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For univariate forecasting, there are various statistical models and computational algorithms available.
In real-world exercises, too many choices can create difficulties in selecting the most appropriate
technique, especially for users lacking sufficient knowledge of forecasting. This study focuses on rule
induction for forecasting method selection by understanding the nature of historical forecasting data.
A novel approach for selecting a forecasting method for univariate time series based on measurable data
characteristics is presented that combines elements of data mining, meta-learning, clustering,
classification and statistical measurement. We conducted a large-scale empirical study of over 300
time series using four of the most popular forecasting methods. To provide a rich portrait of the global
characteristics of univariate time series, we extracted measures from a comprehensive set of features
such as trend, seasonality, periodicity, serial correlation, skewness, kurtosis, nonlinearity, self-similarity,
and chaos. Both supervised and unsupervised learning methods are used to learn the relationship
between the characteristics of the time series and the forecasting method suitability, providing
both recommendation rules, as well as visualizations in the feature space. A derived weighting
schema based on the rule induction is also used to improve forecasting accuracy based on combined

forecasting models.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

Time series forecasting has been a traditional research area for
decades, and various statistical models and advanced computa-
tional algorithms have been developed to improve forecasting
accuracy. With the continuous emergence of more methods,
forecasters have been given more choices. However, more options
could also create potential problems in practice especially when
forecasts are based on a trial-and-error procedure with little
understanding of the conditions under which certain forecasting
methods perform well. Certainly the ‘no free lunch theorem’ [1]
informs us that there is never likely to be a single method that fits
all situations. In the forecasting context, therefore, recommenda-
tion rules on how to select a suitable forecasting method for a
given type of time series have attracted attention.

From more than a decade ago, the research on forecasting
methods selection attracted many attempts to find recommenda-
tions and rules [2-5] mostly based on expert systems approaches.
Certainly there are obvious limitations for systems based on
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human judgment, with the strongest concern being that expert
system based rules are not dynamic and therefore require
significant rework and validation prior to updating. This is not a
trivial problem especially when the forecasting domain or
situation changes. In this study, we aim to develop an automated
rule induction system that couples forecasting methods perfor-
mance with time series data characteristics. Metrics to character-
ize a time series are developed to provide a rich portrait of the
time series including its trend, seasonality, serial correlation,
nonlinearity, skewness, kurtosis, self-similarity, chaos, and peri-
odicity. Self-organizing maps (SOMs) and decision trees (DTs) are
used to induce rules explaining the relationships between these
characteristics and forecasting method performance. The induced
rules from such a system are envisaged to provide recommenda-
tions to forecasters on how to select forecasting methods. In the
proposed system, a data-driven approach based on a meta-
learning framework and machine learning algorithms are em-
ployed, reducing the dependence on expert knowledge. Such an
automated system is more flexible, adaptive and efficient when
situations change and rules are required to be revised.

After outlining related work in forecasting method selection, as
well as relevant cross-disciplinary work in Section 2, we explain
the detailed components and procedures of the proposed meta-
learning based system in Section 3. Then the background knowl-
edge on four forecasting methods which were used as candidates
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in our empirical study is provided in Section 4. Section 5 then
follows in which each identified characteristic for univariate time
series data in our study are introduced including algorithms used
to extract descriptive metric for each characteristic. Three
machine learning techniques used for learning the relationship
between time series characteristics and forecasting method
performance are discussed in Section 6. Our empirical study and
experimental results including induced rules are demonstrated in
Section 7. Future research directions are discussed and conclu-
sions drawn in Section 8.

2. Related work

In the literature on forecasting method selection, there are two
common approaches: (1) comparing the track record of various
approaches and using expert knowledge to provide guidelines to
select forecasting methods and (2) using the results of large
empirical studies to estimate a relationship between data features
and model performance. The first approach has been developed
over many decades. To select a forecasting method, some general
guidelines consisting of many factors—convenience, market
popularity, structured judgment, statistical criteria, relative track
records and guidelines from prior research—have been high-
lighted by Armstrong [6]. Based on experts’ practical experiences,
some checklists for selecting the best forecasting method in a
given situation were also presented as guidelines for managers to
use in selecting forecasting methods [7,8]. Later, the expert system
approach was recommended by many researchers for its potential
to aid forecasting in formulating the model and selecting the
forecasting method [6,9,10]. Among various approaches, rule-
based forecasting (RBF) is the signature work which formalized
model selection using rules generated by expert systems [4],
where 99 rules were derived from experts and used to weight four
different models. Both statistical and contextual characteristics
(such as causal forces) were used in this model selection
approach.

In the last decade or so, machine learning algorithms have
been recommended to automatically acquire knowledge for
model selection and to reduce the need for experts [3]. Reid was
among the first to argue that data features provide useful
information to assist in the choice of forecasting methods [11].
More recently, Shah demonstrated that summary statistics of
univariate time series can help to improve the choice of
forecasting methods [12]. To discover which summary statistical
features of time series model are useful in predicting which
forecasting method will perform better, Meade evaluated and
extended set of time series with more forecasting methods [5].
Later, 25 statistical features sourced from the features (variables)
proposed by Reid and RBF [4,11] are examined against the
performance of three forecasting methods to determine the
usefulness of the summary statistics in method selection.

It is interesting that the task of forecasting method selection
bares strong resemblance to the task of algorithm selection
discussed by Rice in 1976 [13]. Rice describes a framework for
algorithm selection that seeks to model the relationship between
the features of a set of problem instances, and the performance of
various algorithms. Much work has evolved from this landmark
paper in cross-disciplinary domains, and a review of algorithm
selection studies using Rice’s framework as a unifying concept can
be found in [14]. Most notable is the ‘re-branding’ of algorithm
selection in the machine learning community as ‘meta-learning’,
where machine learning algorithms are used to learn the
relationship between classification data set characteristics and
the performance of machine learning algorithms [15]. While the
forecasting community has not embraced the term ‘algorithm

selection’ and does not cite the work of Rice [13], preferring to use
the term ‘method selection’, the commonality of goal is clear, and
there is much to be gained from examining the algorithm
selection and meta-learning literature.

The link to the meta-learning work found in the machine
learning community was acknowledged by the study of Prudencio
and Ludermir [16], who considered used a k-nearest neighbor
approach found in the meta-learning literature to learn to rank
the performance of three traditional statistical forecasting
methods based on some simple characteristics of the time series
(such as its length and the number of turning points, etc.). The
meta-learning literature contains many more ideas that can be
adapted here however, including different methods for learning to
predict algorithm performance. The power of the approach also
depends heavily on the choice of metrics used to characterize the
time series. In this paper we aim to extend the research focus from
the selection of suitable forecasting methods for time series with
simple or single characteristics to more broad and general time
series having complex or multiple characteristics. We consider
neural forecasting in addition to traditional statistical methods.
We also extend the focus from algorithm ranking to generating
rules describing when certain methods perform well, using SOMs
for clustering time series based on characteristics, and DTs for
inducing rules to predict forecasting method performance.

3. Meta-learning based system for rule induction

Meta-learning was proposed to support data mining tasks and
to understand the conditions under which a given learning
strategy is most appropriate for a given task. Meta-learning
involves a process of studying the relationships between learning
strategies and tasks [15]. The central property of the meta-
learning approach is to understand the nature of data, and to learn
to select the method which performs best for certain types of data.

We adapt a meta-learning architecture from Vilalta’s meta-
learning architecture for data mining tasks, called ‘knowledge
acquisition mode’ [15]. Based on this meta-learning architecture
mode, a framework is designed for forecasting method selection
as shown in Fig. 1. In the framework, there are three major
components included: (i) forecasting methods performance
evaluation, (ii) time series data characteristics extraction and
(iii) rule induction. In terms of databases, ‘base-level predictions’
from forecasting evaluations and ‘meta-level attributes’ from
characteristics extraction are combined, which forms a database
called ‘meta-level database’. Then a learning and rule generation
process is conducted on this ‘meta-level database’ to discover the
relationships between forecasting methods (base-level predic-
tions) and data characteristics (meta-level attributes).

The objectives of our proposed rule induction system and
specificities of our research are:

o A meta-learning based framework is proposed to facilitate
automatic rule discovery from the relationships between
forecasting methods and data characteristics. The rules
generated can assist forecasters in method selection and
decision making processes. Compared to related works, such
as expert systems, this data-driven approach is more efficient.

e Conducting a comprehensive evaluation of the forecasting
methods performance including representative conventional
statistical models and other advanced computational algo-
rithms widely used in time series forecasting. The database
used for evaluation should be large-scale data sets consisting
of a broad collection of real-world time series data sets from
various domains, enabling more reliable results to be achieved
to support the rule induction. In contrast, the related work
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Fig. 1. The meta-learning framework for forecasting method selection.

known as ‘RBF’ [4] studied statistical methods only. The most
related study using a ‘meta-learning’ approach for forecasting
method selection [16] compared one statistical model with one
neural network (NN) algorithm in a case study and three
statistical models in the second case study, with only a limited
set of features.

e We aim to identify univariate time series characteristics that
are informative and measurable from the perspective of
representing the time series structure. We call such character-
istics ‘global features’ of a time series. For each characteristic,
an appropriate metric is extracted as a continuous measure to
describe the time series data. Compared to related work [4,16],
we adopt a different approach to specifying the features of
time series. The criteria of structural representation and
measurement in a continuous form (the degree to which a
feature is present) leave out many features used in related
work. The benefits of our reduced set of highly informative
features are highlighted in our research.

o Machine learning techniques are used for rule induction and
both categorical and quantitative rules are produced from the
proposed system. Similar to other research, judgmental rules
are provided by our system, but these are based on empirical
evidence rather than expert judgment. Additionally, the
quantitative rules induced are more specific to provide
recommendations for forecasters and can also be used in
combining forecasting methods when selection of a single
solution cannot provide a reliable forecast.

4. Background: forecasting methods

Forecasting is designed to predict possible future alternatives
and helps current planning and decision making. For example, the
forecasting of annual student enrollment is critical information
for a university to determine financial plans and design strategies.
Time series analysis provides foundations for forecasting model

construction and selection based on historical data. Modeling the
time series is a complex problem, because the difference in
characteristics of time series data can make the variable
estimation and model selection more complicated. It is important
to explore and recognize the abilities of various available
forecasting methods, in order to produce reliable rules for
forecasting method selection. In the taxonomy of forecasting
methods [17], judgmental and statistical forecasting are the two
main categories [18], and there are two subclasses further
identified with the recent advances in computational algorithms
[19] called ‘traditional statistics models’ and ‘data mining
algorithms’. To specify the scope of this study, we selected four
candidates forecasting methods including both traditional statis-
tical models and data mining algorithms. The four forecasting
methods have been studied in related works [4,16] and widely
used in forecasting tasks. They consist of three statistical models
(exponential smoothing (ES), auto-regressive integrated moving
average (ARIMA) and random walk (RW)) and one data mining
algorithm (NNs). In this section, a brief overview of these four
methods is provided.

4.1. RW forecasting

A time series is a sequence of observations Yq,...,Y: 1,Ys,
where the observation at time t is denoted by Y,. The RW model
has been a basis for comparison in some prior studies and
sometimes it has been a strong competitor which can be as
accurate as others [4]. The RW model can be denoted as

Ye=Ye1+e:

where e; is white noise, which is a random error and uncorrelated
from time to time.

Thus, the RW forecast is simply Y = Y_1. It is easy to compute
and inexpensive, and has been widely used for non-stationary
time series such as stock price data.
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4.2. ES forecasting based on Pegels’ classification

ES models are among the most popular statistical forecasting
methods for their simplicity and low cost [18]. They require less
data memory storage and have fast computational speed. Since
the late 1950s, various ES models have been developed to cope
with different types of time series data, e.g. time series data with
trend, seasonality, and other underlying patterns. In our research,
ES forecasting based on Pegels’ classification [20] is used. Pegels
proposed a classification framework for ES methods in which
trend and seasonal components are considered for each method. It
was later extended by Gardner [21]. Based on Pegels’ classifica-
tion, a fully automatic methodology using state space models is
developed by Hyndman et al. [22]. If not specified, the ES models
are chosen automatically, and the only requirement is the time
series to be predicted. This methodology has been empirically
proven to perform extremely well on the M3-competition data.
For the 12 methods in Pegels’ classification framework, Hyndman
et al. describe each method using two models, a model with
additive errors and a model with multiplicative errors. All the
methods can be summarized by the following equations:

= h(X;—1) + k(Xc—1)ee  and  X¢ = f(X,—1) + &(X—1)er,

where x; = (It, bt, S¢t,St-1, ..., St—m-1)) IS a state vector, {&} is a
Gaussian white noise process with mean zero, variance ¢? and
Y¢ = h(x,_1) is the one-step-ahead forecast.

The model with additive errors has k(x;_1) = 1 while k(x;_1) =
h(x;_1) in the model with multiplicative errors. This forecasting
methodology based on state space models for ES, can obtain
forecasts automatically and without any data pre-processing, such
as outliers and level shifts identification. It has been implemented
easily on M-competition data, and the results show that this
method particularly performs well for short term forecasts up to
about six-steps-ahead [22]. In the M3-competition, it has shown
exceptional results for seasonal short-term time series compared
with all other methods in the competition. The major advantages
of ES methods are simplicity and low cost [18]. When the time
series is very long, the ES methods are usually the only choices
which are fast enough if the computational time is considered in
implementation. However, the accuracy from ES is not necessarily
the best, when compared to more sophisticated methods such as
ARIMA models or NN models.

4.3. ARIMA forecasting

ARIMA models were developed in the early 1970s, popularized
by Box and Jenkins [23], and further discussed by Box et al. [24].
Until now, the ARIMA models have been extensively studied and
popularly used for forecasting univariate time series. There are
many variations of ARIMA models, but the general non-seasonal
model is written as ARIMA(p,d, q), where p is the order of auto-
regression (AR), d is the degree of first differencing involved, and q
is the order of moving average (MA). The seasonal model is an
extension written as ARIMA(p,d,q)(P,D,Q), where s denotes the
number of periods per season and P, D and Q are seasonal
equivalents of p, d and q. In practice, the parameters are to be
estimated and many possible models could be obtained. It is usual
to begin with a pure AR or a pure MA model before mixing into
ARIMA by adding more variables. To find the best fitting ARIMA
model, penalized likelihood is used to determine whether adding
another variable improves the model. Akaike’s information
criterion (AIC) [25] is the most common penalized likelihood
procedure. In practical computing or coding, a useful approxima-
tion to the AIC is

AIC ~ n(1 + log(2n)) + n log 62 + 2m

where ¢? is the variance of the residuals, n is the number of
observations, and m=p+q+ P+ Q, which is the number of
terms estimated in the model.

4.4. Feedforward NNs forecasting

Forecasting with artificial NNs has received increasing interest
in various research and application domains, and it has been given
special attention in forecasting methodology [26]. Multilayered
feedforward neural networks (MFNNs) with back-propagation
learning rules are the most widely used models for applications
such as prediction, and classification. In a single hidden layer
MFNN, there is only one hidden layer between the input and
output layer. The layers are connected by weights, wj are the
weights between the input layer and hidden layer and v,; are the
weights between hidden layer and output layer. Based on a
given input vector X, the neuron’s net input is calculated as the
weighted sum of its inputs, and the output of the neuron, yj, is
based on a sigmoidal function indicating the magnitude of this net
input. For the jth hidden neuron, calculation for the net input and
output are

n
=> wix; wherexo=—1
i=0

_ h h
= f(net!) and net]
For the kth output neuron:

J
o =f(net)) and net) => vy; wherey,=—1

=0
where the sigmoidal function f(net) is typically a well-known
logistic function such as f(net) = 1/1 + e~#", and / is a parameter
used to control the gradient of the function which in the range of
(0,1). The most common learning rule for MFNN is called back-
propagation learning rule [27]. In the updating error step, the
effect of these weight updates minimizes the total average-
squared error:

1 P K
E= 553 o
p=1 k=1

where d, is the desired output of neuron k for input pattern p and
Opi, the actual network output of neuron k for input pattern p. The
weights are continually modified until some pre-defined tolerance
level is reached or the network has started to ‘over-train’ as
measured by deteriorating performance on the test set [28]. The
structure of a NN is also affected by the setting of the number of
neurons in the hidden layer. We adopt the formula h = (i +j)/2 +
J/d [25] for selecting the number of hidden neurons, where i is the
number of input vectors x;, j is the number of output vectors yj;,
and d denotes the dimensionality of the input vectors.

5. Time series characteristics extraction

In this study, we investigated various data characteristics from
diverse perspectives related to univariate time series structure-
based characteristic identification and feature extraction. We
selected the nine most informative, representative and easily-
measurable characteristics to summarize the time series struc-
ture. Based on these identified characteristics, corresponding
metrics are calculated. The extracted data characteristics and
corresponding metrics are mapped to forecasting performance
evaluation results to construct rules for forecasting method
selection. As a benefit, the measurable metrics of data character-
istics can provide us the quantitative rules in addition to normal
categorical rules. They also serve in a dimension reduction
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capacity, since they summarize the global characteristics of the
entire time series. Identifying features (or characteristics) has
been used in different contexts for different tasks. Three common
data characterization methods are: (i) statistical and information-
theoretic characterization, (ii) model-based characterization, and
(iii) landmarking concepts [29]. We take the path of statistical
feature extraction in this study. The extracted statistical features
should carry summarized information of time series data,
capturing the global picture based on the structure of the entire
time series. After a thorough literature review, we propose a novel
set of characteristic metrics to represent univariate time series.
This set of metrics not only includes conventional characteristics
(for example, trend) [17], but also cover many advanced
characteristics (for example, chaos) which are derived from
research on new phenomena [30]. The corresponding metrics
for the following structure-based statistical characteristics form a
rich portrait of the nature of a time series: trend, seasonality, serial
correlation, nonlinearity, skewness, kurtosis, self-similarity, chaotic
and periodicity. We now explain these in detail.

A univariate time series is the simplest form of temporal data
and is a sequence of real numbers collected regularly in time,
where each number represents a value. We represent a time series
as an ordered set of n real-valued variables Yq,...,Y,. In time
series analysis, decomposition is a critical step to transform the
series into a format for statistical measuring [31]. Therefore, to
obtain a precise and comprehensive calibration, some character-
istics are extracted using two metrics on both raw data Y;
(referred to as RAW data) and the remaining time series Y, after
detrending and deseasonalizing, which is referred to as trend
and seasonally adjusted (TSA) data. Because some features can
only be calibrated using RAW data to obtain meaningful
measures of identified characteristics, such as periodicity, a total
of 13 metrics are extracted for nine identified characteristics.
A finite set of 13 metrics are used to quantify the global
characteristics of univariate time series, regardless of its length
and missing values. For each of the features described below, we
have attempted to find appropriate metrics to measure the
presence of the feature, and ultimately normalize the metric
to [0, 1] to indicate the degree of presence of the feature.
A measurement near 0 for a certain time series indicates an
absence of the feature, while a measurement near 1 indicates a
strong presence of the feature.

5.1. Trend and seasonality

Trend and seasonality are common features of time series, and
it is natural to characterize a time series by its degree of trend and
seasonality. In addition, once the trend and seasonality of a time
series has been measured, we can detrend and deseasonalize the
time series to enable additional features such as noise or chaos to
be more easily detectable. A trend pattern exists when there is a
long-term change in the mean level. To estimate the trend, we can
use a smooth nonparametric method, such as the penalized
regression spline. A seasonal pattern exists when a time series is
influenced by seasonal factors, such as month of the year or day of
the week. The seasonality of a time series is defined as a pattern
that repeats itself over fixed intervals of time. In general, the
seasonality can be found by identifying a large autocorrelation
coefficient or a large partial autocorrelation coefficient at the
seasonal lag.

There are three main reasons for making a transformation: (i)
to stabilize the variance, (ii) to make the seasonal effect additive
and (iii) to make the data normally distributed [32]. The two most
popularly used transformations, logarithms and square-roots, are
special cases of the class of Box-Cox transformation [33], which is

used for the ‘normal distribution’ purpose. Given a time series Y;
and a transformation parameter /, the transformed series Y; is
Yf=(Y/-1)/A, A#0 and Y =log,(Y,), /=0. This transfor-
mation applies to situations in which the dependent variable is
known to be positive. We have used the basic decomposition
model [18]: Y; = T; +S; + E;, where Y; denotes the series after
Box-Cox transformation, at time t, T, denotes the trend, S; denotes
the seasonal component, and E, is the irregular (or remainder)
component. For a given transformation parameter /, if the data are
seasonal, which is identified when a known parameter f from
input data is greater than one, the decomposition is carried
out using a seasonal-trend decomposition procedure based on
Loess (STL) procedure [34], which is a filtering procedure
for decomposing a time series into trend, seasonal, and remainder
components with fixed seasonality. The amount of smoothing
for the trend is taken to be the default in the R implementation
of the STL function. Otherwise, if the data is non-seasonal,
the S; term is set to 0, and the estimation of T; is carried out
using a penalized regression spline [35] with smoothing para-
meter chosen using cross-validation. The transformation para-
meter A is chosen to make the residuals from the decomposition
as normal as possible in distribution. We choose 1 € (-1,1) to
minimize the Shapiro-Wilk statistic [36]. We only consider a
transformation if the minimum of {Y;} is nonnegative. If the
minimum of Y; is zero, we add a small positive constant (equal to
0.001 of the maximum of Y;) to all values to avoid undefined
results.

Let Y, denote the original data, X; be detrended data after
transformation X;=Y; —T;, Z; be deseasonalized data after
transformation Z; = Y; — S, and the remainder series be defined
as Y; =Y —T;—S; which is the time series after trend and
seasonality adjustment. As such, the trend and seasonality
measures are extracted from the TSA data. Then a suitable metric
of trend and a metric of seasonality can be calculated:

Var(Yy)
Var(X;)

_ Var(Yp

Var@,) (fortrend) and 1-—

(for seasonality).

5.2. Periodicity

Since the periodicity is very important for determining the
seasonality and examining the cyclic pattern of the time series,
the periodicity feature extraction becomes a necessity. Unfortu-
nately, many time series available from the data set in different
domains do not always come with known frequency or regular
periodicity (unlike the 1001 time series used in the M competi-
tion). Therefore, we propose a new algorithm to measure the
periodicity in univariate time series. Seasonal time series are
sometimes also called cyclic series although there is a major
distinction between them. Cyclic data have varying frequency
length, but seasonality is of fixed length over each period. For time
series with no seasonal pattern, the frequency is set to 1. We
measure the periodicity using the following algorithm:

e Detrend time series using a regression spline with three knots.

e Find r, = Corr(Yy, Y,_y) (autocorrelation function) for all lags up
to 1/3 of series length, then look for peaks and troughs in
autocorrelation function.

e Frequency is the first peak satisfying the following conditions:
(a) there is also a trough before it; (b) the difference between
peak and trough is at least 0.1; and (c) the peak corresponds to
positive correlation.

e If no such peak is found, frequency is set to 1 (equivalent to
non-seasonal).
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5.3. Serial correlation

We have used Box-Pierce statistics in our approach to estimate
the serial correlation measure, and to extract the measures from
both RAW and TSA data. The Box-Pierce statistic was designed by
Box and Pierce for testing residuals from a forecast model [34]. It
is a common portmanteau test for computing the measure. The
Box-Pierce statistic is

where n is the length of the time series, and h is the maximum lag
being considered (usually h ~ 20).

5.4. Nonlinear autoregressive structure

Nonlinear time series models have been used extensively in
recent years to model complex dynamics not adequately repre-
sented by linear models [37]. For example, the well-known
‘sunspot’ data sets and ‘lynx’ data set have identical nonlinearity
structure. Many economic time series are nonlinear when a
recession happens. Therefore, nonlinearity is one important time
series characteristic to determine the selection of appropriate
forecasting method.

There are many approaches to test the nonlinearity in time
series models including a nonparametric kernel test and a NN test.
In the comparative studies between these two approaches, the NN
test has been reported with better reliability [38]. In this research,
we used Terdsvirta’s NN test [39] for measuring time series data
nonlinearity. It has been widely accepted and reported that it can
correctly model the nonlinear structure of the data. It is a test for
neglected nonlinearity, likely to have power against a range of
alternatives based on the NN model (augmented single-hidden-
layer feedforward NN model). The test is based on a test function
chosen as the activations of ‘phantom’ hidden units. We used
Terdsvirta’s NN test for nonlinearity [40].

5.5. Skewness and kurtosis

Skewness is a measure of symmetry, or more precisely, the lack
of symmetry. A distribution, or data set, is symmetric if it looks
the same to the left and to the right of the center point.
A skewness measure is used to characterize the degree of
asymmetry of values around the mean value. For a univariate
data Y, the skewness coefficient is

1 n —3
S_W;(Yt—w

where Y is the mean, o, the standard deviation, and n, the number
of data points.

The skewness for a normal distribution is zero, and any
symmetric data should have the skewness near zero. Negative
values for the skewness indicate data that are skewed left, and
positive values for the skewness indicate data that are skewed
right. In other words, left skewness means that the left tail is
heavier than the right tail. Similarly, right skewness means the
right tail is heavier than the left tail.

Kurtosis is a measure of whether the data are peaked or flat,
relative to a normal distribution. A data set with high kurtosis
tends to have a distinct peak near the mean, decline rather rapidly,
and have heavy tails. Data sets with low kurtosis tend to have a
flat top near the mean rather than a sharp peak. For a univariate
time series Y, the kurtosis coefficient is (1/na*)> (Y, — V)%
A uniform distribution would be the extreme case. The kurtosis for
a standard normal distribution is 3. Therefore, the excess kurtosis

is defined as

1 L 4
K=—7>» (Y:-Y)" —
nga 2 (Ve =" -3

So, the standard normal distribution has an excess kurtosis of
zero. Positive kurtosis indicates a ‘peaked’ distribution and
negative kurtosis indicates a ‘flat’ distribution.

5.6. Self-similarity (long-range dependence)

Processes with long-range dependence have attracted a good
deal of attention from probabilists and theoretical physicists. Cox
first presented a review of second-order statistical time series
analysis [41] and the subject of self-similarity and the estimation
of statistical parameters of time series in the presence of long-
range dependence are becoming more common in several fields of
science [13], to which time series analysis and forecasting on a
recent research topic of network traffic, has drawn a particular
attention. With such increasing importance of the ‘self similarity
(or long-range dependence)’ as one of time series characteristics,
we decide to include this feature into the group of data
characteristics although it is not widely used or is almost
neglected in time series feature identification. The definition of
self-similarity most related to the properties of time series is the
self-similarity parameter Hurst exponent (H) [42]. The details of
the formulations is given in [13].

The class of autoregressive fractionally integrated moving
average (ARFIMA) processes is a good estimation method for
computing H. In a ARIMA(p,d,q), p is the order of AR, d is the
degree first differencing involved, and q is the order of MA. If the
time series is suspected to exhibit long-range dependency,
parameter d may be replaced by certain non-integer values in
the ARFIMA model. We fit a ARFIMA (0,d,0) to maximum
likelihood which is approximated by using a fast and accurate
method [43]. We then estimate the Hurst parameter using H =
d+ 0.5 and it is detected in the RAW data of the time series.

5.7. Chaos

Many systems in nature that were previously considered
random processes are now categorized as chaotic systems.
Nonlinear dynamical systems often exhibit chaos, which is
characterized by sensitive dependence on initial values, or more
precisely by a positive Lyapunov exponent (LE). Recognizing and
quantifying chaos in time series are important steps toward
understanding the nature of random behavior, and revealing the
extent to which short-term forecasts may be improved [44]. LE as
a measure of the divergence of nearby trajectories has been used
to qualifying chaos by giving a quantitative value. For a one-
dimensional discrete time series, we used the Hilborn’s method
[45] to calculate LE of a one-dimensional time series on RAW data.

Let Y; denote the time series. The rate of divergence of nearby
points in the series is considered by looking at the trajectories of n
periods ahead. Suppose Y; and Y; are two points in Y; such that
|Y; — Y;| is small. Then

LE(Y;.Yj) = % log 7'?}'; - gfl

and estimate the LE of the series by averaging these values over all
i values, choosing Y; as the closest point to Y;, where i#j. Thus,

N
LE = %Z MY, YD)
i=1

where Y} is the nearest point to Y;.
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5.8. Scaling transformations

The ranges of each of the above measures can vary significantly.
In order to present the clustering algorithm with data rescaled
in the [0,1] range, so that certain features do not dominate the
clustering, we perform a statistical transformation of the data. It is
convenient to normalize variable ranges across a span of [0,1].
Using anything less than the most convenient methods hardly
contributes to easy and efficient completion of a task. While we
have experimented with linear and logistic transformations of the
measures, we prefer the following more statistical approach. Three
transformations (f1, f2, and f3) are used to rescale the raw measure
Q of different ranges to a value q in the [0,1] range.

In order to map the raw measure Q of [0, oo) range to a rescaled
value q in the [0,1] range, we use the transformation

_ (e -1
T (b+ewQ)

where a and b are constants to be chosen. Similarly, for raw
measure Q in the range [0,1], we use a transformation:

(referred to as f1)

(e —1b+eY
" (b+eQ)er - 1)

to map to [0,1], where a and b are constants to be chosen. In both
cases, we choose a and b such that g satisfies the conditions: q has
90th percentile of 0.10 when Y; is standard normal white noise,
and g has value of 0.9 for a well-known benchmark data set with
the required feature. For example, for measuring serial correlation,
we use the Canadian Lynx data set. With raw measure Q in the
(1, 00) range, (the periodicity measure), we use another statistical
transformation:

(referred to as f2)

(e(Q*a)/b — ])
1= d +eaan
where a and b are constants to be chosen, with g satisfying the
conditions: ¢ =0.1 for Q=12 and g =0.9 for Q= 150. These
frequencies (Q = 12 and Q = 150) were chosen as they allow the
frequency range for real-world time series to fill the [0,1] space.

(referred to as f3)

6. Machine learning techniques

After global characteristics and corresponding metrics have
been defined, we then can use this finite set of descriptors to
characterize or analyze time series data using appropriate
machine learning techniques such as clustering algorithms and
DTs. The mining of time series data has attracted great attention
in the data mining community in recent years and many
clustering algorithms have been applied to search for the
similarity between series. k-means clustering is the most
commonly used clustering algorithm [46,47] which requires the
number of clusters k to be specified. Hierarchical clustering
generates a nested hierarchy of similar groups of objects
according to a pairwise distance matrix of the series [48] without
the number of clusters to be determined as a parameter prior to
clustering. SOM clustering is also used for time series clustering
with an advantage of visualization of clusters in a two-
dimensional map (or space) [49]. To understand the nature of
univariate time series data, we used cluster analysis with SOM
clustering in the investigation. The extracted data characteristic
metrics are used as input to identify groups of time series that
share similar characteristics. In the meantime, clustering methods
also serve as an unsupervised mapping method to produce
categorical rules in our research. To conduct this clustering
inference analysis for rule generation, time series are first grouped
into the clusters obtained from unsupervised clustering process

based on data characteristics only, then the performance of the
forecasting methods can be ranked and labeled within each
cluster. As such, forecasting methods are matched with data
characteristics on the cluster basis and summarized statistical
reports are used to generate categorical rules. Then recommenda-
tions for forecasting methods selection are constructed through
this matching procedure.

To generate rules on how to select the most suitable
forecasting method based on time series data characteristics, we
also used combining techniques as an alternative approach to
generate rules in meta-learning. The explicit information on
learners and performance of learning algorithms are combined as
a training set and fed into computational techniques to produce
learning rules. Among many techniques available in machine
learning research, we adapted the meta-DTs method proposed by
Todorovski and Dzeroski [50] for combining classifiers to identify
the recommendation rules on selecting forecasting methods
based on specific data characteristics.

6.1. SOM clustering

The SOM is a class of unsupervised NN algorithm and its
central property is that it forms a nonlinear projection of a high-
dimensional data manifold on a regular, low-dimensional grid
[51]. The clustered results can show the data clustering and
metric-topological relations of the data items. It has a very
powerful visualization output and is useful to understand the
mutual dependencies between the variables and data set
structure. SOM involves adapting the weights to reflect learning
which is like the MFNN with back-propagation, but the learning is
unsupervised since the desired network outputs are unknown.
The architecture and the role of neuron locations in the learning
process are another important difference between SOM and other
NN models [52]. Like other NN models, the learning algorithm for
the SOM follows the basic steps of presenting input patterns,
calculating neuron output, and updating weights. The only
difference between the SOM and the more well-known (super-
vised) NN algorithms lies in the method used to calculate the
neuron output (a similarity measure), and the concept of a
neighborhood of weight updates. The learning for each neuron i
within the neighborhood (size of Nm(t)) of the winning neuron m
at time ¢ is

¢ = olt) exp(—|Ir; — rmll /a2 (1))

where ||1; — | is the physical distance between neuron i and the
winning neuron m. o(t) and ¢(t) are the two functions used to
control the amount of learning each neuron receives in relation to
the winning neuron [14].

6.2. DT algorithm

C4.5 is a greedy divide and conquer algorithm for building
classification trees or DTs [53]. The best split is chosen based on
the gain ratio criterion from all possible splits for all attributes.
This chosen split can reduce the impurity of the subsets obtained
after the split compared to the impurity of the current subset of
examples. The entropy of the class probability distribution of the
examples in the current subset S of training examples is used as
impurity criterion [50]:

k
info(S) = — > _ p(c;. ) * logz p(ci, S)P(ci, S)

The relative frequency of examples in S belongs to class c;. The
gain criterion selects the split that maximizes the decrement of
the info measures.
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In our study, adapted from C4.5, we propose a characteristic
meta-DT algorithm for rule generation through a learning process
of the data characteristics with following steps:

e Data characteristics metrics are extracted as meta-level
attributes of each time series.

e Each forecasting method is ranked based on its performance on
each time series, and identified by the prediction of the base-
level methods (or algorithms).

e Combine both meta-level attributes and prediction results of
the base-level methods to form the meta-level data set.

e Apply the DT algorithm, C4.5, to the meta-level data set to
induce rules explaining prediction results in terms of meta-
level attributes.

7. Empirical study
7.1. Data sets

In our empirical study, we included various types of data sets
consisting of synthetic and real-world time series from different
domains such as economics, medical, and engineering. We
included 46 data sets from the UCR time series data mining
archive [54] which covers data sets of time series from diverse
fields, including finance, medicine, biometrics, chemistry, astron-
omy, robotics, and networking industry. These data sets have the
complete spectrum of stationary, non-stationary, noisy, smooth,
cyclical, non-cyclical, symmetric, and asymmetric, etc. From the
time series data library [55], four data sets are used which include
time series from agriculture, chemistry, crime and finance.
These data sets consist of time series in different domains with
a wide range of characteristics. To obtain full coverage of popular
time series characteristics, we also used data sets from a web
repository [56] and some sample data sets from [57] for analyzing
the self-similarity feature of time series. They are traces that
contain a million packet arrivals seen on an Ethernet. In addition
to the collection of real-world data sets, to facilitate the evaluation
of specific time series data characteristics, we simulated
24 synthetic data sets using statistical models. These artificial
data sets contain time series with known characteristics, such as
trend, seasonality, chaotic and noisy. The time series in the data
sets used in our empirical study are in various lengths. With a
defined focus on structure of time series and particularly for long
time series, we discarded the series which have less than 100 data
points. Finally, a data set consisting of 315 time series were used
in our experiments. In both forecasting and classification
experimentations, we used an 80:20 rule to partition the original
data set into training and testing subsets. Specifically, 80% of the
time series were randomly selected to form a training set for
classification and cluster analysis task, with the remaining 20%
used for validating the accuracy of the classifications. Adopting an
out-of-sample testing approach for the time series forecasting
tasks, the first 80% of each time series was segmented to form the
training set for the model forecasting, with the last 20% used for
generalizing the forecasting accuracy.

7.2. Clustering analysis on data characteristics

We used SOM in clustering analysis for its robustness in
parameter selection, natural clustering results compared to other
clustering methods, and ease of visualization. Each time series in
the data set used for experiments was firstly transformed from
original series in various lengths into a vector containing
13 characteristic metrics. The vectors representing all time series
in the data set form the inputs x(t) € R", where t is the index of the

series in the data set. The output from SOM clustering is that all
time series are grouped into clusters, in which the series share
similar characteristics. A trial-and-error process was used to
determine the final cluster numbers and parameter settings by
comparing the normalized distortion error and quantization error.
To ensure the generality of the analysis, the minimum number of
records in individual cluster should be greater than 10 and it
served as an additional criterion for finding optimal clusters. In
our experiments, six clusters were formed as the final result
which satisfied both a trial-and-error process to minimize
quantization error and additional criteria of the cluster size (i.e.
the minimum number of records in individual cluster).

To test the clustering based on extracted time series char-
acteristics and the visualization advantage of SOM, we used the
synthetic data set consisting of 24 simulated time series with
known characteristics (e.g. trend) in an evaluation and demon-
stration. A two-dimensional map was obtained from the cluster-
ing using SOM on the data set. Geometrically, this map with time
series can be circled with different levels of zoom range. As
illustrated in Fig. 2, three zoom ranges have been circuited in a
ring shape in this two-dimensional map. The linear time series
examples of perfect trend lines have automatically been grouped
together and only appear in Zoom 1 (on the left bottom corner of
the map). When the radius of the circle increases, more series are
located in the next area, identified as Zoom 2 in the map. The time
series include seasonal, self-similarity and chaotic time series
which are clustered together and immediately outside the linear
perfect trend series of Zoom 1 on the map. We can see that the
nonlinearity feature is increasing when the map is zooming out,
which is confirmed by checking the time series in Zoom 3 (the
most outside or the right border part of the map). All the time
series in Zoom 3 have strong nonlinearity, such as random data
and chaotic with noise data. By utilizing the visualization
advantage of SOM, it is clear that our clustering method is
able to yield more meaningful clustering results for time series
data by taking both global and local cluster relationships into
consideration.

To understand the characteristics of time series which are
grouped into different clusters, categorical descriptions are
defined based on the mean value of each characteristic metric
(e.g. skewness) of all series in each cluster. Given all metrics used
to represent characteristics have been scaled in the range [0,1], the
five classifiers are defined as: extremely low: [0,0.2), low: [0.2,0.4),
medium: [0.4,0.6), high: [0.6,0.8) and extremely high: [0.8,1]. For
example, the average value of the metric representing trend of all
time series in cluster 1 is 0.75 and so the trend feature of Cluster 1
is defined as high. For example, the sunspot series (as circled in
Fig. 2) appears in Cluster 2 (seasonal and chaotic series), but it is
also close to the border between Clusters 2 and 5 (noisy series).
We plot this sunspot series in Fig. 3 and it explains why it has
been clustered on the border of these two clusters. Sunspot has
been known as ‘chaotic’ time series, which appears as noise before
its chaotic characteristic has been recognized, but we can also see
from the plot that it shows seasonality as well. Overall, a
comprehensive description and categorization of the six clusters’
data characteristics are listed in Table 1.

7.3. Forecasting performance evaluations

In the forecasting experiments, one-step-ahead forecast is
examined on all time series in the experimental data set. Among
various error measures, relative absolute error (RAE) [58] has the
advantage of simplicity in that it controls for scale and for the
amount of change over the forecast horizon. It is calculated by
dividing the absolute forecast error from the proposed model (m)
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Fig. 2. A two-dimensional map obtained from SOM clustering based on data characteristics metrics.
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Fig. 3. An example time series, sunspot-yearly data.

by the corresponding error from the RW model:

RAE,, yi) = Fmy@o.e+1) — Yl
m,Y() —
O Frwyoesn) — Y|

where F4) is the forecast from a forecasting method on the time
series, and Y, is the actual value for one-step-ahead for the
time series Y(t).

We propose a measure called ‘simple percentage better (SPB)’
to calculate the forecasting accuracy error of a given method (m)
compared to RW model. It shows the improvement percentage
value over using a RW model as a benchmark to evaluate the
forecasting performance of each method:

SPBuEy() = (1 — RACE) x 100%

where the relative absolute cumulative error (RACE) for the
forecasting method m is

RACE — Yo IFmym et — Yl
> IFrwy@,e+1) — Yiern!

The range of SPB can be summarized as follows:

SPB>0: the particular forecasting method evaluated produces
a better forecast compared to RW model.

SPB<O0: the particular forecasting method evaluated is not
better than RW model.

In the empirical study, we measured the forecasting perfor-
mance improvement of ES, ARIMA and NNs compared with RW.
An extensive comparative evaluation is conducted with statistical
analysis, ranking and summary. Then the forecasting evaluation
can be used for rule induction. We used SPB to evaluate the
methods forecasting performance on both subsets (in-sample and
out-of-sample).

7.4. Rule induction based on clustering analysis

In the empirical study using four candidates forecasting
methods and a finite set of time series characteristics, a prototype
of rule induction using meta-learning framework is reported. A
clustering inference analysis approach is used as a mapping
technique to produce categorical rules. The process consists of the
following steps:

e Give each forecasting method a ranking index (or label) based
on its forecasting performance for each time series example in
the data sets.

e Label the ‘best performed (winner)’ method as top ranking
method.

e Since RW forecasting is used as a benchmarking method (or
the default choice) for selection, each method is given a
classification of ‘capable’ or ‘incapable’ by comparing the
forecasting performance with RW only.

e The time series in the experimental data sets have been
grouped into six clusters based on their similarity of global
data characteristics obtained through an unsupervised cluster-
ing process.
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Data characteristics summary for six identified clusters.

Cluster number 1 2 3 4 5 6

Description Clean and trendy Seasonal and chaotic Seasonal and trendy Self similar Noisy Very noise but trendy
Serial correlation Extremely high Extremely low Extremely high Extremely high High Extremely high
Non-linearity Extremely low Low to medium Extremely low Low High Extremely high
Skewness Very low Extremely low Extremely low High High Low

Kurtosis Extremely low Low to medium Extremely low High High Low
Self-similarity Extremely high Low Extremely high Extremely high Extremely high Extremely high
Chaotic Extremely high Extremely high Low High High Low

Periodicity No No High Extremely low Extremely low Low

Trend High No High Medium Low High
Seasonality No No High Extremely low Extremely low Low to medium

Table 2
Six judgmental rules induced from SOM cluster inferences analysis.

Rule #1 IF the time series has characteristics: strong trend, long range
dependency, low fractal, no noise, no non-linearity, no skewness or
kurtosis, no seasonal or periodic
THEN ARIMA (,/)>ES (\/)>NN ({/)=RW (/)

Rule #2  IF the time series has characteristics: strong noise, short range
dependency, low fractal, little non-linearity, no trend, no seasonal or
periodic, no skewness or kurtosis
THEN ARIMA ({/)=ES ({/)>NN ( x )>RW ( x)

Rule #3 IF the time series has characteristics: strong trend, strong seasonal and
periodic, long range dependency, low Lyapunov, no noise, no non-
linearity, no skewness or kurtosis
THEN NN (/)>ARIMA ({/)>ES (/)>RW ( x )

Rule #4
IF the time series has characteristics: high skewness and kurtosis, long
range dependency, low fractal, medium trend, no seasonal or periodic,
no noise, no non-linearity
THEN ARIMA (\/)>NN (\/)>ES (/)>RW ( x )

Rule #5  IF the time series has characteristics: high non-linearity, high
skewness and kurtosis, long range dependency, high Lyapunov, little
trend, no seasonal or periodic, no noise
THEN NN (,/)>ARIMA ({/)>ES (x )>RW (x)

Rule #6  IF the time series has characteristics: strong trend, high non-linearity,
long range dependency, low seasonal and periodic, low skewness and
kurtosis, low Lyapunov, no noise
THEN NN (\/)>ARIMA ({/)>ES (/)>RW ( x )

e Use summarized statistical analysis to generate the conceptive
rules for forecasting methods selection by matching the
statistical analysis of the ranking index and classification of
data characteristics on all clustered subsets.

Finally, six judgmental rules (as shown in following Table 2)
are induced and forecasting methods are ordered from highest
level to lowest level according to their performance, ‘\/’ and * x’
stand for whether they are recommended or not. Our results
have revealed similar rules as RBF [4], especially on the
data characteristic of ‘long-range and short-range depend-
ence’ and ‘trend’ for forecasting methods such as ARIMA
and ES.

7.5. Rule induction using a DT

Compared to the rule induction using clustering inference
analysis (or mapping technique) which can only provide judg-

mental rules, DTs can produce quantitative rules with the
following steps:

e Data characteristics metrics for each time series are used as
meta-level attributes and part of the inputs to C4.5 algorithm.

e The classification for each forecasting method is classified as ‘1’
if it is the ‘best performed (winner)’, otherwise class ‘0’, the
results are considered as base level algorithms’ prediction class
which form the outputs in C4.5.

e Combine the metrics and prediction classification to form a
meta-level data set in order to learn the relationships between
data characteristics and forecasting method performance.

e Train a rule-based classifier, C4.5, to generate quantitative
rules for each studied forecasting methods based on measur-
able data characteristics.

In the experimentation, we trained C4.5 algorithm with
different parameter settings for pruning confidence factor ¢ and
minimum cases m, in order to obtain the best rules. From the
tuning process, a suitable value of 85 for c in the testing range 60
to 90 and number of 2 for m in the testing range 2 to 10 are used in
the experimentation. We also used 10-fold cross-validation to
ensure the generalization of the DT rules regardless of the
particular time series within the training and test sets. Finally,
the forecasting method recommendation rules are produced
which provide information on whether a particular forecasting
method is a suitable selection under certain circumstances. Sets
of rules for each forecasting method were obtained as follows
(in Table 3):

It is clear that the cluster based rules provide course ranking
information without quantitative details, while the DT is able to
learn the specific rules with quantitative conditions to determine
if a method should be recommended. There is a strong degree of
correlation between the recommendations of these two ap-
proaches. The performance of both the cluster analysis and DT
rule induction methods is reported in Table 4 in the following
section.

7.6. Extension on combining forecasting based on rule induction

This paper has proposed a meta-learning approach for
forecasting method selection using global features of key time
series characteristics from which selection rules are developed.
These rules offer forecasters recommendations in selecting an
appropriate forecasting method based on measurable character-
istics of a time series. However, model selection is an unstable
process because any significant changes in data can affect the
selection results. A growing research area focuses on combining
forecasting methods, to provide a more robust estimate of a
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Table 3
Decision trees induced for four forecasting methods.

Method Decision tree and rules

%)

Size Error (%)

ARIMA IF non-linear-dc>0.15016 THEN NO
ELSE IF skewness>0.69502 THEN YES

ELSE IF Lyapunov< = 0.9731 THEN NO

ELSE IF kurtosis< = 0.0041829 THEN NO

ELSE YES

ES IF serial-correlation>0.052817 THEN NO
ELSE IF non-linear-dc>0.73718 THEN NO

ELSE IF trend-dc< = 0.0021056 THEN NO

ELSE IF non-linear>0.42345 THEN YES

ELSE IF seasonal-dc>0.0051665 THEN NO

ELSE IF trend-dc< = 0.0058793 THEN YES

ELSE IF trend-dc>0.031089 THEN YES

ELSE IF serial-correlation< = 0.009508 THEN NO

ELSE YES

NN IF Lyapunov< = 0.75233
IF non-linear>0.97711 THEN YES

ELSE IF serial-correlation-dc < = 0.24722 THEN NO

ELSE IF skewness-dc< = 0.0037559 THEN NO

ELSE YES
IF Lyapunov > 0.75233
IF kurtosis-dc>0.99995
IF skewness-dc< = 0.99501 THEN YES
ELSE NO
IF kurtosis-dc< = 0.99995
IF non-linear-dc < = 0.47052 THEN NO
ELSE IF trend-dc< = 0.69631 THEN YES
ELSE NO

RW IF trend-dc< = 0.65349 THEN NO

ELSE IF serial-correlation-dc>0.99178 THEN NO

ELSE IF seasonal-dc>0.50417 THEN NO
ELSE IF skewness-dc>0.14837 THEN YES
ELSE IF skewness>0.10746 THEN NO

ELSE IF skewness < = 0.055773 THEN NO

ELSE YES

Table 4
Forecasting accuracy comparison using simple percentage better (SPB) than RW on
test set.

Individual forecast F; Combined forecasts F

Cluster ES ARIMA NN EW 1 2 3 4
CBBP CPBW DTBEW DTSystem

1 14.44 1984 -10.1 8.07 19.84 17.66 20.76 6.04
2 1736 19.63 —-14.7 7.42 19.63 17.86 23.38 19.44
3 43.17 58.67 37.89 46.58 58.67 41.67 58.88 4416
4 13.66 53.71 3216 33.18 53.71 4093 54.03 42.03
5 —16.5 1.45 12.20 -0.96 1220 -10.22 26.69 19.06
6 73.06 89.07 99.99 8738 99.99 8936 99.99 99.99

AVE_Clusters  25.02 40.73 23.52 29.75 4255 33.74 45383 38.06

AVE_All 15.47 27.00 3.08 15.18 2850 21.62 33.82 21.85

forecast result. The focus of this section is a demonstration that
the rules generated from data characteristics analysis (in the
previous section) are not only useful in forecasting selection, but
can also be applied quantitatively in combining forecasts to
improve the accuracy. While there are many sophisticated

schemes for combining methods [59], we decide to test the
forecasts using different weighting schema based on our char-
acteristic-based rules with a simple linear combining method. The
linear combining method can be represented with a formula:
F=3% ,wfF, where F is the combined forecast outcome after
applying w;, the weight, on original forecast F;, and Z{»‘ﬂwi =1.
This formula is treated as a standardized format in which various
weighting schema are allowed to be employed. In our study, four
weighting schema are studied empirically: characteristic-based
best performer (CBBP), characteristic and performance based
weighting (CPBW), decision tree-based equal weighting (DTBEW),
and decision tree and performance based weighting (DTPBW). The
weights in the former two schema are derived from our previous
characteristic-based clustering analysis and the latter the rules
generated using DTs are used to provide the weights in the latter
two schemas. For comparison, equal weights (EW) weighting
method is used as benchmark in the following.

Equal weighting (EW) method is the simplest method to
calculate by taking the average of all original forecasts from
different methods. It is introduced by Clemen [59] and does not
require any knowledge about the accuracy of the forecasting
methods to be combined. We use it merely as a benchmark in
assessing the merits of various weighting schema in combining
forecasts. The weights are equally distributed as:
Wy =Wy =--- =Wy = 1/k, if there are k forecasting methods to
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be combined. For example, in our study, three forecasting
methods (ES, ARIMA and NN) participated in the combined
forecasting, so the weights for each method are identically 1/3, in
calibrating the combined forecasts F.

(1) CBBP: selects a specific method provided as the best
forecast among all methods via a characteristic-based clustering
analysis. That is, in this weighting schema, if a method j's forecast
F; is better than all other methods’ forecasts in a cluster, the
weight for forecasting method F; is w; = 1, and all other w = 0. In
our experiments, as demonstrated in the previous Section 7.2,
based on the data characteristics, 6 clusters were formed from the
experimental data set consisting 315 time series. The best method
is selected in each cluster. For instance, if ARIMA provided the best
forecast in Cluster 1, the combined forecasting result using this
CBBP weighting schema is actually equal to the individual forecast
obtained from ARIMA forecasting method alone, with the
forecasts from all other methods weighted zero.

(2) CPBW: the weights w are estimated based on the ratio of an
individual method’s forecasting performance (or forecasting
accuracy) to the average forecasting performance of all methods.
The forecasting performance of all methods are calculated from a
set of series within each cluster after the clustering analysis based
on data characteristics. In our experiments, the metric SPB (as
explained in the previous Section 7.3) was used to evaluate
different forecasting methods’ performance. After the clustering
analysis, the w for each method within each cluster can be
calculated as: w; = SPBr/>"K SPB,, where SPB;, is the forecast
performance of method F; within a cluster.

(3) DTBEW: used the rules generated from the DT (as shown in
Table 3 in the previous Section 7.5) to choose candidate methods
for combining forecasting. If a method survives these DT
rules, then it is weighted equally with all other methods that
survived the DT rules using the weighting schema: w; =
wy =-.-=ws=1/s, where s is the total number of methods
surviving the DT rules for a cluster, and s< = k.

(4) Decision tree System (DTSystem): is similar to the third
method (DTBEW as above), but in the event that a time series does
not survive any of the DT rules, the RW forecasting method is
used. The accuracy of this DTSystem is important from a practical
perspective of evaluating the DT rules presented in Section 7.5.
The results shown for DTBEW indicate how accurate the DT could
be if the coverage of the rules spanned all the time series in the
test set.

Using the same data set as for clustering analysis and DT
classification and rule induction in the previous sections, and the
same measure to evaluate forecasting accuracy of 3 candidate
forecasting methods, the individual forecast results are reported
in Table 4 grouped by the six clusters obtained from previous
clustering experiments. In the same table, the combined forecast-
ing results using 4 different weighting schema compared to the
benchmark (EW) are also presented for each cluster, as well
as overall.

A further detailed examination from our results can explain
why our characteristic based clustering and rule induction are
useful in combining forecasting as well.

Firstly, in the first 3 columns in Table 4, the forecasting
accuracy of ES, ARIMA and NN are shown without any selection or
combining process. If a forecaster has used only one method
among these three methods, the forecasting accuracy based on
each individual method is not reliable across the entire data set.
For example, if the forecaster decided to use NN and the time
series in their task happened to belong to Cluster 1 or 2, they
could obtain the worst forecasts possible. Vice versa, if the
forecaster learned that NN is not an ideal method and changed to
use ARIMA, but when their series is one belonging to Cluster 5,
where NN could be the best choice, their decision to used ARIMA

could be wrong again. Overall, without a characteristic analysis of
the data, the performance of these three candidate methods
provided the average forecasts between SPB = 3.08% (NN) and
SPB = 27.00% (ARIMA). It is very clear that our data characterizes
analysis can provide deeper understanding on the underlying
patterns of the forecasting methods performance. For example, in
cluster 6 the time series seem especially well suited to the NN
method. However, ARIMA is a strong performer within many of
the clusters, and across all series in the data set.

The remaining five columns in Table 4 demonstrate the
advantages of using our approach in combining forecasts. The
fifth column (‘1 CBBP’) presents the forecasting results using the
CBBP, whereby an inspection of the ranking of methods based on
training data within each cluster is used to identify the best
method for each cluster. This best performing method is then
applied to the test data within each cluster. The results are as
expected, where the best method within each cluster has been
correctly anticipated based on the training data. The overall
accuracy of such a strategy is 28.5% better than a RW, and exceeds
the performance from applying ARIMA (27%) to all time series.
Clearly, using knowledge of the performance of methods for
different types of time series has helped to improve the overall
forecasting accuracy.

In column 6 (‘2 CPBW’) we see the results of characteristic and
performance based weighting (CPBW) methods, showing inferior
results compared to selecting the predicted best method based on
cluster analysis. This is to be expected, since if the performance
prediction is highly accurate, we only stand to lose accuracy by
diluting the forecast to combine less accurate methods. Although
the combining forecast (21.62%) did not provide a better forecast
compared to ARIMA (27.00%) overall across all series, it has
outperformed compared to either ES (15.47%) or NN (3.08).

The final two columns (‘3 DTBEW’ and ‘4 DTSystem’) report the
results of applying the DT-based approaches. In the experiments,
64.6% of the series in test set survived these DT rules, and the
remaining 35.3% of time series did not satisfy any of the DT rules.
We can see from the result of overall forecasting in the
penultimate column that an accuracy 33.82% better than a RW
can be achieved for time series in the test set which survived the
DT rules. Among all of these four weighting schemas, this method
has provided the best overall accuracy compared to RW. The
promising results empirically proved that our method can help to
improve the forecasting accuracy. However, when we included the
RW for the series these could not survive DT rules in the
combining forecasting, we expected a decline considering a
dilution could be caused by the series failing to meet any of the
in the rule selection criteria. However, it is still 21.85% better than
a RW alone. In future study, this result will be improved by
increasing the coverage of the DT rules through additional
examples.

Finally, compared to the benchmark method, the fourth
column (EW), it is clearly shown that all weighting methods
based on our characteristics data analysis and rule induction
provided superior improvement compared to EW schema only
with a 15.18% better than RW accuracy. Therefore, we have
demonstrated that the knowledge derived from the analysis of
data characteristics and the performance of various methods on
training data can be used successfully to select which methods
should be combined and how the candidate methods should be
weighted.

8. Future research and conclusions

In this research, we have focused on analyzing the nature of
the time series data and developing a novel approach to generate
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recommendation rules for selection of forecasting methods based
on data characteristics of the time series. The research work
presented in this paper has not only extended the study on
forecasting rules generation with a wider range of forecasting
methods and algorithms, but has also deepened the research into
a more specific or quantitative manner rather than merely
judgmental suggestions. We have presented a more systematic
approach including both mapping and combining methods to
generate the knowledge and rules. We are able to draw some
recommendations on the conceptive rules and provide detailed
suggestions on the quantitative rules. From the empirical study,
categorical rules were generated via an unsupervised clustering
inference analysis using mapping methods. These rules form a
knowledge rule base with judgmental and conceptive recommen-
dations for selecting appropriate forecasting methods based on
global data characteristics. Furthermore, by adapting DT learning
techniques, quantitative rules are constructed automatically.
These quantitative rules could be used in other programs directly
as selecting criteria for forecasting methods selection, which will
benefit forecasters in their real-world applications.

This study has been intentionally limited in the scope of
forecasting methods chosen and in the selection of global features
to characterize the structural properties of univariate time series.
No other forecasting methods are included in the comparison
apart from the four candidate methods. In future research, larger
collections of time series samples and forecasting methods will be
included to extend the recommendation rules and generalize the
current findings. We intend to include more characteristics into
our feature collection, particular the features that have been
studied in related work such as RBF [4]. We also need to explore
the effect of missing values on the detrending and deseasonalizing
processes. Furthermore, further validations of our proposed
system are planned using the time series data sets that are
publicly available and benchmark qualified.
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