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Abstract

The researched on the efficiency of establishing of variance obtained from Seasonal Autoregressive
Integrated Moving Averages (SARIMA) model for resampled and actual inflation time series data. The
study used the monthly inflation data of 2014 to 2018. It conducting stationarity test on the time series
data using Augmented Dickey-Fuller (ADF) unit roots test in order to avoid wrong forecast. Fitting a
model on resampled and non-resampled time series data was important to get accurate forecasts and
predictions, as well as, check the precision between the variance of these models and outcomes. Using
the Akaike Information Criterion (AIC), most efficient forecast was obtained. The Seasonal
Autoregressive integrated moving averages (SARIMA) was applied to both the stationary data for
bootstrap and non-bootstrap samples. Results show that the models fit on resampled inflation series
produced higher AIC value of 689.05 of SARIMA (3,0,1) (3,1,0)12 compared to the actual inflation data
having an AIC value of 269.9 of SARIMA (2,0,0) (2,0,0)12. The findings reveal that the SARIMA model
of the actual inflation data was more perfect for forecasting compared to that of the resampled data. The
inflation data became stationary at the sixth difference while that of resampled data became stationary at
second difference. The study recommends that it is ideal and better to use actual data of seasonal time
series event for forecasting.
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Introduction

One of the major challenges faced by the developing economy of unindustrialized as well as
developing countries has been the rise and fall of the stock market and inflation generally.
Inflation is said to be the continual increase in the prices of goods and services that has
resulted to increase in the volume of money in circulation in the economy of a country as well
as affecting the exchange rate of few goods and services. The instability of the foreign
exchange rate (international exchange rate), increment in the price of crude oil just after the
removal of oil subsidy in conjunction with the skyrocketed prices of foreign goods had
resulted to an increase or high price of importation of goods into the country. The bite of
inflation that was witnessed by the undulating rise and fall of stock market and crude oil has
grossly affected the economic indices and policies. Most of these measures according to Wiri
and Isaac (2018) 12 taken by developing countries to check the problem of inflation are in the
form of the use of central bank instruments of credit control. That these measures were to
reduce to the barest minimal the volume of money in circulation and its sustenance of ensuring
low cost of living (Wiri and Isaac, 2018) 4. Model selection is an important aspect of
statistics because it allows researchers to test the relative quality of one model over another. In
this research, the Seasonal Auto Regressive Integrated Moving Averages (SARIMA) model
will not be compared to a different model but to the same of its kind with the difference in the
type of data used to fit in the model. The study will focus on resampled inflation and non-
resampled inflation time series secondary data obtained from the Central Bank of Nigeria
Statistical Bulletin 2018 publication, its uses by applying the selection method of Akaike
Information
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Criterion specifically, considering the period of 2014 — 2018
on resampled and actual time series data for better forecast.

Materials and Methods

Data collection

The data used for this work is monthly data on resampled and
actual inflation rate of the years ranging from 2014 to 2018.
These data were obtained from Central Bank of Nigeria
Statistical Bulletin 2018. The Bootstrap resampling method
was used to get resampled inflation time series. ADF was
used to make the data stationary for forecasting. SARIMA
model was used on the resampled and actual data for
forecasting future data points. The R-console statistical
package (Version 4.0.3) was used for the analysis.

Method of data analysis
Model of the study
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The SARIMA Process
The first order SARMA model with the missing capital “I” is
given as

Seasonal Seasonal
difference MA(1)

xy = Py 10+ w4+ Ouy 9.
(1 —®B)z; = (1 + 6B?)w,

This implies that the model exhibits autocorrelation at past
lags of multiple of 12 (which would be defined as the
seasonal period) for both auto regression and moving average
components. Thus, this model would be of SARMA (P, Q),
where P and Q =1.
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Multiplicative SARMA model

Combining both the seasonal and non-seasonal ARMA
models would be simply expressed as ARMA (p,q) x (P,Q)s,
where P,Q,s represent the components and seasonal operators
related to parameters of the seasonal model.

Pp(B*)p(B)xy = Oq(B*)0(B)w,

Seasonal Differencing

Some time series may depict ACF that decays slowly at the
lags of the multiples of the seasonal period. The average
monthly temperature can be modelled as the following:

xp = Sp + wy

St = St—1z + 10

St represents the seasonal component that varies from one
year to the next, and represents a random walk expression.
Note that w;and v; are uncorrelated white noise processes.
Applying a seasonal difference to the time series expression
will result in a MA (1) with an ACF peak at lag = 12.

(1 — BlQ)mt =Ty — T2 = U + W — W12

Thus, the multiplicative SARIMA model can be expressed in
an expression similar to the ARIMA model as shown in the
following:

Pp(B*)p(B)VEVYx, = § + 6o (B*)0(B)w,

Results and Discussion

Using the r studio, we plotted the Auto Correlation Function
(ACF) of the inflation rates with five lags to show the
seasonality in the data. The result is shown below.
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Fig 1: A Graph showing the ACF of Inflation Rate

Testing for Stationarity using the Augmented Dickey—Fuller (ADF), the test below shows the p-values at 1%t and 2" differencing.
However, by practice if the p-value of an ADF test is less than 0.05 then the data is stationary at that point. So, we shall take the
second difference with value p-value = 0.01 of our time series data for our analysis since from the result of the first differencing
ADF test in R-console software, the p-value was 0.5836 greater than 0.05 meaning that the data is not stationary. Regarding the
SARIMA Model Estimation, using the R studio, SARIMA model was fit on the stationary data. The SARIMA code at different
values for the (p, d, q) (P, D, Q)m was used in R-console, The model that returns the best AIC (Akaike Information Criterion)

with the least value was considered best model for forecasting.
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Table 1: A Table showing AICs of different SARIMA models

Model AIC
SARIMA (1,0,1) (1,0,1) 12 286.65
SARIMA (1,1,1) (1,1,1) 12 279.42
SARIMA (1,0,0) (1,0,0) 12 290.11
SARIMA (2,0,1) (2,1,0) 12 27157
SARIMA (3,0,1) (3,1,0) 12 273.21
SARIMA (2,1,1) (2,1,1) 12 272.5
SARIMA (2,0,0) (2,0,0) 12 269.6

Consequently, this implies that the best model for these data
isa SARIMA (2,0,0) (2,0,0) 12 with AIC of 269.9.

Bootstrap Resampling for Sarima Modeling

After obtaining the SARIMA model and forecasts of the
actual inflation data, we resampled the data and carried out
similar steps on the data in order to test it stationarity. The
resampled data was subjected to differencing till it became
stationary and fit to carry out the SARIMA model analysis.

The AICs at different orders of (p,d,q) (P,D,Q) m were noted
and compared with the AIC of the actual time series data.

Resampling the Inflation Data

The resampling was done in excel with the command

= Index (Sample 1, Rand between (1, Rows (sample 1), 1)
where index is the column with the actual time series data.
The result of the resampling was obtained in the next column
as shown in the figure below;
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Fig 2: An excel format of resampling

Test for Stationarity using the ADF of resampled data: The
Augmented Dickey—Fuller Test was used to make the data

stationary at the first differencing. The SARIMA model was
applied on the differenced resampled time series data.

Table 2: A Table showing AICs of different SARIMA models of resampled data

Model AIC
SARIMA (1,0,1) (1,0,1) 12 689.05
SARIMA (1,1,1) (1,1,1) 12 748.47
SARIMA (1,0,0) (1,0,0) 12 747.41
SARIMA (2,0,1) (2,1,0) 12 689.13
SARIMA (3,0,1) (3,1,0) 12 690.1
SARIMA (2,1,1) 2,1,1) 12 722.07
SARIMA (2,0,0) (2,0,0) 12 720.06

From the above table, SARIMA (1,0,1) (1,0,1) 12 returned a
lower AIC of 689.05 less than the rest. However, this result is
still higher than the lowest AIC obtain from the SARIMA
model using the actual time series data.

Conclusion

This study examined that the inflation data became stationary
at the second difference while that of resampled data became
stationary at first difference. The Seasonal Autoregressive
integrated moving averages (SARIMA) was applied to both
the stationary data for bootstrap and non-bootstrap samples,
our finding shows that the SARIMA model of the actual
inflation data is more perfect for forecasting. The values of
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the AICs obtained from SARIMA of different specification
revealed that actual data value of AIC is less than those from
resampled inflation data. Therefore, we conclude that the
forecast from the actual data is adopted for this study and also
recommend the use of actual data for forecasting time series.
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