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Nowadays a great deal of effort has been made in order to gain advantages in foreign exchange (FX)
rates predictions. However, most existing techniques seldom excel the simple random walk model in
practical applications. This paper describes a self-organising network formed on the basis of a mixture
of adaptive autoregressive models. The proposed network, termed self-organising mixture autoregressive (SOMAR) model, can be used to describe and model nonstationary, nonlinear time series by
means of a number of underlying local regressive models. An autocorrelation coefﬁcient-based measure
is proposed as the similarity measure for assigning input samples to the underlying local models.
Experiments on both benchmark time series and several FX rates have been conducted. The results
show that the proposed method consistently outperforms other local time series modelling techniques
on a range of performance measures including the mean-square-error, correct trend predication
percentage, accumulated proﬁt and model variance.
& 2009 Elsevier B.V. All rights reserved.
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1. Introduction
Foreign exchange (FX) or forex markets have grown rapidly in
recent years and have become by far the largest ﬁnancial market
in the world with average daily trade in the global forex and
related markets were reported to be over US$ 4 trillion in April
2007.1 FX rate forecasting has been an active and challenging area
of research and has attracted a great deal of attention ever since
the collapse of the Bretton–Woods system in 1973. The trend
analysis in spot FX rates has been a recurrent theme among
statisticians, econometricians and computer scientists. A fundamental approach is to use economic theories to underline the
structural relations between exchange rates and other variables
(e.g. interest rates and consumer price index) and to use statistical
methods to identify the correlation between the past data and its
future moves. Researchers have devoted a great deal of effort to
developing various techniques in order to build a valid model.
However, most econometric and time series techniques often fail
to outdo the simplest random walk especially in short durations
[21,12]. The reason is that most of econometric models are linear
and are used under speciﬁc or strict assumptions. For instance,
autoregressive (AR) and autoregressive moving average (ARMA)
models assume a linear relationship between the current value of

the variables and the previous values and error terms. The mean
and variance of the variables are regarded as constant over time.
In other words, the process is assumed to be stationary. In
practice, these conditions cannot be met.
In this paper, adaptive neural networks, in particular selforganising maps (SOM), are explored in modelling FX time series
in conjunction with regressive models. The approach uses SOM to
divide a time series into a number of homogeneous processes and
these processes are then modelled by the nodes of an enhanced
temporal SOM. The proposed network is termed self-organising
mixture autoregressive (SOMAR) model, which uses AR models as
components in the construction of the topological mixture model.
A brief review on AR and related regressive models is given ﬁrst as
below.

1.1. AR and ARMA processes
The statistical AR model has been a primary tool in modelling
time series, including ﬁnancial time series [18]. The ARMA is the
extended version of the AR model. Econometricians also use the
generalised autoregressive conditional heteroskedastic (GARCH) [1]
to further model the volatilities or variances of a ﬁnancial time series.
The notation ARðpÞ refers to the autoregressive model of order
p. The ARðpÞ model is written as
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xt ¼ c þ

p
X

fi xti þ et

i¼1
T

¼ c þ xðpÞ
t1 w þ et ,

(1)
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Fig. 1. Upper: estimation of AR(2) parameters; middle: sum of MSE of all inputs; lower: squared error at each time point.

where w ¼ ½f1 ; . . . ; fp T are the parameters of the model,
T
xðpÞ
t1 ¼ ½xt1 , xt2 ; . . . ; xtp  is a concatenated input vector, c is a
constant and et is white noise with zero mean and variance s2 .
The process is either random walk, when xt exhibits a unit root, or
covariance-stationary if the roots of character equation are all
inside unit circle.
An ARMA model with the notation ARMAðp; qÞ is an ARðpÞ
model with q moving average (MA) terms—MAðqÞ. The ARMAðp; qÞ
model can be written as
xt ¼ c þ et þ

p
X

fi xti þ

i¼1

q
X

yi eti ,

(2)

i¼1

where fy1 ; . . . ; yq g are the parameters of the moving average.
The error terms et are assumed to be independent identically
distributed (i.i.d.) random variables sampled from a normal
distribution with zero mean and variance s2 . If this condition
does not hold, the GARCH model in Section 1.3 provides a
generalised alternative.

parameters) in the upper ﬁgure. The dashed lines indicate the
generating parameters. The horizontal axis deﬁnes the time steps
or iterations. The middle plot shows the overall mean-squarederror (MSE) along the estimation process; and the lower plot is the
squared error for each input.
1.3. GARCH model
The GARCH model [1] explicitly considers the variance of the
current residual to be a linear function of the variances of the
previous residuals. It has been widely applied to modelling
ﬁnancial time series, including FX rates, which exhibit different
volatilities from time to time. It deﬁnes periods of high oscillation
followed by periods of relative calm in a time series or vice versa.
A simple GARCHðy; rÞ model can be expressed as follows:
xt ¼ f0 þ

y
X
i¼1

The parameters of an ARðpÞ model can be estimated by the
recursive least-mean-square (LMS) method, which is a stochastic
gradient descent optimisation2
wðtÞ ¼ wðt  1Þ þ ZðtÞ eðtÞxðtÞ,

(3)

eðtÞ ¼ xðt þ 1Þ  xðtÞT w,

(4)

where ZðtÞ is the step size or learning rate, often a small positive
constant or monotonically decreasing in value.
Fig. 1 depicts the parameter estimation process for an AR(2)
process using the LMS method. The parameters have been
correctly estimated, as indicated by two solid curves (estimated
2
For ofﬂine learning the LMS method can be used to estimate the model
parameters. When the training data are not available beforehand, or in online
learning, it is necessary to use recursive LMS method.

fi xti þ t ,

(5)

i¼1

s2t ¼ a0 þ

1.2. Adaptive recursive least-mean-square method

p
X

ai 2ti þ

r
X

bj s2tj ,

(6)

j¼1

where t is the error term with the assumption t ¼ st vt . vt is i.i.d.
with zero mean and unit variance. a0 , ai , and bj are model
parameters to be estimated and y, r are pre-determined orders.
In the literature, simple GARCH model has been extended
by applying additional restrictions, such as exponential GARCH
by Nelson [23], quadratic GARCH model by Sentana [27] or by
changing the assumption that vt has normal distribution,
t-distribution, Cauchy distribution, etc. In this paper, only the
commonly used standard GARCH model is used in the experiments.
The rest of this paper is organised as follows. Neural network
approaches and SOM related time series modelling methods
are discussed in Section 2. In Section 3, the proposed methodology
is described. Section 4 presents applications of the proposed
network for modelling and prediction of time series and FX rates.
Finally, conclusions are given in Section 5.
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2. Neural networks for FX modelling
The main difﬁculty in modelling ﬁnancial time series is their
nonstationarity. That is, the mean and variance of the time series
are not constant but change over time. This implies that the
variables switch their dynamics from time to time or have
different modes in different periods. It is particularly true in FX
rates due to the amount of inconstant information ﬂow. Previous
studies [8] show that the distribution of daily returns3 is
approximately symmetric and leptokurtic (i.e. heavy tailed). One
possible explanation for the heavy tailed distribution is that
samples are independently distributed as a normal distribution
whose mean and variance change with time. Others argue that
observed returns come from a mixture of normal distributions
[6,19]. Further studies on volatility [36] indicate that the average
returns of high frequency FX data are negligible in comparison to
its volatility4 and the kurtosis is much higher than that of the
kurtosis of a normal distribution. Therefore, it is not convincing
and impractical for a single parametric model to capture the
dynamics of the entire time series.
Due to the recent advances in computational intelligence and
increased computer power, nonparametric models have been
studied and used extensively in the last few years with various
successes. FX rate forecasting by adaptive neural networks
provides strong evidence in terms of out-of-sample forecasting
achievements. For example, Zimmermann et al. [34] have
proposed a perceptron model for agents (buyers and sellers) in
the FX market, and modelled the aggregate market by a neural
network, in order to extract the price dynamics. Medeiros et al.
[20] have tested the nonlinearity and predictability of FX rates by
neural networks, and rejected the null hypothesis of linearity in
most of the testing FX rates. Zhang et al. [35] used wavelet
transform to decompose the time series into various resolution
and used perceptron neural networks to learn to combine the
forecasts from different time scales. So far, many comparative
studies have shown that neural networks can outperform linear
ARMA model and random walk model [9,4,13,2,15]. The most
widely used techniques so far are the multilayer perceptron (MLP)
[10], radial basis function (RBF) networks [10] and recurrent
networks [15].
2.1. Temporal SOMs
In the early 2000s, there emerged another potential solution to
tackle the problem of nonstationarity in ﬁnancial time series, that
is, to divide a complex problem into several smaller and simpler
ones [2]. The results of the simple models are then combined to
produce the ﬁnal solution to the original problem. The entire
input space is split into several (often disjoint) regions by means
of clustering, each containing a prototype vector and a set of
regression parameters. The prediction is thus made by the best-ﬁt
local models. The solution proposed in this paper is a mixture of
regression models that performs the partition and regression at
the same time. The proposed network is a mixture of local AR
models and can converge easily to the underlying local models. It
is naturally suited for characterising the dynamics of nonstationary time series such as FX rates.
The self-organising map is a neural network that is able to selfconﬁgure its neurons in order to quantise or cluster the input
space into a topological structure [14]. Such a capability makes
the SOM attractive in many applications that involve the use of
3

A simple logarithm difference transform.
4
It most frequently refers to the standard deviation of the change in the value
of a ﬁnancial instrument with a speciﬁc time horizon.
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clusters and local models—a useful pre-processing for local model
approach to FX rate prediction [24]. SOM divides the input space
into small regions associated by the best matching units. The area
in the input space for which the reference vector is responsible is
called Voronoi region. Voronoi tesselation partitions the input
space into disjoint sets. Models can be created by locally ﬁtting to
speciﬁc Voronoi regions. The topological relationship of local
models is maintained on the pre-determined lattice. There are
various successes in ﬁnancial applications. For example, Dablemont et al. [7] have applied SOM-based local models with RBF
network as regressor to predict the returns of the DAX30 index.
Cao [2] has proposed a SVM experts system, which relies on SOM
to partition the data into several disjoint regions ﬁrst. The SVM
regression model is then trained on each region.
For processing time series data using the standard SOM, one
can use a sliding window to group consecutive time series points
into vectors as the input. We call it the vector SOM (VSOM). In
VSOM temporal context is achieved by means of a temporal
window of a pre-ﬁxed length. Recently, increased interest arises in
SOM with recurrent connection for temporal or sequence
processing. Typical extensions include temporal Kohonen map
(TKM) [5], recurrent SOM (RSOM) [15] and recursive SOM
(RecSOM) [31]. TKM and RSOM introduce a concept of leaky
integration (integrator 0oao1) of the activation, which is
claimed to be derived from biological phenomena. The activation
yi ðtÞ of a neuron is gradually dismissed. That is, the previous active
neuron is more likely to win again than other neurons. The
activation is a combination of matching the current input and
previous activation
yi ðtÞ ¼ ð1  aÞyi ðt  1Þ þ aðxðtÞ  wi ðtÞÞ.

(7)

RecSOM incorporates context information into weights. It has a
similar aim as RSOM but in a different form of activation yi ðtÞ
yi ðtÞ ¼ expðakxðtÞ  wxi k2  bkyðt  1Þ  wyi k2 Þ,

(8)

where a and b are constant coefﬁcients. The learning is similar to
the original SOM algorithm, but each neuron is represented by
two weight vectors wx and wy , for matching the input and
neuron’s activity, respectively. By using SOM with these recurrent
or recursive connections, local models captured by the nodes
become more capable in detecting temporal content in the input
sequence.
Neuron gas (NG) is another SOM variant. Instead of using the
distance between input vector and the reference vector and a
predeﬁned neighbourhood structure, NG uses a neighbourhood
ranking to deﬁne the neighbourhood and to update reference
vectors
wi ðtÞ ¼ wi ðt  1Þ þ   eki =l ðxðtÞ  wi ðt  1ÞÞ,

(9)

where ki is the rank of neuron i (with regard to the input) and l is
a constant which determines the number of neurons that should
change their weights at each step.
2.2. Support vector machine for regression
As a regressive method, support vector machines (SVMs) [29]
have been used as a good alternative for MLP in time series
forecasting. SVMs are established on the theory of the structural
risk minimisation. Suppose one is given a set of training data
fðx1 ; y1 Þ; . . . ; ðxn ; yn Þg and yt denotes the value of x immediately
after xt . The prediction is achieved by estimating a linear function
[30,22],
f ðxÞ ¼ wT fðxÞ þ b,

(10)

where fðxÞ represents a nonlinear mapping of x in a highdimensional feature space. The function f can be estimated by
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minimising a regularised risk function,

between the local models. It can be expressed as

n
1
1X
Le ,
kwk2 þ C
2
n t¼1

(11)

Le ¼

jyt  wT fðxt Þ  bj  e;

jyt  wT fðxt Þ  bj  e;

0

otherwise:

minimise

subject to

(12)

n
X
1

ðxt þ xt Þ,
kwk2 þ C
2
t¼1
8
yt  wT fðxÞ  b  e þ xt ;
>
>
<

wT fðxÞ þ b  yt  e þ xt ;
>
>
: x ; x  0:
t

(13)

(14)

t

By introducing Lagrange multipliers gt , gt , one can solve a
linearly constrained quadratic problem. The decision function
then has an explicit form
n
X
ðgt  gt ÞKðxt ; xÞ þ b,

N
X

bði;xÞ Fðxt  fi0  fi1 xt1      fipi xtpi Þ,

(17)

where Kðxt ; xÞ is the so-called kernel function. The elegance of
using the kernel function is that one can deal with arbitrary
dimensional feature space without having to compute the nonlinear mapping function explicitly. Based on the Karush–Kuhn–
Tucker (KKT) conditions [16], only a small number of coefﬁcients
ðgt  gt Þ will be non-zero, which correspond to a set of training
data points, referred to as the support vectors. Approximation
errors at the points of support vectors are larger than or equal to e.

The problem of predicting future values of a stochastic process
is closely related to the task of estimating the unknown
parameters of a regressive model. The target process can be
assumed to be generated by a number of stationary autoregressive
processes. It has applications in many ﬁelds, especially in
econometrics and automatic control. A number of studies recently
focus on modelling such nonstationary processes using mixture
models [33]. When a nonstationary process is considered as a
mixture of several stationary AR processes, it can be expressed as
t1 Þ

¼

i¼1

ai F

In 1989, Lampinen and Oja [17] proposed a self-organising map
of ‘‘neural’’ units where each unit represents an AR model with its
parameters as reference vector. The experiment conducted in [17]
shows that the self-organising AR models can learn to distinguish
texture images by unsupervised learning. The method in fact is a
multiple AR model with the parameters of each AR model
following a topological structure set by a self-organised mapping
of neural units. However, the model has difﬁculties in converging
to the correct AR models.
In the SOAR, AR models are represented by neural units, each
with its weight vector deﬁning the parameters of an AR process.
The general procedure of the method is
1. For each input vector, ﬁnd the best matching unit by
measuring the estimation error.
2. Update the best matching unit as well as the units in its
topological neighbourhood, by the Widrow–Hoff [32] rule.
In order to reduce the effect of noise in the errors, an
exponential average over the recent estimation errors is used
ui ðtÞ ¼ bs ei ðtÞ þ ð1  bs Þ ui ðt  1Þ,

xt  fi0  fi1 xt1      fipi xtpi

si

!
,

(16)

where t1 represents the information up to time t  1, a, f, s are
parameters, N is the number of AR processes, pi is the order of AR
process i and F refers to certain distribution functions. This is the
so-called N-component mixture autoregressive (MAR) model [33].
It has been reported to have the ability to handle cycles and
conditional heteroscedasticity in time series. Its parameters are
estimated via the EM algorithm.
In this paper we further simplify this mixture based on the
assumption that the underlying process is a weighted average of
several independent, stationary AR processes at a time. It also
refers to local model approach, but possibly with some overlaps

(18)

where bs is a smoothing factor, ei ðtÞ is the current estimation error
of node i and ui ðt  1Þ is its past averaged error. The best matching
unit is the one with the smallest ui ðtÞ.
The neighbourhood is deﬁned by a linear neighbourhood
function
1
0
C
B
r
C,

gðrÞ ¼ ZB
A
@1  
t
þ1
W 1
t max

3. Methodology

N
X

3.1. Self-organising AR (SOAR) model

(15)

t¼1

Fðxt j

¼

where bði;xÞ is a positive indicator or weighting factor of the i-th
P
local regressive model, under the restriction N
i¼1 bði;xÞ ¼ 1.

The term kwk2 is called the regularisation term. The second
term of Eq. (11) is the empirical error measured by Vapnik’s
e-insensitive loss function. C is a regularisation constant. The
primal objective function is deﬁned based on the above two

equations by introducing slack variables xt , xt

f ðxÞ ¼

t1 Þ

i¼1

where
(

F 0 ðxt j

(19)

where r is the distance between the best matching unit and the
unit to be updated, t max is a pre-determined maximum training
iteration. The adaption coefﬁcient Z can either be a scalar constant
or be a slowly decreasing parameter and W is an adjustable
constant controlling the shrinking speed of the neighbourhood.
The best matching unit and its neighbouring units update their
weights according to
wi ðtÞ ¼ wi ðt  1Þ þ gðrÞ eðtÞ xðtÞ.

(20)

The model has been applied for segmenting images into texture
classes, without priori knowledge about the number of classes or
the class models [17]. Experimental results on 1-D artiﬁcial signal
and 2-D textures are also reported in [17].
However, the performance of the SOAR model in ﬁnding
underlying AR processes in mixture AR processes is poor. Due to
the stochastic nature of AR processes, although the overall MSE
decreases ‘‘monotonically’’ as shown in Fig. 1, at each input, one
can always expect large oscillations even when the true model
parameters are used or further manipulations, e.g. exponential
average, are applied. In other words, this method has difﬁculties in
converging to the true model parameters of the underlying AR
processes.
Fig. 2 shows such an example of SOAR for the estimation of the
parameters of an AR(2) process. The method fails to converge to
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Fig. 2. Estimation of AR(2) parameters by SOAR. Upper: from random initial weights; lower: with true values as initial weights.

the true parameters with either random initial weights or the true
values as initial weights.
3.2. Self-organising mixture AR (SOMAR) network
As a stochastic process is characterised by white noise
corruption. As a sufﬁcient condition, the modelling error should
be close to white noise if the modelling is following the ‘‘correct’’
path. Therefore, we propose to use the autocorrelation of the error
instead of the error itself to evaluate the similarity between the
input vectors and the model parameters represented by the
neurons weights. In order to estimate autocorrelation, we hereby
use a small batch of the input, or a patch.
With a set of model parameters, the modelling error at node i is
a discrete time series of length m, the patch size, with mean m and
variance s2
ei ðtÞ ¼ xðtÞ  wT xðpÞ
t1 ,

(21)

where p is the order of local AR model i. An estimate of the
autocorrelation coefﬁcient RðkÞ at lag k ðkomÞ can be obtained by
Ri ðkÞ ¼

X
1 mk1
ðeðt  lÞ  mÞðeðt þ k  lÞ  mÞ.
2
ms l¼0

best matching unit or the AR process that generates the input is to
use SAC value, instead of the modelling error itself or Eq. (18). In
order to verify that SAC has only one unique global minimum
corresponding to the correct regressive model, we purposely
calculate the SAC value of a number of models whose parameters
are within a vicinity of the pre-set parameter ½0:2; 0:5. The SAC
values with regard to model parameters are illustrated in a
contour plot in Fig. 4.
Now the conventional SOM and SOAR have been extended to
the self-organising mixture AR model, with each neuron on the
lattice associated with a vector wi corresponding to the parameters of a local AR model and a SAC value denoting the similarity
measure.
The training of the SOMAR model consists of two steps. In the
ﬁrst step, a ﬁxed number of consecutive input vectors are used to
form a patch input. Then a winner for that patch input is selected
if its weights have the minimum SAC, i.e.

(22)

Fig. 3(a) shows the autocorrelations of a set of the modelling
errors from a patch of 20 input samples with the weights set as
the generating parameters ½0:2; 0:5. We have also randomly
chosen three sets of parameters ½0:1; 0:6, ½0:1; 0:1 and
½0:5; 0:2 as weights, their corresponding autocorrelations
of the modelling errors are plotted in Fig. 3(b)–(d). The
autocorrelation coefﬁcients of these errors show that the errors
in Fig. 3(a) are the closest to white noise compared to the others.
The sum of the (absolute) autocorrelation coefﬁcients (SAC) is
3:8832ða0Þ, 4:3504ða1Þ, 4:5224ða2Þ, 4:5963ða3Þ, respectively.
Apparently, a1 is closer to a0 than a2 and a3 are, so is the
corresponding SAC value. Therefore a better way to decide the

0
v ¼ arg min@
i

m
X

1
jRi ðjÞjA;

i ¼ 1; 2; . . . ; N,

(23)

j¼m

where i is the index of local model and N is the total number of the
local models. Then the winner and its neighbours adapt their
weights
wi ðtÞ ¼ wi ðt  1Þ þ hðr; tÞ ZðtÞ ei ðtÞ xðtÞ,

(24)

where ZðtÞ is a decreasing learning rate, hðr; tÞ is the neighbourhood function and r is the distance from the best match unit v to
the unit to be updated
hðr; tÞ ¼ kðtÞ exp 

kðtÞ ¼

r

cðtÞ2

k0
;
k1 þ k2 t þ k3 t2

!
,

cðtÞ ¼

(25)

c0
,
c0 þ c1 t þ c2 t2

(26)
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Fig. 3. Autocorrelation of a set of modelling errors.
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Fig. 4. A contour plot of SAC values of different regressive models with varying model parameters w1 2 ½0:5; 1:5 and w2 2 ½1:5; 1.

where k0 , k1 , k2 , k3 and c0 , c1 , c2 , c3 are constants that control
the ﬂatness or the shape of Gaussian neighbourhood function. In
the initial training stage, more neighbouring local models are
updated with the winning local models. Whilst fewer neighbours
get updated in the later training stage.
The second step is a ﬁne tuning stage. Since the input patches
may inevitably contain input vectors generated by more than one
underlying AR processes, it is necessary to ﬁlter out those inputs
at later stage of the training when the parameters of local models
have been roughly estimated. The errors generated by these
patches would result in small differences in SAC value between

the local models concerned. Therefore we skip those patches that
have similar SAC values to more than one local models. An
empirical threshold is set to decide whether the patch should be
ﬁltered out or should be used in the ﬁne tuning stage. The
improvement is signiﬁcant compared to the experiments without
ﬁne tuning phrase. The ﬁne tuning should start when the learnt
parameters have been generally stabilised, that is, when the scale
of oscillation becomes small.
Two typical results of SOMAR in learning a mixture of two
AR(1) and a mixture of two AR(2) processes are illustrated in
Figs. 5 and 6, respectively. The ﬁne tuning stages are set
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Fig. 5. Parameter estimation of two AR(1) processes w1 ¼ 0:5, w2 ¼ 0:3, ﬁne
tuning is set at 50% of the training time.
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Fig. 7. Prediction of Mackey-Glass data by SOMAR: dashed line represents original
data points and solid line represents the prediction.

4.1. Artiﬁcial data

0.5
The Mackey–Glass data were generated by a dynamic system
deﬁned by the differential equation:
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dx
axðt  dÞ
,
¼ bxðtÞ þ
dt
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Fig. 6. Parameters estimation of two AR(2) processes, ﬁne tuning starts from 80%
of the all iterations. w1 ¼ ½0:5; 0:2, w2 ¼ ½0:4; 0:3.

empirically to 50% and 80% of their total training time. As can be
seen the estimation errors are signiﬁcantly reduced during the
ﬁne tuning.
The prediction of the SOMAR is ﬁrst generated by the best
underlying AR process when the empirical threshold in the ﬁne
tuning stage indicates that there is a best ﬁtted AR model for the
input. Then the overall predication model is the weighted average
of a few good local models that have similar SAC values for the
input patch, as indicated by Eq. (17). The mixing weights fbði;xÞ g are
determined inversely proportional to their SAC values: the smaller
the value of SAC, the larger the weighting.

4. Experiments
In this section, experiments on both Mackey-Glass data and
real-world FX rates are presented. The proposed method is used to
characterise the dynamics of a nonlinear, nonstationary time
series and to estimate underlying local regressive models.

(27)

with the parameter values set as d ¼ 17, a ¼ 0:2, b ¼ 0:1. In total
600 points were generated. The Mackey–Glass data are assumed
to consist of a number of unknown AR processes. In the
experiment, the series was grouped into 15-unit vector xðtÞ ¼
½xðtÞ; xðt þ 1Þ; . . . ; xðt þ 14ÞT as the input vector. We preﬁxed the
order of the AR processes to 14 in favour of the results of BIC
validation in a previous study [25]. Experiments with other values
have also been implemented without any signiﬁcant differences.
The prediction result is shown in Fig. 7.
The proposed SOMAR network has been compared with SOAR
models, local models based on vector SOM, recurrent SOM,
recursive SOM, neural gas, and SOM-SVM [24] in predicting the
Mackey–Glass data, and the results in terms of MSE are presented
in Table 1. From the table, it can be seen that SOMAR outperforms
markedly the other methods.
4.2. Foreign exchange rates
The data set was retrieved from the PACIFIC exchange rate
service provided by Antwiler at UBCs Sauder School of Business. It
consists of 15 years’ daily exchange rates (British pound against
US dollar, Euro and HK dollar) excluding weekends and bank
holidays when currency markets were closed. In total 3200
consecutive points were used, in which the ﬁrst 3000 points were
used as the training set, the next 100 points as the validation set,
and the remaining 100 points as the test set. The training,
validation and testing sets were windowed with the length of 15
points to form input vectors. We adopt these currency pairs as
they are the most efﬁcient according to the efﬁcient market
hypothesis [26].
For a comparison with other SOM-based methods, we
conducted the following widely used tests:
Predicted return %: The correct prediction percentage of the
return ðx0t ¼ lnðxtþ1 =xt ÞÞ, which is also used as a criterion to check

ARTICLE IN PRESS
3536

H. Ni, H. Yin / Neurocomputing 72 (2009) 3529–3537

Table 1
Mean squared errors of various predictors on Mackey–Glass data.

Table 2
Overall predicted return %, MSE of predicated pricea ð102 Þ, accumulated proﬁt
(P%) and average variance (Var) of various methods on three FX rates.

Method

MSE ð102 Þ

SOM-SVM
NeuralGas
RecSOM
RSOM
VSOM
SOAR
SOMAR

3.40
3.30
3.43
3.45
3.55
3.50
3.12

GBPvs

GAR

SS

NG

RecS

RS

VS

SOAR

SOMAR

US %

52.66
4.26

53.21
3.93

55.10
4.17

52.10
4.62

51.80
4.50

51.00
4.17

52.01
4.33

58.38
3.64

4.98
n/a
53.00
4.63

4.97
0.70
53.03
4.85

5.02
0.51
53.75
4.37

5.03
0.50
52.91
5.01

4.96
0.99
52.36
4.72

4.95
0.76
51.23
4.50

4.93
0.54
50.32
4.75

5.31
0.43
56.61
4.03

4.66
n/a
53.84
4.52

5.03
0.99
54.00
4.65

4.96
0.58
53.88
4.54

4.62
0.77
54.31
4.75

4.81
0.64
52.96
4.87

4.71
0.86
53.20
4.57

4.62
0.63
53.19
4.62

5.19
0.48
56.65
4.10

4.92
0.61

4.89
0.54

4.65
0.85

4.78
0.74

4.48
0.99

4.85
0.68

5.20
0.48

US2
US P%
US Var
EU %
EU2
EU P%
EU Var
HK %

0.015

HK2
HK P%
HK Var

0.01

4.72
n/a

0.005

VS, RS, RecS, NG, SS and GAR denote VSOM, RSOM, RecSOM, neural gas, SOM-SVM,
and GARCH, respectively.

0

a
The prices are divided by the mean exchange rate of that pair over the testing
period for a fair comparison.
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Fig. 8. Predicted returns spanned over 100 testing days. Dashed line represents FX
returns, solid line represents the prediction by SOMAR.

2.04
2.02
2

whether the prediction is made in the right direction (or trend). In
other words, we calculate how many percentages of the predicted
returns have the same signs as their corresponding actual returns.
Fig. 8 shows such predicted returns in the testing period of 100
days. The correct prediction percentages are shown in Table 2.
MSE of predicted rate: The MSE between the actual exchange
rates and the predicted ones in the test set, shown in Table 2. Fig. 9
depicts the predicted and the actual FX rates.
Accumulated proﬁt: The accumulated proﬁt is the percentage
gain of the accumulated proﬁts over the testing period, 100
trading days.
Average variance of local model: The averaged variance of SOM
units. The variance represents volatility and is inversely proportional to the conﬁdence of investment—the higher the variance of
a model has, the less conﬁdence the investment decision
generated by the model would be. The result is normalised to
the range ½0; 1.
The results of the methods under study are presented in Table
2. It can be seen that the SOMAR markedly outperforms the other
methods on these performance measures. The proposed method
has successfully detected the temporal content between consecutive input samples. Predicted returns are over 5% more correct
than other models and the accumulated proﬁts are also consistently higher than all other models in all these currency pairs,
reaching on average of 5.23% over 100 trading days on these
currency pairs. Smaller ﬁtting errors and lower variances of the
proposed SOMAR network further indicate the advantages and
robustness of the method in dealing with FX time series.
This improved performance is largely due to the fact that time
series segments are more accurately identiﬁed and assigned to the
underlying local models by using the proposed similarity
measure, i.e. the SAC value of errors, compared to using the error
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Fig. 9. Predicted rates spanned over 100 testing days. Dashed line represents FX
prices, solid line represents the prediction by SOMAR.

directly. The common two-stage methods, which use ‘divide-andconquer’ separately, may inevitably lose useful regressive information in the clustering process. Whilst the proposed SOMAR
network conducts ‘divide’ and ‘conquer’ at the same time and thus
can correctly cluster and converge to the underlying local
autoregressive models. The modelling and prediction processes
of the SOMAR are more ﬂexible especially when an underlying
process cannot be precisely described by one local model. At
different time, a different combination of the local models is
adaptively made up to match the time series. Such adaptive
mixtures of local models prove effective and efﬁcient for
describing nonstationary FX time series.

5. Conclusions
A new approach to modelling nonstationarity of ﬁnancial time
series has been proposed by using a self-organising mixture
autoregressive network. The network consists of a number of local
autoregressive models that are organised and learnt in a selforganised fashion. An autocorrelation-based similarity is proposed and adopted as the ﬁtness measure of local models to an
input segment. It makes the network learning more effective and
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robust compared to the error-based and Euclidean distance-based
measures. The experimental results on both synthetic and real
data sets show that the proposed SOMAR network can correctly
detect and uncover underlying autoregressive models. They also
show that the proposed method outperforms other temporal SOM
methods as well as the GARCH model in modelling and prediction
of nonstationary FX rate time series.
The SOMAR combines local temporal modelling and clustering
in a joint estimation, which proves better than two-stage
(separate clustering and regression) methods. Its topological
ordering process is further making the learning error-tolerant
and robust. That is, ordered local regressive models enhance the
ultimate performance of the network. Whilst in two-stage
methods, clustering and regression are two separate processes,
which may not lead to an optimal solution.
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