifiers have been introduced alongside the
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and the average smallest error rate is almost linear –
the growth of parameter k leads to the decline of classification accuracy (Fig. 3a). These experiments have
confirmed the special importance of the first neighbor in time-series data: without applying a weighting scheme, the kNN classifier gives the best results
when the value of k is 1.

tions were based on the largest set of freely available
labeled time-series datasets [10] and the obtained results were supported by statistical tests.
In these experiments, the accuracy of classification
was obtained by 10 runs of stratified 10-fold cross-validation (SCV10x10) using the best value of parameter
k obtained in the range from 1 to 30 by stratified 9-fold
cross-validation (SCV1x9) on the respective training
sets from the folds. The average classification errors
of the examined classifiers and the average values
of the parameter k are shown in Table 1 (taken from
[17]). The best results are marked with symbol ●, and
the worst ones with symbol ○. Column Win denotes
the number of datasets for which the corresponding
NN classifier gave the smallest classification error,
and column Error the average classification error
across all datasets. We can see that the best results
were achieved by the dual distance-weighted function denoted with DualD [22] in this table.

In this step, the main elements of the upgrade of the
FAP library included the implementation of the majority-voting kNN classifier, and the preliminary
versions of the basic methods for evaluating the performance of classifiers (holdout, k-fold (stratified)
cross-validation and leave-one-out).
Application 4. Comparison of weighting schemes.
One of the possible disadvantages of the kNN classifier can be the equality of the nearest neighbors disregarding their distance from the unlabeled time series. We can try to correct this potential drawback by
assigning the neighbor’s weights proportional to their
distances: closer time series will have greater weights.

With these examinations, we have confirmed the view
that the simple 1NN classifier is very hard to beat (especially in the case of DTW) [54], but there are some
weighting functions with which the kNN classifier can
produce better results. Among the analyzed weighting
schemes, the best performances were obtained with
the dual distance-weighting scheme (DualD) and with
the weighting function defined by Dudani [15].

A great number of different weighting schemes was
introduced and described within the machine learning and data mining literature [15]. In [17], we have
compared several weighting schemes in the domain
of time series utilizing the Euclidean distance and the
four most widely used unconstrained elastic distance
measures (DTW, LCS, ERP, and EDR). Our investigaTable 1
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but it was assumed that it will give similar results
with much greater calculation time. On the other
hand, linear interpolation is the most fair approach
for “filling the gaps” when nothing is known about the
process which generated the time series.

using the bipolar model. In this manner, 8 channels
were constructed. The obtained EEG signals were
decomposed into four frequency bands (alpha, beta,
gamma, and theta) using the two-pole Butterwoth filter (Fig. 6b), taken from [34]). Finally, a dataset with a
Application 7. Emotion recognition. During the total of 1920 time series was obtained for the 6 participants and 10 types of audio clips.
bilateral project “Emotional Intelligence and Applications Based on Multi-Agent Systems”, together With these time series, two sets of experiments were
with colleagues from Fudan University, Shanghai, performed. The aim of the first phase was to deterwe have used the Framework for Analysis and Predic- mine whether there are similarities between the time
tion to examine the possibility of applying time-se- series of different participants for the same emotion,
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This application involved the processing of real-world
time series of high dimensionality (several thousand).
Therefore, much effort is devoted to the optimization
and improvement of computation efficiency. Furthermore, some of the preprocessing tasks are refined and
the algorithm for resuming is improved.
Application 8. An agent-based distributed computing system. Performing time-series experiments can
often be accelerated by pre-calculating the distances
between the time series of the datasets and storing
the obtained values in the form of distance matrices
(especially in case of long time series and/or complex
distance measures). The distance matrix for a dataset
is a matrix where element (i,j) contains the distance
between the i-th and the j-th time series from the set.
The process of calculating distance matrices itself
can be a very resource-demanding operation, too (in
terms of CPU time and the required amount of memory). Our Department has several networked computer
classrooms which can be used to distribute distance
matrix calculations. However, they are actively used
for teaching in a number of computer science courses. In addition, the students are free to use these, often low performance, personal computers during the
working hours. In order to utilize them for calculating
distance matrices relying on the FAP library, we have
implemented an agent-based distributed system [42]
taking into account that any of these computers may
become unavailable for the calculations at any time
(i.e. when occupied by a student), and may become
available again later.
ADiS (Agent-based Distributed computing System)
[41] is a generalization of this system that represents
a general-purpose, extensible architecture (through
plugins) for arbitrary computing in a distributed environment specifically designed for dynamic networks.
It is well-suited for networks of heterogeneous, often
low-end personal computers. The high-level overview
of its architecture is depicted in Fig. 7 (taken from [41]).
One of the most important components of the system is a stationary agent named HBAgent (HeartBeat
Agent) which is responsible for detecting changes in
the network and tracking the availability of computers. The JobManager (in correlation with the low-level, platform dependent PDModule component) monitors the resource consumption of the host computer
and can start and stop the computations performed
by the computational agent (CAgent). When new

high-level overview of its architecture is depicted in
Fig. 7 (taken from [41]).
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with new functionalities needed for investigating different aspects of time-series data mining and analysis
and it has been further improved through employment in multidisciplinary research projects including
psychology, medicine, and emotion recognition.
We believe that the approach presented in this article, as
well as the preceding part, has multiple positive effects:
_ _ continuous iterative and incremental development
of FAP and its enrichment with new functionalities
are making it more and more powerful tool oriented
toward providing complete support for time-series
data mining and analysis,

2018/3/47

__ students are given the ability to familiarize

themselves with various aspects of time-series
data mining and data mining in general by using and
extending our framework with new capabilities.

We are convinced that our library could significantly
help researchers in comparing their own time-series
data mining and analysis solutions with the existing
ones. Moreover, it can be relatively easily utilized in
multidisciplinary research areas that involve working
with time series. Our experience has also confirmed
that the Framework for Analysis and Prediction can
serve as an efficient auxiliary tool in education.
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