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Abstract

In this study, analysis of residuals of generalized autoregressive
integrated moving average hilinear time series model was considered. The
adequacy of this model was based on testing the estimated residuals for
whiteness. Jarque-Bera statistic and squared-residual autocorrelations were
used to test the estimated residuals for whiteness. Generalized autoregressive
integrated moving average hilinear time series model was fitted using non
linear and non stationary series and the residuals were estimated. The
independent test on estimated residuals showed that the residuals were
independently distributed. The normality test on the estimated residuals also
showed that the residuals followed a normal distribution. The tests on
estimated residuals for whiteness were satisfied.
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1.0 Introduction

Bilinear time series model have been studied extensively in literature[1-8]. Recently, generalized bilinear time series model
that was robust in achieving stationary for al non-linear series have been studied [9, 10]. The standard large sample
estimation theory [11, 12] requires that the residuals be independent and identically distributed with finite variance. Squared
residual autocorrelations have been found useful in detecting non linear types of statistical dependence using the residuals of
fitted autoregressive moving average (ARMA) models [1, 13]. Jarque-Bera statistic and squared-residual autocorrelations
with its associated portmanteau statistic were used to test the estimated residuals for whiteness [14]. In this study, adegquacy
of afitted generalized autoregressive integrated moving average bilinear (GARIMABL) model would be based on testing the
estimated residuals for whiteness using Jarque-Bera statistic and squared-residual autocorrelations.

2.0 Theoretical Analysis
21  Generalized Autoregressive I ntegrated Moving Average Bilinear Time Series Model
We define generalized autoregressive integrated moving average bilinear time series model as

y (B)X, =f (B)V*X, +q(B)g + > B X8, (1)
k=1 1=1

denoted as GARIMABL (p, d, q, r, s) and where

f(B)=1-f,B—f,B*...—f BP,q(B)=1-q,B—q,B"........ ~(|,B* )

Xy =Y Xy + +Y piaXipa T & —06 1~ e —0,8 4+ B X 18+ +b X, &, (3)

o p ae the parameters of the autoregressive component; Qy,--Oq are the parameters of the associated error process;

bll, ......... , brS are the parameters of the non-linear component and (| (B) is the moving average operator; p is the order of
the autoregressive component; g is the order of the moving average process; r, sis the order of the nonlinear component and
y (B) = V% (B) is the generalized autoregressive operator; V° is the differencing operator and d is the degree of
consecutive differencing required to achieve a stationary[10].
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22 Modd Estimation
Supposethat X, are generated by equation (3), the sequence of random deviates {G‘t } could be determined from the relation

&= Xt -y 1Xt—1 T -y p+d Xt—p—d +O 6 s +qq§—q - bllxt—lg—l T - brth—rQ—s (4)
To estimate the unknown parameters in equation (4), we make the following assumptions:
0] Theerrors {q } are independent and identically distributed with mean zero and variance S 2
(i) The values ofb/ i‘# <l,‘qi'$4 <land ‘bj '# < 1 ensure that stationary and invertibility conditions required of

the generalized autoregressive integrated moving average bilinear model are satisfied.
We minimize the likelihood function

Q@)= € (5)
i=1

with respect to the parameter where

G=(y SRLIETY) ARTRIELC FPLC PRI By Brs)

Newton-Raphson method is employed for parameter estimation [10].

2.3  Squared Residual Autocorrelations
Mcleod and Li [15] obtained the distribution of the residual autocorrelations function as follows

n n
~ A A A2
Fe(k)=2 86, /2 &
k=1 t=1
and suggested the portmanteau statistic

Q,= nZ 2 (k)

(6)

(")

(8)
for testing the whiteness of the residuals. Under the assumption of model adequacy, Q. is approximately xZ(M) provided M and
n are large enough [16]. The autocorrelation function of squared residual is estimated by

(k) =D (& —S )&\ S/ (& -S?)
k=1 t=1

)
where
n
S2=>&/n
P (10)
A significance test is provided by the portmanteau statistic
M
Qu =n(n+2)Y F2(k)/(n-k)
P (11)

which is asymptotically X%

24 Jarque-BeraTest
In statistics, the Jarque-Bera (JB) test is a goodness of fit test of whether sample data have the skewness and kurtosis
matching anormal distribution. The test statistic JB is defined as

JB:E[SZ+—(k_3)2}
6

4 (12
where nis the number of observations (or degrees of freedom in general); Sis the sample skewness, and K is the sample
kurtosis:
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1 < A3
S:@: H;(Xi_x)
$3 138 S\213/2
=2, (% =%)7)
2 (13)
. =Y (% X
a 2%
st 13 S\2\2
=2 (%-%)?)
n< (14)

where r?'g3 and @ae the estimates of third and fourth central moments, respectively, X is the sample mean, andS ? isthe

estimate of the second centra moment, thevariance. If the data comes from a normal distribution,
the JB statistic asymptotically has a chi-squared distribution with two degrees of freedom, so the statistic can be used
to test the hypothesis that the data are from a normal distribution. The null hypothesisis ajoint hypothesis of the skewness
being zero and the excess kurtosis being zero. Samples from a normal distribution have an expected skewness of 0 and an
expected excess kurtosis of 0 (which is the same as a kurtosis of 3). As the definition of JBshows, any deviation from this
increases the JB statistic. From tables, critical value at 5% level for 2 degrees of freedom is 5.99. If JB>)? critical, reject the
null hypothesis of residualg17, 18].

3.0 Experimental Work

The data used for this study was monthly goals by Manchester United Football Club (League Match) between 1992 and
2012. The data set represents a non-stationary and non linear series, and so, fitting generalized autoregressive integrated
moving average bilinear model may be applied. The goals data set is available in [19].

31 Fitted GARIMABL Mod€
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Figure 1. Graph of Actual, Fitted and Residuals of Generalized Autoregressive Integrated Moving Average Bilinear Time
Series Model
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3.2  Residual Autocorrelation Test of GARIMABL Mode

A test of hypothesis is a rule, which, on the basis of relevant dtatistic, leads to a decision to accept or reject the null
hypothesis. The hypothesis, Hy is called the null hypothesis while H; is called the alternative hypothesis [20]. Residuals of
GARIMABL will be tested for independence as follows

Ho: Residuals of GARIMABL are independently distributed.

H,: Residuals of GARIMABL are not independently distributed.

Table 1: Squared residuals autocorrelation test of GARIMABL Model

Lagk r‘ee(k) Q-Stat Prob.
1 0.099 2.4868 0.115
2 0.006 2.4962 0.287
3 0.036 2.8240 0.420
4 0.076 4.3027 0.367
5 -0.038 4.6853 0.455
6 0.073 6.0889 0.413
7 0.016 6.1532 0.522
8 0.005 6.1600 0.629
9 0.068 7.3605 0.600
10 -0.052 8.0845 0.621
11 0.011 8.1164 0.703
12 -0.032 8.3936 0.754
13 -0.029 8.6236 0.801
14 -0.114 12.139 0.595
15 -0.042 12.612 0.632
16 -0.018 12.703 0.694
17 -0.032 12.985 0.737
18 -0.051 13.693 0.749
19 -0.120 17.623 0.548
20 -0.022 17.753 0.604
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Figure 2: Graph of Squared Residual Autocorrelations, Q-Statistic and Probability Level
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34  Normality Test

In statistics, normality tests are used to determine if a data set is well modelled by a normal distribution [21]. Residuals of
GARIMABL will be tested for normality as follows

H,: Residuals of GARIMABL follow a normal distribution

H: Residuals of GARIMABL do not follow a normal distribution

Table 2: Summary and Jarque-Bera Statistics of Residuals of GARIMABL Model

Series Residuals
Period 1992 Month 01 — 2012 Month 12
Number of Observations 252

Mean 0.893294
Median 0.384630
Maximum 23.61279
Minimum -17.73668
Standard Deviation 8.094252
Skewness 0.277986
Kurtosis 2.694341
Jarque-Bera 4.226594
Probability 0.120839
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Figure 3: Normal Plot of Residuals

40 Resultsand Discussion

The estimated generalized autoregressive integrated moving average bilinear model is presented in section 3.1. This model is
atype that handles all non linear and non stationary time series. The estimated model satisfied the stationary and invertibility
conditions. The actual values, the fitted values and estimated residual s were presented on a graph which is depicted as Figure
1. The estimated residuals are the difference between the actual values and the fitted values. Residuals were tested for
independence. Squared-autocorrelations values, Q-statistic and probability values at different lags were presented in Table
1where inferences were drawn on the satisfaction of independence of residuals. The probability values at different lags were
greater than p = 0.05 which indicated that the null hypothesis of residuals is independently distributed is accepted. Summary
and Jarque-Bera statistics were presented in Table 2 while Figure 2 contained normal plot. Jargue-Bera statistic in Table 2

tested residuals for normality and since 0505’2 = 5.99 was greater than 4.23; it indicated that the null hypothesis cannot be

rejected. Also the probability value of 0.121 which was greater than p = 0.05 confirmed also that the null hypothesis cannot
be rejected and as aresult, the residuals of GARIMABL model followed anormal distribution
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Conclusion

We have considered the adequacy of generalized autoregressive integrated moving average bilinear model when the data
exhibited non stationary and non linearity [2]. Tests on the residuals of this model have been considered using squared—
residua autocorrelations and Jarque-Bera statistic to ascertain the adequacy of this model. The tests on estimated residuals
for whiteness are satisfied. Therefore, when faced with non stationary and non linear series and the interest is to generalize
the variable under study, the adequate model to be fitted is generalized autoregressive integrated moving average bilinear
time series model.
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