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Abstract
Modelling and forecasting foreign exchange rate fluctuations represents a big challenge in today’s
global economy. The main objective of this research is to explore the capacity of deep learning approach
for forecasting changes in exchange rates of Macedonian Denar against Euro. The model developed has
been empirically validated over a publicly available dataset collected from the web site of the National
Bank of the Republic of Macedonia. Obtained results show good correspondence between real and
forecasted data. This implies that deep learning can be potentially useful method for forecasting the
Euro vs Denar exchange rate fluctuations.
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INTRODUCTION
According to Merriam-Webster dictionary the term exchange rate is defined as “the
ratio at which the principal unit of two currencies may be traded”. Many scientific
studies consider the exchange rate as the most important macroeconomic variable in
an open economy that might be used as a health indicator of the economy of an
individual country. This consideration is becoming even more evident in the current
environment of deregulation and globalization of financial markets.
Due to the trading purposes, currencies can be converted on the foreign exchange
market. Therefore, the foreign exchange market plays a fundamental role in today`s
international trade, without which it will be practically impossible.
In the literature two main types of exchange rates are distinguished: floating (flexible)
and fixed regime. A floating exchange rate is influenced by the free market forces. It
may increase or decrease following the laws of supply and demand. The government
in this case does not intervene. A fixed exchange rate is a type of regime where a
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currency's value is fixed against either the value of another single currency to a basket
of other currencies or to another measure of value, such as gold.
When a government selects a fixed exchange rate regime it actually subordinates its
monetary policy to the exchange rate objective and thus it is becoming difficult to
target different nominal variable on a longer perspective. The Central Bank that
adopts the fixed exchange rate regime, simultaneously accepts that it will not conduct
monetary policy that is independent from the anchor currency country. This means
that the domestic country money supply becomes endogenous variable determined
by the money supply in the anchor currency country, in order to keep the stability of
the exchange rate (Bisev & Boskov, 2016).
Countries that select the fixed exchange regime usually tight their currency to US
dollar or euro. Like many countries in the early stages of transition, many SouthEastern European countries rely mainly on fixed exchange rates. Since gaining its
monetary independence in 1992, the National Bank of the Republic of Macedonia
(NBRM) has changed its monetary policy regime once. From the initial period of
transition until the end of 1995, the monetary policy regime was oriented towards
money supply targeting (Trajkovic, 2006). At the end of 1995, policy makers switched
to a fixed exchange rate by pegging the domestic currency to the German mark and
later on to the euro (Trajkovic, 2006).
Macedonian`s economy today is characterized as a small and open economy with
ambition to integrate to the European Union. The process of integration supports the
single currency with argument that it is in favor of international trade and stability of
exchange rate. Exchange rate is directly influencing the exports and imports of every
country as well as Macedonian, and they on the other side are influencing the
country`s lower or higher balance of trade. The exchange rate is considered important
determinant not only for countries but, also for businesses as well as for individuals,
and consequently, it is becoming very important subject for analysis and research by
economist and others (like for e.g. borrowers, corporate treasurers, fund managers,
specialist traders, etc.).
Many scientific papers and studies reported that foreign exchange (FX) rates
fluctuations are highly unpredictable and, due to the difficulties involved in
forecasting, only 3 out of 10 spot foreign exchange dealers make a profit in any given
year (Carney and Cunningham 1996).
For a long period of time, economists have supported a random walk hypothesis,
implying that exchange rate changes have independent and identical statistical
distributions. The presence of a random walk in currency markets is a sufficient but
not necessary condition for the existence of weak form efficiency according to the
efficient market hypothesis, which suggests that past movements in exchange rates
cannot be used to predict its future movements (Li et al., 2015). However, the empirical
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literature shows strong evidence that exchange rates are not independent of the past
changes (Ca’Zorzi et al., 2016).
In the last two decades many scientists have conducted empirical studies in order to
determine a suitable model that reflects the fluctuations of FX rates between most
influent currencies (Engel et al., 2015; Pilbeam & Kjell, 2015). It is scientifically proven
and reported in various studies that FX rates are influenced by different co-integrated,
macro-economic, political and even psychological factors. Up to date, there is no
universal model that entirely encompass all those factors and their complex
interactions.
Therefore, modeling and forecasting FX rate fluctuations represents a big challenge in
today’s global economy. Since financial time series, such as exchange rates, are
complex and typically nonlinear, we can analyze the processes, that change the time
series data as a black box and then study the dynamic movements of the series
(Anastasakis & Neil, 2009). Considering this nonlinearity of FX rates we believe that
the best model for their fluctuations prediction are the neural networks that by
definition are nonlinear in nature. There are two main categories of neural networks,
feed forward and recurrent networks.
This paper explores the capacity of recurrent neural networks (RNN) for forecasting
changes in exchange rates of the Macedonian Denar versus the Euro. The model
developed has been empirically validated over a publicly available dataset, results are
presented, discussed and the conclusions are drawn.
RELATED WORK
Since the beginning of 90’s many research studies focused their interest in modeling
and forecasting exchange rates. In their study (Meese & Rogoff, 1983) empirically
derived a conclusion that a random walk model outperforms a range of time series
and structural models. Alexander and Thomas (1987) and Wolff (1987) independently
from each other proved that the random walk model is superior over econometric
models, even in the case when these models are implementing time-varying
parameters. The same conclusion has been derived using time varying autoregressive
models.
Many negative comments and reviews were published regarding the scientific works
of Sweeney (1986) and Lukac et al., (1988) due to using less than rigorous methods for
predicting exchange rates. In his paper, Hsieh (1989) derived another useful
conclusion that proves linear dependency of exchange rate changes. Having in mind
that all the derived conclusions and results in above mentioned studies rely mainly
on linear time series models, one may easily conclude that the impossibility to
accurately predict the exchange rates may be due to the limitations of linear models.
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Many scientists in their studies have developed nonparametric models that try to
encompass nonlinearities in FX rates (Diebold & Nason, 1990; Meese & Rose, 1990;
Engel & Hamilton, 1990; Engel, 1994). In addition, other studies (Engel & Hamilton,
1990; De Grauwe et al., 1995; Fang et al., 1994) have provided scientific proof of models
giving good results in nonlinear predictions of FX rates. Likewise, several studies have
reported the nonlinearities in FX rate series but, have also shown that changes of
exchange rates are nonlinearly dependent, although they are often serially
uncorrelated (Medeiros et a., 2001; Hong & Lee, 2003). Similarly, Zhang and Hu (1998)
in their study showed that nonlinear models outperformed the linear model they
estimated.
The growing popularity of the Artificial Intelligence (AI) and its application in various
fields (Loshkovska & Koceski, 2015), starting from tourism (Koceski & Petrevska,
2012), through medicine (Trajkovik et al., 2014; Stojanov & Koceski, 2014; Koceski &
Koceska, 2016), biology (Stojanov et al., 2012), education (Koceski & Koceska, 2013),
robotics (Koceski et al., 2012; Koceski et al., 2014; Serafimov et al., 2012; Koceska et al.,
2013), and also in economics (Koceski & Koceska, 2014), is mainly due to the apparatus
i.e. the models and techniques used to mimic the human reasoning, learn and improve
during time. One of these models that has been proven to give optimal results in
solving various problems is the model of Artificial Neural Networks (ANNs). They
are statistical models directly inspired by, and partially modeled on biological neural
networks. They are capable of modeling and processing nonlinear relationships
between inputs and outputs in parallel. The capabilities for exchange rate prediction
using Multilayer Perceptron (MLP) neural networks has been successfully used for
time series prediction but, they use computationally intensive training algorithms and
can easily stuck in local minima (Galeshchuk, 2016).
Radial Basis Function (RBF) neural networks have also been used for FX rates
prediction (Chaudhuri & Ghosh, 2016), but, these networks have problems in dealing
with large amounts of training data, while demonstrating poor interpolation
properties, when using reduced training sets. In the case of RBFs, the networks are
trained only once on a large example set taken from the signal such that the dynamics
of the underlying system can be captured. Therefore, the networks produce sequential
outputs in response for newly arriving data. This means that such a system can be
used when the dynamics of the time series does not change considerably over time, a
condition which is usually contravened in practice (Lee & Haykin, 1993).
Many other AI models have been recently applied and used for FX rates prediction.
Shen et al., (2016), have proposed deep belief network (DBN) for forecasting of
exchange rates. They have applied conjugate gradient method to accelerate the
learning for DBN. The theory of fuzzy logic has also been applied for FX rates
forecasting (Korol, 2014). Hybrid method of multiple kernel learning and genetic
algorithm for forecasting short-term foreign exchange rates has been presented with
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good results (Deng et al., 2015). Recurrent neural network nave been proven to give
very good results in forecasting of economic time series data such as stock returns
(Rather et al., 2015).
Therefore, in this paper, we are exploring the capability and potential of RNN, for
prediction of FX rates between the Macedonian Denar and the Euro.
EMPIRICAL MODEL
FX rate prediction is sequencing problem that in machine learning is usually solved
using various models. Probably the simplest problem based on a sequential data is a
one to one problem. In this case, the model has one input (tensor) and the model
generates prediction based on that input. In order to use the previous values i.e. to
take into consideration the past of the sequence this model should be extended and
transformed in a sort of one to many problem. The one to many problem starts like
the one to one problem where we have an input to the model and the model generates
one output. However, the output of the model is now fed back to the model as a new
input.
A recurrent neural network deals with sequence problems because their connections
form a directed cycle. In other words, they can retain state from one iteration to the
next by using their own output as input for the next step. In programming terms this
is like running a fixed program with certain inputs and some internal variables. The
simplest recurrent neural network can be viewed as a fully connected neural network
if we unroll the time axes (Fig. 1).
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FIG.1. RNN WITH UNROLLED TIME

In this univariate case only two weights are involved (Eq. 1):

Yt  tanh(wYt 1  uxt )

(1)

The weight multiplying the current input xt, which is u, and the weight multiplying
the previous output Yt-1, which is w. This formula is like the exponential weighted
moving average by making its pass values of the output with the current values of the
input.
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Having this in mind, the deep RNN can be built by simply stacking units to one
another. However, this kind of network will work well only for a short-term memory.
Since the problem of FX rates extension has a longer time dependency, a modification
of this network is necessary.
Long Short-Term Memory (LSTM) networks are an extension for recurrent neural
networks, which basically extends their memory. Therefore, it is well suited to learn
from important experiences that have very long time lags in between. The architecture
of the basic cell/node of this model is given on the diagram presented in the Fig. 2.
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FIG.2.
LSTM NETWORK NODE ARCHITECTURE

This model is organized in cells which include several operations. LSTM has an
internal state variable, which is passed from one cell to another and modified by
Operation Gates.
Forget Gate
Forget gate is defined with the Eq. 2.

ft   (W f  [ht 1 , xt ]  b f )

(2)

It is a sigmoid layer that takes the output at t-1 and the current input at time t and
concatenates them into a single tensor and applies a linear transformation followed
by a sigmoid. Because of the sigmoid, the output of this gate is between 0 and 1. This
number is multiplied with the internal state and that is why the gate is called a forget
gate. If ft=0 then the previous internal state is completely forgotten, while if ft=1 it will
be passed through unaltered.
Input Gate
The input gate takes the previous output and the new input and passes them through
another sigmoid layer (Eq. 3).

it   (Wi  [ht 1, xt ]  bi )
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This gate returns a value between 0 and 1. The value of the input gate is multiplied
with the output of the candidate layer (Eq. 4).

Ct  tanh(WC  [ht 1, xt ]  bc )

(4)

This layer applies a hyperbolic tangent to the mix of input and previous output,
returning a candidate vector to be added to the internal state.
The internal state is updated according the rule defined with Eq. 5.
~

Ct  ft  Ct 1  it  C t

(5)

The previous state is multiplied by the forget gate and then added to the fraction of
the new candidate allowed by the output gate.
Output Gate
This gate controls how much of the internal state is passed to the output and it works
in a similar way to the other gates. Its function is described with the Eq. 6 and Eq. 7.

Ot   (WO  [ht 1, xt ]  bO )

(6)

ht  Ot  tanh Ct

(7)

These three gates described above have independent weights and biases, hence the
network will learn how much of the past output to keep, how much of the current
input to keep, and how much of the internal state to send out to the output.
EVALUATION OF THE MODEL
Dataset description
We use daily Macedonian Denar and Euro exchange rates. All data were collected
from the web site of National Bank of the Republic of Macedonia (NBRM web site,
2018). Data were collected for the period January 1st 1999 to March 31st 2018 (Fig. 3).

FIG.3. EXCHANGE RATES EURO VS DENAR
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There were overall 7,030 observations; paper used data till December 31st 2013 (i.e.
5480 samples which is around 80% of the dataset - depicted in blue on Fig. 4) to build
the model, while remaining data (presented in orange on Fig. 4) were hold for
checking the accuracy of the forecasting performance of the model.

FIG.4. TRAIN VS TEST SPLIT

The recurrent model of network was built as a one-layer sequential model. 6 LSTM
nodes in the layer were used and each of them was given an input of shape (1,1), which
is one input given to the network with one value.
The last layer was a dense layer where the loss is mean squared error with stochastic
gradient descent as an optimizer. The model was trained for 200 epochs with early
stopping callback. The summary of the model is presented in Table 1.
After the training the developed model has learned to reproduce the yearly shape of
the data well and the results of forecast are presented in Fig. 5.

TABLE 1. NETWORK MODEL

Layer (type)
LSTM
Dense
Total params: 415
Trainable params: 415
Non-trainable params: 0
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Output Shape
(None, 6)
(None, 1)

No. Params
408
7
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FIG. 5. PREDICTIONS GENERATED BY THE TRAINED NETWORK

CONCLUSION
Deep learning LSTM neural network models are powerful enough to learn the most
important past behaviors and understand whether or not those past behaviors are
important features in making future predictions. LSTM works like a model which has
its own memory and which can behave like an intelligent human in making decisions.
The model developed has been empirically validated over a publicly available dataset
collected from the web site of the National Bank of the Republic of Macedonia.
Obtained results show good correspondence between real and forecasted data. This
implies that deep learning can be potentially useful method for forecasting the Euro
vs Denar exchange rate fluctuations.
Future work foresees changes and improvements of the developed model. Various
changes can be made in this model to improve it. The first intuitive idea is to modify
the optimizer. Another important improvement is to implement the Sliding Time
Window method, which comes from the field of stream data management.
This approach comes from the idea that only the most recent data are important. One
can show the model data from a year and try to make a prediction for the first day of
the next year. Sliding time window methods are very useful in terms of fetching
important patterns in the dataset that are highly dependent on the past bulk of
observations.
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