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Abstract. In this study, we propose a multistage neural network metalearning
technique for financial time series predication. First of all, an interval sampling
technique is used to generate different training subsets. Based on the different
training subsets, the different neural network models with different training
subsets are then trained to formulate different base models. Subsequently, to
improve the efficiency of metalearning, the principal component analysis
(PCA) technique is used as a pruning tool to generate an optimal set of base
models. Finally, a neural-network-based metamodel can be produced by learn-
ing from the selected base models. For illustration, the proposed metalearning
technique is applied to foreign exchange rate predication.

1 Introduction

Artificial neural networks (ANNs), first introduced in 1943 [1], is a system derived
through neuropsychology models [2]. It attempts to emulate the biological system of
the human brain in learning and identifying patterns. Moreover, ANNs can more aptly
recognize poorly defined patterns. Instead of extracting explicit rules from sample
data, the ANNs employed a learning algorithm to autonomously: (a) extract the func-
tional relationship between input and output, which is embedded in a set of historical
data (called training exemplars or learning samples), and (b) encode it in connection
weights. Training exemplars that are readily available allow neural networks to cap-
ture a large volume of information in a rather short period of time and to continuously
learn throughout their lifespan. Furthermore, neural networks have the ability to not
only deal with noisy, incomplete, or previously unseen input patterns, but to also
generate a reasonable response [3]. However, ANNs are far from being optimal
learner. For example, the existing studies, e.g., [4] have found that the ways neural
networks have of getting to the global minima vary and some networks just settle into
local minima instead of global minima through the analysis of error distributions. In
this case, it is hard to justify which neural network’s error reaches the global minima
if the error rate is not zero. Thus, it is not wise choice that only selecting a single
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neural network model with the best generalization from a limited number of neural
networks if the error is larger than zero. For example of financial time series forecast-
ing, it is difficult to obtain a consistently good result by using a single neural network
model due to high volatility and irregularity in financial markets. More and more
researchers have realized that just selecting the neural network model that gives the
best performance will result in losses of potentially valuable information contained by
other neural network models with slightly weak performance relative to the best neu-
ral network model. Naturally, a different learning strategy to solving these problems
that considers those discarded neural networks whose performance is less accurate as
the best neural network model should be proposed. In such situations, metalearning
strategy [5] based on the neural network is introduced.

Metalearning [5], which is defined as learning from learned knowledge, provides a
promising solution and a novel approach to the above challenges. The idea is to use
neural network learning algorithms to extract knowledge from several different data
sets and then use the knowledge from these individual learning algorithms to create a
unified body of knowledge that well represents the entire data. Therefore metalearn-
ing seeks to compute a metamodel that integrates in some principled fashion the sepa-
rately learned models to boost overall predictive accuracy. In this study, a four-stage
neural-network-based metalearning technique is proposed for financial time series
forecasting. In the first stage, an interval sampling technique is used to generate dif-
ferent training sets. Based on the different training sets, the different neural network
models with different initial conditions are then trained to formulate different base
models in the second stage. In the third stage, to improve the efficiency of metalearn-
ing, the principal component analysis (PCA) technique is used as a pruning tool to
generate an optimal set of base models. In the final stage, a neural-network-based
metamodel can be produced by learning from the selected base models.

The rest of this study is organized as follows. Section 2 provides a neural-network-
based metalearning process in detail. For verification, an exchange rate predication
experiment is performed in Section 3. Finally, Section 4 concludes the article.

2 The Neural-Network-Based Metalearning Process

In this section, we first introduce the basic knowledge of metalearning. Based on the
metalearning, a generic metamodeling process with three phases is then provided.

As Section 1 mentioned, metalearning [5], which is defined as learning from
learned knowledge, is an emerging technique recently developed to construct a meta-
model that deals with the problem of computing a metamodel from multiple training
data sets. Broadly speaking, learning is concerned with finding a model f = f,[j] from
a single training set TR;, while metalearning is concerned with finding a metamodel
f=f, from several training sets {TR, TR,, ..., TR,}, each of which has an associated
model f'=f,[j]. The n individual models derived from the n training sets may be of the
same or different types. Similarly, the metamodel may be of a different type than
some or all of the single models. Also, the metamodel may use data from a meta-
training set (MT), which are distinct from the data in the individual training set 7TR;.

There are two types of metalearning methods: different-training-set-based
metalearning and different-model-type-based metalearning. For the first type, we are
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given a large data set DS and partition it into n different training subsets {TR;, TR,, ...,
TR,}. Assume that we build a separate model on each subset independently to produce
n models {fi, 5, ..., f,}. Given a feature vector x, we can produce n scores (fi(x), f>(x),
.+, fa(x)), one for each model. Given a new training set M7, we can build a metamodel
fon MT using the data {(fi(x), (%), ..., fu(x) , ¥) : (x,y) in MT}.

For the second type, given a relative small training set {7R}, we replicate it n
times to produce n training sets {TR,, TR,, ..., TR,} and create different models f; on
each training set 7R;, for example, by training the replicated data on n different-type
models. For simplicity, assume that these models are binary classifiers so that each
classifier takes a feature vector and produces a classification in {0, 1}. We can then
produce a metamodel simply by using a majority vote of the n classifiers.

In time series forecasting, data is abundant. To improve the predication perform-
ance, we use the different-training-set-based metalearning. Generally, the generic idea
of neural network metalearning is to generate a number of independent models (i.e.,
base models) by applying neural network learning algorithms to a collection of data
sets. The independent models are then selected and combined to obtain a global
model or metamodel. Fig. 1 illustrates a neural network metalearning process. From
Fig. 1, the metalearning process consists of four stages, which can be described
below.

Stage 1: For an initial data set DS, the whole data set is first divided into training
set TR and testing set 7S. Then the different training subsets TR;, TR,, ..., TR, are
created from TR with certain sampling algorithm.

Stage 2: For each training subset TR; (i = 1, 2, ..., n), the neural network model
fi(i=1,2, ..., n) is trained by the specific learning algorithm to formulate n different
base models. After training, the testing data was applied for assessment.

Stage 3: For n different base models, the pruning techniques are used to generate
some effective base models. After pruning, m (m < n) different base models are gen-
erated for the next stage’s use.

Stage 4: Using the whole training data set to m different base models, different
neural network’s results can formulate a meta-training set (MT). Based on the meta-
training set, another single neural network model is training to produce a metamodel.

From the generic neural network metalearning process, there are four problems to
be further addressed, i.e., (a) how to create n different training subset from the origi-
nal training data set TR; (b) how to create different base models f; with different train-
ing subsets for the same-type model; (c) how to select some effective base model
from many neural network base models in the previous stage; and (d) how to formu-
late a metamodel with different results produced by different base models.

A. Data Sampling

For financial time series predication mining tasks, our aim is to improve the predica-
tion performance with historical time series data. For convenience of neural network
learning, the original data set DS is first divided into two parts: training data set 7R
and testing data set 7S. In order to capture the patterns of time series data, different
data sampling is helpful for neural network learning. Here we propose an interval
sampling algorithm to produce different training subsets.
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Fig. 1. The generic neural network metalearning process

Given that the size of the original training set 7R is M, the size of new training
set is N, and sampling interval is K, the interval sampling algorithm is illustrated
in Fig. 2.
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Fig. 2. The bagging algorithm

With the above interval sampling algorithm, we can obtain different training sub-
sets only through varying the sampling interval or starting point of each time series.

B. Individual neural network base model creation

With the work about bias-variance trade-off [4], a metamodel consisting of diverse
models with much disagreement is more likely to have a good performance. There-
fore, how to create the diverse base model is the key path to the creation of an effec-
tive metamodel. For neural network model, there are several methods for generating
diverse models.

(1) Initializing different starting weights for each neural network models for differ-
ent training subsets.

(2) Varying the architecture of neural network, e.g., changing the different numbers
of layers or different numbers of nodes in each layer.

(3) Using different training algorithms, such as the back-propagation [6-7], radial-
basis function [8], and Bayesian regression [9] algorithms.

In this study, the individual neural network models with different training subsets
are therefore used as base models fi, f5, ..., f,, as illustrated in Fig. 1.

When a large number of neural network base models are generated, it is necessary
to select the appropriate number of component models for improving the efficiency of
neural network metalearning system. It is well known to us that not all circumstances
are satisfied with the rule of “the more, the better” [11]. That is, some individual base
models produced by this phase may be redundant, wasting resources and reducing
system performance. Thus, it is necessary to prune some inappropriate individual base
models for metamodel construction.
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C. Neural network base model pruning
In order to select the appropriate number of neural network base model, we utilize the
principal component analysis (PCA) to arrive at this goal.

The PCA technique [10], an effective feature extraction method, is widely used in
signal processing, statistics and neural computing. The basic idea in PCA is to find
the components (s, s, ..., 5,) that can explain the maximum amount of variance pos-
sible by p linearly transformed components from data vector with ¢ dimensions. The
mathematical technique used in PCA is called eigen analysis. In addition, the basic
goal in PCA is to reduce the dimension of the data (Here the PCA is used to reduce
the number of individual models). Thus, one usually chooses p < g. Indeed, it can be
proven that the representation given by PCA is an optimal linear dimension reduction
technique in the mean-square sense [10]. Such a reduction in dimension has important
benefits. First, the computation of the subsequent processing is reduced. Second,
noise may be reduced and the meaningful underlying information identified. The
following presents the PCA process for individual model selection [11].

Assuming that there are n individual data mining models and that every model con-
tains m forecasting or classification results, then result matrix (Y) is represented as

Yiu Yz o Vim
Y= y:21 y:zz Y2:m )
Yni Yu2 7 Yum

where y;; is the jth predication or classification result with the ith data mining model.

Next, we deal with the result matrix using the PCA technique. First, eigenvalues
(41, 42, ..., 4,) and corresponding eigenvectors A=(ay, a, ..., a,) can be solved from
the above matrix. Then the new principal components are calculated as

Z.=alY (i=1,2,...,n) 2)

Subsequently, we choose m (m < n) principal components from existing # compo-
nents. If this is the case, the saved information content is judged by

O=L+4L++A) A4+ ++ 1) 3)

If 6 is larger than a specified threshold, enough information has been saved after
the feature extraction process. Thus, some redundant base models can be pruned.
Through applying the PCA technique, we can obtain the appropriate numbers (e.g., m
in this case) of base models for metamodel generation.

D. Neural-network-based metamodel generation

Once the appropriate numbers of base models are selected, applying the whole data
set to these selected base models can produce a set of neural network output. These
neural network outputs can formulate a new training set called as “meta-training set
(MT)”. In order to reflect the principle of metalearning, we utilize another neural
network model to generate a metamodel by learning from the meta-training set (M7).
That is, we use another neural network model to learn the relationship between base
models by taking the outputs of the selected base models as input, combined with
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their targets or expected values. That is, the neural-network-based metamodel can be
viewed as a nonlinear information processing system that can be represented as

F=g(fi.foi ) )

where ( f] s fz, e fm ) is the output of individual neural network predictors, f is the

aggregated output, g(+) is nonlinear function determined by neural network. In this
sense, neural network learning algorithm is used as a meta-learner (ML) shown in
Fig. 1 for metamodel generation. Of course, other learning algorithm, e.g., support
vector machine regression, can also be used as a meta-learner, as proposed by Lai
et al. [12].

In summary, the proposed metamodel can actually be seen as an embedded neural
network system with two-layer neural network models, as illustrated in Fig. 1. Sup-
pose that there is an original data set DS which is divided into two parts: training set
(TR) and testing set (7). The training set is usually preprocessed by various sampling
methods (e.g., interval sampling here) in order to generate diverse training subsets
{TR\, TR,, ..., TR,} before they are applied to the first layer’s neural network learn-
ers: Ly, L,, ..., L,. After training, the diverse neural network models (i.e., base mod-
els), fi, f» ..., f» are generated. Through PCA-based pruning, a set of selected base
model are obtained. Afterwards the whole training set TR was applied and the corre-

sponding results ( fl R fz, e fm) of each selected base model in the first layer were

used as inputs of the second layer neural network model. This neural network model
in the second layer can be seen as a meta-learner (ML). By training, the neural-
network-based metamodel can be generated. Using the testing set 7S, the performance
of the neural-network-based metamodel can be assessed.

3 Experimental Analysis

3.1 Research Data and Experiment Design

The research data used in this study is euro against dollar (EUR/USD) exchange rate.
This data are daily and are obtained from Pacific Exchange Rate Service
(http://fx.sauder.ubc.ca/), provided by Professor Werner Antweiler, University of
British Columbia, Vancouver, Canada. The entire data set covers the period from
January 1 1993 to December 31 2004 with a total of 3016 observations. The data sets
are divided into two periods: the first period covers from January 4 1993 to December
31 2002 while the second period is from January 1 2003 to December 31 2004. The
first period, which is assigned to in-sample estimation, is used to network learning
and training. The second period is reserved for out-of-sample evaluation, which is for
the testing purposes. In addition, the training data covered from January 1 1993 to
December 31 2002 are divided into ten training subsets by varying the sampling in-
terval (K = 1, 2, ..., 10) for this experiment. Using these different training subsets,
different neural network base models with different initial weights are presented. For
neural network base models, a three-layer back-propagation neural network with 10
TANSIG neurons in the hidden layer and one PURELIN neuron in the output layer is
used. The network training function is the TRAINLM. For the neural-network-based
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metamodel, a similar three-layer back-propagation neural network (BPNN) with 10
inputs neurons, 8 TANSIG neural in the second layer and one PURELIN neuron in
the final layer is adopted for metamodel generation. Besides, the learning rate and
momentum rate is set to 0.1 and 0.15. The accepted average squared error is 0.05 and
the training epochs are 1800. The above parameters are obtained by trial and error.

To evaluate the performance of the proposed neural-network-based metamodel,
several typical financial time series predication models, the autoregressive integrated
moving average (ARIMA), individual BPNN with optimal learning rates [16-17] and
support vector machine (SVM), are selected as benchmarks. In the individual BPNN
model, a three-layer back-propagation neural network with 5 input nodes, 8 hidden
nodes and 1 output nodes is used. The hidden nodes use sigmoid transfer function and
the output node uses the linear transfer function. In the SVM, the kernel function is
Gaussian function with regularization parameter C = 50 and o” = 5. Similarly, the
above parameters are obtained by trial and error.

For further comparison of the performance of neural network metamodel, two hy-
brid model proposed by [11] and [13], and three metalearning approaches, i.e., simple
averaging based metamodel [14-15], weighted averaging based metamodel [14-15]
and support vector machine regression (SVMR) based metamodel [12] are also used
for foreign exchange rates predication. Actually, these two metalearning approaches
are two neural network ensemble methods. For simple averaging approach, the final
metamodel can be obtained by averaging the sum of each output of the neural net-
work base models. Weighted averaging is where the final metamodel is calculated
based on individual base model’s performances and a weight attached to each base
model’s output. The gross weight is 1 and each base model is entitled to a portion of
this gross weight according to their performance or diversity. For more details about
these two metalearning techniques, please refer to [12, 14-15]. Finally, the root mean
square error (RMSE) and direction change statistics (Dy,,) [11] of financial time series
are used as performance evaluation criteria in terms of testing set.

3.2 Experiment Results

According to the experiment design, different predication models with different pa-
rameters can be built. For comparison, the ARIMA model, individual BPNN, individ-
ual SVM, simple averaging based metamodel and weighted averaging based
metalearning approach, are also performed. The results are reported in Table 1.

As can be seen from Table 1, we can find the following conclusions from the gen-
eral view. First of all, all metamodels listed in this study perform better than individ-
ual models and hybrid models in terms of both RMSE and Dy, indicating that the
metamodel is a promising solution to the foreign exchange rates predication. The
possible reason is that the metamodel can get more information from different base
models and thus increase predication accuracy. Second, of the four metamodels, the
SVMR based metamodel is the best in terms of RMSE. The possible reason is that
SVMR can overcome some shortcomings of neural networks, such as local minima
and overfitting, due to structural risk minimization principle of SVM. However, the
neural network based metamodel perform the best from the D, perspective. The
reason is still unknown and is worth exploring further. Third, the performance of two
hybrid models seems to be better than those of three individual models. The main
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reason is their complementarities between the hybrid models. Fourth, the ARIMA
model is the worst of the nine models for both RMSE and Dy, in this case. The inher-
ent reason is that the ARIMA model is difficult to capture the nonlinear patterns of
financial time series since ARIMA is a class of linear model and the financial time
series contain much nonlinearity and irregularity. Finally, the results of Dy, are dif-
ferent from those of RMSE because two criteria are different. The former is a level
estimation criterion, while the latter is a directional evaluation measurement.

Table 1. The prediction performance comparison with different approaches

Model Detail RMSE Rank D,(%) Rank
Individual model =~ ARIMA 0.2242 9 57.86 9
BPNN 0.1256 8 72.78 8
SVM 0.1124 6 74.75 7
Hybrid model ANN+GLAR [11] 0.1237 7 75.87 5
ANN+ES [13] 0.1185 5 75.24 6
Metamodel Simple averaging 0.1058 4 78.35 3
Weighted averaging 0.0986 3 77.56 4
Neural network 0.0813 2 87.44 1
SVMR 0.0778 1 85.61 2

Focusing on the RMSE indicator, it is difficult to find that the SVMR based meta-
model is the best, followed by neural network based metamodel, weighted averaging
based metamodel and simple averaging based metamodel, the ARIMA model per-
forms the worst. To summarize, the metamodels outperform the individual model.

However, the low RMSE does not necessarily mean that there is a high hit ratio
of forecasting direction for foreign exchange movement direction prediction. Thus,
the Dy, comparison is necessary. Focusing on Dy, of Table 1, we find the neural
network based metamodel also performs much better than the other models accord-
ing to the rank. Furthermore, from the business practitioners’ point of view, Dy, is
more important than RMSE because the former is an important decision criterion.
From Table 1, the differences among different models are very significant. In this
case, the Dy, for the single ARIMA model is 57.86%, for the two hybrid models,
the Dy,s are 75.87% and 75.24%, respectively, and for the SVMR based meta-
model, the Dy, is only 85.61%, while for the neural network based metamodel, Dy,
reaches 87.44%.

4 Conclusions

In this study, a neural-network-based metalearning technique is proposed for ex-
change rates predication. In terms of the empirical results, we find that across differ-
ent forecasting models for the test case of EUR/USD, the proposed neural network
based metamodel performs the best, implying that the neural network metalearning
technique can be used as a viable solution for foreign exchange rate prediction.
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