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Abstract: Inflation measures the relative changes in the prices of commodities and services over a period 
of time. In other to devise better policies to control the inflation rates it is necessary to know the pattern of 
inflation in the country. In this study, we employed an empirical approach to modelling monthly data in 
Ghana using the Box-Jenkins approach. The result showed that ARIMA (3, 1, 3) (2, 1, 1)12 model was 
appropriate for modelling the inflation rates. This model has the maximum log-likelihood of 242.90 and the 
least AIC of -465.80, AICc of -464.89, BIC of -430.51, RMSE of 0.080, MAPE of 1.902 and MAE of 
0.054. Diagnostic test of the model residuals with the ARCH LM-test and Durbin-Watson test indicates that 
there was no ARCH effect and autocorrelation in the residuals respectively. Finally, an 11 months forecast 
for the year 2012 with the model revealed that Ghana is likely to experience single digit inflation values. 
Hence, we recommend that government and other policy makers should adopt appropriate measures to 
ensure that the objective of achieving single digit inflation value is met. 
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INTRODUCTION 

 
Inflation is an important economic indicator that 

the government, politicians, economist and other 
stakeholders use as their bases of argument when 
debating about the state of the economy. In recent 
times, debate on achieving single digit inflation value 
has been the major concern of the government and the 
opposition parties. Inflation measures the relative 
changes in the prices of commodities and services over 
a period of time. This economic indicator has direct 
effect on the state of the economy. For instance, it 
influences the interest rate we get on savings and the 
rate we pay on our mortgages. Also, it affects the level 
of state pensions and benefits. 

Policy makers will be very happy if they are able to 
know the pattern of these inflation values. Empirical 
researches have been carried out in the area of 
forecasting using Autoregressive Integrated Moving 
Average (ARIMA) models popularised by Box and 
Jenkins (1976). Alnaa and Ferdinand (2011) used 
ARIMA approach to predict inflation in Ghana. In their 
study, they used monthly data from June, 2000 to 
December, 2010 and found that ARIMA (6, 1, 6) is best 
for forecasting inflation in Ghana. Junttila (2001), 
applied the Box and Jenkins (1976) approach to model 
and forecast Finnish inflation. Also, Pufnik and 
Kunovac (2006) applied the similar approach to 
forecast short term inflation in Croatia. In many 
researches in the area of forecasting, the Box and 

Jenkins (1976) models tends to perform better in terms 
of forecasting compared to other well known time 
series models. Appiah and Adetunde (2011) used the 
Box and Jenkins (1976) approach to model and forecast 
the exchange rate between the Ghana cedi and the US 
dollar. In their study, they found that ARIMA (1, 1, 1) 
model was appropriate for forecasting, the exchange 
rate. 

This study thus, aims to model and forecast the 
inflation rates in Ghana. This is imperative because it 
helps policy makers to know the pattern of the inflation 
rates and adopt appropriate policies to control it.  
 

MATERIALS AND METHODS 
 

This study was carried out in Ghana in January, 
2012, using data on inflation rates from January, 1990 
to January, 2012. The data was obtained from the 
website of the Bank of Ghana. The data was modelled 
using Seasonal Autoregressive Integrated Moving 
Average (SARIMA) stochastic model. An ARIMA 
( , , ) model is a combination of Autoregressive (AR) 
which shows that there is a relationship between present 
and past values, a random value and a Moving Average 
(MA) model which shows that the present value has 
something to do with the past residuals. If the data has a 
seasonal component, then ARIMA (p, d, q) is extended 
to include the seasonal component. Thus, Seasonal 
Autoregressive Integrated Moving Average (SARIMA) 
model   is  expressed  as  ARIMA  (p, d, q)  (P, D, Q)s* 
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The orders  and   are for the non-seasonal AR 
and MA component respectively. The orders of the 
Seasonal AR and MA component are   and  
respectively. Also, the order of differencing for the 
seasonal and non-seasonal are  and	   respectively. 

The estimation of the model consists of three steps, 
namely: identification, estimation of parameters and 
diagnostic checking. 

 
Identification step: Identification step involves the use 
of the techniques to determine the values of p, q p, Q, D 
and d. The values are determined by using 
Autocorrelation Function (ACF) and Partial 
Autocorrelation Function (PACF). For any ARIMA (p, 
d, q) process, the theoretical PACF has non-zero partial 
autocorrelations at lags 1, 2,   ..., p and has zero partial 
autocorrelations at all lags, while the theoretical ACF 
has non zero autocorrelation at lags 1, 2, …, q and zero 
autocorrelations at all lags. The non-zero lags of the 
sample PACF and ACF are tentatively accepted as the p 
and q parameters. To identify the orders of the seasonal 
component, for seasonal MA the ACF shows a 
significant spike at the seasonal lags while for the 
seasonal AR component, the PACF shows significant 
spike at the seasonal lags. The number of times the data 
was seasonally and non-seasonally differenced gives 
the value of    and  respectively. 
 
Estimation of parameters: The second step was the 
estimation of the model parameters for the tentative 
models that have been selected. Here, the model with 
the maximum log-likelihood and minimum values of 
Akaike Information Criterion (AIC), modified Akaike 
Information Criterion (AICc), Normalized Bayesian 
Information Criterion (BIC), Root Mean Square Error 
(RMSE), Mean Absolute Percentage Error (MAPE) and 
Mean Absolute Error (MAE) was considered as the best 
model. 
 
Diagnostic checking: The estimated model must be 
check to verify if it adequately represents the series. 
Diagnostic checks are performed on the residuals to see 
if they are randomly and normally distributed. Here, the 
plot of the ACF of the residuals was examined to see if 
the residuals are white noise. An overall check of the 
model adequacy was made using the Ljung-Box Q 
statistics. Furthermore, an ARCH LM-test and Durbin 
Watson test were performed on the residuals of the 
fitted model. These tests are performed to check for 
homoscedasticity and autocorrelation of the residuals, 
respectively. 

Unit root test: This test was performed to check 
whether the data was stationary. In view of this, the 
Augmented Dickey-Fuller (ADF) test and Phillips-
Perron (PP) test were used for the test. The test is based 
on the assumption that a time series data  follows a 
random walk: 
 

   
 
where,  

1, thus,  is subtracted from both sides. 
∆ 	and 1. The null hypothesis 
is H : 0 and therefore 1.0 against the 
alternative that H : 0 and 1. 

 
RESULTS AND DISCUSSION 

 
Figure 1, shows the time series plot of the inflation 

monthly data, given an overview about the series. The 
series shows a periodic pattern over a period of time. 
From Fig. 1, it can be seen that the data was not 
stationary. This can be seen from the slow decay in the 
ACF of the series and a very significant spike at lag 1 
of the PACF with marginal spikes at few other lags as 
shown in Fig. 2. In addition, Fig. 2 shows significant 
spike at lag 12 of the PACF which is an indication of 
seasonal variation in the data set. 

Also, the ADF and PP test shown in Table 1 shows 
that the series was not stationary. Hence, the data was 
transformed using logarithmetic transformation to 
achieve stationary series. The transformed data was 
then differenced seasonally and tested. The seasonal 
first differenced of the transformed data indicates that 
the series was not stationary. Thus, the transformed data 
was again differenced non-seasonally. After both the 
seasonal and non-seasonal difference of the transformed 
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Fig. 1: Time series plot of the inflation data 



 
 

Curr. Res. J. Econ. Theory., 4(3):83-87, 2012 
 

85 

 
Fig. 2: ACF and PACF of the inflation data 

 
  Table 1: Unit root test of the inflation data in its level form 

Test Statistic p-value 
Augmented dickey-fuller -2.5520 0.344 
Phillips-perron -12.9539 0.384 

 
  Table 2: Unit root test of the differenced transformed inflation  

data 
Test Statistic p-value 
Augmented dickey-fuller -8.987 0.01 
Phillips-perron -215.272 0.01 

 
data, the ADF and PP test as shown in Table 2 indicates 
that the series was stationary. 

Furthermore, the rapid decay in the ACF and the 
PACF of the transformed differenced data as shown in 
Fig. 3 affirms that the data was stationary after the 
seasonal and non-seasonal difference. From Fig. 3, 
there was significant spike at lag 12 of the ACF which 
suggests that a seasonal moving average component 
needs  to  be added to our model. Also, the PACF in 
Fig. 3, shows significant spikes at the seasonal lag 12, 
24 and 36, indicating that a seasonal autoregressive 
component needs to be added to our model. In addition, 
the  ACF  and  PACF  of  the transformed series cut-off  
after  lag  5  with  few  significant  spikes  at  other non-  

 
Fig. 3: ACF and PACF of the transformed inflation data 
 
seasonal lags. Thus, different ARIMA (p, d, q) (P, D, 
Q)12 models were fitted to the transformed data and the 
best model selected based on the maximum value of 
log-likelihood and minimum values of AIC, AICc, 
RMSE, MAPE and MAE. 

From Table 3, ARIMA (3, 1, 3) (2, 1, 1)12 was the 
best model based on the selection criterion used. This is 
because it satisfies most of the selection criterion. The 
parameters of this model were then estimated. As 
shown in Table 4, all the parameters are significant. In 
addition, the model was diagnosed to see how well it 
fits the data. It can be seen from Fig. 4 that the ACF of 
the residuals shows that the residuals are white noise 
although there was a significant spike at lag 0 of the 
ACF which could be due to random factor. 
Furthermore,  the  plot of the Ljung-Box p-values in 
Fig. 4 shows that the model was adequate for 
representing the data as they were above the 0.05 value 
indicated by the blue line. Also, the ARCH LM-test and 
the Durbin-Watson test of the residuals in Table 5 
indicate that there  was  no  ARCH  effect  and 
autocorrelation in the residuals of the model 
respectively at the 0.05 level of significance. 

  
Table 3: Different ARIMA (p, 1, d) (P, 1, D)12  models fitted 

Model  AIC  AICc  BIC Log-likelihood RMSE MAPE MAE 
ARIMA (1, 1, 1) (2, 1, 1)12 -464.41 -464.07 -443.23* 238.21 0.083 1.922 0.055 
ARIMA (1, 1, 2) (2, 1, 1)12 -462.42 -461.96 -437.72 238.21 0.083 1.921 0.055 
ARIMA (1, 1, 3) (2, 1, 1)12 -461.46 -460.86 -433.22 238.73 0.082 1.918 0.055 
ARIMA (3, 1, 0) (2, 1, 1)12 -462.40 -461.94 -437.69 238.20 0.083 1.933 0.056 
ARIMA (3, 1, 1) (2, 1, 1)12 -461.42 -460.82 -433.18 238.71 0.082 1.921 0.055 
ARIMA (3, 1, 3) (2, 1, 1)12 -465.80* -464.89* -430.51 242.90* 0.080* 1.902* 0.054* 

*: Best based on the selection criterion 
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Table 4: Estimates of ARIMA (3, 1, 3) (2, 1, 1)12 model 

Type Coefficient SE  t-statistics p-value 
AR (1) -0.738 0.046 -16.120 0.000 
AR (2) -0.318 0.067  4.740 0.000 
AR (3)  0.818 0.040  20.600 0.000 
SAR (12) -0.439 0.070 -6.270 0.000 
SAR (24) -0.136 0.068 -2.010 0.045 
MA (1) -1.097 0.046 -24.080 0.000 
MA (2) -0.179 0.076 -2.350 0.020 
MA (3)  0.482 0.047  10.180 0.000 
SMA (12)  0.954 0.044  21.680 0.000 

 
Table 5: Diagnostic test statistics  

Test  Statistics p-value 
ARCH LM 14.725 0.991 
Durbin-watson 1.982 0.443 

 
   Table 6: Eleven months out-sample forecast for the year 2012  

Month Forecast LCL UCL 
February 8.821 7.448 10.448 

March 8.531 6.545 11.119 
April 8.782 6.152 12.537 
May 9.160 5.869 14.295 
June 9.279 5.459 15.775 
July 9.496 5.135 17.560 
August 9.730 4.841 19.558 
September 9.529 4.375 20.754 
October 9.193 3.903 21.652 
November 9.431 3.706 23.999 
December 9.384 3.422 25.727 

   UCL: 95% Upper Confidence Limit; LCL: 95% Lower Confidence  
Limit 

 

 
 

Fig. 4: Diagnostic plots of residuals of ARIMA (3, 1, 3) (2, 1, 
1)12 model 
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Fig. 5: Plot of in-sample and out-sample forecast of inflation 

data 
 
Finally, we made forecast with our model. From 

Fig. 5, the in-sample forecast shows that our model was 
able to produce values that mimic the behaviour of the 
actual observations although the values were not 
exactly the same. Hence, we made an 11 month out-
sample forecast for the year 2012 as shown in Fig. 5. 
From the forecasting results, because the process is 
non-stationary, the confidence limit becomes wider as 
the number of forecast increase. Hence, the large 
forecast interval indicates the stochastic nature of the 
data. As shown in Table 6, although the 11 months 
forecast shows a slight increase in the pattern and then 
followed by a slight decrease in pattern, Ghana is likely 
to experience single digit inflation for the year 2012 
according to our forecast. 
 

CONCLUSION 
 

In this study, we modelled the inflation rates of 
Ghana using the Box and Jenkins (1976) approach. The 
best model we identified for the inflation rates was 
ARIMA (3, 1, 3) (2, 1, 1)12. An 11 months forecast with 
our model for the year 2012 showed a slight increase in 
the inflation pattern followed by a slight decrease in the 
pattern. From the out-sample forecast, we infer that the 
country is likely to experience single digit inflation for 
the year 2012. 
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