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Monthly savings deposit rates of Nigerian banks are herein modelled by 
seasonal Box-Jenkins methods. The realisation analysed, herein called SDR, 
spans from January 2006 to November 2013.  The time plot of SDR shows an 
overall negative trend, an indication of a decline in Nigerian bank customers’ 
savings dividends with time. Seasonality is not obvious. Twelve monthly 
differencing of the series yields a series SDSDR with a generally horizontal 
secular trend and no clear seasonality. Both SDR and SDSDR are adjudged to 
be non-stationary by the Augmented Dickey Fuller Tests. Non-seasonal 
differencing of SDSDR yields the series DSDSDR. This series has a horizontal 
trend and still with no clear seasonality. It is adjudged to be stationary. 
However its autocorrelation plot establishes 12-monthly seasonality. Two 
seasonal autoregressive moving average models are proposed and fitted: 
one is multiplicative/subset and the other additive. This latter model is 
shown to be superior to the former one on all counts. For instance, it better 
explains the variations in the data than the former model.  Moreover, the 
residuals of the additive model are shown to be uncorrelated. This shows 
that the model is adequate. Forecasting of the deposit rates might be done on 
the basis of the model. It is recommended that further studies be done with a 
view to finding models that could better explain the variation in the time 
series. 
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INTRODUCTION 
 
Savings deposits rates are the extent to which interest is 
paid on money deposited in savings accounts. Such 
economic and financial time series are known to exhibit 
some seasonality. For instance, interbank call rates, gross 
domestic product, inflation rates, foreign exchange rates, 
unemployment rates, etc. have been observed to be 
seasonal. Such seasonal series may be modelled by seasonal 
autoregressive integrated moving average (SARIMA) 
techniques. Researchers who have concerned themselves 
with the application of SARIMA modelling in the recent 
past, highlighting its comparative advantage, include 
Suhartono (2011), Suhartono and Lee (2011), Mal et al. 
(2011), Adanacioglu and Yercan (2012), Linlin and 

Xiaorong (2012), Oduro-Gyimah et al. (2012), Paul et al. 
(2013), Mombeni et al. (2013), Padhan (2011), Etuk et al. 
(2013), Etuk (2012), Etuk and Nkombou (2014), to mention 
a few.  

A SARIMA model could be subset, multiplicative or 
additive (Suhartono, 2011). Suhartono observed that the 
additive model outperformed the multiplicative one in 
forecasting. Etuk et al. (2013) fitted an adequate additive 
model to monthly Nigerian Naira-CFA Franc exchange rates.  
The purpose of this write-up is to fit a SARIMA model to 
monthly Nigerian savings deposit rates, so as to provide 
basis for possible forecasting.   
There is  perhaps no existing case of time series analysis of 
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monthly Nigerian savings deposit rates.  
 
 
MATERIALS AND METHODS 
 
The data for this write-up are ninety five monthly savings 
deposit rates from January 2006 to November 2013 
published in the website of the Central Bank of Nigeria 
website www.cenbank.org . It is published under the Data 
and Statistics heading and the Money Market Indicators 
subheading.  
 
SARIMA models 
 
A stationary time series {Xt} is said to follow an 
autoregressive moving average model of orders p and q, 
denoted by ARMA(p, q), if it satisfies the following equation 

qtqtttptttt XX    ...... 2211211      
(1)  

where the coefficients, ’s and ’s, are constants such that 
the model is both stationary and invertible, and the 
sequence of random variables {t} is a white noise process.  

Alternatively model (1) may be put as 
A(L)Xt = B(L)t      (2)     
where A(L) = 1 - 1L - 2L2 - ... - pLp and B(L) = 1 + 1L + 

2L2 + ... + qLq, and L is the backward shift operator defined 
by LkXt = Xt-k. For stationarity and invertibility of the model, 
the zeroes of A(L) and B(L) must be outside the unit circle 
respectively. 

Most time series are non-stationary. Box and Jenkins 
(1976) proposed that  differencing of an appropriate order 
of such a time series could make it stationary. Suppose that 
d is the minimum degree of a non-stationary time series 
{Xt} necessary for it to be stationary. If we denote this dth 
difference of {Xt} by {dXt}, clearly the difference operator 
 is defined by  = 1 – L. If {dXt} satisfies model (1), {Xt} is 
said to follow an autoregressive integrated moving average 
model of orders p, d and q, denoted by ARIMA(p, d, q).  

If the series {Xt} is seasonal with period s and seasonal 
differencing of minimum degree D is necessary for 
stationarity, Box and Jenkins (1976) proposed that in order 
to capture this intrinsic seasonality that it may be modelled 
by 

A(L)(Ls)ds
D Xt = B(L)(Ls)t  (3)    

where (L) and (L) are the seasonal autoregressive 
operators and the seasonal moving average operators 
respectively. Suppose these operators are polynomials of 
orders P and Q respectively, where their coefficients are 
such that stationarity and invertibility of the entire model 
are guaranteed. The symbol s is the seasonal difference 
operator defined by s = 1 – Ls. The series {Xt} is then said 
to follow a  multiplicative seasonal autoregressive integrated 
moving average  model of orders p, d, q, P, D, Q and s, denoted  
by SARIMA(p, d, q)x(P, D, Q)s .  
Using  moving   average   symbolism  Suhartono (2011)  has 
Defined   the   additive,  the  multiplicative  and   the   subset 

 
 
 

 
SARIMA models. This is as highlighted below. 
 
SARIMA model fitting 
 
In order to fit the model (3), the orders p, d, q, P, D, Q and s 
must be determined. This determination is based on an 
awareness of the theoretical properties of the hypothesized 
models. The orders of differencing d and D often should 
sum up to not  more than 2 to avoid undue model 
complexity. Often it is sufficient to put each of them as 
equal to one, for stationarity. Stationarity shall be tested 
using the Augmented Dickey Fuller (ADF) Test. Often it is 
difficult or impossible to estimate s from the time plot. This 
period of seasonality is often determined from the 
correlogram of the differenced series as corresponding to 
the lag of the most significant spike. The non-seasonal 
autoregressive (AR) and moving average (MA) orders p and 
q may be determined as the cut-off lags of the partial 
autocorrelation function (PACF) and the autocorrelation 
function (ACF) respectively. Similarly the seasonal AR and 
MA orders, P and Q, may be determined as the seasonal cut-
off lags of the PACF and ACF respectively.   

However Suhartono’s (2011) SARIMA model fitting 
algorithm shall be used. His proposal is: 

1) Fit the SARIMA model 
Xt = t + 1t-1 + st-s + s+1t-s-1 
2) Check if s+1 = 0. If yes, the model is said to be 

additive. If not, 
3) Check if s+1 = s1. If yes, the model is 

multiplicative (0, 1, 1)x(0, 1, 1)s. If not, the model is subset.      
After order determination, the parameters may be 

estimated by a non-linear optimization technique because 
of the involvement of items of the white noise process in 
the model. Traditionally the least squares procedure or the 
maximum likelihood technique can be used. After model 
fitting, the model is subjected to some residual analysis to 
ascertain its adequacy. A model with uncorrelated residuals 
is adjudged adequate especially if the residuals are also 
normally distributed. 

In this work, the statistical and econometric software 
Eviews 3.1 is used for all the analytical work. This package 
employs the least error sum of squares principle for model 
estimation.   
 
 
RESULTS AND DISCUSSION  
 
The time plot of the realization SDR of the time series in 
Figure 1 shows a generally downward trend with no clear 
seasonality. This downward trend shows that Nigerian 
bank customers tend to get less dividends for their savings 
over the years. Twelve-monthly differencing of SDR yields 
the series SDSDR with a generally horizontal trend but with 
deep troughs between 2008 and 2009 and 2011 and still no 
clear seasonality (See Figure 2). A non-seasonal 
differencing   of   SDSDR  yields  the  series  DSDSDR  with  a  
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Figure 1: SDR 

 

 
 

Figure 2: SDSDR 

 
 
 
generally horizontal trend but still with no clear period of 
seasonality (See Figure 3). The ADF test statistic for SDR, 
SDSDR and DSDSDR are -1.4, -2.2 and -4.3. With the 1%, 5% 
and 10% critical values at -3.5, -2.9 and -2.6 respectively, 
only DSDSDR may be said to be stationary.   The 
correlogram of DSDSDR in Figure 4 shows significant spikes 
at lags 12 for both ACF and PACF. This is an evidence of a 

12-monthly seasonality and the presence of a seasonal 
moving average component of order one.   

Applying Suhartono’s (2011) algorithm yields the model 
of Table 1: 

DSDSDRt + 0.1568t-1 + 0.7411t-12 +0.0035t-13 = t       (4) 
With a standard error of 0.08, the MA lag 13  coefficient   of 
0.0035 is non-significant, yielding  the  additive  model     of 



Issues Bus. Manag. Econ.          057 
 
 
 

 
 

Figure 3: DSDSDR 

 
 

 
 

Figure 4: correlogram of DSDSDR 
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Table 1. subset/multiplicative SARIMA model estimation 
 

Variable              Coefficient             Std Error         t-statistic           Probability                                                                                                                                                             
MA(1)                  -0.156814              0.073964        -2.120126               0.0371 
MA(12)                -0.741086              0.068962        -10.74638               0.0000 
MA(13)                -0.003541              0.081939        -0.043216               0.9656   

 

R-squared  0.442816; Akaike Info criterion 0.451659; Schwarz criterion 0.539710 

 
Table 2: additive SARIMA model estimation 

 
Variable              Coefficient              Std Error          t-statistic          Probability 
MA(1)                  -0.101342               0.055788         -1.816559            0.0730 
MA(12)                -0.794420               0.055868        -14.21963             0.0000      

 

R-squared  0.469348; Akaike Info criterion 0.378481; Schwarz criterion 0.437181          

 
 

 
 

Figure 5: correlogram for additive SARIMA residuals 
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Table 2. 
DSDSDRt + 0.1013t-1 + 0.7944t-12 = t    (5) 
The residuals of model (5) are not correlated (See Figure 

5). Hence the model is adequate. Moreover model (5) is 
better than (4) on all counts. For instance it has the lower 
Akaike Information Criterion and Schwarz criterion and a 
higher R-squared. This means that the additive SARIMA 
model (5) more adequately explains the variation in 
DSDSDR than the model (4).  

The fitted model (5) is a moving average model of order 
12 with the only other significant lag of order 1. This means 
that the current value of the time series DSDSDR depends 
on the current and previous values (unobservable) 
members of  a white noise process or random shocks 
driving the system. The significant lags are 1 and 12.  
 
 
CONCLUSION 
 
Monthly Nigerian savings Deposit rates have been shown to 
follow an additive SARIMA model. This is shown not only to 
be adequate but to be superior to the subset or 
multiplicative counterpart.  It could be the basis for 
forecasting of the series. However further research is still 
recommended for better models.  
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