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Abstract

In the actual world, many time series are not stationary. The purpose of this
research is to use the Box and Cox family of transformations to convert a
nonstationary time series to a stationary time series in order to determine the
influence of a transformation on the data. This is accomplished by setting
particular values for the transformation parameter. The sample autocorrelation
function (SACF) and the sample partial autocorrelation function (SPACF) were
used to test for stationarity of the Box and Cox parameters. The ARIMA
model is fitted to the transformed data using the techniques of Box-Jenkins,
where the best ARIMA is selected among the competing ARIMA models using
Akaike information corrected criterian (AICc) while the best k-th EWMA is
selected among the competing models using some evaluation metrics such as
root mean square error (RMSE) and mean absolute error (MAE). Finally, the
optimal model is selected between ARIMA model and k-th EWMA using the
RMSE and MAE. Our findings are that the transformed k-th EWMA models
outperformed the classical ARIMA on the set of given data.
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INTRODUCTION

In statistics, time series analysis is a crucial field that has been used to address numerous
practical economic time series issues. The class of weighted methods (weighted moving
averages, exponential smoothing methods, and simple moving averages) is a crucial
component of time series modeling. These methods are commonly employed in
forecasting, and their primary objective is to smooth out the time series' random
continuous changes, Emwinloghosa Kenneth Guobadia & Kenneth Kevin Uadiale, (2024).
Exponential smoothing has been quite helpful for many years. It was initially proposed by
Holt (1957) to be applied to time series that are not seasonal and do not show any trend.
This was then expanded upon by Holt (1958), who provided a method that addressed
trend. Winters (1965) expanded the approach to account for seasonality. According to Box
and Jenkins (1976), economic forecasting techniques for nonstationary time series which
lack a natural mean invoke the class of exponentially weighted moving averages. In order to
make nonstationary time series to become stationary time series, they advise using
differencing. Alternatively, a class of Box-Cox transformations known as Box-Cox (1964)
could be used. The impact of Box-Cox transformation on estimates of the genetic
parameters for egg production qualities that do not adhere to parametric statistical analysis
assumptions was examined by Unver et al. (2004). Shish and Tsokos (2008) and Tsokos
(2010) presented the k-th weighted moving average and k-th exponential weighted moving
average processes as weighted approaches for forecasting nonstationary time series,
respectively. Safi and Dawoud (2013) considered this class of weighted algorithms. These
weighted strategies can be used to turn the initial nonstationary series into a stationary
series using a differencing filter, which can also be modeled using Box and Jenkins's (1970)
ARIMA procedure. Safi and Dawoud (2013), Tsokos (2010), and Shish and Tsokos (2008)
did not consider the usage of a differencing filter in conjunction with the Box-Cox

transformation.

MATERIALS AND METHODS

The Nigeria Stock Group provided the data utilized in this study, which shows the daily
value of the Nigeria Stock Market from March 13, 2017, until April 11, 2022.

The statistical methods employed for data analysis in this study are the ARIMA model
introduced by Box Jenkins (1976) and the k-th EWMA model introduced by Shish and
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Tsoko (2008). Initially, the Box-Cox transformation and differencing are used to convert
the nonstationary data to stationary data. Additionally, Vijay et al. (2019) have taken this
idea into consideration. According to Franses and De Bruin (2002), several of these Box-
Cox factors are crucial for predicting. The most significant ones are A = 0, A = 0.5 and A =
1. Therefore, the Box-Jenkins approaches for the ARIMA model and the Tsoko (2010)
techniques for the k-th EWMA model are used to fit the models to the modified data.
Using AICc, the least ARIMA model is chosen among the others as the best ARIMA
model. Similarly, RMSE and MAE are used to choose the best k-th EWMA from the
competing models. Using RMSE and MAE, the best model between the ARIMA and k-th
EWMA models is finally chosen.

BOX-COX Family of Transformation

By applying the subsequent Box-Cox transformation, defined by

_ {log(xt) —log(xe-1), (A=0) 0
Ve xt— xty, 1+ 0)
To get the original series back, we employed the following procedure
Xe—1exp(z;) , 1=0
Xy = 1 @)
(ye +xt)*, 2A#0

Autoregressive Integrated Moving Average model

Wei et al. (2006), constructed the well-known model of ARIMA (p.d.q) autoregressive

integrated moving average as:
¢p(B)_(1— B)dxt = xteq(B)St 3)

Where d is the degree of differencing and B x;= x;_ j

The Best Fit Procedure Criteria for Forecast Selection

After obtaining suitable models either directly or by observing the autocorrelation function

(ACF) plot, which shows that the ARIMA model to be fitted to the series should have the
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smallest possible parameters, meaning that p and q should be less than or equal to (p, q =
3), the next step is to choose the best model among them using information criteria like the
Akaike information criterion corrected (AICc). The best model among the competing
models is determined to be the ARIMA model with the lowest AICc. We obtain the AICc
and AIC as

2k? + 2k

AlCc = AIC + ——
¢ n—k—1

where k is the number of parameters and n is the sample size.

The k-th Exponentially Weighted Moving Average Procedure.

For the k-th Exponentially weighted moving average based on the transformed time series

we have
k-1
fem e S s "
t Z;]_z—(}(l _ a)J A t—k+1+j
Jj=0
where z; = f (xtl) defined in equation (1) and t =k, k + 1,...n, which defined the
smoothing factor of a = ﬁ regarding the basis of @ = ﬁ, since the smoothing factor

s0<a<l1, a= ﬁ which implies that 0 < a < 1, and if the value of & is substituted,

we then have that 0 < ﬁ < 1, and in this case, it implies that 0 <2 <1+ k fork > 1

>1.

In equation (3) if k = 1, we have the original data as follow:

i ;(1 —a)

reaches its maximum when k = 3, and as k increases, it gets closer and closer to 1

ii. As k —n, the series {Z;} becomes
n-1
Zp = ;.Z(l — )"y
YLl 4 ah
]=
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iil. The EWMA weighs heavily on the most recent observation and decreases the
weight exponentially as time increases.
We use the following example for k = 3 and k = 5 to demonstrate the times series

smoothing method.

Fork =3
3-1 2 ]
da-ay=>1-1,)
j=0 j=0

= ()" + () + (1) @
Zy = 7/42(/2) Xitj-2
A (O et () s+ (1)) ®)

471
Zy = 7(1%—2 + 1/2 Xt-1

+x,) (©)

In order to recover Y, , we make use of the following equation (2)

Yt
=72 — Xt

— 2% (7)

Where x; = f(z¢, x¢) defined in equation (1)

Andifk =5

k-1
b= ey 20
t T Nk-11 _ \J
Y-l 4

k—j-1
—a) T ey
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4
1
S ST 1/3) Z(l

- 1/3)5_0_1xt—5+1+j ®)
81 (/32 8 4 2
t = m(8_1xt—4- + ﬁxt—3 + gxt—z + §x_1

+x,) ©)
Similarly, to recover 3.3, we have the following equation

Ve = 211Zt - 32xt_4 - 24‘xt_3 - 36xt_2
— 54x,_4 (10)

Test for Stationarity

Visualizing a time plot or autocorrelation function (ACF) plot can indicate stationarity,
while an Augmented Dickey-Fuller (ADF) test for unit root can confirm it. The ADF test
does not directly assess stationarity, but rather the presence or lack of a unit root. If a series

is not stationary, it may need to be transformed using differencing or power

transformation.
ACF for the Original Data
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Figure A: The actual data time plot Figure B: ACF plot for the

original data
The actual data time plot from 13 March 2017 to 11 April 2022

Figure A, it appears that the time series exhibits non-stationarity, as the mean and variance

are not constant over time. The presence of an increasing and decreasing trend suggests

872 African Multidisciplinary Journal of Sciences and Artificial Intelligence




Kenneth Kevin Uadiale & Emwinloghosa Kenneth Guobadia

that the series is not stationary in the mean, while the varying volatility indicates non-
stationarity in the variance, it therefore require differencing. A sample test of the sample
autocorrelation function (SACF) test is conducted for the time series data and the SACF is
presented in figure B, shown slow decay as an evident that the time series data is non

stationary since the SACF refuse to diminish quickly

RESULTS AND DISCUSSION

Table A to C provides the summary statistics for selecting the ARIMA model utilized in
this study. When A = 0, ARIMA (0,1,3) has the least Akaike Information Criterion
Corrected (AICc = -12337.60) as a result, it was chosen as the best model among the
competing models for table A, When A = 0.5, ARIMA (0,1,3) has the least Akaike
Information Criterion Corrected (AICc = 1082.44) as a result, it was chosen as the best
model among the competing models for table B and When 4 = 1, ARIMA (0,1,3) has the
least Akaike Information Criterion Corrected (AICc = 15932.09) as a result, it was chosen

as the best model among the competing models for table C.

Table A, B and C: ARIMA Model Selection Table

Table A: ARIMA Model Table B: ARIMA Model Table C: ARIMA Model

selection when 4 =0 selection when 4 = 0.5 selection when A =1
ARIMA AICc ARIMA AICc ARIMA AICc
Model Model Model

ARIMA (0,1,1) | -12058.82 | ARIMA (0,1,1) 1369.35 | ARIMA (0,1,1) | 16225.52

ARIMA (0,1,2) | -12090.34 | ARIMA (0,1,2) | 1327.94 | ARIMA (0,1,2) | 16175.42

ARIMA (0,1,3) | -12337.60 | ARIMA (0,1,3) 1082.44 | ARIMA (0,1,3) | 15932.09

ARIMA (1,1,0) | -12042.12 | ARIMA (1,1,0) | 138598 | ARIMA (1,1,0) | 16241.48

ARIMA (2,1,0) | -12125.05 | ARIMA (2,1,0) 1296.59 | ARIMA (2,1,0) | 16147.86

ARIMA (3,1,0) | -12233.73 | ARIMA (3,1,0) 1191.40 | ARIMA (3,1,0) | 16044.97

ARIMA (1,1,1) | -12059.47 | ARIMA (1,1,1) 1367.86 | ARIMA (1,1,1) | 16223.28

ARIMA (1,1,2) | -12292.79 | ARIMA (1,1,2) 1129.64 | ARIMA (1,1,2) | 15981.35

ARIMA (2,1,1) | -12316.49 | ARIMA (2,1,1) | 1109.13 | ARIMA (2,1,1) | 15963.66
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Figure C: Time series plot for first differenced data, when 4 = 0
(a) ACF for first differenced data, Lambda=0 (b) PACF for first differenced data, Lambda=C
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Figure C (i): (a) Shows the ACF plot for the first differenced data, A = 0 and (b) shows
the PACEF plot for the first differenced data, A = 0
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Figure D: Time series plot for first differenced data, when A = 0.5
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(@) ACF for first differenced data, Lambda=0.5 (b) PACF for first differenced data, Lambda=0.5
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Figure D (i): (a) Shows the ACF plot for the first differenced data, A = 0.5 and (b) shows
the PACEF plot for the first differenced data, A = 0.5
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Figure F: Time series plot for first differenced data, when 4 = 1
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(a) ACF for first differenced data, Lambda=1 (b) PACF for first differenced data, Lambda=1
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Figure F (i): (a) Shows the ACF plot for the first differenced data, A = 1 and (b) shows
the PACEF plot for the first differenced data, A = 1

Note that:

@) Figure C to F: The pictorial display of the time plots for first order
differencing data, showed stationary after applying the Box-Cox
transformation when the value of the Box-Cox parameter A = 0, 0.5 and 1.

(ii)  Figure C to F: The ACF and PACF pictorial display of the time plots for
first order differencing data with Box-Cox parameter A = 0, 0.5 and 1 showed

stationarity.

876 African Multidisciplinary Journal of Sciences and Artificial Intelligence



Kenneth Kevin Uadiale & Emwinloghosa Kenneth Guobadia

-Day Exponentially Weighted Moving Average (-EVWMA), when Lambda=0
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Figure G: Time plot for the Box-Cox transformation of 3- EWMA, when 4 = 0
3-Day Exponentially Weighted Moving Average (B-EVWMA), when Lambda=0.5
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Figure H: Time plot for the Box-Cox transformation of 3- EWMA, when 4 = 0.5

3-Day Exponentially Weighted Moving Average (3-EVWMA), when Lambda=1

Price

- - mwwmf‘hm

500
|

T T T T T T T
2017.5 2018.0 2018.5 2019.0 2019.5 2020.0 2020.5

Daily Period

Figure I: Time plot for the Box-Cox transformation of 3- EWMA, when 4 = 1
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Tables 2 to 5 show the summary statistics for selecting the best model between the

ARIMA model and the k-th EWMA model utilized in this study.

In table 2, shows that the 3-Day exponentially weighted moving average model with Box-
Cox transformed data and A = 0, has the lowest metrics (RMSE and MAE) compared to

other models. However, the 3-EWMA model was chosen as the best forecasting model.

In table 3, shows that the 3-Day exponentially weighted moving average model with Box-
Cox transformed data and A = 0.5, has the lowest metrics (RMSE and MAE) compared to

other models. However, the 3-EWMA model was chosen as the best forecasting model.

In table 4, shows that the 3-Day exponentially weighted moving average model with Box-
Cox transformed data and A = 1, has the lowest metrics (RMSE and MAE) compared to

other models. However, the 3-EWMA model was chosen as the best forecasting model.

In table 5, shows that 3-EWMA with A = 0, has the least metrics (RMSE and MAE).
However, it is regarded as the finest linear forecast approach for predicting the daily

Nigerian stock price.

In summary, the 3-EWMA model with A = 0 performs well in predicting daily Nigerian
stock prices, with the lowest RMSE and MAE values. Its categorization as the most
accurate linear forecast approach demonstrates its effectiveness while also emphasizing the
significance of considering aspects other than numerical accuracy when choosing

forecasting models in financial situations.

Table 2: The comparison of the classical ARIMA and 3-Day exponentially weighted
Moving Average, when A = 0

Model RMSE MAE
Classical ARIMA 0.00896 0.00588
3-EWMA 0.00087 0.00058

Table 3: The comparison of the classical ARIMA and 3-Day exponentially weighted
Moving Average A = 0.5

Model RMSE MAE
Classical ARIMA 0.81411 0.53578
3-EWMA 0.18326 0.12081
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Table 4: The comparison of the classical ARIMA and 3-Day exponentially weighted

Moving Average 4 = 1

Model RMSE MAE
Classical ARIMA 302.2399 198.3729
3-EWMA 67.76841 44.4749
Table 5: Comparing 3-EWMA withA4 = 0,4 = 0.5,and A =1
Model RMSE MAE
3-EWMA when A =0 0.00087 0.00058
3-EWMA when A = 0.5 0.18326 0.12081
3-EWMA when A =1 67.76841 44.4749

CONCLUSION

The purpose of this study is to compare a specific k-th EWMA with the classical ARIMA
processes for modeling non-stationary time series data utilizing a class of Box-Cox
Transformation. Its categorization as the most accurate linear forecast approach
demonstrates its effectiveness while also emphasizing the significance of considering
aspects other than numerical accuracy when choosing forecasting models in financial

situations.
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