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I. Introduction 

Exchange rate forecasting has become an occupation hazard for managers of multinational enterprises, importers, 

exporters, investors, tourists, bankers and policy makers. For instance, exchange rate appreciation, that is, 

increase in currency value of foreign currency, can negatively affect the importer who imports goods on credit to 

pay for them in future. If foreign currency appreciates, the importer pays more than planned. The exporter can 

also be negatively affected if he/she is awaiting payments from an importer if at the time of payment the foreign 

currency depreciates against the local currency thereby, negatively affecting cash flows. Therefore, changes in the 

exchange rate can affect cash flows, settlement of contracts and firm valuation especially for multinational 

corporations. Thus, changes in the exchange rate can bring a lot of uncertainty to financial executives of 

companies and can pose a risk to multinational corporations and firms involved in exporting and importing. In 

addition, most corporate decisions such as short term financing decisions, short term investment decisions, capital 

budgeting decisions, earnings assessments and long term financing decisions, hedging, speculation and arbitrage 

require forecasts of future exchange rate. However, the quality of business decisions for international transactions 

will depend on the accuracy of foreign exchange forecasts (Eun and Resnick, 2007).  In addition, macroeconomic 

management policy making, particularly for economies like Zambia in transition to inflation targeting with 

forward-looking monetary policy, requires accurate forecasts of macroeconomic variables, including the 

exchange rate. However, as Alam (2012) notes, exchange rate forecasting  is a hectic and tremendously 

challenging task because a forecaster needs to understand exchange rate movements, should have access to a 

superior model and any information that could be of great use in forecasting a financial variable. 

This paper therefore, aimed at developing a model to forecast the exchange rate between the Zambian kwacha 

(ZMK) and the US Dollar (USD) using the ARIMA model. The ARIMA model is a time series model which is 

atheoretic in nature in that, it is not based on economic theory but allows data to speak for itself. It is quite a 

technical approach in nature in the sense that it assumes that future price behaviour and patterns can be explained 

or predicted by information contained in the current and past price behaviour and patterns. Thus, the current study 

aimed at testing this model and see if, information contained in the current and past prices of currencies can 

explain future currency prices of ZMK and USD. 

II. Literature Review 

There exist a number of competing models for forecasting financial variables. However, so far there is no model 

that seem to out -perform the others but as would be the case, certain models do better in certain instances. Thus 

studies on forecasting financial variables are done by comparing models and pick the best model for forecasting. 

Alam(2012), conducted a study in which he examined the application of the autoregressive model (AR) and 

autoregressive moving average (ARMA) and the naïve strategy model for forecasting and trading the Bangladeshi 

Taka (BDT) against the US Dollar from July 03, 2006 to April 30, 2010 as in sample data set and May 01, 2010 

to July 04, 2011 as out of sample data set. His findings were that the ARMA model outperformed AR and the 

Naïve strategy for the in sample forecasting. For the out of sample forecasting both AR and the ARMA jointly 

outperformed the other models.  

Abstract: The main purpose of this study was to develop a model to forecast ZMK/USD exchange rate using 

an ARIMA model for sample period from 1964 to 2014. Out of the six ARIMA models that were estimated 

only three models had the lowest information criterion and were therefore, picked and subjected to further 

test so as to select the best model for forecasting. Out of the three good models, ARIMA (3,1,2) out-

performed the other two models in forecasting exchange rate since it had the smallest forecast errors 

namely the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE) and Theil Inequality index 

(TIC). The study also established that ARIMA models have good forecast ability at shorter horizons than at 

longer horizons. 
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Tseng at,el; (2001) compared the performance of ARIMA and Fuzzy ARIMA also called FARIMA model, in 

forecasting Taiwan New Dollar (NTD) against the US Dollar (USD). They found that FARIMA model 

outperformed ARIMA  model in forecasting exchange rate in the context of NTD/USD. This is because the 

output of FARIMA has characteristics of fuzziness which releases the assumption of white noise and this makes 

FARIMA model to require fewer observations than ARIMA model which requires a big sample ranging from 50 

to 100 observations. Thus, based on this finding, they concluded that FARIMA model is a better model especially 

in situations where a researcher has few observations and it enables a researcher to forecast the best and the worst 

possible situations with fewer observations. 

Nwanko (2014) fitted AR(1) and AR(2) models in the quest to understand how exchange rate can be modelled in 

Nigeria for the period 1982 to 2011. He found that AR(1) produced better results as compared to AR(2). Meese 

and Rogof (1998), and Chinn and Meese (1995) compared random walk models and structural econometric 

models in forecasting exchange rate. They found that random walk models like ARIMA performed well in 

forecasting financial variables but only for shorter horizons like 12 months. However, for horizons beyond 12 

months, structural econometric models perform better than random walk models. 

Joarder and Kamruzzaman (2003) investigated the predictive abilities of Artifical Neural Networks (ANN) 

models in predicting six foreign currencies against Australian dollar using historical data and moving average 

technical indicators and a comparison was made with traditional ARIMA models. Their finding showed that the 

ANN models outperformed the ARIMA model and thus based on their finding, they concluded that the ANN 

models can closely forecast exchange rate as compared to other models. Likewise Pradhan and Kumar (2010) did 

a similar study in India using ANN models and compared them with other models. Their study too reveal that the 

ANN is a successful tool in forecasting exchange rate. 

Dua and Ranjan (2011) did a study on modelling and forecasting exchange rate in India using the classical Vector 

Autoregressive (VAR) and the Bayesian VAR models. They found that forecasting accuracy using these models 

improved greatly when they incorporated forward premium and capital flows volatility. However, in comparing 

the two models, they found that the Bayesian VAR outperformed the classical VAR. 

As can be observed from this discussion, there are a number of models that can be used to forecast financial 

variables and each model seems to perform better than other models in certain situations. The major goal of the 

current study is to apply the ARIMA model in modelling ZMK/USD exchange rate and observe if data can speak 

for itself and test whether, current and past currency prices can help in predicting future values of exchange rate. 

III. Data and Methodology 

A. Data 

The ZMK/USD exchange rate data denoted as Exrate in our study was obtained from World Development 

Indicators. The data is annual and spans from 1964 to 2014. The total data set is broken down into in-sample data 

and out of sample data set. The in-sample data set covers the whole period from 1964 to 2014 while the out of 

sample data set covers the period from 2010 to 2014 and 2011 to 2014 respectively. The study made use of two 

out of sample data sets (2010 to 2014 and 2013 to 2014) for forecasting because comparison was also made 

regarding the ability of ARIMA models to forecast at shorter and longer horizon.

B. The ARIMA model 

As earlier explained an ARMA model is a time series model which is agnostic in nature in that, the model is not 

based on economic theory. In other words, a researcher does not need to assume knowledge of any underlying 

economic model of structural relationships (Meyler & Kenny, 1999). The assumption in an ARMA model is that 

past values of the series plus the previous errors contain information that can be used to predict future values of 

the variable in question. This implies that the future price behaviour and patterns can be explained or predicted by 

information contained in the current and past price behaviour and patterns.  

The ARMA model has two components namely the autoregressive (AR) model and the moving average (MA) 

model. The AR model takes the following shape; 

𝑌𝑡 =  µ + ∑ ф𝑖𝑌𝑡−𝑖 + 𝑢𝑡  
𝑝
𝑖=1                                                                                                                                    (1) 

Where  

𝑌𝑡 = dependent variable upon lagged (previous) values. In our study Y is exchange rate 

𝑌𝑡−𝑖 = the lagged values of Y 

µ = constant 

ф = coefficient 

𝑢𝑡 = white noise error term 

 P = the order of AR i.e. the number of lags contained in equation 1. Therefore equation 1 is called an    

autoregressive model of order p denoted as AR(p) 

The MA takes the following shape; 

𝑌𝑡 =  µ + ∑ ѱ𝑖𝑢𝑡−𝑖 + 𝑢𝑡  
𝑞
𝑖=1                                                                                                                                     (2) 

 

Where  

𝑌𝑡 = the dependent variable 
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𝑢𝑡=white noise error terms 

𝑢𝑡−𝑖 = lagged error terms also called innovations 

ѱ =coefficient  

q = the order of moving average process. Thus equation 2 is the moving average of order q denoted as MA(q). 

If the data series in question contains characteristics of both AR(p) and MA(q), then the model becomes 

ARMA(p,q) and take the following shape; 

𝑌𝑡 =  µ + ∑ ф𝑖𝑌𝑡−𝑖 + 𝑢𝑡
𝑝
𝑖=1  + ∑ ѱ𝑖𝑢𝑡−𝑖

𝑞
𝑖=1                                                                                                                   (3) 

Since a number of time series variables normally exhibit unit root characteristics (i.e- non-stationary), it is a 

tradition in econometrics to difference the data to make them stationary. If the data in question requires to be 

differenced to make them stationary, it means that the series are integrated and therefore the models is now called 

autoregressive integrated moving average model denoted as  ARIMA of order p,d and q. In econometrics 

parlance, this is written as ARIMA (p,d,q) where p is the order of AR, d is the number of times data need to be 

differenced to make them stationary. If y must be differenced, then ARIMA model takes the following shape; 

Δ𝑌𝑡 =  µ + ∑ ф𝑖Δ𝑌𝑡−𝑖 + 𝑢𝑡
𝑝
𝑖=1  + ∑ ѱ𝑖𝑢𝑡−𝑖

𝑞
𝑖=1       

Where Δ is the difference operator. 

C. Building ARIMA Model and Analysis 

Box and Jenkins (1994) suggested three steps to building an ARMA namely identification of ARMA, estimation 

of parameters of the ARMA and finally diagnostics checking of the model to determine whether the model is a 

good fit or not. Model identification according to Box and Jenkins (1994) involves use of ACF and PACF to 

identify MA(q) and AR(p) respectively. However, in this paper analysis started with test for unit root in data 

followed by analyses of ACF and PACF for both level data and differenced data to determine the order of the 

ARIMA model. Below are the results for Augmented Dick Fuller test and Philip Peron test for unit root 

presented in table 1 and 2.  

As can be observed in Table 1 and 2 both ADF test and Phillips Perron test for unit root indicate that exrate is 

not stationary in levels at all levels of significance (1%, 5% and 10%) since in levels both ADF statistics and the 

Adjusted t-statistics from Phillips-Perron tests are less negative than their respective critical values. However, in 

first difference exrate becomes stationary because the statistics in both tests are more negative than their 

respective critical values at all levels of significance. Actually what is observed is that the unit root test results 

are same for both tests. 

                                    Table 1: Augmented Dick Fuller Test For Unit Root Test  

Variable Levels  Differenced  Order of Integration 

 ADF-Statistics Critical Values 1%, 

5% & 10 % 

ADF-Statistics Critical Values 1%, 

5% & 10 % 

 

Exrate -0.981759 -4.152511 -6.385186 -4.156734 I(1) 

  -3.502373  -3.504330  

  -3.180699  -3.181826  

                              Table 2: Philips Perron Test For Unit Root Test  

Variable Levels  Differenced  Order of Integration 

 Adj-t-

Statistics 

Critical Values 1%, 

5% & 10 % 

Adj-t-Statistics Critical Values 1%, 

5% & 10 % 

 

Exrate -0.981759 -4.152511 -6.385186 -4.156734 I(1) 

  -3.502373  -3.504330  

  -3.180699  -3.181826  

The Graphs for ACF and PACF are presented in figure 1 and 2 below. 

Figure 1 
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Figure 2 

 
As can be observed in figure 1, the ACF shows that MA(q) could be either of order 1 or 2 while AR could be of 

higher order. The picture is not so clear for AR(p). In order to decide the order of ARIMA model, it is always 

advisable to make use of information criterion because in certain instances real data may not exhibit good patterns 

of ACF and PACF as explained in literature (Chris, 2008). The researchers therefore, made use of information 

criterion such as Akaike’s (1974) information criterion, Schwarz’s (1978) and Bayesian information criterion to 

help choose the best model. Thus the following ARIMA models were estimated ARIMA (1,1,1) ARIMA(1,1,2), 

ARIMA(3,1,1), ARIMA(3,1,2), ARIMA (4,1,1), ARIMA(4,1,2) and then information criterion was used to pick 

the best model. Table 3 shows results of estimates for all the ARIMA models. 

Table 3: ARIMA MODELS 

  
ARIMA ARIMA ARIMA ARIMA ARIMA ARIMA 

(1,1,1) (1,1,2) (3,1,1) (3,1,2) (4,1,1) (4,1,2) 

Constant 0.307295 0.112772 0.125086 0.126745* 0.112368 0.120462 

AR(1) 0.954595*** -0.157901 0.351868 -0.351420** -0.701507*** -0.363968** 

AR(2) 
  

0.376733** -0.234328 0.633864*** -0.22873 

AR(3) 
  

-0.257323 0.08136 0.169603 0.099444 

AR(4) 
    

-0.425687*** 0.017961 

MA(1) -0.954190*** 0.376932** -0.18367 0.581278*** 0.999736*** 0.602660*** 

MA(2)   0.717498***   0.938741***   0.946619*** 

AIC 0.702359 0.536313 0.755879 0.560838 0.579866 0.626835 

SIC 0.818185 0.690747 0.952703 0.797027 0.818385 0.905107 

HQIC 0.746303 0.594905 0.829945 0.649718 0.669217 0.731078 

***Coefficient is significant at 1%, 5% & 10% 

**Coefficient is significant at 5% & 10% 

**Coefficient is significant at 10% 

 

As can be observed in table 3, the models that have the lower values of information criterion listed in the 

ascending order are ARIMA (1,1,2), ARIMA (3,1,2) and ARIMA (4,1,1). Although ARIMA (1,1,2) has the 

lowest values of information criterion which implies that it could be the most parsimonious model, it has only two 

coefficients which are significant. The other models namely ARIMA (3,1,2) and ARIMA (4,1,1) have more 

coefficients which are significant. This makes it challenging to choose ARIMA( 1,1,2) for final analysis. 

Therefore some further tests such as serial correlation and normality tests were performed for ARIMA (1,1,2), 

ARIMA (3,1,2) and ARIMA (4,1,1). Table 4 below shows the statistics of the said tests. 

 

Table 4: Breusch-Godfrey LM Test for Serial Correlation in 

residuals 

Jarque-Bera Normality test 

Model Chi-square 
statistics 

probability Jarque-Bera statistics probability 

ARIMA(1,1,2) 0.556847 0.7570 0.691392 0.707728 

ARIMA(3,1,2) 0.663248 0.7178 1.928611 0.381248 

ARIMA(4,1,1) 3.148751 0.2071 1.019443 0.600663 
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Table 4 shows that the null hypothesis of no serial correlation in the residuals of all the estimated ARIMA models 

cannot be rejected because the respective probabilities of the chi-square statistics of all the models are greater 

than 1% signifying absence of serial correlation. In terms of normality the Jarque-Bera test indicates that all the 

ARIMA models in table 4 are normally distributed since their respective probability of the Jarque-Bera statistics 

are greater than 1%. 

To finally select the best ARIMA model, forecasting was done for all the three ARIMA models and the bench 

marks for comparison were Root Means Squared Error (RMSE), Mean Absolute Error (MAE) and the Theil 

Inequality Coefficient (TIC). As is explained in literature the smaller the values of these statistics the better the 

ARIMA model for forecasting. The out of sample forecast period was from 2013 to 2014 (Chris, 2008). The 

results are shown in table 5 below. 

 

               Table 5: Forecast Statistics for ARIMA Models (Forecast sample period: (2013-2014) 

 Root-Mean Squared 
Error 

Mean Absolute Error Theil Inequality coefficient 

ARIMA (1,1,2) 0.238146 0.232303 0.244955 

ARIMA (3,1,2) 0.207583 0.1837848 0.200083 
ARIMA (4,1,1) 0.357245 0.314342 0.347767 

 

Table 5 shows forecast statistics for the competing ARIMA models for the forecast sample period from 2013 to 

2014. It is clear from the statistics presented in table 5 that the best model in terms of forecasting exchange rate is 

ARIMA (3,1,2) because the forecast errors namely the RMSE, MAE and TIC are smallest for ARIMA (3,1,2) 

model.  

D. Forecasting with ARIMA models: Short versus Long Horizon 

   Table 6: Forecast Statistics for ARIMA Models for Different forecast  sample periods 

 Forecast Sample Period: 2013 - 2014 Forecast Sample Period: 2010 - 2014 

Model Root Mean squared 

Error 

Mean absolute error Root Mean squared 

Error 

Mean absolute error 

ARIMA (1,1,2) 0.238146 0.232303 0.438189 0.392796 
ARIMA (3,1,2) 0.207583 0.1837848 0.403610 0.377286 

ARIMA (4,1,1) 0.357245 0.314342 0.405063 0.367526 

 

The table 6 presents results of forecast for different out of sample period. The intention of the researchers was to 

find out if ARIMA models are quiet good at forecasting financial variables at shorter time horizons or longer time 

horizons. Thus forecast for one year period was compared to four year period forecast. The findings in table 5 

show that all the ARIMA models have stronger predictive abilities for 1 year forecast as compared to 4 years.  

Thus each ARIMA model presented in table 5 performed better in one year forecast than the four years forecast 

since the forecast errors for out of sample from 2013 to 2014 are lower than 2010 to 2014 forecast period for all 

the ARIMA models. This find is consistent with other authors like Meese and Rogof (1998), and Chinn and 

Meese (1995) who also found that ARIMA models perform better at shorter horizons than longer horizons. 

IV. Conclusion  

The main objective of this study was to develop an ARIMA model that could help predict ZMK/USD exchange 

rate. Seven ARIMA models were developed from the annual exchange rate data ranging from 1964 to 2014. The 

ARIMA models from which the best model was picked were ARIMA (1,1,1), ARIMA (1,1,2), ARIMA (2,1,1), 

ARIMA (3,1,1), ARIMA (3,1,2) ,ARIMA (4,1,1) and ARIMA (4,1,2). Out of all these models the ARIMA 

models with the lowest values of information criterion in the order of ascendance were ARIMA (1,1,2), ARIMA 

(3,1,2) and ARIMA (4,1,1). These models were further subjected to test to pick the best model for forecasting. 

The model that out-performed the other models was ARIMA (3,1,2) since it had the smallest values forecasting 

errors namely the Root mean squared error (RMSE), Mean absolute error (MAE) and Theil inequality index 

(TIC). In addition, the authors also compared forecasting ability of ARIMA models at short horizons and at 

longer horizons. The findings showed that ARIMA models forecasting better at shorter horizons than at longer 

horizons. 
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