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Abstract: Genetic algorithms (GAs) are computer programs that mimic the processes of biological 
evolution in order to solve problems and to model evolutionary systems. In this study we apply GAs 
for Technical Models of Exchange Rate Determination in exchange rate market. In this framework, 
we estimated Auto Regressive (AR), Moving Average (MA), Auto Regressive with Moving Average 
(ARMA) and Mean Reversion (MA) as technical models for European Union’s Euro against the US 
Dollar using monthly data from January 1992 to December 2008. Then, we put these models into the 
genetic algorithm system for measuring their optimal weight for each model. These optimal weights 
have been measured according to four criteria R-Squared (R2), mean square error (MSE), mean 
absolute percentage error (MAPE) and root mean square error (RMSE). Results showed that for 
explanation of EU Euro against the US Dollar exchange rate behavior, Auto Regressive with Moving 
Average (ARMA) is better than other technical models. 
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INTRODUCTION 

 
Economists have never had much luck in forecasting asset prices in general or exchange rates in particular. 

Forecasting financial time series such as the stock prices or the exchange rates is important to the investors and 
the government. A good forecasting of a financial time series requires strong domain knowledge and good 
analysis tools. Many well-established methods, such as autoregressive (AR), autoregressive moving average 
(ARMA) and generalized autoregressive conditional heteroscedasticity (GARCH), have been successfully 
applied for financial forecasting. Recently, many researchers have focused on developing computational 
intelligence methods for forecasting financial time series. Experience the few past decades denotes significant 
growth of exchange rate literature and considering the importance of exchange rates as an important variable in 
open economy. Exchange rate has become to a vast area of research for economists (Preminger & Franck, 
2007).  

In international economics literature, there are two approaches for exchange rates forecasting. First, the 
fundamental approach that predicts exchange rates based on factors in the framework exchange rates 
determination models. The second approach is single-variable approach that uses only the past behavior of the 
exchange rate, to predict the future trend of them and due to lack of attention to other macroeconomic variables, 
this is known as the technical approach (Neely, 1997). Contrary to the then popular belief in the academic 
circles, in their seminal paper, Meese & Rogoff (1983) conclude that the monetary models of exchange rate 
determination and multivariate time series models have poor out-of-sample forecast performance when 
compared to the simple random walk model. The main reason for failure of fundamental models that comes 
from economists is that the economic variables used in these models, affect minimal impact on the daily or 
weekly exchange rate. These results lead to a channel opening to researchers such as Frankel & Moosa (1980) 
and Taylor & Allen (1992) who were able, to explain the behavior of exchange rates using technical models. 
They believed that the impact of economic variables on the long run exchange rate is true, but in the short run 
one, their expectations of traders in exchange rate markets are not based on fundamental variables, whereas are 
based on technical analysis (Moosa, 2000). These technical models are used in various kinds such as auto 
regressive, Moving Average, Auto Regressive with Moving Average and Mean Reversion models. Therefore, to 
check out which technical model or models are the best options to evaluate the behavior of exchange rates, a 
tool that is able to address the research is needed.  

To solve this problem, we can use the Genetic Algorithms (GA) as a new technique and a powerful tool in 
solving complex optimization problems that can find the best model among exchange rates models. The genetic 
algorithm has been increasingly employed to model the behavior of economic agents in macroeconomic models. 
The genetic algorithm learning has been used both as an equilibrium selection device and as a model of 
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transitional, out-of-equilibrium dynamics. When used in economic modeling, the genetic algorithm describes the 
evolution of a population of rules, representing different possible beliefs, in response to experience. In a parallel 
to population genetics, these rules undergo a selection process whereby more successful ones become more 
numerous in the population. The rules are subjected to random mutations and to recombination of their parts. In 
turn, such newly-created rules contribute to the diversity of the population. There are several advantages in 
modeling of agents' adaptation in this way. Genetic algorithms impose low requirement on the computational 
ability of economic agents. They allow for modeling the heterogeneity of agents' beliefs. Survival of decision 
rules depends on their performance, measured by the payoff that agents receive by employing them. Genetic 
algorithm patterns successfully mimic the behavior of human subjects in controlled laboratory settings (Arifovic, 
1996). So, the aim of this paper is finding the best model of technical exchange rate.  

Dempster & Leemans (2006) developed an automated foreign exchange trading system based on adaptive 
reinforcement learning. The parameters that govern the learning behavior of the machine learning algorithm and 
the risk management layer are dynamically optimized to maximize a trader’s utility. Chun & Park (2006) 
proposed a regression case-based reasoning technique where concepts are investigated against the backdrop of a 
practical application involving the prediction of Korean stock price index. Shin & Lee (2002) proposed a GA 
approach to bankruptcy prediction modeling, which is capable of extracting rules that are easy to understand for 
users like expert systems. Some technical trading rules using GA (Allen & Karjalainen, 1999; Neely et al., 
1997) have been used to analyze the profit from financial market. And some researches combined neural 
network, GA and knowledge-based techniques. 

The rest of the paper is organized as follows. Section 2 presents materials and methods. Section 3 
demonstrates results. The discussion is presented in Section 4. Section 5 concludes.  
 

MATERIALS AND METHODS 
 
Genetic Algorithm (GA) derives its name from the pioneer Holland (1973) who got his inspiration from 

the way of natural evolution. The method starts with a population of objects, or individuals, each having a 
known fitness. Using Darwinian principle of survival and reproduction of the fittest, genetic operations such as 
crossover (sexual recombination) and mutation are performed on these individuals, and new generations of 
individuals are bred from the previous generation. Using a suitable fitness function that gives a probability for 
which individuals to choose from, Genetic Algorithm solves a problem through driving the population's 
evolution in the direction we want it to go. In application, very much like DNA in nature, GA uses an encoding 
scheme to represents a probable solution, typically a vector or simply just binary code. In optimization and other 
problems, this can also be a point in a search space. Individuals with these “DNA” records could therefore be a 
used as criteria of judging the individuals' fitness or how close they are to the solution. The mechanics of a 
simple genetic algorithm is surprisingly simple, and an example is shown below. As would be seen, the method 
involves nothing more complex than copying strings and swapping partial strings. A suggestion on why this 
simple process works is more subtle and powerful, this would be presented in later sections. However it should 
be noted that the attractiveness of this method lies in its simplicity of operation and e effectiveness (Goldberg & 
Lingle, 1986). 

A GA consists in a number of strings containing information about how to behave in their environment 
and some operators, changing the strings. After “behaving“, the strings are evaluated by a fitness function, 
representing their environment, and the better adapted strings get higher scores. These in turn are important for 
the probability to be chosen by a selection operator that determines which strings are allowed to reproduce. The 
chosen strings then undergo a procedure of crossing-over and mutation, and the so built “offspring” forms next 
period’s generation that undergoes the same operations. Because of their notable power to improve and find 
good solutions even in confusing or changing environments, the GA, initially developed as a descriptive tool, 
were often used as an optimization procedure for complex technical or logistic problems as well (Davidor, 
1990). Economic applications of GA are laying somewhere in-between those two interpretations. The algorithm 
seems to be attractive as a procedure that is able to describe bounded rational behavior. In that case, especially 
in changing environments, such as e.g. the stock market, they do not necessarily reach equilibria (Dawid, 1997). 
Figure1 shows structure of all the genetic algorithms.  

 
GA differs from more traditional optimization techniques in four important ways: 

 GA uses objective function information to guide the search, not derivative or auxiliary information. 
 GA uses a coding of the parameters used to calculate the objective function in guiding the search, not the 

parameter themselves. 
 GAs searches through many points in the solution space at one time, not a single point. 
 GAs uses probabilistic rules, not deterministic rules, in moving from one set of solutions (a population) to 

the next. 
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Fig. 1: Flow chart of all GAs for comparative study. 
 
For convenience in our subsequent discussion, genetic algorithms with double strings for multidimensional 

0–1 knapsack problems proposed by Sakawa & Shibano (1998) are revisited with some modifications, and their 
computational efficiency and effectiveness are examined through computational experiments. 

As is well-known, a multidimensional 0–1 knapsack problem is formulated as:  
 
Minimize cx  

Subject to bAx ;          (1) 

.,...,1},1,0{ njxi   

 

Where ),...,( 1 nccc  is an n-dimensional row vector, T
nxxx ),...,( 1 is an n-dimensional column 

vector of 0–1 decision variables; ][ ijaA  , mi ,...,1 , nj ,...,1  is an )( nm coefficient matrix and 

T
mbbb ),...,( 1 is an m-dimensional column vector.  

It should be noted here that, in a multidimensional 0–1 knapsack problem, each element of c is assumed to 
be non-positive and each element of A and b is assumed to be nonnegative. 

It is assumed that a potential solution to a problem may be represented as a set of parameters (for example, 
the dimensions of the beams in a bridge design). These parameters (known as genes) are joined together to form 
a string of values (often referred to as a chromosome).  

For example, if our problem is to maximize a function of three variables, F(x, y, z) we might represent 
each variable by a 10-bit binary number (suitably scaled). Our chromosome would therefore contain three genes 
and consist of 30 binary digits. In genetics terms, the set of parameters represented by a particular chromosome 
is referred to as a genotype. The genotype contains the information required to construct an organism which is 
referred to as the phenotype (Grefenstette, 1986). For solving 0–1 programming problems through genetic 
algorithms, an individual is usually represented by a binary 0–1 string of length n (Goldberg, 1989). For 
handling m constraints defined by bAx in a multi-dimensional 0–1 knapsack problem, the most 

straightforward technique is to transform the constrained problem into an unconstrained problem by penalizing 
infeasible solutions, namely, penalty term is added to the objective function for any violation of the constraints. 
Based on the concept of penalty functions, it is possible to define the fitness function of each individual s by: 
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where ia , mi ,...,1 , is an n-dimensional i th row vector of the coefficient matrix A; ib , 

mi ,...,1 ,is an i th element of a vector b; and   is a positive parameter to adjust the penalty value. 

The fitness function equation (2) or (3) is defined for preventing to generate solutions by imposing 
penalties on individuals that violate the constraints.  

For multidimensional 0–1 knapsack problems, Sakawa et al (1994) proposed a double string representation 

as shown in Fig. 2, where },...,1{)(,}1,0{)( njsg js  and )()( jsjs  for jj  . In a double string, 

regarding )( js and )( jsg  as the index of an element in a solution vector and the value of the element, 

respectively, a string s can be transformed into a solution ),...,( 1 nxxx as: 

 

.,...,1,)()( njgx jsji           (4) 

 
Unfortunately, however, because this mapping may generate infeasible solutions, the following decoding 

algorithm for eliminating infeasible solutions has been proposed (Sakawa et al. 1994). In the algorithm, 

n , j , )( js , )( jsg  and )( jsP denote length of a string, a position in a string, an index of a variable, 0–1 value 

of a variable with index )( js decoded from a string, and a )( js th column vector of the coefficient matrix A, 

respectively. 
A fitness function must be devised for each problem to be solved. Given a particular chromosome, the 

fitness function returns a single numerical fitness or figure of merit, which is supposed to be proportional to the 
utility or ability of the individual which that chromosome represents For many problems, particularly function 
optimization, it is obvious what the fitness function should measure, but this is not always the case, for example 
with combinatorial optimization. For multidimensional 0–1 knapsack problems, it seems quite natural to define 
the fitness function of each individual s by: 

 

 


n

j jc

cx
sf
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Where s denotes an individual represented by a double string and x is the phenotype of s. Observe that the 

fitness is normalized by the minimum of the objective function, and hence the fitness )(sf  

satisfies 1)(0  sf . 

In a reproduction operator based on the ratio of fitness of each individual to the total fitness such as an 
expected value model, it is frequently pointed out that the probability of selection depends on the relative ratio 
of fitness of each individual. Thus, several scaling mechanisms have been introduced (Goldberg, 1989). Here, a 
linear scaling is adopted. 

In the linear scaling, the fitness if of an individual is transformed into if  according to: 

 

)).(( bfaf ii            (6) 

 

Where the coefficients a and b are determined so that the mean fitness meanf of the population should be a 

fixed point and the maximal fitness maxf of the population should be equal to multc . meanf . The constant multc , 

usually set as 0.22.1  multc , means the expected value of the number of the best individual in the current 
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generation surviving in the next generation. In order that if will be nonnegative for all i, Goldberg (1989) 

proposed the following algorithm for linear scaling. 
As before said, genetic algorithm method includes some operators as follows. During the reproductive 

phase of the GA, individuals are selected from the population and recombined, producing offspring which will 
comprise the next generation. Parents are selected randomly from the population using a scheme which favors 
the more fit individuals. Good individuals will probably be selected several times in a generation; poor ones 
may not be at all. Using several Multi-objective 0–1 programming test problems, Sakawa et al (1994) 
investigated the performance of each of the six reproduction operators – ranking selection, elitist ranking 
selection, expected value selection, elitist expected value selection, roulette wheel selection, and elitist roulette 
wheel selection and as a result confirmed that elitist expected value selection is relatively efficient.  

Elitist expected value selection is a combination of elitism and expected value selection as mentioned 
below.  

Elitism: If the fitness of a string in the past populations is larger than that of every string in the current 
population, preserve this string into the current generation.  

Expected value selection: For a population consisting of N strings, the expected value of the number of the 

i th string is  is calculated in the next population. 

 

N
sf

sf
N N

i i

i
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Then, the integral part of iN denotes the deterministic number of the string is preserved in the next 

population. The decimal part of iN is regarded as probability for one of the string is to survive; in other words, 




N

i iNN
1

][ strings are determined on the basis of this probability. 

The other operator is Crossover. Crossover takes two individuals and cuts their chromosome strings at 
some randomly chosen position, to produce two “head” segments and two “tail” segments. The tail segments are 
then swapped over to produce two new full length chromosomes. The two offspring each inherit some genes 
from each parent. Crossover is not usually applied to all pairs of individuals selected for mating. A random 
choice is made, where the likelihood of crossover being applied is typically between 0.6 and 1.0. If crossover is 
not applied, offspring are produced simply by duplicating the parents. This gives each individual a chance of 
passing on its genes without the disruption of crossover (Spears, 1993). 

If a single-point or multipoint crossover operator is applied to individuals represented by double strings, an 
index )( js  in an offspring may take the same number that an index )()( jjjs  takes. Recall that the same 

violation occurs in solving traveling salesman problems (TSPs) or scheduling problems through genetic 
algorithms. One possible approach to circumvent such violation, the crossover method called partially matched 
crossover (PMX) is useful. The PMX was first proposed by Goldberg & Lingle (1985) for tackling a blind 
traveling salesman problem. It enables us to generate desirable offspring without changing the double string 

structure, unlike the ordinal representation. However, in order to process each element )( jsg in the double string 

structure efficiently, it is necessary to modify some points of the procedures. 
Mutation is applied to each child individually after crossover. It randomly alters each gene with a small 

probability (typically 0.001). The traditional view is that crossover is the more important of the two techniques 
for rapidly exploring a search space. Mutation provides a small amount of random search space has a zero 
probability of being examined. It is well-recognized that a mutation operator plays a role in local random search 
in genetic algorithms. Here, for the lower string of a double string, mutation of bit reverse type is adopted. the 
original inversion for double strings is extended to deal with the substrings not only between h and k but also 
between k and h. Examples of bit-reverse type mutation and version are illustrated in Table 1. 

 
Table 1: Examples of bit-reverse type mutation and inversion 

4 1 5 7 6 2 3 
1 1 0 1 0 0 1 

Y 
 

4 1 5 7 6 2 3 
1 1 0 0 1 1 0 

 

   

4 1 5 7 6 2 3 
1 0 0 1 0 0 1 

 

X
 

4 2 6 7 5 1 3 
1 1 1 0 0 1 0 

 

        Bit – Reverse Type                  Inversion 
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If the GA has been correctly implemented, the population will evolve over successive generations so that 
the fitness of the best and the average individual in each generation increases towards the global optimum. 
Convergence is the progression towards increasing uniformity. A gene is said to have converged when 95% of 
the population share the same value. The population is said to have converged when all of the genes have 
converged. As the population converges, the average fitness will approach that of the best individual.  

Number of observations (in genetic algorithms: population size) in efficiency of genetic algorithm are 
Effective and decisive parameters. For example if the number of observations to be considered smaller than 
normal size, it may lead to early convergence (Fish et al., 2004). Therefore, considering the efficiency of 
problem solving and algorithm execution time, in empirical literature, the population size would be appropriate 
25 to 300 (Wang & Hsu, 2008). Finally To estimate technical models, different regressions can be used such as: 
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(Auto Regressive with Moving Average Model) 
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(Mean Reversion model) 
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In these equations, St is the Log exchange rate in time t. In this study, after estimating each fundamental 

and technical model, for weighting enters the genetic algorithms system. Optimal weights of each model will be 
measured according to these four criteria: R-Squared (R2), mean square error (MSE), mean absolute percentage 

error (MAPE) and root mean square error (RMSE). Let A , A and Â  be the actual, mean and fitted exchange 
rate respectively, four criteria are then defined as: 
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In other words, the objective function in genetic algorithms is so determined that model which has higher 

R2, mean square error, mean absolute percentage error or root mean square error, will be given less weight. The 
fitness functions used in the genetic algorithm are as follows (Vose, 1991): 
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In equation (16), the Probability of selection of Chromosome k is P (K), CRIi consists four criteria (R2, 

MSE, MAPE and RMSE) corresponding Chromosome k, max (CRIi) is maximum criteria in population and 
finally M is number of exchange rate models.  

 
Discussion: 

We use monthly data from January 1992 to December 2007 for European Union’s euro against the US 
Dollar for the estimation. The exchange rate data are end-of-period exchange rates and data for exchange rate 
was collected and certified by the Federal Reserve Bank of New York. We now turn to estimating the exchange 
rate models. In next step, optimal weights of each model have been determined according to four criteria (R2, 
MSE, MAPE, RMSE) using genetic algorithms. All other parameters (e.g., population size, number of 
generations) were kept constant for all experiments. 
 
Table 2: Performance Matrix for Exchange Rate Models Using Genetic Algorithm 

        Criteria 
   Model 

R2 MSE MAPE RMSE 
Weight Rank Weight Rank Weight Rank Weight Rank 

(AR) 0.1647 3 0.1738 3 0.1547 4 0.1391 3 
(MA) 0.2457 2 0.2607 2 0.3040 2 0.3215 2 
(ARMA) 0.4281 1 0.4785 1 0.3426 1 0.4206 1 
(MR) 0.1615 4 0.0870 4 0.1987 3 0.1188 4 

(AR): Auto Regressive     (MA): Moving Average 
(ARMA): Auto Regressive with Moving Average  (MR): Mean Reversion 
(R2): R-Squared     (MSE): mean square error 
(MAPE): mean absolute percentage error   (MAPE): root mean square error 
Source: Own calculations by using MATLAB software 

 
Table 2 summarizes the performance of the exchange rate models. Results based on genetic algorithms 

shows that Auto Regressive with Moving Average (ARMA) has better results than the other technical models of 
exchange rates relatively. Also Mean Reversion model was the worst model of technical exchange rates 
determination.  
 
Conclusion: 

The aim of this article is to test explaining the power of the technical models of exchange rates for EUR / 
USD using monthly data from January 1992 to December 2008. In this regard, genetic algorithms and how it 
work was described briefly. Then, optimal weights of these models were extracted using genetic algorithms. 
Weight of each model was selected according to four criteria R-squared (R2), mean square error (MSE), mean 
absolute percentage error (MAPE) and root mean square error (RMSE); So that, if a model has larger amounts 
of these four criteria, it will be less weight. The results showed according these criteria, Auto Regressive with 
Moving Average (ARMA) well explain behavior of exchange rate. Also according to R-squared (R2), mean 
square error (MSE) and root mean square error (RMSE) worst model is Mean Reversion (MR) and with mean 
absolute percentage error (MAPE), Auto Regressive model (AR) is distinguished as weakest model. In other 
words, EUR / USD exchange rate for the period 1992 to2008 is affected by its past values.  
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