
Int. J. Contemp. Math. Sciences, Vol. 4, 2009, no. 16, 779 - 798

Increasing the Fitness of Fundamental

Exchange Rate Forecast Models

Bernd Brandl

University of Vienna/Center for Business Administration

Ulrike Leopold-Wildburger

Universität Graz/Institut für Statistik und Operations Research

Stefan Pickl

Universität der Bundeswehr München/Fakultät für Informatik

85577 Neubiberg München

stefan.pickl@unibw.de

Abstract

This paper focuses on an integration of the exchange rate theory in a
machinery learning process for the purpose of forecasting. In this paper
it is asked how machinery learning algorithms can increase the fore-
casting performance of theoretical models. Structural exchange rate
models are implemented in a machinery learning process as a frame-
work to identify further sources of influence and also to test alternative
variables of aggregates suggested by exchange rate theory. Thus, the
procedure serves as a tool for model selection. The applied approach
uses a Genetic Algorithm for model selection and Neural Networks for
the generation of the forecasts. It is shown that the new way of com-
bining of economic theory and machine learning can increase the fitness
of theoretical exchange rate models. The approach is illustrated for five
different exchange rates on a monthly frequency and yields interesting
results.
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Introduction

Since the breakdown of the Bretton Woods system in 1973, forecasting ex-

change rates have become a challenge among economists. The use of quan-

titative methods has emerged as one of the most exciting areas within the

forecasting discipline. The last thirty years have witnessed a reorientation

in research and thinking about the determinants of exchange rate behavior,

not only because of the appearance of new concepts of analysis and methods

such as machinery learning techniques but also because of research on other

factors of influence on exchange rates than fundamentals, especially on the in-

terrelationship between fundamentalists and chartists. Some economists argue

that the importance of the latter increases steadily. They base their trading

decisions on psychological issues and further market dynamics instead of fun-

damentals. However, this reorientation has shed new light on the dynamics and

notions between fundamentals and exchange rates, thus on existing economic

theory. In most actual textbooks on exchange rate economics, fundamentals

are cited to explain exchange rate movements. Literature usually refers to

macroeconomic aggregates such as national price levels, interest rates, eco-

nomic growth and the balance of payments when fundamentals on exchange

rates are needed. On the basis of such aggregates numerous models have been

developed. For example, models concentrating on the Purchasing Power Par-

ity (PPP), Covered and Uncovered Interest Rate Parity have a long history in

the discipline of international economics. Nowadays, quite popular are the so-

called monetary models of exchange rate determination which suggest a strong

link between the nominal exchange rate and a set of monetary fundamentals.

These different sets of models imply that price level of a country is determined

by its supply of and demand for money and that the price level in all countries

should be the same when expressed in the same currency. Such models are

integrated a machinery learning approach and this paper shows how the fore-

casting performance of these models can be increased, thus their fitness can

be increased. Therefore chapter 1 of this paper summarizes literature on fore-

casting exchange rates. As the purpose of this paper is to show how machinery

learning can increase the fitness (efficiency) of theoretical exchange rate mod-

els in chapter 2 exchange rate theory is discussed, which is then integrated

in a machinery learning process (chapter 3). Finally in chapter 4 empirical

forecast results are discussed in making out-of-sample tests. The considered

time span of data on a monthly frequency was from 03-31-1991 to 09-28-2001,

which means a total of 128 months. The out-of-sample evaluation period was

chosen 30 months back from 09-28-2001. Exchange rates considered are the

Euro/US dollar, the Yen/US dollar, the Pound/ US dollar, the Euro/Yen and
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the Euro/Pound.

Fundamental Exchange Rate Forecasting

Since the work of Meese and Rogoff (1983a) and Meese and Rogoff (1983b),

fundamental forecasting has been seen as relatively unsuccessful compared to

the naive forecast, even though it is assumed that market participants are

perfectly anticipating future macroeconomic fundamentals. Their work ranks

amongst the most cited in discussions on exchange rate forecasting. They doc-

umented the failure of several exchange rate models. However, since Meese and

Rogoff (1983a) and Meese and Rogoff (1983b), the “up-to-date” general notion

in literature on forecasting exchange rates has been that conventional econo-

metric methods do not provide a significantly better prediction of currency

movements than the random walk model, at least for forecasting frequencies

up to two years. This is documented in numerous publications in the last

thirty years, see e.g. Chinn and Meese (1995), Rogoff (1999), Flood and Rose

(1999) and Cheung et al (2003). Since the 1990s literature reveals sporadic

studies which claim to beat the naive forecast, see e.g. MacDonald and Taylor

(1994), Tawadaros (2001) and Kim and Mo (1995). For lower frequencies the

literature, in general, is noticing some “success stories” and, indeed, some ex-

planatory power can be recorded, see e.g. Mark (1995), Mark and Sul (2001),

even though recent literature is questioning these results because of method-

ological objections, see Kilian (1999) and Neely and Sarno (2002). However,

the fact that there is correlation, dependency and interaction between funda-

mentals and exchange rates is obvious, especially for long horizon analysis, see

e.g. MacDonald (1998). Not that clear is how the interaction can be modeled

and explained. The complex dynamics of the Foreign Exchange (FX) market is

hard to grasp and often this interaction is hard to express in analytical models.

With respect to this problem the use of flexible machinery learning methods

such as ANN, as an inherently non-linear method and especially search algo-

rithms such as GA, which have the capacity to learn (unknown) relationships

between independent variables and dependent variables can therefore be useful

and bring more insights into the dynamics of exchange rate behavior, thus for

forecasts.

Structural Exchange Rate Models

Exchange rate forecasts based on fundamentals are difficult and the success

may be weak. Nevertheless, the modeling of exchange rates has become a real
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challenge among economists interested in international trade, international fi-

nance, monetary policy and econometrics beginning shortly after the current

regime of floating exchange rates. This interest is documented by countless

publications, many of them proposing structural fundamental models for fore-

casts.

The first structural model to be observed is the so-called flex-price mone-

tary model (FPMM). This model focuses on the current account (rather than

the capital account) and assumes flexible prices and exogenous determined

output. In the case of floating exchange rates, the FPMM explains a relation-

ship between (rapid) monetary growth and a depreciating exchange rate and

vice versa. Another common version of the general monetary approach is the

sticky-price monetary model (SPMM), which tries to consider expectations by

invoking the rational expectations hypothesis. The SPMM is based on the

assumption of perfectly mobile capital flows and slow (sticky) adjusting prices

on the goods market. Furthermore, in the SPMM framework, the slow adjust-

ing goods market is said to be dominated by excess demand, which works via

the price expectations augmented Phillips curve. However, the reduced form

forecast equation for the general monetary approach can be written as given

in the equation (1) with s indicating the nominal exchange rate and asterisks

variables from foreign countries (for all other models notations are analogous,

see e.g. Grimm (1997) for details):

st+1 = f

(
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Relative changes in money supply are denoted by ΔM , relative changes in

national income by ΔY and relative changes in long-term interest rates by

Δrl,tM . Indices are indicating publication lags. The signs above the variables

indicate the (theoretical) expected signs of the first partial derivative. As an

ANN is used, the signs are observed by using sensitivity analysis. The next

model considered is the Dornbusch overshooting model (see Dornbusch (1976))

with the forecast equation:
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with P indicating price levels and rk short-term interest rate. So, ΔPt−1

P ∗
t−1

ex-

presses the change in relative price levels. As can be seen the Dornbusch model

differs with respect to a consideration on changes in the relative price level in-

stead of foreign and domestic money supply and national income. The next

model considered is the Frankel real interest differential model (see Frankel
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(1979). It was shown that the Frankel approach considers money supplies, na-

tional incomes and the expected inflation differentials. The expected inflation

differential is usually approximated by the differential of long-term interest

rates or, according to Frankel (1979), by long-term government Bonds. Con-

trary to the previous models, the Frankel approach considers in addition the

countries’ real interest rates (rr).

Accordingly the forecast equation can be written as follows:

st+1 = f
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⎝ Δ
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As can bee seen the Frankel approach differs from the former models with re-

spect to the number of included variables. Especially in considering real inter-

est rates which considers changes in price levels from the Dornbusch approach.

Additionally to the structural models the PPP condition was considered with

the forecast equation of the form:

st+1 = f

(
(+)

Pt−1,
(−)

P ∗
t−1

)
. (4)

The PPP forecast equation is the simplest one and considers only domestic

and foreign price levels and can be directly found in the Dornbusch approach

and indirectly over money supplies in the other approaches.

Machine Learning: Support Vector Machines

Support vector machines (SVM) (see e.g.(Vapnik, 1995)) or more accurately

support vector regression (SVR) were introduced relatively recently to the

field of load forecasting, e.g. (Chen et al., 2004; Niu et al., 2007c; Hsu et al.,

2006; Wang et al., 2007; Niu et al., 2007b; Afshin and Sadeghian, 2007; Li

et al., 2007). Support vector machines are generally used for data classifica-

tion and regression. They are non-linear kernel-based approaches. Instead of

performing the regression in the original (x, y)-space the x-data are mapped

into a higher-dimensional space using a mapping function ϕ. Support vector
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regression solves therefore

min
w,b,ζ,ζ∗

1

2
wT w + C

l∑
i=1
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i )
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ε (Chen et al., 2004).

Instead of solving the problem in primal space, it is possible to switch to a

dual representation
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with Qij =ϕ (xi)
Tϕ (xj) (Chen et al., 2004). The mapping function ϕ or, more

exactly, the inner product remains to be determined. Instead of an explicit

computation, special kernels are applied. Common examples include linear ker-

nels ϕ (xi)
Tϕ (xj) = xT

i xj , polynomial kernels ϕ (xi)
Tϕ (xj) =

(
γ xT

i xj + b
)
d,

and radial basis function (RBF) kernels ϕ (xi)
Tϕ (xj)=exp

(−γ |xi − xj |2
)
. In

the context of load forecasting, the RBF kernel is used in most cases. Chen

et al. (Chen et al., 2004) applied support vector regression for MTLF. The

context of the application was a competition organized by EUNITE (Euro-

pean Network on Intelligent TEchnologies for Smart Adaptive Systems). The

aim of the competition was to predict the load demand (daily peak loads) in

January 1999. The data made available comprised half-hourly loads from 1997

to1998, average daily temperature from 1995 to 1998 and the dates of holidays

from 1997 to 1999. The SVR-method developed by Chen et al. (Chen et al.,

2004) won the EUNITE competition followed by an Adaptive Logic Network

approach(Esp, 2002), a machine-learning approach similar to standard feed-

forward neural networks. In (Chen et al., 2004), an extension of the original

EUNITE study was presented. The best approach reached a MAPE of 1.95%.

It consisted of a SVR using the load information of the past seven days and

calendar information as input variables. For training, only “winter” data, i.e.,
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load information from January to March and from October to December was

taken into account, since the authors identified two clearly separate patterns

or summer and winter load times series (Chen et al., 2004).

Combining Machinery Learning with

Economic Theory

Our basic idea is to combine economic theory with machinery learning to fore-

cast exchange rates. Thus to increase the fitness of exchange rate models. We

want to combine the advantages of both approaches and avoid their disad-

vantages. The main advantage of forecasting exchange rates using economic

theory is that relatively stable relationships are considered.

Particularly with regard to the forecasting performance a main disadvan-

tage of theoretical approaches is that these stable relationships provide a low

statistical fit on actual data. As mentioned before, this is documented in liter-

ature. One reason for this is that they abstract from many other (temporary

and case specific) sources of influence on current exchange rate fluctuations

but also from psychological dynamics which can be modeled by technical in-

dicators. In this paper such indicators (among other fundamentals) are added

to the structural models by using machinery learning. On the other hand,

the problem of most pure machinery learning approaches is that they are not

able to distinguish between basic and fundamental relationships and tempo-

rary relationships. Moreover, machinery learning may be blinded by spurious

causality so that it can only model exchange rate behavior over a specific (rela-

tively short) time span. Whereas, a principle advantage of machinery learning

is that over these specific time spans a considerably high goodness of fit can be

achieved as such methods have the possibility to detect an trace influences on

exchange rates which are not describable by economic theory. See Table 1 on

the forecasting performance of machinery learning. As can bee seen in Table 1

the forecasting performance of the machinery learning approach achieves con-

siderably high forecast measures. The R2 ranks between 7% and 16% and the

hitrate ranks between 60% and 67%. This means that even without a consid-

eration of economic theory or exchange rate theory respectively a considerably

high performance can be achieved. In the following it is shown that the con-

sideration of economic theory can increase the forecasting performance even

more with the advantage that suspected spurious causalities can be avoided.
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Forecast measures Euro/US dollar Pound/ US dollar Yen/US dollar Euro/Pound Euro/Yen

Correlation (Target, Forecast) 0.3880 0.2714 0.3588 0.3552 0.3946

Correlation (Forecast, Residual) 0.0440 -0.2220 -0.1102 -0.0708 0.0865

Correlation (Target, Residual) 0.9378 0.8782 0.8882 0.9073 0.9496

Mean (Target) -0.0051 -0.0028 0.0007 -0.0023 -0.0045

Mean (Forecast) -0.0018 -0.0002 -0.0007 0.0021 -0.0020

Stdev (Target) 0.0305 0.0200 0.0339 0.0232 0.0406

Stdev (Forecast) 0.0106 0.0098 0.0157 0.0098 0.0128

R2 0.1505 0.0737 0.1287 0.1262 0.1557

Hitrate 60% 60% 67% 67% 63%

Table 1: Forecasting results of the machinery learning approach

Economic Theory as a Framework for

Machinery Learning

As mentioned, in this paper the forecast equations of the general Monetary

Model, the Dornbusch (1976) Overshooting Model, the Frankel (1979) Real

Interest Differential Model and the basic PPP condition have been used to

provide a framework in which machinery learning not only optimizes various

time series to express the formulated aggregates of explanatory variables best,

but also among which machinery learning searches for further relationships

to explain one-period-ahead exchange rate movements. This means that by

machinery learning additional fundamentals are allowed to be added to the

theoretical forecast equations but also that technical indicators can be included

in forecast equations.

Technical Indicators

Some economists argue that exchange rates are driven by market dynamics

and psychological factors and not mainly by fundamentals. Most studies on

technical trading focus on moving average rules. One reason for this focus is

the fact that moving average rules are easy to understand. Even though there

exist other technical indicators, in this paper, according to most literature on

the interrelation between fundamentals and technical rules, moving average

rules are employed. Thus to broaden the search space we consider the moving
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average mt(n) defined as

mt(n) =
1

n

n−1∑
i=0

st−i (5)

with st as the nominal exchange rate and n as the length of the moving average.

Simple technical trading rules consider the signal Φ(n1, n2) defined by

Φ(n1, n2) = mt(n1) − mt(n2) (6)

with n1 < n2; n1 and n2 are the short and long moving averages. However, if

Φ(n1, n2) exceeds zero, the short term moving average exceeds the long term

moving average to a certain extent. As a consequence a signal for buying is

obtained. In case that Φ(n1, n2) is negative a signal for selling is generated. In

this paper several moving average rules are seen to be includable in the search

space. Moving average rules are constructed ranging from [1,10] to [1,20],

[2,10], [2,20] and so on, to [10,20]. Whereas the first number of such pairs

denotes the short period and the second number denotes the long periods.

Constraining Machinery Learning by

Economic Theory

Applying economic theory constrains machinery learning to behave according

to described domain knowledge. For example, theory would say that when

the price level in country A is increasing, with other things held equal, the

currency of country A is expected to depreciate. This translates into forcing

the model to yield a negative coefficient. This negative coefficient, as an ANN

is used to generate the forecasts, is observed by using sensitivity analysis. The

GA is responsible for the model selection, thus evaluates ANN forecasts. The

fitness function therefore considers the signs of the coefficients (among the R2

and the hitrate). The data set, however, and machinery learning results based

solely on statistical criteria (measured on basis of limited evaluation periods)

will permit a coefficient different to that from economic theory, depending on

the mix of series used in the found forecast equation. Within the applied GA

the correct coefficient was taken into consideration making sure that economic

theory is used adequately. Coefficients other than those of economic theory

would violate economic laws and therefore would be more vulnerable to lead

to spurious results.
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On the Use of a GA for Model Selection

A GA is used in our work as a tool for optimizing combinations of input

(explanatory) variables to explain exchange rates, thus as a tool for model

selection. GA are powerful instruments for finding solutions of optimization

problems in poorly understood large spaces and can be quite effective in solving

large-scale combinatorial optimization problems. It is therefore no surprise

that GA have become more and more popular not only in applied forecasting

literature, but also regarding the theoretical issues on exchange rate behavior

(see for example Arifovic (2001)). GA can be applied to various questions

in economics, business administration, physics and more. For exchange rate

forecasting the utilization of GA is manifold. See, for example Allen and

Karjalainen (1999) on the application of GA to find technical forecasting rules.

However, the applied GA is different to the former literature as it stresses the

influences of fundamentals on exchange rate behavior and considers domain

knowledge from economic theory. The reason for constraining the GA with

economic theory (domain and a priori knowledge) is that the GA combines time

series to form forecast models based solely on statistical criteria. The fitness

function, as mentioned, considers the R2, the hitrate (direction of change) and

the sensitivities of the coefficients. This means that even though the GA is a

powerful tool it cannot deal with logical or theoretical issues.

As experience showed, the reliance on a high statistical fit (in our work

measured partly by the R2) without a consideration of theoretical aspects

often lead to spurious forecast success (see Table 1). This means that forecasts

are quite unstable by considering different evaluation periods. To avoid these

problems, the genetic algorithms were constrained by economic theory, thus

to achieve better results as theoretical models perform stable (measured in

different evaluation periods).

In (Huo et al., 2007) genetic programming (see e.g. (Eiben and Smith,

2003)) was used directly for load forecasting. In short, evolutionary algo-

rithms mimic the natural evolution: They are population-based search or op-

timization heuristics that apply the principles of recombination, mutation, and

selection to find good solutions. Since they are on the one hand population-

based and on the other randomized algorithms, they are expected to be more

robust against a convergence in local optima and towards noise (Kyriakides

and Polycarpou, 2007). Furthermore, they do not require the same restrict

assumptions as some classical approaches. Genetic programming is a specific

evolutionary algorithm which evolves “programs” or functions directly. Apart

from genetic programming, evolutionary algorithms and PSO appear to be

applied mainly for determining an optimal setting of control parameters of the



Fundamental exchange rate forecast models 789

principal method.

Hybrid Approaches

Different to that are hybrid approaches which are also very common. Gener-

ally, these approaches combine two or more different approaches in order to

overcome some drawbacks of the original methods. Frequently, combinations

of CI-methods and classical methods or of several CI-methods can be observed.

We already mentioned that Particle Swarm Optimization (PSO) was used to

determine the order and the coefficients of an ARMAX-model (Huang et al.,

2005). Particle swarm optimization (Eberhart and Kennedy, 1995) is used

also in combination with fuzzy neural networks (Liao, 2007), neural networks

(Bashir and El-Hawary, 2007; Niu et al., 2007a), and support vector machines

(Wang et al., 2007). A particle swarm models the swarming behavior of a flock

of birds or a school of fish. It consists of a population of several individuals,

each representing a possible solution. The individuals update their position

and velocity based on the memory of their best position and the best position

in a neighborhood (or the whole swarm) (Engelbrecht, 2006). Frequently, ge-

netic algorithms or other evolutionary algorithms are applied in combination

with artificial neural networks approaches (de Aquino et al., 2007; El Desouky

et al., 2001; Liao and Tsao, 2006).

Structuring the Search Space According to

Economic Theory

The combination of theoretical relationships with additional relationships has

the advantage that the goodness of fit of the theoretical models can be raised

without endangering that relationships offered by economic theory get lost. To

search among combinations between those two sorts of influences the GA is

applied. However, to constrain the GA, the search space is divided into several

clusters or factor groups (F ) from each of which the GA has to select variables

to build forecast models. Usually one serie from each factor group, while those

are assembled according to theoretical issues. This means for example that if

economic theory demands a consideration of interest rates in a forecast equa-

tion, a group consisting of a variety of bonds with varying maturity and other

series to express countries’ interest rate, such as for example prime lending

rates or interbank rates, is used from which the GA tries to find the most

appropriate series. A factor group representing a country’s real economic ac-

tivity usually contains series of industrial production, leading indicators such
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as housing starts, car sales and registrations, composite indicators and other

series that express economic growth. The advantage of using a GA for this

optimization task is that many combinations between series from different fac-

tor groups can be evaluated automatically without loosing the structure of

the theoretical models. The number of factor groups, depends on the theory

used, and the number of series in the factor group depends on how abstract

the theory is formulated, as well as on issues such as availability of data on

different frequencies. Especially on higher frequencies such as on a monthly

frequency many theories are only applicable by using proxies. The focused

monthly frequency appears to be most appropriate to show the effectiveness

of the presented approach, as more data is exploitable compared to a quar-

terly or yearly frequency. However, as mentioned, in addition to considering

the series in accordance with economic theory, other sources of influence are

evaluated. Usually other exchange rates, technical indicators (moving average

rules) and financial market series such as stock market indices have been taken

into account, because they not only are said to have the capacity to proxy (or

even anticipate) real economic activity but also are mapping capital movement

between countries, which in turn affect exchange rates. This idea of constrain-

ing the GA can be expressed analytically. The general representation of the

forecast equation to be optimized is of the following form that the search space

is divided in several clusters:

st+1 =

k1∑
j=0

n1∑
i=1

β1
ij F 1

it−j + . . . +

km∑
j=0

nm∑
i=1

βm
ij F m

it−j +

k1∑
j=0

n1∑
i=1

αij Xit−j (7)

with Fi indicating series from factor groups according to economic theory and

Xi indicating all other series used. Accordingly β denotes the coefficients of

the theoretical variables and α that of all others. The variable m stands for

the number of theoretical factor groups, k for the number of lagged series

considered and n for the number of variables in one group of factors. The GA

is used for the model selection, whereas is constrained to select exactly one

variable from every theoretical factor group, which means

∀ m ∃ i, j : βm
ij �= 0. (8)

The number of series that can be selected from cluster X is unconstrained, but

usually limited by three series. As heard the number factor groups depends

on which theory used. This means for the general monetary model F 1 = M ,

F 2 = M∗, F 3 = Y , F 4 = Y ∗, F 5 = r and F 6 = r∗. The variable M denotes

time series for the domestic money supply and M∗ for the foreign money

supply; Y are time series which express domestic real economic activity and Y ∗
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Figure 1: Clusters (divisions) of the search space of the monetary model

for foreign real domestic activity and r, respectively r∗ denotes all time series

which express the rate of interest in the home country, respectively foreign

country. For the Dornbusch Model F 1 = Pratio, F 2 = r∗ and F 3 = r. Series

for Pratio all express the ratio between domestic and foreign price level. Last,

for the Frankel Model the following is valid: F 1 = M , F 2 = M∗, F 3 = Y ,

F 4 = Y ∗, F 5 = rlong, F 6 = r∗long, F 7 = rreal, F 8 = r∗real, F 9 = rshort and F 10 =

r∗short. Whereas in the Frankel approach the interest rate factor is divided

into three groups of factors to consider the real rate of interest (subscript

real), short-term interest rates (subscript short) as well as long term interest

rates (subscript long) separately. The following figure illustrates the allocation

time series out of the factor groups to form forecast models using the general

monetary model as an example.

The group of factor X comprises fundamentals different to the fundamen-

tals according to theoretical aggregates. The question mark indicates different

variables, which are allowed to vary for each exchange rate. This means espe-

cially financial market series, lagged exchange rates and technical indicators.

As out-of-sample results are evaluated in the fitness function no measure is

needed which considers the number (parameters) of series from X. Never-

theless for simplicity reasons the number of variables in X was restricted by

three.

Forecasting Results

Applying the GA within the theoretical constraints not only resulted in con-

siderably well performing forecast models, but also revealed some interesting

features. Table 1 shows the forecasting performance of applying machinery
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Forecast measures Euro/US dollar Pound/ US dollar Yen/US dollar Euro/Pound Euro/Yen

Correlation (Target, Forecast) 0.2258 0.4457 0.4569 0.4433 0.2510

Correlation (Forecast, Residual) -0.0521 -0.1759 -0.0663 -0.0457 -0.0477

Correlation (Target, Residual) 0.9611 0.9596 0.8573 0.9157 0.9549

Mean (Target) -0.0051 -0.0028 0.0008 -0.0023 -0.0045

Mean (Forecast) -0.0026 -0.0005 0.0000 0.0014 -0.0041

Stdev (Target) 0.0305 0.0200 0.0340 0.0232 0.0406

Stdev (Forecast) 0.0084 0.0057 0.0175 0.0093 0.0121

R2 0.0510 0.1986 0.2088 0.1965 0.0630

Hitrate 73% 63% 60% 70% 60%

Table 2: Forecasting results of the combined approach, economic theory inte-

grated as a framework in machinery learning

learning without considering exchange rate theory and Table 2 shows the fore-

casting results of the combined approach, thus the attempt of increasing the

fitness of theoretical exchange rate models. By comparing the forecasting per-

formance of the machinery learning approach (Table 1) with the combined

approach in Table 2 it can be seen that the forecasting performance increased

substantially. Especially the R2 increased substantially for the Pound/US dol-

lar, Yen/US dollar, Euro/Pound and the Euro/Yen. Whereas for the Euro/US

dollar the R2 decreased but the hitrate (correct forecast of the direction of

change) increased from 60% to remarkable 73%. It can be seen that in sum

the forecasting performance increased and resulted in better measures than

that of the naive forecast (Table 3). This means that the fitness of such mod-

els is higher (compared to their usual ability to outperform the näıve forecast).

With Mean Error (ME) 1
n

∑n
t=1 (At − Ft), Mean Absolute Error (MAE)

1
n

∑n
t=1 |At − Ft|, Mean Squared Error (MSE) 1

n

∑n
t=1 (At − Ft)

2, Mean Per-

centage Error (MPE) 1
n

∑n
t=1

(
At−Ft

At

)
· 100, Mean Absolute Percentage Error

(MAPE) 1
n

∑n
t=1

(∣∣∣At−Ft

At

∣∣∣) · 100 with F denoting forecasts and A denoting

actual (realized) values.

It is also interesting that this combination of machinery learning and eco-

nomic theory is fruitful for machinery learning (applied alone). The average

hitrate of the pure machinery learning approach of 63% was outperformed by

an average hitrate of the combined approach of 65%. The average R2 of the

combined approach of 14.4% is also better than the average R2 of the pure

machinery learning approach of 12.8%. The same characteristics can be noted
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Method Exchange rate ME MAE MSE MPE MAPE

Machinery learning Euro/US dollar -0.0036 0.0199 0.0007 -0.4070 2.1408
Machinery learning Pound/US dollar -0.0045 0.0248 0.0009 -0.2932 1.6376
Machinery learning Yen/US dollar 0.1067 2.8760 13.0058 0.0516 2.5127

Machinery learning Euro/Pound -0.0030 0.0103 0.0002 -0.4913 1.6649
Machinery learning Euro/Yen -0.3497 2.9167 14.8819 -0.3991 2.7826

Combined approach Euro/US dollar -0.0020 0.0207 0.0007 -0.2329 2.1982
Combined approach Pound/US dollar -0.0038 0.0226 0.0008 -0.2583 1.4868
Combined approach Yen/US dollar 0.0100 2.7653 11.7405 -0.0123 2.4237

Combined approach Euro/Pound -0.0025 0.0098 0.0002 -0.4179 1.5913
Combined approach Euro/Yen -0.2123 3.0530 16.0854 -0.1907 2.9040

Naive forecast Euro/US dollar -0.0055 0.0227 0.0008 -0.6011 2.4299
Naive forecast Pound/US dollar -0.0045 0.0252 0.0009 -0.3147 1.6603
Naive forecast Yen/US dollar 0.0243 3.0297 14.4797 -0.0354 2.6790

Naive forecast Euro/Pound -0.0017 0.0114 0.0002 -0.2868 1.8502
Naive forecast Euro/Yen -0.6317 3.0283 17.6091 -0.6156 2.8851

Table 3: Overview of the forecasting errors of all approaches

by means of the forecast errors (see Table 3). As suggested by Diebold and

Mariano (1995) the random walk hypothesis was tested and our results per-

formed significantly better than the naive forecast. Table 3 shows also the

forecast errors of the naive forecast. However, regarding the applicability of

the different theoretical forecast equations as frameworks the general mone-

tary model in combination with other sources of influence achieved the best

performance. Compared to the Dornbusch (1976) Overshooting Model and

the Frankel (1979) Real Interest Differential Model which (partially) are nest-

ing the “general” approach. The forecast equation of the (general) monetary

model only in one case, namely of the Euro/US dollar was not successful.

Secondly, when looking at the results, it is worth noting that during the

evaluation periods (the years 2000 and 2001) variables expressing relative eco-

nomic growth between the two countries in the bilateral exchange rate rela-

tionship have been selected very often by the machinery learning process and

provide much explanatory power.

Thirdly, it was discovered that aside from the inclusion of variables express-

ing real economic activity, machinery learning also resulted in the inclusion of

stock market indices. Interesting in context of the importance of variables ex-

pressing economic growth is that the presence of stock market indices can be

explained by the fact that the stock market is said to exhibit predictive power
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for real economic activity.

Conclusions

The utilization of machinery learning to increase the fitness of theoretical ex-

change rate models resulted in an increased forecasting performance. It was

also shown that the implementation of economic theory (fundamental, struc-

tural economic models from exchange rate theory) as a framework for machin-

ery learning increased the out-of-sample forecasting performance compared to

applying machinery learning without a consideration of domain knowledge. To

introduce domain knowledge the GA (applied as a tool for model selection)

was constrained in a way to consider the demands of economic theory. The

reason for doing so was that economic theory was able to provide a stable

framework in which the potential of machinery learning could be exploited.

Additionally to such frameworks the GA was allowed to consider additional

sources of influence on future exchange rate behavior: especially technical in-

dicators (moving average rules) and financial market variables. The fitness of

theoretical attempts of exchange rate determination was increased consider-

ably by machinery learning. By including sensitivity analysis in the fitness

function it was able to make such an expansion of theoretical frameworks as

the correctness and validity of such frameworks could be considered and guar-

anteed. By combining the two approaches - machinery learning and economic

theory - it was possible to construct forecast models on a monthly frequency

which behave stable over time and have a relatively high goodness of fit.
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