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Abstract
This work is focused on the modeling of the monthly internally
generated revenue of Rivers State of Nigeria. The particular
realization analyzed and herein called RIGR spans from 2007 to
2012. Examination of the series reveals a seasonal nature of
annual periodicity. It has a positive outlier in December 2008.
Augmented Dickey-Fuller (ADF) Test adjudges RIGR as
stationary. However the existence of an outlier invalidates this
stationarity claim. Twelve-monthly differencing of RIGR yields
the series SDRIGR which may be said to have a generally
horizontal trend with an upper spike counterbalanced by a
comparably lower one. The correlogram of SDRIGR has
significant negative spikes at lag 12 on both the autocorrelation
function (ACF) and the partial autocorrelation function (PACF).
With these spikes as the only significant ones, the autocorrelation
structure is that of a SARIMA(0,0,0)x(1,1,1) 12 model; hence its
proposal and estimation. However, the residuals of this proposed
model are correlated; this invalidates the model. A non-seasonal
differencing of SDRIGR yields the series DSDRIGR which
might be considered stationary; two upward spikes are
counterbalanced by two comparable downward spikes. The ADF
test on the series is highly significant, showing that it is
stationary.
The autocorrelation structure of the series is
suggestive of a SARIMA(0, 1, 1)x(1, 1, 1) 12 model. Hence, its
proposal and fitting. This model is found to be adequate.

Keywords: Internally generated revenue, Sarima Models,
Time Series, Seasonal Series, Rivers State, Nigeria.

1. Introduction
Every institution is encouraged to augment its finances by
generating revenue internally. The forecasting and control
of such internally generated revenue could help in
management and governance. Rivers State of Nigeria just
as any other institution generates revenue internally to
complement the efforts of the Federal Government in its
funding. The aim of this write-up is to model the monthly
internally generated revenue of the state in order to provide
a model for possible forecasting of the series.

Like many other economic and financial time series,
internally generated revenue could be seasonal. See, for
example, Nwogu and Nwosu [1]. The time plot of the
internally generated revenue of Ikot Ekpene Local
Government Area of Akwa Ibom State of Nigeria shows
some seasonal tendencies [2]. Such seasonal series may be
modeled by seasonal Box-Jenkins methods otherwise
called seasonal autoregressive integrated moving average
(SARIMA) models.
Seasonal Box-Jenkins methods are gaining popularity for
the modeling of seasonal time series. A few of such series
which have been thus modeled are: inflation rates [3],
savings deposit rates [4], water demand [5], traffic flow [6],
crude oil prices [7], unemployment rates [8], foreign
exchange rates [9], dengue numbers [10], temperature [11]
and tuberculosis incidence[12]. It has been observed that
SARIMA models often outdo other types of models in
explaining the variation of seasonal series ([13])
Section 2 of this paper considers the materials and methods
used herein. Section 3 discusses the findings. Section 4 is
the concluding remarks.

2. Materials and Methods
2.1 Data
The data for this work are monthly internally generated
revenues of Rivers State of Nigeria from 2007 to 2012.
The figures used are corrected to the nearest hundred
thousand naira. This realization shall be called RIGR.

2.2 Seasonal Box-Jenkins Models
A stationary time series {X t } is said to follow an
autoregressive moving average model of orders p and q,
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denoted by ARMA(p, q), if it satisfies the
following equation
X t - α 1 X t-1 - α 2 X t-2 - … - α p X t-p = ε t + β 1 ε t-1 + β 2 ε t-2
+ … + β q ε t-q
(1)
where the α’s and the β’s are constants such that the model
is both stationary and invertible. {ε t } is a white noise
process.
Suppose model (1) is written as A(L)X t = B(L)ε t where
A(L) = 1 - α 1 L - α 2 L2 - … - α p Lp and B(L) = 1 + β 1 L +
β 2 L2 + … + β q Lq and LkX t = X t-k . For stationarity the
zeros of A(L) must lie outside the unit circle and for
invertibility the zeros of B(L) must lie outside the unit
circle.
Most natural time series are non-stationary. Box and
Jenkins [14] proposed that for such a series differencing of
an appropriate order may make it stationary. Let d be the
minimum order for stationarity. Then the resultant
stationary series is denoted by {∇dX t } where ∇ = 1 – L. If
{∇dX t } follows an ARMA(p, q) model the original series
{X t } is said to follow an autoregressive integrated moving
average model of orders p, d and q,denoted by ARIMA(p,
d, q).
If a series is seasonal of period s, Box and Jenkins [14]
proposed further that it could be modelled by
A(L)Φ(Ls)∇d ∇ s D X t = B(L)Θ(Ls)ε t
(2)
where ∇ s = 1 - Ls is the seasonal difference operator. Φ(L)
is the seasonal autoregressive (AR) operator and Θ(L) is its
moving average (MA) counterpart. They both are
polynomials in L. Suppose they are of degrees P and Q
respectively. Then the model (2) is called 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 .

2.3 SARIMA Model Estimation
For the model (2) to be fitted its orders p, d, q, P, D, Q and
s must be determined. Seasonality period s may be obvious
from the nature of the series. Other avenues for
determination of s are the time-plot and the correlogram.
The correlogram of an s-period seasonal series exhibits
fluctuating movements of the same periodicity as the series.

The difference orders d and D are often chosen so that they
sum up to at most 2. At each stage of the differencing
process, the series is tested for stationarity until it is
attained. Here, the Augmented Dickey Fuller (ADF) test
shall be used to test for stationarity after each stage of
differencing. The AR orders p and P are estimated as the
non-seasonal and the seasonal cut-off lags of the
autocorrelation function (ACF) respectively. Similarly the
MA orders q and Q are estimated as the non-seasonal and
the seasonal cut-off lags of the partial autocorrelation
function (PACF) respectively.
The parameters are thereafter estimated by the use of nonlinear optimization techniques because of the involvement
of white noise process items in the model. In this work the
least error sum of squares technique shall be used in model
estimation.
After model fitting the fitted model is usually subjected to
residual analysis for validation. All analysis in this work
was done using the statistical package Eviews 7.

3. Results and Discussion
The time plot of RIGR in Figure 1 shows a generally
horizontal trend except for a sharp positive outlier in
December 2008. Its ADF test statistics has a value of -7.2.
With the 1%, 5% and 10% critical values given
respectively by -3.5, -2.9 and -2.6, it is adjudged to be
stationary. However with the sharp outlier its time plot
gives a contrary impression. An examination of RIGR
shows that the yearly minimums fall in the first four
months of the year: In January in 2007; in February in
2008; in April in 2009 and 2010; in February in 2011 and
in March in 2012. The respective maximums are in May,
June, March, May, July and February. Therefore it may be
said that the maximums are mostly between May and July.
These tendencies indicate the presence of a seasonal
component of 12-monthly periodicity
A seasonal (i.e. 12-point) differencing of RIGR yields
SDRIGR. Its time-plot in Figure 2 shows a generally
horizontal trend, a positive spike in 2008 being
counterbalanced by a comparably negative one in 2009.
The ADF test statistic value is equal to -6.8. Hence
SDRIGR is stationary. Its correlogram in Figure 3 shows a
negative spike at lag 12 on the ACF as well as on the
PACF. This means that the series is seasonal of period 12
months and involved is a seasonal AR component and a
seasonal MA one, each of order one. That leads to the
proposal of a SARIMA(0, 0, 0)x(1, 1, 1) 12 model.
Estimation of this model is done in Table 1. However
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residual analysis done on the model shows that
the residuals are correlated (See Figure 4). This invalidates
the model.

Table 1: Estimation of the SARIMA(0,0,0)x(1,1,1) 12
Model

Figure 4: Correlogram of SARIMA(0,0,0)x(1,1,1) 12
Residuals

Figure 3: Correlogram of SDRIGR
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Figure 8:
Residuals

Figure 6: Correlogram of DSDRIGR
Table 2: Estimation of SARIMA(0,1,1)x(1,1,1) 12 Model

Histogram

of

SARIMA(0,1,1)x(1,1,1) 12

Non-seasonal differencing of SDRIGR yields the series
DSDRIGR which might be said to follow a generally
horizontal trend, the two upward spikes counterbalanced
by the same number of comparably negative ones (See
Figure 5). The ADF test statistic is equal to -7.0
confirming the stationarity hypothesis. The correlogram of
DSDRIGR in Figure 6 suggests a SARIMA(0, 1, 1)x(1, 1,
1) 12 model. The estimation of the model in Table 2 gives:
DSDRIGR t + .2066DSDRIGR t-12 = ε t + .1601ε t-1
+.9528ε t-12 + .1257ε t-13
(3)
All coefficients of the model (3) are significant. The
percentage of variation in the data accounted for by the
model is very high at 96%. The residuals of the model are
uncorrelated (See Figure 7) and normally distributed (see
Figure 8). Hence the model is adequate.

4. Conclusion
It might be concluded that the monthly internally generated
revenue of Rivers State of Nigeria follows a SARIMA(0, 1,
1)x(1, 1, 1) 12 model. It might be the basis of any
forecasting of the series.

References

Figure 7: Correlogram of SARIMA(0,1,1)x(1,1,1) 12
Residuals

[1] E. C. Nwogu, and U. I. Nwosu, “Use of Time Series
Analysis for the Determination of the Trend of the Generated
Revenue for Mbaitoli Local Government Area of Imo State,
Nigeria”, International Journal of Economic Development
Research and Investment, Vol. 3, No. 1, 2012, pp. 114-119.
[2] U. P. Udoudo, and E. J. Ekpenyong, “Modeling Internally
Generated Revenue (IGR) of Local Governments in Nigeria”,
Mathematical Theory and Modeling, Vol. 3, No. 14, 2013,
pp. 117-125.
[3] G. Saz, “The Efficcacy of SARIMA Models for forecasting
Inflation Rates in Developing Countries: The Case For

125

IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 1 Issue 7, September 2014.
www.ijiset.com
ISSN 2348 – 7968

Turkey”, International Research Journal of Finance
and Economics, Vol. 62, 2011, pp. 111-142.
[4] E. H. Etuk, I. S. Aboko, U. Victor-Edema, and M. Y.
Dimkpa, “An additive seasonal Box-Jenkins model for
Nigerian monthly savings deposit rates,” Issues in Business
Management and Economics, Vol. 2, No. 3, 2014, pp. 54-59.
[5] S. Nadarajah and M. Emiami, “Estimation of Waterr
Demandin Iran Based on SARIMA models,” Environmental
Modeling and Assessment, Vol. 18, Iss. 5, 2013, pp. 559-565.
[6] M. Tong, and H. Xue, “Highway Traffic Volume Forecasting
vehicular traffic as a seasonal ARIMA Process: Teoritical
Basis and Empirical Results”, Journal of Highway and
Transportation research and Development, Vol. 2, No. 2,
2008, pp. 109-112.
[7] E. H. Etuk, “Seasonal ARIMA modeling of Nigerian Monthly
Crude Oil Prices”, Asian Economic and Financial Review,
Vol. 3, No. 3, 2013, pp. 333-340.
[8] E. H. Etuk, “A Multiplicative Seasonal ARIMA Model for
Nigerian Unemployment Rates,” Bulletin of Society for
Mathematical Services and Standards, Vol. 1, 2012, pp. 5767.
[9] S.T.Appiah and I. A. Adetunde,”Forecasting Exchange Rate
Between the Ghana Cedi and The US Dollar using Time
Series Analysis”, Current Research Journal of Economic
Theory, Vol. 3, No. 2, 2011, pp. 76-83.
[10]E. Z. Martinez, E. A. Soares Da Silva, and A. I. D.
Fabbro,”A Sarima forecasting model to predict the number of
cases of dengue in Campinas, State of Sao Paulo, Brazil”,
Rev. Soc. Bras.Med. Trop., Vol. 44, 2011, pp. 436-440.
[11]D. Eni, F. J. Adeyeye, and S. O. O. Duke,”Modeling and
Forecasting Maximum Temperature of Warri City – Nigeria”,
Research Journal of Engineering and Applied Sciences, Vol.
2, No. 5, 2013, pp.370-375.
[12]R. Chowdhury, A. Mukherjee, S. Naska, M. Adhikari, S. K.
Lahiri, “Seasonality of Tuberculosis in Rural West Bengal: A
time series analysis”, International journal of Health and
allied sciences, Vol. 2, No. 2, 2013, pp. 95-98.
[13]E. H. Etuk,”Modelling of Daily Nigerian Naira-British
Pound Exchange Rates by SARIMA Techniques”, British
Journal of Applied Science and Technology, Vol. 4, No. 1,
2014, pp. 222-234.
[14]G. E. P. Box and G. M. Jenkins, Time Series Analysis,
Forecasting and Control, San Francisco: Holden Day, 1976.

Second Author Amadi, I. U. had his HND in Computer Science from
Rivers State Polytechnic in 2001, PGD in Statistics from Imo State
University in 2008 and M.Sc. in Statistics from Rivers State University
of Science and Technology in 2013. He is a member of the Science
Teachers Association of Nigeria. His research interests are in Time Series
Analysis, Multivariate methods and Stochastic Processes.
Third Author Aboko Igboye Simon had his B.Sc. in Pure and Applied
Mathematics in 1998 and M.Sc. in Applied Statistics in 2013 both from
Rivers State University of Science and Technology. He is a member of
the Nigerian Statistical Association. His research interests are in Time
Series Analysis, Demographic Measures, Sampling and Survey Methods.
Fourth Author Mazi Yellow Dimkpa had B.Sc. Mathematics in 1989
from University of Port Harcourt, Nigeria and M.Sc. Applied Statistics in
2013. He is a member of the Nigerian Statistical Association. He is
presently a Principal Lecturer of Statistics in the Rivers State Polytechnic
, Nigeria.His research interests are in Mathematical Modeling.
Fifth
Author
Richard
Chinedu
Igbudu
had
his
B.Sc.Mathematics/Computer Science in 1995 and M.Sc. Applied
Statistics in 2007 and currently he is a Ph.D Mathematis/computer
Science in Rivers State University of Science and Technology, Nigeria.
He worked with Nigerian Television Authority between 1982 to 1990.
Currently he is a Principal Lecturer with the Rivers State Polytechnic,
Nigeria.

First Author Ette Harrison Etuk has been an Associate Professor of
Statistics in the Department of Mathematics/Computer Science of Rivers
State University of Science and Technology, Nigeria since 2006. He
obtained his B.Sc.(First Class Honours), M.Sc. and Ph. D in Statistics in
1981, 1984 and 1987 respectively from the University of Ibadan,
Nigeria. He has many years of experience of University teaching and
administration. He has been in University of Calabar, Nigeria from 1982
to 1999 after which he transferred to the current University. He has
supervised six Ph.D theses and very many M.Sc and B.Sc. projects
successfully. He has published extensively in reputable journals. His
research interests are in Time Series Analysis, Experimental Designs and
Operations Research. He is a member of the Nigerian Statistical
Association. He has received awards of Fellowship of the Corporate
Administration of Nigeria, the Fellowship of the Institute of the Human
and Natural Resources and Knighthood of Service and Quality.

126

