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Abstract This study compares the forecasting models of Nigeria monthly Treasury Bill Data. The analysis is based on
using monthly issues bill data from January 2011 to December 2018. Treasury bill rate of two short term Treasury bills (91
day and 182 day) from the year 2011 to 2018. The data were stationary at first difference but not normally distributed. ARMA,
ARIMA and SARIMA models were computed and diagnosed. From the results of parameter estimation of the models,
ARMA (2, 1) model was the best model among the other ARMA models computed using information criteria, (AIC).
Diagnostic test was run on the ARMA (2, 1) model where the results showed that the model was adequate and normally
distributed using Box-Ljung test and Q—Q plot respectively. Furthermore, ARIMA of first and second differences were
estimated and ARIMA (2, 1, 1) was the best model from the result of the AIC and diagnostic test that were run and the model
was found to be adequate and normally distributed from Box- Ljung and Q-Q plot respectively than ARIMA (2, 2, 1). From
the results obtained in the ARMA and ARIMA model, ARIMA (2, 1, 1) x SARIMA (2, 1, 1), was now estimated and found
to be adequate from the result of the Box-Ljung and Q-Q plot respectively. Post forecasting estimation and performance
evolution was evaluated using the RMSE and MAE. The results showed that, ARIMA (2, 1, 1) x SARIMA (2, 1, 1), is the

best forecasting model followed by ARIMA (2, 1, 1) and ARMA (2, 1) on Nigeria monthly Treasury Bills.
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1. Introduction

The Financial market is a place where we issue the
securities to the public. Basically, there are two types of
government securities namely Treasury Bills and Treasury
Bonds. Treasury bills is known as short term, highly
marketable, liquid and low-risk debt securities. Moreover,
T-bills make a functional relationship between the public
and the government. Generally, government raises their
necessary capital requirements by selling their bills to the
public. On the other hand, public gives their contribution
through investing on bills. The maturity periods of T-bills are
different. They vary based on the number of weeks of
maturity such as 4, 13, 26 52, 91 and 182. The public can
purchase T-bills directly from the treasury or auction or the
secondary market, and it can as well be sold at any time in
the secondary market after purchasing. Although, there is
risk that is always incorporated with securities while
investing, but T-bills are categorized as low risk assets
compared to the others since they are issued under the
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government authority. Due to this reason, the government
T-bills are highly marketable than the other investments.
Normally the public can purchase T-bills with a discount
through a competitive bidding process. Discount represents
the interest, which would be different based on the maturity
period. This interest will increase when the prices go down
and will decrease when the prices rise. The fluctuation of the
T-bill rates is affected by several factors such as supply and
demand of T-bills, inflation, economic conditions and
monetary policy. There is a significant high demand for
government T-bills due to its short-term period and low risk
assets. When the demand for T-bills goes up, the government
reduces the discount since the number of available investors
is high. The government drops a supply of T-bills when there
is a budget surplus in the country. Also, T-bill rates can go up
due to the poor investment conditions which arise during the
period of inflation. On the other hand, T-bill rates go up and
down when the country is in a period of recession and boom
respectively. Therefore, the volatility of the interest or
discounts of T-bills is a very important condition for both the
public and the government to understand the economic
behavior of the country.

People are more interested in investing their capitals in
government T-bills rather than the other securities. Attention
on interest rates and low risk assets can be considered as
significant factors for increasing investments. Therefore, if it
is possible to give an impression about the volatility of the
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T-bill rates, it will help the investors as well as the stability of
the country’s economy. Hence, the main objective of this
study is to find an appropriate forecasting model for
government T-bill rates. For this purpose, government 91-
and 182-days maturity periods are considered over the years
2011 to 2018. The secondary data was obtained through the
published data from the Central Bank of Nigeria.

1.1. Aim and Objectives

The aim of this Study is to come-up with the most
adequate forecasting Model for Nigeria Monthly treasury
Bill Rates. This is to be achieved through the following
specific objectives;

i. Formulate time series models on the data.

ii. Conduct a diagnostic check on the models formulated

to determine the most suitable models.

iii. Estimate the parameters of the model selected and

forecast the Treasury Bills Rates.

2. Literature Review
2.1. Conceptual Review

2.1.1. Nigerian Treasury bills (NTBSs)

Nigerian Treasury Bills are short-term debt instruments
that mature in one year or less. This instrument is issued by
the CBN on behalf of the federal government, to raise money
to finance government projects and also as a means of
mopping out excess liquidity in the economy. The bills also
double as monetary policy instruments, which the CBN uses
to control the liquidity level in the banking system through
OMO. They are often regarded as the most liquid and
marketable instruments due to its ease of access,
affordability and safety. The forecasting of government
bonds, let alone tradable securities, is a substantially studied
subject with promises of profitable ventures where
predictions can be successfully made. While the study of
forecasts is not new, relatively little attention has been paid
to the considerations of scoring functions in use to express
the merits of a forecast. [1] give an extensive overview of
existing methods for predictions of the term structure of
interest rates. On one hand, there exist traditional scoring
functions that are widely used such as the root-mean-squared
error which provide an admissible accuracy measure of a
forecast. On the other hand, in the context of economic
variables such as the price of Nigeria Treasury bills, a
conceivable performance measure is the gathering of
potential profit that could be garnered from a forecast. The
best performance measure to use depends on the aim and the
context of any forecast. However, regardless of the choice,
this research aims to compare and evaluate both traditional
scoring functions and ones that measure hypothetical profits

for a set of forecasts of historical Nigerian Treasury bill rates.

The focus of this research is not to devise methods that
produce the most accurate of forecasts, rather, a set of
forecasts is taken as given, making use of relatively naive

forecasting methods that are easily reproduced and put into
practice. Nevertheless, the comparison of performances
thereof should provide insights into the nature of scoring
functions. Additionally, this research seeks to introduce
probabilistic forecasts as a feasible alternative to mere point
forecasts. The limitations are none because a point forecast
can still be derived from any probabilistic forecast although
care has to be taken to use a correct function. Additionally,
probabilistic forecasts provide information about the spread
of the predicted quantity. This paradigm seems to be
unevenly distributed among the sciences, with meteorology
relying heavily on probabilistic forecasts while they are
relatively rare in economic forecasting. In part, this may be
explained by the need of point forecasts to aid in the
decision-making process that is underlying many economic
problems. In the end, forecasts are supposed to aid in making
decisions and should therefore be evaluated in the
decision-making context in which they are used ([2]; [3]).
Instances where probabilistic forecasting is found in the
economic sciences is given by [4] who utilized probabilistic
forecasts for predictions of the market for crude oil.
Similarly, probabilistic forecasting can also be used for
predictions in the stock market. Lastly, [5] described the
Bank of England’s approach in using probabilistic forecasts
for its inflation rate predictions. While the study by [1] is
comprehensive in examining forecasting techniques of
interest rates, evaluation thereof is without the context of
potential profits. Such an attempt was made by [6]. In their
study, [7] gathered historical rates of 3-month U.S. Treasury
bills from 1982 up to 1988 and subjected them to various
forecasting techniques. At the same time, they compared
forecasts to prevailing futures rates of 3-month U.S.
Treasury bills. According to every prediction, a future
contract can hypothetically be bought or sold, resulting in
profits or losses depending on realizations of rates. Having
established such profit rules, [8] then go on to compare those
results with those of traditional performance measures. This
paper widely follows the approach by [8]: monthly forecasts
of historical 3-month U.S. Treasury bill rates are conducted
for the period from 1982 until end of 1996 which includes
the period studied by Leitch and Tanner. Whenever possible,
similar forecasting techniques are employed. Forecasts are
evaluated using the same scoring functions and the
correlations between performance measures are studied
as well. U.S. Treasury bills and futures contracts to the
unfamiliar reader. A 3-month U.S. Treasury bill (T-Bill) is a
type of financial instrument which represents a legal promise
by the U.S. Treasury Department to make a payment at a
specified date in the future. The amount of the payment is
called the face value. The time until the payment is to be
made is called the maturity of a T-Bill, hence 3-month U.S.
Treasury bills have a maturity of 3 months. They provide a
risk-free investment opportunity for buyers while providing
the U.S. government a means for borrowing money. They are
sold at weekly held auctions, referred to as the primary
market, and are up for free trade thereafter on exchanges,
known as the secondary market. Treasury bills are thought of
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as being the least risky form of investment available given
that the full faith and credit of the U.S. government backs
these securities. Since the U.S. government relies on its
ability to borrow money, paying its obligations has highest
priority to maintain its top credit rating. Furthermore, default
can theoretically be avoided by the administration’s ability to
print money, albeit at the cost of devaluating the currency.
Investor can either hold the Treasury bill until maturity, at
which time the face value becomes due; or the T-Bill may be
sold in the secondary markets prior to maturity. In the latter
case, the investor recovers the market value of the T-Bill.
Treasury bills emerged in the wake of World War I, when the
U.S. government was faced with difficulties in borrowing
money from other countries to finance the war. The intention
was to transfer debt to citizens willing to lend money and
repay them during the time of economic recovery ([9]). The
daily rate of each month’s last trading day was gathered,
beginning on December 31,1981 and ending on December
31, 1996. The rates are freely available at the website of the
U.S. Federal Reserve Statistical Release which includes
quotations of 3-month U.S. Treasury bill rates on the auction
high market and secondary market ([9]). The auction high
market corresponds to the emission of Treasury securities
directly from the Treasury Department to buyers in auctions
held every Monday. The secondary market corresponds to all
open trade among investors after the security has been
emitted. Since the latter trades every weekday, rates from the
secondary market were chosen for this study as they seemed
more feasible for a simulation of trading.

2.1.2. Empirical Framework and Theoretical Issues

A few related works of the use of ARMA, ARIMA and
SARIMA methodology to model economic and financial
data include the following: [10] works on fitting the best
univariate ARIMA model (Box-Jenkin Methodology) to
forecast the Pediatrics patient's incoming at Outpatients
Medical Laboratory (OPML), Outpatients Department
(OPD). The empirical analysis of their results indicated that
SARIMA (1, 1, 1)*(1, 0, 1)4 is best fitted model for patients
data for short run forecasting. The estimated results of model
showed that Pead’s incoming is influenced by seasonal
variation of data works on Energy Consumption Forecasting
Using Seasonal ARIMA with Artificial Neural Networks
Models. The quarterly energy consumption of the United
States from January 1973 to June 2015 is used. It aimed to
forecast the residential energy consumption in U.S. using the
Box-Jenkins methodology and Artificial Neural Network
approach and compared their results in order to know the
best model for predicting energy consumption in U.S. from
their results they concluded that the forecasting accuracy is
not quite significant. But, the performance of ANN model is
better than SARIMA model in terms of forecasting accuracy
from the test data using MAE and MAPE, the opposite result
happened for MSE, while the SARIMA model fits better the
historical data (training data) than ANN models using all
performance parameters.

Reference [11], Forecasted inflation rate in Liberia using
SARIMA model. In their work, Seasonal Autoregressive
Integrated Moving Average (SARIMA) model is developed
to forecast Liberia's inflation rate using quarterly data for the
period 1981 to 2013 obtained from LNBS which is made up
of 132 observations. SARIMA (0,1,0) (0,0,1)4 was identified
as the best model using the information Criterion (IC).

[12] Forecasts Model for Monthly Nigeria Treasury
Bill Rates by Box-Jenkins Techniques. Data used is from
January 2006 to December 2014 is analyzed by seasonal
ARIMA methods. Their result was concluded on the (0, 1, 1)
x (0, 1, 1);, SARIMA model.

[13] worked on the Application of SARIMA Models in
Modelling and Forecasting Nigeria’s Inflation Rates. They
used Box-Jenkins methodology to build ARIMA model for
Nigeria’s monthly inflation rates for the period November
2003 to October 2013 with a total of 120 data obtained
from the National Bureau of Statistics. Two goodness-of-fit
statistics that are most commonly used for the model
selection are; Akaike Information Criterion (AIC) and
Schwarz Bayesian Information Criterion (BIC) were used to
identify the ARIMA models. ARIMA (1, 1, 1) (0, 0, 1)1,
model was developed, and obtained. This model is used to
forecast Nigeria’s monthly inflation for the upcoming year
2014.

[14] used SARIMA approach to model India’s monthly
inflation rates which showed that SARIMA model was
appropriate for modeling the inflation rates. [15] used
Box-Jenkins methodology to build ARIMA model for
Nigeria’s monthly inflation. SARIMA (1, 1, 1) (0, 0, 1)1,
model was developed and used to forecast monthly inflation
for the year 2014.

[15] fitted a SARIMA (1, 1, 0) x (1, 0, 1) to predict the
future volume of traffic from Cross Lines Limited, a
transport Company. [17] fitted a SARIMA (0, 0, 0) x (2, 1, 0)
model to quarterly rainfall data in Port Harcourt.

[16] used the approach of Box-Jenkins’ ARIMA model to
study the forecast of sugarcane production in India. ARIMA
model was found to be (2,1,0) after evaluating the order
through the information criterion. From the obtained models,
forecasting was made, as accurate as possible, the future
sugarcane production for a period up to five years by fitting
ARIMA (2,1,0) model to series data. The forecast results
show that the annual sugarcane production will grow in 2013,
then will take a sharp dip in 2014 and in subsequent years
2015 through 2017, it will continuously grow with an
average growth rate of approximately 3% year-on-year.

[17] worked on Finding the Best ARIMA Model to
Forecast Daily Peak Electricity Demand. Where daily
electricity demand from June 2010 to May 2011 are
constructed using half hourly demand data from New South
Wales, Australia. Four appropriate ARIMA models based
past three, six, nine and twelve months of data are considered.
For the forecasting evaluation, MAPE was used to measure
forecast accuracy, it showed that the ARIMA model build
based on past three months data is the best model in term of
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forecasting two to seven days ahead and ARIMA model
based on past six months data is the best model to forecast
one day ahead.

He also carried out research on SARFIMA model to study
and predict the Iran’s oil supply. The results of their analysis
showed that the best model was SARIMA (0, 1, 1) (0, -0.199,
0)1, which was used to predict the quantity of oil supply in
Iran till the end of 2020.

3. Methodology

The data used for this work are Nigeria monthly Treasury
Bill Rates from January 2011 to December 2018 retrievable
from the Money Market Indicators, Data and Statistics
publication of the CBN in its website www.cenbank.org.

3.1. ARMA Model

The usefulness of ARMA models
parsimonious representation.

As in the AR and MA cases, properties of ARMA models
can usually be characterized by their autocorrelation
functions. To this end, a lucid discussion of the various
properties of the ACF of simple ARMA models can be found
on [20]. Furthermore, since the ACF remains unchanged
when the process contains a constant mean, adding a
constant mean to the expression of an ARMA model would
not alter any covariance structure. As a result, discussions of
the ACF properties of an ARMA model usually apply to
models with zero means. It reviews time sequence graphs
and explains how inspection of these plots enables the
analyst to examine the series for outliers, missing data,
and stationarity. It expounds graphical examination of the
effect of smoothing, missing data replacement, and/or
transformations to stationarity. Correlogram review also
permits the analyst to employ other basic analytical
techniques, allowing identification of the type of series under
consideration. Two of these basic analytical tools, the sample
autocorrelation function (ACF) and the sample partial
autocorrelation function (PACF), are theoretically defined
and derived. Their significance tests are given. Graphical
characteristic patterns of the ACFs and PACFs are discussed.
Once the characteristic ACF and PACF patterns of different
types of models are understood and catalogued, they can be
used to match and identify the nature of unknown data
generating processes. To demonstrate application of these
functions, we utilize ACF and PACF graphs (of the
correlation over time), called correlograms.

We can have combinations of the two processes to give a
new series of models called ARMA (p, q) models. The
Autoregressive model (AR) and moving average (MA).

Where AR of order p is:

Xq= m' + et @1 Xn— 1+ X, o+ -+ (prn—p

for n>0, where {e,} n > 0 is a series of independent,
identically distributed (i.i.d) random variables, and m* is
constant and

lies in their

MA of order gis X, =m +e,;+ 0.6, + 0,6, + - - -+
eqen—qy

for n > 1 where 0, ..
number.

The general form of the ARMA (p, q) models where p is
used for the number of autoregressive components, and q for
the number of moving average components is written as:

., Oq are real numbers and m is a real

p q
Xn =m1+2(/7kxn_k +Zé’jen_j +€n, n>0,
k=1 j=1

3.2. ARIMA Models

The basic processes of the Box—Jenkins ARIMA (p,d,q)
model include the autoregressive process, the integrated
process, and the moving average process. As part of the
orientation of the research, fundamental definitions and
notational conventions are specified, clarifying the mean and
constant as well as the convention of the sign of moving
average components. Our attention is then turned to the order
of integration of the model, which is indicated by the I(d)
distribution designation. If a series is 1(0), then it is stationary
and has an ARIMA(p,0,q) designation. If a series requires
first differencing to render it stationary, then d=1 and it is
distributed as 1(1) and has an ARIMA(p,1,q) designation.
Once the process has been transformed into stationarity, we
can proceed with the analysis.

In practice, to model possibly nonstationary time series
data, we may apply the following steps:

1. Look at the ACF to determine if the data are
stationary.
2. If not, process the data, probably by means of
differencing.
3. After differencing, fit an ARMA (p, q) model to the
differenced data.
Recall that in an ARIMA (p, d, ) model, the process {Yt}
satisfies the equation
To see this, consider the following equation,
Consider then an ARIMA (p, 1, q) process. With
Wt:Yt_Yt—ll we have
Wi = oW 1 + oW o +..+ oW
e —0 g1~ o —...—Oyiq
Or, in terms of the observed series,
Ve —Yia =@ (g —Yie2) + 22 (Yo — Yoz )+t

Pp (Yt—p _Yt—p—1)+5t -0 &_1-06_p —...—Oy5_q

3.3. SARIMA

Suppose that {Y;} exhibits a seasonal trend, in the sense,
To model this, consider where Such {Y} is usually denoted
by SARIMA (p, d, q) x (P,D,Q}S. Of course, we could
expand the right-hand side of it and express {Y.} in terms of
a higher-order ARMA model. But we prefer the SARIMA
format, due to its natural interpretation. Structure for
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successive months in the same year and an ARMA structure
for the same month in different years. Note accordingly, Y
also follows an ARMA model, with many of the intermediate
AR and MA coefficients being restricted to zeros. Since
there is a natural interpretation for a SARIMA model, we
prefer a SARIMA parameterization over a long ARMA
parameterization whenever a seasonal model is considered.

This model is generally termed as the SARIMA (p, d, g) X
(P,D,Q)S.

For a seasonal time series of order s, [21] proposed that
{X} be modeled by: A(L)® (L%)V%.X; = B(L) O(L%)g;

where the series must have been subjected to seasonal
differencing D times and non-seasonal differencing d times,
Vs = 1 — Ls, being the seasonal differencing operator.
Moreover ®(L) and O(L) are the seasonal autoregressive and
moving average operators respectively. These seasonal
operators are polynomials in L.

Suppose that ®(L) =1 + ¢, L + @,L.2 + ... +¢pL" and O(L) =
1+0,L+0,L%+... + eQLQ, then the time series {X} is said to
follow a multiplicative seasonal autoregressive integrated
moving average model of orders p, d, g, P, D, Q and s,
designated by (p, d, q)x(P, D, Q)s SARIMA model.

Fit a subset SARIMA model.

Find out if Bs = 0. If so, the model is additive but if not,
find out if the model is multiplicative. If not, the model is
subset.

4. Results and Finding
Tables and Figures of 91-day and 182 Treasury bill

Table 1. Descriptive Statistics of the Nigeria Treasury Bill data

Table 3. Parameter Estimation of ARMA Models and Models selection

ARMA(L1) ARMA(21) ARMA(L2) ARMA(22)

Intercept -527.6081 -489.1910 -618.0471 -489.2602

ARL 0.2819%  -07670%  -0.9625*  -0.7684*

AR2 - -0.6447* - -0.6443*

MAL  -0.7131%*  0.2148** 01985 0.2130

MA2 - - 07837 -0.0041
_Log 214962 -211191 215372 -211191

Likelihood
AIC 24.8858 24.6035 24,9447 24,6152
BIC 24.9406 24.6768 25.0176 24.7067

* at 1%, ** at 5%

Table 4. Diagnostic tests for ARMA (2, 1) Model

Box-Pierce Test Box-Ljung Test

X-squared 11.436 12.057
Df 15 15
P-value 0.7211 0.6747

Table 5. Parameter Estimation of ARIMA Models and Models selection

ARIMA(2,1,1) ARIMA(2,2,1)

Intercept 95.1400 -140.2000
AR1 -0.8730* -0.5801*
AR2 -0.7069* -0.3547*
MA1 0.9887* 0.9681*

Log Likelihood -2098.15 -2084.34
AlC 24.5983 24.6157

BIC 24.6901 24.7264

* at 1%, ** at 5%

NTB Table 6. Diagnostic tests for ARIMA Models
Mean 154956.1 Box-Pierce Test Box-Ljung Test
Median 1387334 ARIMA (2,1,2)  X-squared 18.205 18.987
Maximum 381932.8 DF 15 15
Minimum 13708.20 P-value 0.251 0.2145
Std. Dev. 85002.54 ARIMA (2,2,1)  X-squared 64.823 66.772
Skewness 0.630497
_ DF 15 15
Kurtosis 2.615766 byl 0.0000 0.0000
Jarque-Bera 12.50862 “value i i
Probability 0.001838 Table 7. Parameter Estimation of SARIMA Model
Observations 174

Table 2. Augmented Dickey-Fuller Test of stationarity (ADF) of the
Nigeria Treasury Bill data

Null Hypothesis: D(NTB) has a unit root

t-Statistic  Prob.*
Augmented Dickey-Fuller . -o000 () 5000
test statistic
Test CI’ItI.Ca| 1% level -3.468980
values:
5% level -2.878413
10% level -2.575844

ARIMA (2,1,1) x SARIMA(2,1,1)

AR1 -0.6715*
AR2 -0.5423 *
SAR(1) 0.0652 *
SAR(2) 0.0214*
MA1 -0.3130 *
SMA(1) 0.8370
Log Likelihood -1797.79
AIC 245549
SIC 24.6973

*at 1%, ** at 5%
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Time Series Plot of Nigeria Treasury Bill Data from Jan 2002 to June 2016
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Stationarity Plot of Nigeria Treasury Bill Data from Jan 2002 to June 2016
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Graph 2. Stationary plot of the series at first difference

Table 8. Forecast Performance of estimated model of monthly Nigeria
Treasury Bill

Models Statistic
MAE RMSE

ARMA (1,1) 63306.85 86477.51

ARMA (2, 1) 60685.74 82877.74

ARMA (1, 2) 63152.08 86590.68

ARMA (2, 2) 60688.09 82877.49

ARIMA(2, 1, 1) 59558.35 81454.30

ARIMA (2,2,1) 59540.67 81348.82

ARIMA (2,1,1) x SARIMA (2, 1, 1)1, 55790.14 72168.28

The stationarity of the Nigeria Treasury Bill data was
investigated by observing the time plot of the series. The
figure obtained as presented in graph 1 revealed that the
series for Nigeria Treasury Bill data is not stationary but at
first difference it is stationary as seen in graph 2. Using a
statistic formula i.e. Augmented Dickey- Fuller Test. The
statistic test shows that there is no unit root since it is less
than critical values at 1% and 5% in Table 2. Table 3 shows
the results of parameter estimation and model selection for
the ARMA models, where results of the different estimation
parameter of ARMA were estimated with most of the
parameter significant at 1% and 5%. AIC was used to select
the best model that will be used for ARIMA and SARIMA
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model because it is the combination of AR and MA model.
From the AIC, ARMA (2, 1) was selected to be the best
model since it has the smallest AIC. With this selection, our
ARIMA model will be AR (2) and MA (1) while the
integrated difference will be of one (1) and two (2). Using the
best model in Table 3, the result of Table 4 shows the
P-value for ARMA (2, 1) indicates there is no evidence that
the residuals are dependent. This further confirms that the
ARMA (2, 1) model is adequate. The Q-Q plot test was also
adopted to test the residual whether is normally distributed,
the plot test shows that the residual is normally distributed
since the points in the plot lie close to the diagonal line, as
shown in graph 3.We can now conclude that ARMA (2, 1) is
a suitable model for this study of monthly Nigeria Treasury
Bill. Table 5 shows the results of parameter estimation and
model selection for the ARIMA models. The adequate model
from the ARMA estimation was used to estimate the
ARIMA model with integrated value of one (1) and two (2).
Therefore, results obtained from the ARIMA model were
significant at 1% and 5%, where the coefficient of AR is
negative and MA is positive. AIC was used to select the best
model, and from the AIC, ARIMA (2, 1, 1) was selected to
be the best model since it has the smallest AIC than the
ARIMA (2, 2, 1). However, this result will be used to
compute the SARIMA model. The result on Table 5 shows
the P-value for ARIMA (2, 1, 1) and ARIMA (2, 2, 1). The
results of the p-values indicate that, there is no evidence that
the residuals are dependent for ARIMA (2, 1, 1) while

ARIMA (2, 2, 1) shows evidence of residual dependent. This
confirms that the ARIMA (2, 1, 1) model is adequate. The
Q-Q plot test was also adopted to test the residual whether it
is normally distributed, the plot test shows that the residual is
normally distributed since the points in the plot lie close to
the diagonal line, as shows in graph 4 while ARIMA (2, 2, 1)
model is not adequate with prove from the Q-Q plot test
done.

We can now conclude that ARIMA (2, 1, 1) is a suitable
model of this study of monthly Nigeria Treasury Bill, the
parameter estimation of SARIMA was computed as the
results of the model selection and diagnostics test of the
ARMA and ARIMA model where computed above. The
results of parameter estimation for ARIMA (2, 1, 1) x
SARIMA (2, 1, 1);, models are significant at 1%. AIC was
used to select the best model. From the AIC, ARMA (2, 1, 1)
was selected to be the best model since it has the smallest
AIC than the ARIMA (2, 2,1). The result on Table 7 shows
the P-value for ARIMA (2, 1, 1) x SARIMA (2, 1, 1), of
monthly data. The p-value indicates that there is no evidence
that the residuals are dependent for ARIMA (2, 1, 1) x
SARIMA (2,1, 1). The Q-Q plot test was also adopted to test
the residual whether is normally distributed, the plot test
shows that the residual is normally distributed since the
points in the plot lie close to the diagonal line. We can now
conclude that ARIMA (2, 1, 1) x SARIMA (2, 1, 1)1, is a
suitable model of this study of monthly Nigeria Treasury
Bill.

Normality Test for ARMA (2,1)

Sample Quantiles
1e+05 2e+05
|

0e+00

-1e+05

Theoretical Quantiles

Graph 3.

Q-Q plot for ARMA (2, 1) model



32 Ighasan S. S. and Olanrewaju S. O.: Comparison of Forecasting Models Using Nigeria Monthly Treasury Bill Rates Data

Normality Test for ARIMA (2,1,1)

Sample Quantiles
1e+05 2e+05
|

0e+00

-1e+05

Theoretical Quantiles

Graph 4. Normality test for ARIMA (2,1,1)

5. Forecasting Evaluation of the
Forecasting Models

Forecasting performance of these estimated forecasting
models were investigated using our sample data and statistics
like Mean Absolute Error and Root Mean Square Error.
Model with the smallest Mean Square Error was considered
to the most suitable for forecasting. Hence, from the results
obtained in Table 8, it was observed that ARIMA (2, 1, 1,) X
SARIMA (2, 1, 1), is the best forecasting model followed
by ARIMA (2, 2, 1), ARIMA (2, 1, 1) models but ARIMA
(2, 2, 1) is considered to be inadequate model from the
diagnostic test. Therefore, the best forecasting models for
monthly Nigeria Treasury Bill are ARIMA (2, 1, 1) X
SARIMA (2, 1, 1);, and ARIMA (2, 1, 1) models.

6. Conclusions

This study had come out with some findings in the
comparing of forecasting models on monthly Nigeria
Treasury Bill. From the results of the forecasting models,
ARMA (2, 1), ARIMA (2, 1,1) and ARIMA (2, 1, 1) x
SARIMA (2, 1, 1), are the adequate forecasting model in
estimating Nigeria Treasury Bill. Furthermore, in terms of
forecasting accuracy, the forecasting models were evaluated
using the RSME and from the results, ARIMA (2, 1, 1) x
SARIMA (2, 1, 1);, is most suitable for forecasting.
Moreover, using the forecasting models, it showed that for
the next two years’ period, the Nigeria Treasury Bill will

range below average of the normal issues from previous
years, i.e. the predicted values for the rest of 2018 and 2019
are relatively close to the observed values.

The post estimation evaluation carried out revealed
various estimating models to be most suitable for monthly
Nigeria Treasury Bill. The ARMA (2, 1), ARIMA (2, 1, 1)
and ARIMA (2, 1, 1) x SARIMA (2, 1, 1,)1, was adequate in
forecasting the monthly Nigeria treasury bill. But from the
results of evaluation obtained, it was discovered that
ARIMA (2,1, 1) X SARIMA (2, 1, 1), is the best forecasting
model for monthly Nigeria Treasury Bill Data. And It can
also be concluded that Nigeria Treasury Bill Rates follow the
additive SARIMA model. It means that a current value of the
time series depends on the past value of a month ago and that
of a year ago of shocks or its error terms. This model has
been shown to be adequate and could be used for the
forecasting of Nigeria Treasury bill rates. However, efforts
should be made to explore the possibility of models that
better account for the variability in the time series.
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