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Abstract
In this research a comparative study of portmanteau test statistics in
time series has been clarified and applied by a simulation system in three
sizes ( large, medium and small ), furthermore a real monthly data about
price of gold and cotton in a period from 01/01/2000 to 01/07/2013 .
The models data Var(1), Var(2), Var(3) have been evaluated and
~

used these tests (Hosking Qm Li and McLeod Qm , and Pena & Rodriguez
(Gvtest)) in diagnostic stage.
A comparison between tests by using the results of sample studying
demonstrates that Hosking test is the strongest in dealing with small
sample, while with the large samples Gvtest is the strongest, but in the
case of medium sample the strength of the results are approximately
equal.
The results of using real data are almost similar to the results of
simulated data for the medium sample, as it seems that there is no
difference between the test power and the model rank.

IV

امللخص
تناولت هذه الرسالة احصاءات اختبارات االنحدار الذاتي في السالسل الزمنية ،حيث تم استخدام
بيانات سالسل زمنية متعددة عن طريق المحاكاة بثالثة احجام (صغيرة ،متوسطة ،كبيرة) لثالث
نماذج مختلفة من نماذج متجهات االنحدار الذاتي ) VAR(Pحيث تم محاكاة الثالث نماذج عند
ثالث رتبة مختلفة وهي رتبة ( )1ورتبة ( )2ورتبة ( ،)3كما أنه تم استخدام بيانات حقيقية
شهرية حول السعر العالمي أللغالق الذهب والنفط من الفترة -11يناير2111-م حتى -11يوليو-
2113م .وتم تقدير النماذج السالسل الزمنية المتعددة ( )Multivariate time seriesللبيانات
~

الحقيقة ،واستخدمت االختبارات & Hosking Qm Li and McLeod Qm , and Pena
) Rodriguez (Gvtestفي مرحلة التشخيص نماذج المحاكاة ونماذج البيانات الحقيقية.
تم اجراء المقارنة بين االختبارات التي تم دراستها حيث تبين من خالل نتائج الدراسة للعينة
الصغيرة أن اختبار  Hoskingهو االختبار االقوى ،بينما في العينة الكبيرة كان اختبار Gvtest
هو االقوى ،اما بالنسبة للعينة المتوسطة فكانت قوة االختبارات متساوية تقريبا ،وأظهرت النتائج
باستخدام البيانات الحقيقية انها تتشابه تقريبا مع نتائج البيانات المحاكاة للعينات المتوسطة ،كما
تبين ايضا أنه ال توجد اختالفات في قوة االختبار مع اختالف رتبة النماذج.
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Chapter 1
Introduction
1.1

General Introduction

Time series analysis and modeling plays a very important role in forecasting,
especially when our initial stochastic realization is nonstationarity in nature.
In time series analysis, the Box – Jenkins methodology named after the
statisticians George Box and Gwilym Jenkinsapplies autoregressive moving
average ARMA or ARIMA models to find the best fit of a time series to past
values of this time series, in order to make forecasts.
The original model uses an iterative three-stage modeling approach:
Model identification and model selection: making sure that the variables
are stationary, identifying seasonality in the dependent series (seasonally
differencing it if necessary), and using plots of the autocorrelation and partial
autocorrelation functions of the dependent time series to decide which (if any)
autoregressive or moving average component should be used in the model.
Parameter estimation using computation algorithms to arrive at
coefficients which best fit the selected ARIMA model. The most common
methods use maximum likelihood estimation or non-linear least-squares
estimation.
Model checking by testing whether the estimated model conforms to the
specifications of a stationary univariate process. In particular, the residuals
should be independent of each other and constant in mean and variance over
time. (Plotting the mean and variance of residuals over time and performing a
Ljung-Box test or plotting autocorrelation and partial autocorrelation of the
residuals are helpful to identify misspecification.) If the estimation is
inadequate, we have to return to step one and attempt to build a better model.

While the model checking in the Box- Jenkins methodology only using a
Ljung-Box test to check any of the models is the best to get a perfect
forecasting . In this study we will use Portmanteau Test Statistics (Box and
Pierce portmanteau test, Hosking portmanteau test, Li and McLeod portmanteau
test , Generalized variance portmanteau test) to comparison which one of it get a
perfect diagnostics for Box- Jenkins methodology.

1.2

Study Importance

While most other studies used to test one or two tests to differentiate between
models.
Significance of the study lies in the strengthening of the diagnostic phase
through the use of four tests and compare them to choose the best suitable form
data used.

1.3

Study Problem

The diagnostic stage of the Box- Jenkins methodology using one test (LjungBox) to find the best model, whereas the problem in is this study is how to use
several tests to determine which of them better in giving the best model to get a
best forecasting.

1.4

Study Goals

Comparison between Portmanteau test statistics (Box and Pierce portmanteau
test, Hosking portmanteau test, Li and McLeod portmanteau test,generalized
variance portmanteau test) to determine which one of it is the best to get a
perfect diagnostics.
In the diagnostic checking stage, we examine the goodness of fit of
model.Wemust be careful here to avoid over fitting.(The procedure of adding
anothercoefficient in appropriate)Get the best forecast through better diagnosis.

1.5

Research Methodology

The proposed methodology presents an approach to comparison between
Portmanteau test statistic (Box and Pierce portmanteau test, Hosking
portmanteau test , Li and McLeod portmanteau test , Generalized variance
portmanteau test) to determine which one of it is the best to get a perfect
diagnostics.the software is R
2

1.6

Research plan

In chapter 1,we start with a general introduction about the study, Study
Importance, Study Problem, Study Goals, Research Methodology and Research
Methodology have been clarified.
In chapter 2, we give introduction have been given about time series then the
basic concepts of time series and the stages of building the model (recognition,
estimation, diagnosis and forecasting) have been clarified .
In chapter 3 , we discuss the portmanteau has been represented where we dealt
with these tests (Lijung & Box (1978),Box & Pierce (1970) ,Monti (Mt) ,Li and
McLeod (1981) ,Hosking (1980) ,Pena & Rodriguez (2002) , Peña and
Rodríguez portmanteau test (2006) , Fisher portmanteau tests ).
In this chapter 4, we apply all the statistical methods for real data and
simulation data have been used which elicited from program R then deriving the
results and recommendations after ending the analysis operation.
In Chapter 5, we present the Conclusions and Recommendations

3

1.7 Literature Review
(Kheoh,1992) focuses on the usual modified portmanteau test for model
adequacy was proposed by Davies et al. and Ljung and Box. The portmanteau
test is widely used for testing the adequacy of fitted ARIMA models and is
incorporated directly into most computer packages which feature ARIMA
Odeling such as MINITAB, SAS, SPSS, BMDP and SCA. However this
modification is not suitable for the multivariate case, so Li and McLeod
developed another modified portmanteau test statistic. This paper compares the
two proposed modification in the univariate case. Our comparison suggests that
the Li-McLeod modification is preferable since it yields a slightly conservative
test whereas the Ljung-Box test errs in the opposite direction. Also, for
moderate to large samples our results suggest that the empirical significance
levels of the Li-McLeod test are closer to their nominal levels.
(Chand,2006)focuses on the time series model diagnostic checking is the
most important stage of time series model building. In this paper the
comparison among several suggested diagnostic tests has been made using the
simulation time series data.
(McLeod, 2006) focuses on autoregressive and moving-average (ARMA)
models with stable Paretian errors are some of the most studied models for time
series with infinite variance.
Estimation methods for these models have been studied by many researchers
but theproblem of diagnostic checking of fitted models has not been addressed.
In this article, wedevelop portmanteau tests for checking the randomness of a
time series with infinitevariance and for ARMA diagnostic checking when the
innovations have infinite variance.
It is assumed that least squares or an asymptotically equivalent estimation
method, such asGaussian maximum likelihood, is used. It is also assumed that
the distribution of theinnovations is identically and independently distributed
(i.i.d.) stable Paretian. It is seenvia simulation that the proposed portmanteau
tests do not converge well to thecorresponding limiting distributions for
practical series length so a Monte Carlo test issuggested. Simulation
experiments show that the proposed Monte Carlo test procedureworks
4

effectively. Two illustrative applications to actual data are provided to
demonstratethat an incorrect conclusion may result if the usual portmanteau test
based on the finitevariance assumption is used.

(Mahdi,2011)consideredon in his thesis, a new univariate-multivariate
portmanteau test is derived. Theproposed test statistic can be used for diagnostic
checking ARMA, VAR, FGN,GARCH, and TARtime series models as well as
for checking randomness of seriesand goodness-of-fit VARmodels with stable
Paretian errors. The asymptotic distributionof the test statistic is derived as well
as a chi-square approximation. However,the Monte-Carlo test is recommended
unless the series is very long. Extensive simulationexperiments demonstrate the
usefulness of this test and its improved powerperformance compared to widely
used previous multivariate portmanteau diagnosticcheck.
The contributed R package portes is also introduced. This package can
utilizemulti-core CPUs often found in modern personal computers as well as a
computer cluster or grid. The proposed package includes the most important
univariate and multivariate diagnostic portmanteau tests with the new test
statistic given in this thesis. It is also useful for simulating
univariate&multivariate data from non-seasonal ARIMA&VARIMA process
with finite or infinite variances, testing for stationarity and invariability, and
estimating parameters from stable distributions. Many illustrative applications
are given.
In this thesis, it has been shown that the classical ordinary least squares
regression may produce smaller p-values than it should due to the lack of
statistical independency in the fitted model which may invalidate the statistical
inferences.

(Mainassara, 2009) considered on we consider portmanteau tests for testing
the adequacy of vector autoregressive moving-average (VARMA) models under
the assumption that the errors are uncorrelated but not necessarily independent.
We relax the standard independence assumption to extend the range of
application of the VARMA models, and allow covering linear representations of
general nonlinear processes. We first study the joint distribution of the quasi5

maximum likelihood estimator (QMLE) or the least squared estimator (LSE)
and the noise empirical autocovariance. We then derive the asymptotic
distribution of residual empirical autocovariance and autocorrelations under
weak assumptions on the noise. We deduce the asymptotic distribution of the
Ljung-Box (or Box-Pierce) portmanteau statistics for VARMA models with
non-independent innovations. In the standard framework (i.e. under i.i.d
assumptions on the noise), it is known that the asymptotic distribution of the
portmanteau tests is that of a weighted sum of independent chi-squared random
variables. The asymptotic distribution can be quite different when the
independence assumption is relaxed. Consequently, the usual chi-squared
distribution does not provide an adequate approximation to the distribution of
the Box-Pierce goodness-of fit portmanteau test. Hence, we propose a method
to adjust the critical values of the portmanteau tests. Monte carlo experiments
illustrate the finite sample performance of the modified portmanteau test.
(Mainassara,2010)focuses on we consider portmanteau tests for testing the
adequacy of structural vector autoregressive moving-average (VARMA) models
under the assumption that the errors are uncorrelated but not necessarily
independent. The structural forms are mainly used in econometrics to introduce
instantaneous relationships between economic variables. We first study the joint
distribution of the quasi-maximum likelihood estimator (QMLE) and the noise
empirical autocovariance.
We then derive the asymptotic distribution of residual empirical
autocovariance and autocorrelations under weak assumptions on the noise.
We deduce the asymptotic distribution of the Ljung-Box (or Box-Pierce)
portmanteau statistics in this framework. It is shown that the asymptotic
distribution of the portmanteau tests is that of a weighted sum of independent
chi-squared random variables, which can be quite different from the usual chi
squared approximation used under independent and identically distributed (iid)
assumptions on the noise. Hence we propose a method to adjust the critical
values of the portmanteau tests. Monte Carlo experiments illustrate the finite
sample performance of the modified portmanteau test.
(Gustavo & George 2011)consideredonaddress the issue of forecasting key
macroeconomics variables using medium andlarge datasets (from 10 to 40
variables). As an alternative to the standard VAR and AR models, we propose
the use of Vector Autoregressive Moving Average (VARMA) models.
6

We overcome the estimation issue that usually arises in high dimensional
VARMA models by adopting the Iterative Least Squares (IOLS) methodology
as a feasible estimation procedure.We derive theoretical results, which show
that IOLS estimator is consistent evenfor large datasets. We report results from
Monte Carlo simulations considering estimatorperformance and forecast
accuracy. In the former one, we report results that show IOLSestimator is
consistent and feasible for large systems and it performs better than
MaximumLikelihood estimator (MLE), whereas in the latter one, we show that
VARMA models outperformboth VAR and AR(1) models under deferent
sample and system size. On empiricalapplication, we show that different
specifications of VARMA models estimated using IOLS framework provide
more accurate forecasts than VAR and AR (1) models considering
differentmodel dimensions. We conclude that the IOLS framework allows
VARMA models to become a valid and competitive alternative for forecasting
key macroeconomic variablesusing medium and large datasets.

(Fisher& Gallagher, 2013) considered on we exploit ideas from highdimensional data analysis to derive new portmanteau tests that are based on the
trace of the square of the MTh order autocorrelation matrix. The resulting
statistics are weighted sums of the squares of the sample autocorrelation
coefficients that, unlike many other tests appearing in the literature, are
numerically stable even when the number of lags considered is relatively close
to the sample size. The statistics behave asymptotically as a linear combination
of chi-squared random variables and their asymptotic distribution can be
approximated by a gamma distribution. The proposed tests are modified to
check for nonlinearity and to check the adequacy of a fitted nonlinear model.
Simulation evidence indicates that the proposed goodness of fit tests tend to
have higher power than other testsappearing in the literature, particularly in
detecting long-memory nonlinear models. The efficacy of the proposed methods
is demonstratedby investigating nonlinear effects in Apple, Inc., and Nikkei-300
daily returns during the 2006–2007 calendar years. The supplementarymaterials
for this article are available online.
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Chapter 2
Time series models.
2.1 Introduction
(Box & Jenkins,1994) said that the goal of this chapter is to give some
basic ideas of time series and to show how one can go through the entire
process of building the model for a time series data set, and Box- Jenkins
Methodology. The time series is a set of numbers that measures the status of
some activity over time. It is the historical record of some activity, with
measurements taken at equally spaced intervals (daily, monthly,
quarterly,...,etc.). There are two types of time series data: continuous, and
discret the first one observations are made at every instant of time and
discrete, where in observations are made at (usually) equip spaced intervals. A
discrete time series can be represented as [yt: t = 1, 2, ...,N] in which the
subscript t indicates the time at which the datum yt was observed. There are
different models in time series including, autoregressive (AR), moving
average (MA), autoregressive moving average (ARMA) and autoregressive
integrated moving average (ARIMA) . However the most commonly used
model is Box-Jenkins ARIMA model that has been successfully applied in
economic time series forecasting, as well as being a good tool to develop
empirical model dependencies between successive time and failures time.

2.2 Basic concepts
Before discussing the ARIMA model building approach, some basic
concepts of linear time series analysis, such as stationary, nonstationarity, and
a short reference to the most classical common types of time series forecasting
process are illustrated.
2.2.1 Stationary
Stationary prop is the 1st check of time series we say the stationary if the time
series is said to be stationary if the mean, the variance and the autocovariance
(at various lags) does not change regardless of what is the point measure, i.e. it
fixed over time.
8

Figure 2.1: Sample path of a stationary process. Statistics would be constant in time.

Let (yt) stochastic process, if Fx(yt1+yt2+….ytk+r) is the CDF at joint
disturb of {yt}, then F(yt1+yt2+….ytk+r) = F(yt1+yt2+….ytk). and is not function
of time. Independently of time leads to the following 2 conditions:
M is constant , variance is constant.
A weaker version of stationarity is often assumed. A time series {rt} is
weakly stationary ifboth the mean of rt and the covariance between rt and rt−s
are time-invariant, where s is an arbitrary integer. More speciﬁcally, {rt } is
weakly stationary if:
(a) E(rt ) = µ, which is a constant , for all t .
(b) Cov(rt , rt−s) = γs, which only depends on all time t and lags.
However, in weak stationary, we suppose that the ﬁrst two moments of r t
are ﬁnite. if rt is strictly stationary and its ﬁrst two moments are ﬁnite, then r t
is also weakly stationary, from the deﬁnitions , but the converse is not true in
general. However, if the joint distributions for the process are all multivariate
normal distributions, it can be shown that the two definitions coincide.
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2.2.2 Non-stationary
On the contrary we call a time series non-stationary if the underlying
generating process does not have a constant mean and/or a constant variance.
Practical the plotted of time series help us to Judge if one or both
conditions exist, as well as could be sentenced on the non-stationarity by
observing plotted of autocorrelations. (Bovas and Ledolter, (2005); Rueys
and Tsay; (2002)).
As an example, consider the monthly price of a barrel of crude oil from
January 1986 through January 2006.

Figure 2.2: The series displays considerable variation, especially since 2001, and a stationary model
does not seem to be reasonable.

2.2.3 Autocorrelation Function (ACF)
The most important tools for study dependence is the sample
autocorrelation function. The correlation coefficient between any two
variables random X, Y, which measures the strength of linear dependence
between X, Y, always takes values between -1 and 1.
If we assuming stationarity, and we want to estimate autocorrelation
function ρk for a set of lags k = 1,2, .... The simplest way to do this is to
compute the sample correlation between the pairs k units apart in time. Note
that the concept of correlation expanding in the case of stationary time series
to become the autocorrelation function. The correlation coefficient between

01

Ytand Yt−k is called the lag-k autocorrelation of Yt and denoted by the symbol
ρk, which under the assumption of weak stationary and defined as:

∑𝑡𝑡−𝑘+1(𝑦𝑡 −𝑦)(𝑦𝑡−𝑘 −𝑦)

Pk=

∑𝑡𝑡−1(𝑦𝑡 −𝑦)^2

=

𝑦𝑘
𝑦0

; 𝑓𝑜𝑟 𝑘 = 1,2,3, …. (2.1)

Wher𝑦𝑘 = 𝑐𝑜𝑣 (𝑦𝑡 , 𝑦𝑡−𝑘 ) (2.2)
Since ρk is a correlation, it has the simple properties:
a)

-1 ≤ρk ≤ 1

b)

ρk = ρ-k

c)

ρ0 = 1

( Box & Jenkins,(1994); Chatfield, (2003)
2.2.4 Partial Autocorrelation Function (PACF)
The correlation coefficient between two random variables Yt and Yt-k after
removing the impact of the intervening Yt-1, Yt-2 ,..., Yt-k +1 is called (PACF)
at lag k and denoted by kk One of the methods of calculation are based on
the account partial regression coefficient

kk in the equation:

𝑌𝑡 = ∅𝑘1 𝑌𝑡−1 + ∅𝑘2 𝑌𝑡−2 + ⋯ + ∅𝑘𝑘 𝑌𝑡−1 + 𝑎𝑡 (2.3)

kk calculated from the relationship:
∅00 = 1,

∅𝑘𝑘 =

∅11 = 𝑝1
𝑝𝑘 −∑𝑘−1
𝑗 =1 ∅𝑘−1𝑗 𝑝𝑘−𝑗
1−∑𝑘−1
𝑗=1 ∅𝑘−1𝑗 𝑝𝑗

(2.4)

𝑤ℎ𝑒𝑟 ∅𝑘𝑗 = ∅𝑘−1𝑗 − ∅𝑘𝑘 ∅𝑘−1,𝑘−1, 𝑗 = 1,2, … , 𝑘 − 1

00

Linear time series model can be tentatively identified by its
Autocorrelation function (ACF), and Partial Autocorrelation Function
(PACF) as follows:
 if ρ1 is non-zero, this indicates that the serial is first order serially
correlated.
 If ρk tails off geometrically with increasing lags, and (PACF) cut off
after certain lag it means that the model is autoregressive process.
 If ρk cut off after a small number of lags, and (PACF) tails off
geometrically with increasing lags it means that the model is
moving-average process.
A plot of ρk versus lag K is often called a correlogram. Barry, (2002);
Bovas and Ledolter, (2005); Cryer and Chan, (2008)).
2.2.5 White Noise (WN)
A very important case of a stationary process is called white noise process.
If a time series { rt } is a sequence of independently and identically
distributed (iid) random variables with ﬁnite mean and variance ; we shall
sometimes denote this process as:
wt~wn (μt, σ2w).
Its importance originates from the fact that many useful processes can be
constructed from white noise. If { rt } is normally distributed with mean zero
and variance σ2 and no serial correlation , then it is said to be Gaussian white
noise or more succinctly, wt~iid N(0, σ2w), we usually assume that the white
noise process has mean zero and denote Var (rt) by σ2w . For a white noise
series, all the ACFs are zero. In practice, if all sample ACFs are close to zero,
then the series is a white noise series as in. (Brockwell and Davis,(1996);
Rueys and Tsay, (2002); Bovas and Ledolter; (2005); Shumway and Stoffer,
(2005); Cryer and Chan, (2008)
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2.2.6 Random walk process
A random walk process is usually method used in the equity market to
describe, for example, the behavior of stock prices or exchange rates. This
process continually drifts from any expected value in a specific period. In this
approach, it is not considered any constant value or constant variance over
time.
 Generally, we can classify two types of random walk process:
- Random walk without a drift given by:
𝑦𝑡 = 𝑦𝑡−1 + 𝑤𝑡
(i.e., no constant or intercept term)
- Random walk with a drift given by :
𝑦𝑡 =∝ +𝑦𝑡−1 + 𝑤𝑡
(i.e., a constant term is present):

Figure
2.3: Random walk, αw =1,withdrift α = .2 (upper jagged line), without drift, α = 0 (lower jagged
line), and a straight line with slope 0.2 (dashed line).

Where y0 is a real number denoting the starting value of the process, the
constant α is called the drift parameter.
For t = 1, 2, . . ., with initial condition y0 = 0, wt is white noise, and when
α = 0 , (3.5) is called a simple random walk, consider that we may rewrite
(3.5) as a cumulative sum of white noise
𝑦𝑡 =∝ + ∑𝑡𝑗=1 𝑤𝑗

(2.5)
03

Varieties as:
The simple random walk process provides a good model (at least to a first
approximation) for phenomena as diverse as the movement of common stock
price, and the position of small particles suspended in a fluid so called
Brownian motion. If a trend in a time series process is completely predictable
and not variable, it is said a deterministic trend, whereas if it is not
predictable, it is said a stochastic trend. (Box & Jenkins,(1994); Brockwell
and Davis,(1996); Rueys and Tsay, (2002); Chatfield, (2003); Shumway and
Stoffer, (2005)).

2.3 Time series models
2.3.1 Univariate models
2.3.1.1 Autoregressive process (AR)
A model written on the form
𝑦𝑡 = ∅1 𝑦𝑡−1 + ∅2 𝑦𝑡−2 + ⋯ + ∅𝑝 𝑦𝑡−𝑝 + 𝜀𝑡 (2.9)
Called autoregressive of order p, and abbreviated AR (p),
Where εt is white noise, i.e.,
• E(εt) = 0
• Var(εt) = σ2 and
• Cov(ε t−s , ε t) = 0 , if s ≠ 0
The current value of the series rt is a linear combination of the p most
recent past values of itself plus an “innovation” term εt include all that is new
in this series at a time t is not interpreted by the past values. Thus, for every t,
we assume that εt is independent of the yt − 1,yt − 2,yt − 3,...

In general, we say that a variable rt is autoregressive of order p, AR (p),
with p  N, if it is a function of its p past values and can be represented as:
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𝑝

𝑦𝑡 = ∑𝑖−1 ∅𝑖 𝑦𝑡−𝑖 + 𝜀𝑡 (2.10)
Chatfield, (2003).

2.3.1.2 Moving Average process (MA)
We call a series {rt} a moving average of order q and abbreviate the name
to MA(q), if Written on the form:
𝑦𝑡 = 𝜀𝑡 − 𝜃1 𝜀𝑡−1 − 𝜃21 𝜀𝑡−2 − ⋯ − 𝜃𝑞 𝜀𝑡−𝑞

(2.11)

We consider that in the moving average process , a time series {yt}, is
obtained by applying the weights 1, −θ1, −θ2, ... , −θq to the variables εt, εt −
1, εt − 2 , …, εt-q and then moving the weights and applying them to εt +1, εt,
εt − 1, ... , εt − q +1 to obtain {yt+1} and so on.
We can write eq (3.14) as the following form:
𝑞

𝑦𝑡 = 𝜀𝑡 − ∑𝑖−1 𝜃𝑞 𝜀𝑡−1

(2.12)

2.3.1.3 Autoregressive Moving Average process (ARMA)
Sometimes we need to reach a model for time series analysis more
comprehensive,
more
effective
and
has
fewer
parameters
if we assume that this series is part of the Autoregressive and the other part is
the moving average, we obtain a quite general time series model. In general, if
suppose that {yt}, t =... -1, 0, 1 ... is an equally spaced weakly stationary or
covariance stationary, time series. There is a famous model of linear models
for time series analysis in the time domain belongs to an autoregressive
moving average is expressed in the form:

𝐲𝐭 = ∅𝟏 𝐲𝐭−𝟏 + ∅𝟐 𝐲𝐭−𝟐 + ⋯ + ∅𝐩 𝐲𝐭−𝐩 + 𝛆𝐭 − 𝛉𝟏 𝛆𝐭−𝟏 − 𝛉𝟐 𝛆𝐭−𝟐 − ⋯ − 𝛉𝐪 𝛆𝐭−𝐪 (2.13)

We say that {yt} is a mixed autoregressive moving average process of
orders p and q, respectively; and known simply as ARMA (p ,q) . For the
general ARMA(p ,q) model, we state that εt,is independent of yt − 1, yt − 2, yt −
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3,…,

a stationary solution to Equation (3.16) exists if and only if all the roots
of the AR characteristic equation  (x) = 0 are outside the unit circle .
For inevitability we have to assume that the roots of  (x) = 0 are
outside the unit circle.Where {εt} is a sequence of uncorrelated variables, also
referred to as a white noise process, and (  1. ...  p,  1, ...  q ) are unknown
constants or parameters. The model (3.14) is an ARMA(p,q) model or BoxJenkins model. And we can expressed this model as:

(1 − ∅1 𝐵 − ∅2 𝐵2 − ⋯ − ∅𝑝 𝐵𝑝 )𝑦𝑡 = (1 + 𝜃1 𝐵+𝜃2 𝐵2 + ⋯ + 𝜃𝑞 𝐵𝑞 )𝜀𝑡

(2.14)

Where B is the backshift operator, that is BXt = Xt−1.
 ( B )  1  1B  2 B
 ( B )  1  1B   2 B

2
2

 ...  P B

P

 ...  q B q

(2.15)

Any ARMA model can therefore be written as an AR or MA model.
 In general, an ARMA (p,q) is a combination of an AR(p), equation
(3.12) , and MA(q) , equation (3.14), and can be written as:
𝑝

𝑞

𝑟𝑡 = ∑𝑖=1 ∅𝑖 𝑟𝑡−𝑖 + ∑𝑖=1 𝜃𝑖 𝜀𝑡−𝑖 (2.16)
(Box & Jenkins,1994); Hamilton (1994)
2.3.1.4 Autoregressive Integrated Moving Average process (ARIMA)
ARIMA is one of the most traditional methods of non-stationary time series
analysis known as the Box-Jenkins methodology, but it is technically known
as the ARIMA methodology, this method does not focus on building models
of a single equation or simultaneous equation models, but on the analysis of a
probabilistic, or stochastic, the properties of economic time series itself under
the principle that "let the data speak for themselves." In contrast to the
regression models, the ARIMA models allows Yt is explained from the past,
or lagged values of Y itself and stochastic error terms. For these reasons,
called these models sometimes theoretical models because they are not
derived from any economic theory - and economic theories often this form
basis of simultaneous equations models.
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Time series {rt} is classified as an integrated model Autoregressive
moving average if the dth difference:
𝑦𝑡 = ∇𝑑 𝑦𝑡 = (1 − 𝐵)𝑑 𝑟𝑡

(2.17)

Is a stationary ARMA process, Where  =B-1 is the difference operator. If
{Yt} follows the ARMA (p, q) model, so we say that {yt} is an ARIMA (p, d,
q) process.
For practical purposes, we can take is usually d = 1 or 2 at most. We can
write model Previous as:
∅(𝐵)𝑤𝑡 = 𝜃0 + 𝜃(𝐵)𝜀𝑡

(2.18)

Where  (B) is a stationary autoregressive operator,  (B) is a stationary
moving average operator, and {εt } is white noise and θ0 , is a constant usually
referred to as a trend parameter.
The model is called “integrated” since rt, can be thought of as the
summation (integration) of the stationary series wt. The previous mentioned
models are built on assumptions that the time series involved are (weak)
stationary.
But, as is well known to us that many economic time series non-stationary,
that is, integrating. If the integration of a time series of order 1, ie. I (1), it's
the first differences are I (0), that is, stationary. Similarly, if a time series is
I(2), it’s second difference is I(0). In general, if a time series is I(d), after
differencing it (d) times we obtain an I(0) series.
The above is clear that if we needed to the difference time series d times to
make it stationary and then apply the ARMA (p, q) process, we say that the
original time series is ARIMA (p, d, q) process, that is, it is an autoregressive
integrated moving average time series.
In the case of the pattern of seasonal time series ARIMA model is written as
follows:
∅(𝐵)∅(𝐵)∇𝑑 ∇𝐷
𝑠 𝑟𝑡 = 𝜃(𝐵)ѳ(𝐵)𝜀𝑡

(2.19)
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Where :
𝑊𝑡 = ∇𝑑 ∇𝐷
𝑠 𝑦𝑡 is a stationary series.
𝑠 𝐷
∇𝑑 = (1 − 𝐵)𝑑 represents the number of regular differences. ∇𝐷
𝑠 = (1 − 𝐵 )
represents the number of seasonal differences required to induce stationarity
in rt.

The first step in estimating the ARIMA model is to determine
(p,d,q)(P,D,Q), where p denotes the number of autoregressive
terms, q denotes the number of moving average terms and d denotes the
number of times a series must be differenced to induce stationarity. P denotes
the number of seasonal autoregressive components, Q denotes the number of
seasonal moving average terms and D denotes the number of seasonal
differences required to induce stationarity. For (AR, MA, Brockwell and
Davis,(1996);) Cryer and Chan, (2008)).

2.3.2Multivariate models
2.3.2.1 Vector AR (p) Models
The general vector AR(p) process
(𝑰 − 𝜱𝟏 𝑩 − ⋯ − 𝜱𝒑 𝑩𝒑 )𝒚̇ 𝒕 = 𝒂𝒕 (2.20)

Or

𝒚̇ 𝒕 = 𝜱𝟏 𝒚̇ 𝒕−𝟏 + ⋯ + 𝜱𝒑 𝒚̇ 𝒕−𝒑 + 𝒂𝒕 (2.21)

is obviously invertible. For the process to be stationary we require that the
zeros of [𝐼 − 𝛷1 𝐵 − ⋯ − 𝛷𝑝 𝐵𝑝 ]lie outside the unit circle or, equivalently, the
roots of
|𝜆𝑝 𝐼 − 𝜆𝑝−1 𝛷𝑝 | = 0

(2.22)

be inside the unit circle. In such case, we can write
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−𝟏

𝒚̇ = [𝜱𝒑 (𝑩)] 𝒂𝒕 (2.23)
∑∞
𝒔=𝟎 Ѱ𝒔 𝒂𝒕−𝒔, (2.24)
Where the Ѱ𝑠 weights are square summable and can be obtained by
equating the coefficients of 𝐵 𝑗 in the matrix equation
(𝑰 − 𝜱𝟏 𝑩 − ⋯ − 𝜱𝒑 𝑩𝒑 )(𝑰 + Ѱ𝟏 𝑩 + Ѱ𝟐 𝑩𝟐 + ⋯ ) = 𝑰,

(2.25)

i.e.,

Ѱ𝟏 = 𝜱𝟏
⋮
Ѱ𝒋 = 𝜱𝟏 Ѱ𝒋−𝟏 + ⋯ + 𝜱𝒑 Ѱ𝒋−𝒑,

𝑗≥𝑝

Because
−𝟏

[𝜱𝒑 (𝑩)]

=

𝟏
[𝜱𝒑 (𝑩)]

𝜱𝑷+ (𝑩),

(2.26)

+
(𝐵)]is the adjoint matrix of 𝛷𝑝 (B), we can write
where 𝛷𝑃+ (𝐵)= [𝛷𝑖𝑗
(16.3.37a) as

|𝜱𝒑 (𝑩)|𝒚̇ 𝒕 = 𝜱+
𝑷 (𝑩)𝒂𝒕, (2.27)
+
(𝐵)is
Now, |𝛷𝑝 (𝐵)| is a polynomial in B at most oforder mp, and each 𝛷𝑖𝑗
a polynomial in B at most of order (m - 1)p. Thus, each individual component
series follows a univariate ARMA model up to a maximum order (mp, (m -
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l)p). The order can be much less if there are common factors between the AR
and MA polynomials.
The covariance matrix function is obtained by left-multiplying 𝑧̇𝑡−𝑘 on
both sides of the transposed equation ofand then taking expectations,
i.e.,(Kwan & Wu,1997)
𝑬[𝒚̇ 𝒕−𝒌 (𝒚̇ ,𝒕 − 𝒚̇ ,𝒕−𝟏 𝜱,𝟏 − ⋯ − 𝒚̇ ,𝒕−𝒑 𝜱,𝒑 ].

(2.27)

Thus,
K=0,T(0)-T(1)𝛷1, − 𝑇 , (2)𝛷2, − 𝑇 , (3)𝛷3, − ⋯ − 𝑇 , (𝑃)𝛷𝑃, = ∑
K=1,T(1)-T(0)𝛷1, − 𝑇 , (1)𝛷2, − 𝑇 , (2)𝛷3, − ⋯ − 𝑇 , (𝑃 − 1)𝛷𝑃, = 0
K=2,T(2)-T(1)𝛷1, − 𝑇(0)𝛷2, − 𝑇 , (1)𝛷3, − ⋯ − 𝑇 , (𝑃 − 2)𝛷𝑃, = 0
⋮⋮
K=𝑝, 𝑇(𝑝) − 𝑇(𝑝 − 1)𝛷1, − 𝑇(𝑝 − 2)𝛷2, − ⋯ − 𝑇(0)𝛷𝑃, = 0
K≥ 𝑝, 𝑇(𝑘) − 𝑇(𝑘 − 1)𝛷1, − 𝑇(𝑘 − 2)𝛷2, − ⋯ − 𝑇(𝑘 − 𝑝)𝛷𝑃, = 0,(2.28)
where 0 is them X m zero matrix. More compactly, for k= 1, ... ,p, we obtain
the following generalized Yule-Walker matrix equations:
𝑇(0)𝑇 , (1)𝑇 , (2) … 𝑇 , (𝑝 − 1)
𝑇(1) 𝑇(0)𝑇 , (1) … 𝑇 , (𝑝 − 2)
⋮
⋮
⋮
⋱
⋮
𝑇(𝑝 − 1) 𝑇(𝑝 − 2) 𝑇(𝑝 − 3) 𝑇(0)
[

]
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𝛷1,
𝛷2,
[ ]=
⋮
𝛷𝑃,

𝑇(1)
𝑇(2)
[
].·
⋮
𝑇(𝑝)

2.3.2.2 Vector MA (q) Models
The general vector MA(q) process is given by
𝒚̇ 𝒕 = (𝑰 − 𝜣𝟏 𝑩 − ⋯ − 𝜣𝒒 𝑩𝒒 )𝒂𝒕, (2.29)

The covariance matrix function is
T(k)=E[𝒂𝒕 − 𝜣𝟏 𝒂𝒕−𝟏 − ⋯ − 𝜣𝒒 𝒂𝒕−𝒒 ][𝒂,𝒕+𝒌 − 𝒂,𝒕+𝒌−𝟏 𝜣,𝒕+𝒌−𝒒 𝜣,𝒒 ]
𝒒−𝒌𝜣𝒋 ∑𝜣,𝒋+𝒌,

={

∑𝒋=𝟎

𝒇𝒐𝒓 𝒌=𝟎,𝟏,…,𝒒,

𝟎,

,

𝒌 > 𝑞,

(2.30)

where 𝛩0 =I and f(-k) = T'(k). Note that T(k) cuts off after lag q. The
process is always stationary. If it is also invertible, then we can write
∏(𝐵) = 𝑦̇ 𝑡 = 𝑎𝑡 (2.31)

With

∏(𝐵) = [𝛩𝑞 (𝐵)]

−1

=

1
|𝛩𝑞 (𝐵)|

𝛩𝑞+ (𝐵)(2.32)

so that the ∏𝑠 𝑎𝑟𝑒absolutely summable. Because the elements of the adjoin
matrix 𝛩𝑞+ (𝐵)are polynomials in B of maximum order (m - l)q, the only
requirement needed for the model to be invertible is that all the zeroes
of|𝛩𝑞 (𝐵)|be outside the unit circle.
The ∏𝑠 𝑐𝑎𝑛be obtained by equating coefficients of 𝐵 𝑗 in
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∏(𝐵)𝛩𝑞 (𝐵) = 𝐼,

[𝑰 − ∏𝟏 𝑩 − ∏𝟐 𝑩𝟐 − ⋯][𝑰 − 𝜣𝟏 𝑩 − ⋯ − 𝜣𝒒 𝑩𝒒 ] = 𝑰(2.33)
Hence, ∏𝑠 𝑐𝑎𝑛 be calculated recursively from the 𝛩𝑗 as
∏𝒔 = ∏𝒔−𝟏 𝜣𝟏 + ⋯ + ∏𝒔−𝒒 𝜣𝒒,

𝒔 = 𝟏, 𝟐, …,

(2.34)

Where ∏0 = −𝐼 𝑎𝑛𝑑 ∏𝑗 = 0 𝑓𝑜𝑟 𝑗 < 0.
Peña and Rodríguez (2002)

2.3.2.3 Vector ARMA(l, 1) Models
The vector ARMA (l, 1) model is given by
(𝑰 − 𝜣𝟏 𝑩)𝒛̇ 𝒕 = (𝑰 − 𝜣𝟏 𝑩)𝒂𝒕, (2.35)

Peña and Rodríguez (2002) The model is stationary if the zeroes of the
determinant polynomial |𝐼 − 𝛩1 𝐵|are outside the unit circle or if all the
eigenvalues of 𝛷 1 are inside the unit circle. In such a case, we can write
𝒚̇ 𝒕 = ∑∞
𝒔=𝟎 Ѱ𝒔 𝒂𝒕−𝒔, (2.36)
where the Ѱ𝑠 weights are obtained by equating the coefficients of 𝐵 𝑗 in the
matrix equation
(𝐼 − 𝛷1 𝐵)(𝐼 + Ѱ1 𝐵 + Ѱ2 𝐵2 + ⋯ ) = (𝐼 − 𝛩1 𝐵),
i.e.
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𝑗−1

Ѱ𝑗 = 𝛷1 Ѱ𝑗−1 = 𝛷1

(𝛷1 −𝛩1 ),

𝑗 ≥ 1.

(2.37)

The process is invertible if the zeroes of |𝐼 − 𝛩1 𝐵|are outside the unit circle
or if all the eigenvalues of𝛩1 are inside the unit circle. In such a case, we can
write
𝑦̇ 𝑡 = ∏1 𝑦𝑡−1 + ∏2 𝑦̇ 𝑡−2 + ⋯ + 𝑎𝑡 (2.38)
Such that
(𝐼 − 𝛷1 𝐵) = (𝐼 − 𝛩1 𝐵)(𝐼 − ∏ 𝐵 − ∏ 𝐵2 − ⋯ )
1

2

And
∏𝑗 = 𝛩1𝑗−1 (𝛷1 −𝛩1 ),

𝑗 ≥ 1.

(2.39)

For the covariance matrix function, we consider
,
,
𝐸[𝑦̇1−𝑘 (𝑦̇𝑡−1
𝛷1, )] = 𝐸[𝑦̇ 𝑡−𝑘 (𝑎𝑡, − 𝑎𝑡−1
𝛩1, )]

And note that
,
,
𝐸[𝑦̇ 𝑡 (𝑎𝑡−1
𝛩1, )] = 𝐸[𝛷1 𝑦̇ 𝑡−1 + 𝑎𝑡 − 𝛷1 𝑎𝑡−1 )(𝑎𝑡−1
𝛩1, )]

= 𝛷1 ∑𝛩1, − 𝛩1 ∑𝛩1, .
Hence, we obtain
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𝑻(𝟎) − 𝑻(𝟏), 𝜱,𝟏 = ∑ − (𝜱𝟏 −𝜣𝟏 )∑𝜣,𝟏,
,
,
{𝑻(𝟏) − 𝑻(𝟎)𝜱𝟏 = −∑𝜣𝟏,
𝑻(𝒌) − 𝑻(𝒌 − 𝟏)𝜱,𝟏 = 𝟎

𝑲 = 𝟎,
𝑲 = 𝟏,(2.40)
𝒌≥𝟐

Using the first two equations in (16.3.60), we have
T(0)−𝛷1 𝑇(0)𝛷1, = ∑ +( 𝛷1 −𝛩1 )∑(𝛷1 −𝛩1 ), − 𝛷1 ∑𝛷1,
And
T(0)=𝛷1 𝑇(0)𝛷1, = ∑ +( 𝛷1 −𝛩1 )∑(𝛷1 −𝛩1 ), − 𝛷1 ∑𝛷1, .

(2.41)

When the parameter matrices𝛷1 , 𝛩1 , and ∑ are known, Equation (2.41) is of
the same form as Equation (2.41). Thus, T(0) can be solved in the same way
as illustrated in Example 16.1 and is given by
Vec (T(0))=[𝐼 − 𝛷1 𝛩𝛷1 ]−1 𝑣𝑒𝑐 (∑ +(𝛷1 −𝛩1 )∑(𝛷1 −𝛩1 ), − 𝛷1 ∑𝛷1,
(2.42)

The other covariance matrices T(k) can then be calculated through
(16.3.60).
Conversely, given the covariance matrix function T(k), we can obtain the
parameter matrices as follows. First, from the third equation of (2.40), for k=
2, we obtain
𝛷1 = 𝑇 , (2)[𝑇 , (1)]−1 .

(2.43)

Next, using the first two equations in (2.40), we get
∑ = 𝑇(0) − 𝑇 , (1)𝛷1, − (𝛷1 −𝛩1 )[𝑇(1) − 𝑇(0)𝛷1, ].
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(2.44)

Hence

𝛩1 ∑ = 𝛩1 [𝑇(0) − 𝑇 , (1)𝛷1, − 𝛷1 𝑇(1) + 𝛷1 𝑇(0)𝛷1, ]

+𝛩12 [𝑇(1) − 𝑇(0)𝛷1, ].

(2.45)

Substituting the second equation of (2.40) into (2.45), we have
𝛩12 𝐴1 + 𝛩1 𝐴2 + 𝐴1, = 0,

(2.46)

(2.46)

Where
𝐴1 = 𝑇(1) − 𝑇(0)𝛷1, ,
𝐴2 = 𝑇(0) − 𝑇 , (1)𝛷1, − 𝛷1 𝑇(1) + 𝛷1 𝑇(0)𝛷1, ,
Equation (16.3.66) is of the same form as Equation (2.46) and can be solved
similarly for 𝛩1 . Having 𝛷1 and 𝛩1 , ∑ can be calculated from (2.44) (Gustavo
& George 2001)

2.4 Time series models Identification
2.4.1 ARIMA models Identification
A preliminary Box-Jenkins analysis with a plot of the initial data should be
starting with determining an appropriate model. The input data must be
adjusted to form a stationary series, one whose values vary more or less
uniformly about a fixed level over time.
Apparent trends can be adjusted by having the model apply a technique of
"regular differencing," a process of computing the difference between every
two successive values, computing a differenced series which has overall trend
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behavior removed. If a single differencing does not achieve stationarity, it
may be repeated, although rarely, if ever, are more than two regular
differencing required. Where irregularities in the differenced series continue
to be displayed, log or inverse functions can be specified to stabilize the
series, such that the remaining residual plot displays values approaching zero
and without any pattern. This is the error term, equivalent to pure, white noise.
On the other hand, if the initial data series displays neither trend nor
seasonality(Pure Random Series ), and the residual plot shows essentially zero
values within a 95% confidence level and these residual values display no
pattern, then there is no real-world statistical problem to solve and we go on to
other things. With a stationary series in place, a basic model can now be
identified. Three basic models exist, AR (autoregressive), MA (moving
average) and a combined ARMA in addition to the previously specified RD
(regular differencing): These comprise the available tools. When regular
differencing is applied, together with AR and MA, they are referred to as
ARIMA, with the I indicating "integrated" and referencing the differencing
procedure. Initially we can identify the pure model as we summarize in the
following table by using (ACF&PACF )

Model
ARIMA(p,0,0)
ARIMA(0,0,q)
ARIMA(p,0,q)
ARIMA(0,d,0)

ACF
Decays slowly
= 0 after q
Decays slowly
Dose not decay

PCF
=0 after p
Decays slowly
Decays slowly
Dose not decay

Table 2.4.1 Using ACF & PACF to identify the time series model

2.4.2 Vector ARIMA models Identification
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To identification, VARIMA Models there are many of criteria that we can
use it to selection order modelling, in this study the researcher will be use the
following criteria.
AIC criterion: Stands for Kiekies Information Criterion. For each model,
calculate:
AIC=n ln(sse)-n ln(n)+2p
Where SSE is the usual residual sum of squares from that model, p is the
number of parameters in the current model, and n is the sample size. After
doing this for all possible models, the \best" model is the one with the smallest
AIC.
Note that the AIC is formed from three terms: The first is a measure of fit,
since n ln (SSE) is essentially the sum of squared residuals. The second term,
n ln(n) is a constant, and really plays no role in selecting the model. The third
term, 2p is a "penalty" term for adding more terms to the model.
This is because the first term always decreases as more terms are added into
the model, so this is needed for "balance".
BIC criterion: Stands for Bayesian Information Criterion, sometimes called
the SBC for Schwartz Bayesian Criterion. For each model, calculate:
BIC=n ln(SSE)-n ln(n)+ln(n)p
where SSE is the usual residual sum of squares from that model, p is the
number of parameters in the current model, and n is the sample size. After
doing this for all possible models, the \best" model is the one with the smallest
BIC.
Note the similarity between AIC and BIC, only the last term changes. We
will compare the properties of these two criteria in detail later.Details are
omitted here (see article by Raftery), but it can be shown that the BIC is
related to an approximate Bayes factor, from a model with low information
prior distributions (equal to one prior observation centered at the null value of
zero for each coefficient).
In some ways the best criterion to use for predictions, in large part because
it leads to model averaging, see Raftery for details. We will extensively use
Raftery's program called bic.glm for the rest of the year, extremely useful for
model selection for prediction and for estimating effects.
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2.5 Time series models Estimation
There are many method to estimate parameter in the time series model like
maximum likelihood method , last square method, …..,etc., and we will talk a
little bit from each.
Maximum Likelihood When p and q are known in ARMA(p, q) model,
estimates of the Yi s and Yj s can be found when the data being observations
from a Gaussian ARMA model.
Even if {X t} is not Gaussian the Gaussian likelihood still is a reasonable
measure of goodness of fit of the model, so maximizing it is sensible. Also,
the asymptotic distribution of maximum likelihood estimators is the same
whether the white noise innovations Yt (and so the process itself) are normal
or not.
The Least Squares in Time Series The underlying idea in the fitting of a
time series model by least squares, by analogy with regression, is that we
should choose parameter values which minimize the sum of squared
differences between the observed data and their expected values according to
the model.

2.6 Time series models Diagnostic
We will consider two types of diagnostic checks. In the first, we fit extra
coefficients and test for their significance. In the second, we examine the
residuals of the fitted model to determine if they are white noise (i.e.
uncorrelated). Fitting extra coefficients, suppose we have tentatively identified
and estimated an ARMA(p, q) model. Consider the following
ARMA(p + q, q + q) model.
(1 − 𝑎1 𝐿 − ⋯ − 𝑎𝑝 𝐿𝑝 − ⋯ − 𝑎𝑝+𝑝 ∗ 𝐿𝑝+𝑝 )𝑥𝑡 = (1 + 𝑏1𝐿 + ⋯ + 𝑏𝑞 𝐿𝑞 +
⋯ + 𝑏𝑞+𝑞 ∗ 𝐿𝑞+𝑞 ) ∈ 𝑡 (2.47)
We can calculate a Lagrange Multiplier test of the restrictions
ap+1 = ap+2 = . . . = ap+p = 0
bq+1 = bq+2 = . . . = bq+q = 0
If the hypothesis is accepted, we have evidence of the validity of the
original model. Tests on residuals of the estimated model, if the model is
correctly specified the estimated residuals should behave as white noise (be
uncorrelated).
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Chapter 3
Portmanteau Test for time series
model
3. 1 Diagnostic checking
Conducting various diagnostic tests is an important step in time series
modeling.
In the literature, there exist numerous diagnostic tests designed to examine
the dependence(correlation) structure of a time series. If a time series is
serially uncorrelated, no linear function of the lagged variables can account
for the behavior of the current variable.
If a time series is a martingale difference sequence no function, linear or
nonlinear, of the lagged variables can characterize the behavior of the current
variable. For a serially independent time series, there is no any relationship
between the current and past variables. Diagnostic testing on data series thus
provides information regarding how these data might be modeled. When a
model is estimated, diagnostic tests can be applied to evaluate model
residuals, which also serve as tests of model adequacy
In practice, there are three classes of diagnostic tests, each focusing on a
specific dependence structure of a time series. The tests of serial uncorrelated
include the well-known Q tests ofLijung & Box (1978),Box & Pierce
(1970),Monti (Mt),Li and McLeod (1981),Hosking (1980),Pena & Rodriguez
(2002), Peña and Rodríguez portmanteau test (2006), Fisher portmanteau tests

3.2 Portmanteau Test Statistics
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3.2.1 univariate
3.2.1.1 Box and Pierce portmanteau test
The classical portmanteau test statistic is the one proposed by Box and
Pierce (1970).(Box & Pierce, 1970) Box-Pierce( Q BP ) test statistic up to lag
m is
m

Q BP (rˆ )  n  rˆk2
k 1

(3.1)

where rˆk is the sample autocorrelation of order k of the residual, m is the
number of lags being tested and n is the sample size.
Asymptotic distribution: This statistic is used to test for significant
correlation up to lag m . It is well known that for independent and
identically distributed data, as n  the autocorrelations behave as
independent normally distributed random variables, and therefore under the
null hypothesis (correctly fitted model) Q BP is shown to be asymptotically
distributed  2 random variable with m  ( p  q ) degrees of freedom, where
p and q are the order of autoregressive and moving average terms
estimated in the fitted model, respectively.
Critical region: For significance level  , the critical region for rejection
the null hypothesis is Q BP  12 ,m  p q .
Limitation: This classical statistic has been widely studied. Kwan et al.,
2005 indicated that the normalization procedure used in Box-Pierce test is
inappropriate for an independent and identically distributed (i.i.d) normal
series with an unknown mean. Consequently, the poor empirical
performance of the test is not entirely unexpected. On other hand, Arranz,
2005 showed that in finite samples its distribution falls apart from the
asymptotic one.
This fact has been the starting point of some modifications
Remark 3.1: The argument 'order' is used for degrees of freedom of
asymptotic chi-square distribution, so its important to enter the value of
order equals to p + q, in order to calculate the value of  2 with (m  ( p  q ))
degrees of freedom, otherwise the function will calculate the value of  2
with (m ) degrees of freedom when order =0 or when we use the function
without the argument 'order'(equivalently using BoxPierce(obj)).
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3.2.1.2 Ljung-Box portmanteau test
After some discussion about the finite sample distribution of the test statistic
proposed by Box and Pierce (1970); Ljung and Box (1978) proposed a
modified version of that test.
(Ljung & Box, 1978) Ljung-Box Q LB portmanteau test is
rˆk2
k 1 n  k
m

Q LB (rˆ)  n (n  2)

(3.2)

where n , m , rˆk as in Definition 3.1.
(Ljung & Box, 1978) showed that their test provides a substantially improved
approximation to  m2  p q distribution that should be adequate for most
practical purposes with the same critical region as Q BP .
In many applications the value of m has been as high as 20 or 30 even when a
simple low-order model has been believed to be appropriate.(Ljung, 1986)
The variance of Q LB increases relative to Var (  m2  p q ) for larger m. The
increase in the variance results from a positive correlation among the rˆk2 ' s at
higher lags for finite n. This can be seen by examining Var ( Q LB ) for a white
noise process and by noting that the residual autocorrelations at higher lags
behave like white noise autocorrelations. (Ljung, 1986)
Remarks 3.2:We must deal with argument 'order' as mentioned in Box-Pierce
test in Remark 3.1.
In R, the functionBox. Test()using stats package was built to compute the
Q BP and Q LB tests only in the univariate case where we cannotuse more than
one single lag value at the same time. The functions Box Pierce() and LjungBox()are more general than Box. Test()and can be used in the univariate or
multivariate time series at vector of different lag values.
One can uses tsdiag function using stats package. This is a generic function. It
will generally plot the residuals, often standardized, the autocorrelation
function of the residuals, and the p-values of Ljung-Box test for the maximum
number of lags for the test, but we must be careful when performing this test
because the Chi square will be computed for m degree of freedom not for m(p+q).
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3.2.1.3 Monti portmanteau test
The tests in Definitions 3.1 and 3.2 are based on residual autocorrelation;
alternatively Monti (1994) proposed a test statistic based on residual partial
autocorrelation.
(Monti, 1994) Let ˆ k be the k th residual partial
autocorrelation, then Monti portmanteau test up to lag m is provided by:
m

Q M (ˆ )  n (n  2)
k 1

ˆk2

(3.3)

n k

where n is the length of the time series.
Monti(1994) proved that if the model is correctly identified, Q M is
asymptotically distributed as a  m2  p q random variable.
If the model is correctly specified, ˆ k is approximately distributed as normal
with mean zero and variance

n k
.(Kwan & Wu,1997)
n  n  2

One can alternatively uses the statistic
m

Q M* (ˆ )  n  ˆ k2

(3.4)

k 1

where Q M* is asymptotically equivalent to Q M . The difference between Q M* and
Q M is the same as between the Box-Pierce test Q BP and Ljung-Box test Q LB . In

both cases, the approximation to the small-sample distribution by a  2 is
more accurate for the latter versions, which is therefore
recommended.(Monti, 1994)
Monti (1994) showed by simulations that the performance of Q M is
comparable to that of Q LB and better if the order of the moving average is
understated. On the other hand, Q LB performs better if the order of the
autoregressive part is understated.

3.2.1.4 Peña and Rodríguez portmanteau test (2006)
A finite sample modification of a test by Peña and Rodríguez is proposed.
The new modified test has a more intuitive explanation than the previous
one.(Peña & Rodríguez, 2006) For stationary time series data a new
portmanteau diagnostic test statistic is
D*  

n
log Rˆ m
m 1

(3.5)
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the notation as outlined in Definition 3.4.
Properties:
Peña and Rodríguez (2006), showed that the test statistic D * is
asymptotically distributed as a linear combination of Chi-squared random
variables and proposed two different approximations to the asymptotic
distribution of that test statistic:
The first one is based on the Gamma distribution. The test statistic follows
asymptotically a Gamma distribution with parameters  and  , where


3  m  1  m  2  p  q  

2

(3.6)

2  2m  2m  1  12  m  1 p  q  

and


and
 2 

the

3  m  1 m  2  p  q 

(3.7)

2m  2m  1  12  m  1 p  q 

distribution

m  2m  1
3  m  1

has

mean

 1 

m
 p q 
2

and

variance

 2  p  q  .They denoted this first approximation by GD  which

is distributed as G ( ,  ) .
The second approximation is based on Normal distribution. Peña and
Rodríguez, (2006) suggested a power transformation which reduces the
skewness in order to improve the normal approximation. The test statistic is



ND    1



    D
  1

 12



 1



  1



 1


1    1  
 2  
1 
 2     

(3.8)

and



 2  m   p  q   m 2  4  m  1    p  q 
2
  1 
2

3 m  2m  1  6  m  1    p  q 













1

(3.9)

where for m moderately large we get   4 ,  and  are the values as shown
inequations .The statistic ND  is the second approximation which is distributed
as a N (0,1) .
Peña and Rodríguez, (2006) found that the performance of both
approximations, GD  or ND  for checking for goodness of fit in linear models
is similar.
By Monte Carlo study Peña and Rodríguez (2006), showed that the new
test can be up to 50% more powerful than the Ljung-Box and Monti tests, and
for finite sample size is always better than previous one, D . So there's will not
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to be an implementation for Peña and Rodríguez (2002) test in R as long as
the same statistician developed it to D * .
The new tests do not seem to be affected by the value of m . The statistics D
and Ljung-Box, Q LB , have a good size performance but they are much more
sensitive to the value of m (Peña & Rodríguez, 2006).
Their simulations showed an improvement in small sample time series, but
the Type I error rates appear to be poor. So Mahdi and McLeod (2012)
improved D * test such that the degrees of freedom for the  2 approximation
allow the improved one to have conservative Type I errors in practice. ( Fisher
& Gallagher, 2012)
Mahdi and McLeod (2012) generalized the results of Peña and Rodríguez
(2002, 2006) to the multivariate setting. In the univariate case, they
recommended the statistic
D m*  

3n
log Rˆ m
2m  1

(3.10)

The null distribution is approximately  2 with (1.5m (m  1)(2m 1)1  p  q )
degrees of freedom and it is implemented in the R function gvtest(),so this
modified statistic is called as Gvtest, since it's a generalized variance
portmanteau test based on the determinant matrix, Hence we will not include
Peña and Rodríguez tests in our comparison because of their generalization by
Mahdi and McLeod (2012).

3.2.1.5 Fisher portmanteau tests
Fisher, (2011) introduced two new statistics that are weighted variations of the
common Ljung-Box and, the less-common, Monti statistics and these two new
statistics are easy to implemented.
(Fisher, 2011) Weighted portmanteau tests are provided by
m
m  k  1 rˆk2
QWL (rˆ)  n (n  2)
(3.23)
m
n k
k 1
and
m  k  1 ˆ k2
m
n k
k 1
m

QWM (ˆ )  n (n  2)

(3.24)

where rˆk and ˆ k as in Definitions 3.1 and 3.3 respectively.
Properties:(Fisher, 2011) The two statistics look similar to the Ljung-Box and
Monti statistics with the exception a weight,
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m  k 1
on each autocorrelation
m

or partial autocorrelation. The weights are derived using multivariate analysis
techniques on the matrix of autocorrelations or matrix of partial
autocorrelations.
The sample autocorrelation at lag 1, rˆ1 , is given weight
autocorrelation at lag 2, rˆ2 , is given weight

m
 1 . The sample
m

m 1
 1 . We can interpret the
m

weights as putting more emphasis on the first autocorrelation, and the least
emphasis on the autocorrelation at lag m (corresponding weight1/m).
This matches the intuition about statistical estimators. The first
autocorrelation rˆ1 is calculated using information from all n observations.
The second autocorrelation rˆ2 is based on n 1 observations, and the m th
autocorrelation is based on n  m observations. Intuitively, it makes sense to
put more emphasis on the first autocorrelation as it should be the most
accurate. This idea also holds true for the partial autocorrelations.
The two statistics are asymptotically distributed as a linear combination of
Chi-squared random variables. This is the same asymptotic distribution as the
statistics in Peña and Rodríguez (2002, 2006). The weighted Ljung-Box QW L
and weighted Monti, QWM , statistics are asymptotically equivalent to D but
have the added benefit of easy calculation and computational stability. When a
small number of parameters have been fit under the null hypothesis of an
adequate model, the statistics QW L and QWM are approximately distributed as
Gamma random variables with shape parameter


3  m 2  m  2  m  1 p  q  









2

4  2m 3  3m 2  m  6 m 2  2m  1  p  q  

(3.25)

and scale parameter


2  2m 3  3m 2  m  6 m 2  2m  1  p  q  





3  m m 2  m  2  m  1 p  q  

(3.26)

The Gamma approximation is constructed to have the same theoretical
mean and variance as the true asymptotic distribution.
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3.2.2 Multivariate
3.2.2.1 Hosking, (1980)
The portmanteau test statistics, Qm and Qm and others, discussed in the section
are all asymptotically X k2 m  p  q  as n   . It is also supposed that m  p  q
2

is fixed and that m large enough so that Theorem 5 in Li and Mcleod (1981)
holds.


 



R e  L e L


 





Where  e  n 1 t e1 a t a t e   e, L  0 and L is the lower triangular cholesky
n


1



decomposition of

. The multivariate portmanteau test statistic may be

0

written.

  1  1  
r e  R 0  R 0  r e (3.17)




m

Qm  n
e 1





Where r e = vec Re is a row vector of length k2 formed by accumulate the


rows of Re and m represents the number of lags being tested. In the univariate
case, Qm is identical to Pierce - Box portmanteau statistic (Box and Pierce,
1970) and both statistics are asymptotically X 2k m  p  q  (Hosking, 1980,
2

1981b)
Li and Mcleod (1981) defined.



R e   r i  j e kxk


(t )

Where r i j e  = y i  j e  / y i i 0 y ij 0, i, j  1.....k






















 (t )

and y ij e   n 1 t e1 a i ,t a j ,t e y j ,i e , e  0 Replacing R by R in eqn (4), another
n

portmanteau test statistic Qm(t ) is acquired. The null distribution of Qm(t ) is also
asymptotically

X m  p  q 
2

k2

The definition of residual autocorrelations used

in eqn (3) is equal to the residual autocorrelations in eqn (5) if the residuals
used Chitturi (1974) defined the residual autocorrelation matrix at lag e.
 (t )





Re  e 0

1

(3.18)
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(t )
m

 (t )

And another portmanteau test statistic Q is acquiredby replacing R by R
in eq (4), and its null distribution is also asymptotically
Hosking (1981) noted that

X m  p  q 
2

k2

Qm  Qm(t )  Qm(t ) and the portmanteau test statistic

may be expressed simply in terms of the residual autocovariance.
m
   1   1 
Qm  n tr  e  0  e  0 


e 1

(3.19)

Where tr () denotes trace of matrix. The multivariate portmanteau test
statistic is equal to a test based on the Lagrange multiplier (Hosking, 1981a;
Poskitt and Tremayne, 1982).
Hosking (1980), Li and McLeod (1981) proposed modified version of Q m
so that the expected value of the modified portmanteau statistic under the null
hypothesis is equal to X 2k m  p  q  + Op(1/n) and showed that both of these
2

modification are satisfactory when n and m are large enough. Simulation
experiments suggest that both these modified portmanteau tests work about
equally well (L.i, 2004, 3)
The modified portmanteau test of Hosking (1980) is given by.
m
~

  1  1  
Q m  n 2  r e  R 0  R 0  r e / n  e  (3.20)


e 1



In the univariate time series, the Qm test statistic approximately equal the
Ljung-Box statistic (Ljung and Box, 1978) and both statistics are
asymptotically X 2k m  p  q  (Hosking, 1980, 1981b)
2

3.2.2.2 Li-McLeod (L-M) Test
In 1981, the researchers Li & McLeod suggested a new multivariate
portmanteau test to examine the appropriateness of model vector ARMA (Li
& McLeod,1981) by making a simple modification on B-P test, and the
formula for the test was as the following :
(3.21)

=
K : Represents the dimensions of time series ytT = (y1,t , y2,t , y3.t , k, yk,t) .
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M : Represents the largest displacement for k., which means the number of
autocorrelation.
N : the size of the sample.
Rk : the estimated autocorrelation parameters.
In bordering way this statistic follows x2distribution and k2(m-p-q) freedom
degree, and it is reduced to the case of univariate to be L-M Statistic as :

  1  1  
Qm  n r e  R 0  R 0  r e k2 m(m+1)

 +
e 1
(3.22)
m

2n

One of Q-lm benefits, which is on the contract with Ql-b, is that it moves
the Qb-p limited sample distribution to be closer to its adjacent distribution
without amplifying its variance. Furthermore, it is easy to apply and
programming, though it less common than Ql-b (arrazen, 2005)

3.2.2.3 Peña and Rodríguez portmanteau test (2002)
The estimated residuals can be considered as a sample of multivariate data
from some distribution, Peña & Rodríguez (2002) interested in testing the
adequacy for the ARMA models on a statistic based on the determinant of the
residual autocorrelation matrix:
1
 ˆ
r
ˆ
Rm   1


 rˆm

rˆ1
1
rˆ1

rˆm 

rˆm 1 


1 

(3.15)

where rˆk is the sample autocorrelation of order k of the residual. So
under the null hypothesis; testing for model adequacy is equivalent to
testing if Rˆ m is approximately the identity matrix. Thus, it is sensible to
explore a test based on this statistic. (Peña & Rodríguez, 2002) For
stationary time series data a portmanteau diagnostic test statistic up to the
lag m is



D  n 1  Rˆ m

1m



(3.16)

where n is the length of the time series.
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Properties:
Peña and Rodríguez (2002) showed that if the model is correctly identified
D is asymptotically distributed as a linear combination of chi-squared random
variables and is approximately a Gamma distributed random variable for large
values of m with parameters  and  , where
f (x ;  ,  ) 

1
x  1 exp(x  )

( ) 

(3.17)

where,


3m  m  1  2  p  q  

2

(3.18)

2  2  m  1 2m  1  12m  p  q  

and


3m  m  1  2  p  q 

(3.19)

2  m  1 2m  1  12m  p  q 

In practice, they recommend the matrix Rˆ m be constructed using the
standardized residuals as this improves the Gamma distribution approximation
by replacing rˆk with rk , where rk   n  2   n  k  rˆk .Hence Rˆ m
replaced with R m ,(Lin & McLeod, 2006).
12

will

Limitations: As pointed out in Lin and McLeod (2006), the statistic D
constructed using the standardized residuals is frequently does not exist in
practice since the matrix R m is not always positive definite, so they
recommended to concentrate on the original D statistic.
Lin and McLeod (2006) showed that the test based on the gamma
approximation is not conservative, despite the fact that as shown by Peña and
Rodríguez (2002) the small sample performance is acceptable in some cases,
the more general use of tests based on the gamma approximation cannot be
recommended.
D test statistic may be difficult to implement since it involves calculating
the determinant of a matrix (Fisher, 2011).
For finite sample size, Monti test Q M is always better than D test (Peña &
Rodríguez, 2006).
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In order to improve the properties of D test, Peña and Rodríguez proposed
a new test statistic for diagnostics.

3.3 Monte- Carlo significance test
Monte – Carlo significance tests, originally suggested by Barnard (1963), are
feasible for many sample problems (Marriott, 1979) and with modern
computing facilities these types of tests are increasingly feasible for larger
samples and more complex problems (Dufour and Khalaf, 2001). For a pure
significance test with no nuisance parameters, as is the case, for example, for
simply testing a time series for randomness, accuracy of the Monte- Carlo
procedure depends only on the number of simulations (Dufour, 2006,
Proposition 2.1)
In the case of diagnostic checking, the model parameters must be
estimated and Dufour (2006, proposition 5.1) has shown that, provided
consistent estimators are used, Monte- Carlo tests remain asymptotically valid.
Since we assume in-1/2 consistent estimators are used, the requirements for
Dufour (2006, proposition 5.1) are met.
Simulation for Dm in the univariate case (Lin and Mcleod, 2006, table 3)
as well as our simulations for the multivariate case in section 3.1, suggest the
impact of nuisance parameters negligible. The p-value for all of the
portmanteau test statistics presented in this article may be obtained using the
Monte-Carlo method outlined below. We use the statistic Dm in the
description but Qm could be used instead.
 Step 1: set N, the number of simulations. Usually, N 1000 but smaller
values may be used if necessary. By choosing N large enough, an
accurate estimate of the p-value may be obtained.
 Step 2: After fitting the model and obtaining the residuals, compute the
portmanteau test statistic for lag m or possible a set of lags such as
e=1…,m, where m  1 typically m is chosen large enough to allow for
possible high- order autocorrelation . Denote the observed value of the
test statistics by De0  , e  1,...., m,
 Step 3: For each i=1,…,N, simulate the fitted model, refit it, obtain the
residuals from the model, compute the test statistic, Dei  , e  1,...., m,
 Step4: For each e,e=1,….,m, the estimated p- value is given by


p





 Dei   De0  , i  1,2,...., N  1
(3.27)
N 1
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The approximate 95% margin of error for the p-value is 1.69  P1  P  / N








The above algorithm is simply a restatement of the Monte- Carlo testing
algorithm given by Lin and Mcleod (2006, 3) for the univariate case. Lin and
Mcleod (2006, Table 3) demonstrate that the Monte- Carlo testing procedure
has the correct size for an AR (1) and this is verified for some VAR (1)
models in Section 3.1
 Remark 1: In the Monte-Carlo test procedure, it is assumed that the
innovations used in our simulations in step 3 are normally distributed
but any distribution with constant covariance matrix could be used. In
particular, using the empirical joint distribution is equivalent to
bootstrapping the multivariate residuals, using bootstrapped residuals is
implemented in our software (Mahdi and Mcleod, 2011).
 Remark 2: A limitation of the Monte- Carlo diagnostic check is the
assumption of constant variance. Many financial time series exhibit
conditional heteroscedasticity. In practice this means that our test may
overstate the significance level (Duchesne and lalancette, 2003). This
means that when used for construction a VAR or VARMA model, the
final model may not be as parsimonious as a model developed using a
portmanteau test which takes into conditional heteroscedasticity (Francq
and Raisi 2007; Duchesne, 2006). Our Monte- Carlo portmanteau test
can also be used to test for the presence of multivariate conditional
heteroscedasticity simply by replacing the residuals or absolute
residuals. An illustration of this procedure is given later in section 4.2.
 Remark3: Francq and Raisi (2007) discuss a more general asymptotic
multivariate portmanteau diagnostic test that is valid assuming only that
the innovations are uncorrelated. This requires a large sample though.
 Remark4: Lin and Mcleod (2008) discuss the Monte – Carlo
portmanteau test for univariate ARMA with infinite variance. The
Monte- Carlo method of Lin and Mcleod (2008) for infinite- variance
ARMA has been extended to the multivariate case as well and is
available in our R package (Mahdi and Mcleod, 2011).
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Chapter 4
Simulation and Case Study
4.1 Introduction
In this chapter , we consider the robustness of various portmanteau tests. We
~

compare the power among some of the portmanteau tests such as Hosking Qm
Li and McLeod Qm , and Pena & Rodriguez (Gvtest). These simulations
examine the sensitivity of the selected portmanteau tests to model diagnostics.
In particular, which is the most appropriate test for examining the adequacy of
VAR models. Firstly, we will present the results of simulation study, then the
results of comparisons on oil and gold price as a monthly time series data.

4.2 Simulation Study
Three finite sample sizes (60, 200, and 600) are generated from different
VAR(p) models with different values of the model parameters, where p = 1, 2
and 3. Data for each model were generated by R statistical software package
and the power of the tests were computed for lags m = 5, 10, 15, 20, 25 and
30. Then P-value of tests was used to determine the power of each test at each
lag, also the percent of change was calculated to investigate the sensitive of
tests when we go from lag to lag so that percent of change calculated from the
following formula.
𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑜𝑓 𝑐ℎ𝑎𝑛𝑔𝑒 =

𝑃𝑚 −𝑃𝑚−5
𝑃𝑚

× 100%

Where:
Pm = P-value for test at lag m
Pm-5 = P-value for test at lag m-5.
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(4.1)

4.2.1 Simulation study on Small Term Data
We generated small sample size (N=60) by R statistical software and the
power of the tests are computed for m = 5, 10, 15, 20, 25 and 30. The Results
are presented in Table 4.1 for each lag. Whereas the test statistics with the
highest power for any particular model are shown in bold font.
Table 4.1 Powers of portmanteau tests for N = 60,

N =60
Model
Var(1)
Var(2)
Var(3)
Mean

Hosking
0.830883
0.912890
0.954218
1.899331

Var(1)
Var(2)
Var(3)
Mean

0.967763
0.999019
0.992387
86700978

Var(1)
Var(2)
Var(3)
Mean

0.690596
0.506834
0.435588
86011997

M=5
LiMcLeod
0.840858
0.871869
0.894628
1.869008
M = 15
0.989422
0.992655
0.993615
1.990897
M = 25
0.809572
0.713621
0.677138
1.733444

Gvtest
0.874498
0.796371
0.771330
86041800

Hosking
0.950634
0.980317
0.963284
86701910

0.994737
0.997818
0.998938
1.997064

0.995623
0.999024
0.989288
1.994645

0.996039
0.992950
0.996048
1.995102

0.788062
0.726923
0.583225
86077189

M = 10
LiMcLeod
0.962138
0.958753
0.976583
1.965825
M = 20
0.996199
0.991163
0.991462
86779714
M = 30
0.839118
0.796391
0.720854
1.785454

Gvtest
0.976965
0.989333
0.992771
1.986356
0.997481
0.999007
0.999687
1.998725
0.936768
0.840553
0.921316
1.899546

The simulation results reveal that all portmanteau tests are sensitive to the
choice of lag m and reach its maximum at lag m = 10, 15, and 20. For an
example, in model VAR(1), there is deficiency of the power of the
portmanteau tests when we go from lags 5 to above at lag 20 then power of
the portmanteau tests become more power at lag 25 and 30. The percent of
changes of the power of test for VAR(1) when we go from lags 5 to lag 10
equals 12.6% for Hosking, 12.61% for LiMcloed and 10.49% for Gvtest.
When we go from lag 20 to lag 25the percent of changes of the power of test
for VAR(1) equals -44.17% for Hosking, -23.5% for LiMcloed and -0.14%
for Gvtest, the sign of change percent is negative which is indicate to the
power of tests increase when we go to high lags. Figure (4.1) shows the power
of portmanteau tests for model VAR (1) at lags from 5 to 30.
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VAR(1), Simulation Data, N = 60
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Figure 4.1: The power of portmanteau tests for model VAR (1) for simulation data with N =60.

For VAR(2) the percent of changes of the power of test when we go from
lags 5 to lag 10 equals 6.88% for Hosking, 9.06% for LiMcloed and 19.5%
for Gvtest. When we go from lag 20 to lag 25the percent of changes of the
power of test equals -97.11% for Hosking, -38.39% for LiMcloed and -0.61%
for Gvtest, the sign of change percent is negative which indicates the power
of tests increase when we go to high lags. Figure (4.2) shows the power of
portmanteau tests for model VAR (2) at lags from 5 to 30.
VAR(2), Simulation Data, N = 60
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Figure 4.2: The power of portmanteau tests for model VAR (2) for simulation data with N =60

For VAR(3) the percent of changes of the power of test when we go from
lags 5 to lag 10 equals 0.94% for Hosking, 8.39% for LiMcloed and 22.31%
for Gvtest. When we go from lag 20 to lag 25the percent of changes of the
power of test equals -127.12% for Hosking, -46.42% for LiMcloed and 0.37% for Gvtest, the sign of change percent is negative which indicates the
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power of tests increase when we go to high lags. Figure (4.3) shows the power
of portmanteau tests for model VAR (3) at lags from 5 to 30.

VAR(3), Simulation Data, N = 60
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Figure 4.3: The power of portmanteau tests for model VAR (3) for simulation data with N =60

For means of power tests of three models, the percent of changes of the power
of tests when we go from lags 5 to lag 10 equals 6.78% for Hosking, 10.01%
for LiMcloed and 17.47% for Gvtest. When we go from lag 20 to lag 25the
percent of changes of the power of test equals -82.73% for Hosking, -35.38%
for LiMcloed and -0.37% for Gvtest, the sign of percent is negative which
indicates the power of tests increase when we go from lag 20 to grater lags.
Figure (4.4) shows the mean of power of portmanteau tests at lags from 5 to
30.

Means, Simulation Data, N = 60
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Figure 4.4: The power of portmanteau tests for simulation data with N =60.
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To further investigate the power of the portmanteau tests, we calculate the
overall mean of power for each test, results indicate that Hosking test, is the
most powerful test with mean (0.8481), then the LiMcloed test come with
mean (0.8898), Gvtest is the less powerful with mean power (0.9485). In
addition, we note that the Gvtest is less sensitive for change in lags; Hosking
test is more sensitive for change in lags.
Based on two-way analysis of variance method the results show that there
are significant effect of type of test on the power of portmanteau tests (F =
17.31, Sig = 0.000). There are significant effect of level of lag on the power of
portmanteau tests (F = 37.82, Sig = 0.000) and there are significant effect of
interaction between type of test and level of lag on the power of portmanteau
tests (F = 10.92, Sig = 0.000).
4.2.2 Simulation Study on moderate Term Data
We generated small sample size (N=200) by R statistical software and the
power of the tests are computed for m = 5, 10, 15, 20, 25 and 30. The Results
are presented in Table 4.2 for each lag. Whereas the test statistics with the
highest power for any particular model are shown in bold font.
Table 4.2 Powers of portmanteau tests for N = 200,
N =200
M=5
Model
Hosking
LiMcLeod
Gvtest
Hosking
Var(1)
0.920600
0.913636
0.458279
0.853170
Var(2)
0.832638
0.836103
0.424182
0.820829
Var(3)
0.159296
0.153439
0.344891
0.057185
Mean
1.637500
1.629310
1.582053
1.419007
M = 15
Var(1)
0.514556
0.508525
0.438368
0.394068
Var(2)
0.484610
0.477659
0.436748
0.294388
Var(3)
0.440415
0.424636
0.249051
0.168358
Mean
1.479861
1.471273
1.359956
1.311370
M = 25
Var(1)
0.217499
0.238433
0.120828
0.006106
Var(2)
0.093154
0.269180
0.072678
0.003606
Var(3)
0.088605
0.123181
0.072558
0.004271
Mean
1.041164
1.070163
86498749
86881004

M = 10
LiMcLeod
0.456056
0.420422
0.333711
1.413396
M = 20
0.440122
0.306656
0.180222
1.319111
M = 30
0.013391
0.008357
0.009004
1.101250

gvtest
0.427517
0.456218
0.187257
1.356997
0.402654
0.434302
0.234789
1.357248
0.236528
0.119379
0.048145
1.034684

The simulation results reveal that all portmanteau tests are sensitive to the
choice of lag m and reach its maximum at lag m = 5. For an example, in
model VAR (1), there is strong of the power of the portmanteau tests when we
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go from lags 5 to above at lag 30. The percent of changes of the power of test
for VAR(1) when we go from lags 5 to lag 10 equals -100.88% for Hosking, 100.33% for LiMcloed and -99.56% for Gvtest. When we go from lag 20 to
lag 25the percent of changes of the power of test for VAR(1) equals 101.55% for Hosking, -84.59% for LiMcloed and -233.25% for Gvtest, the
sign of change percent is negative which is indicate to the power of tests
increase when we go to high lags. Figure (4.5) shows the power of
portmanteau tests for model VAR (1) at lags from 5 to 30.
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Figure 4.5: The power of portmanteau tests for model VAR(1) for simulation data with N =200

For VAR(2) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -96.29% for Hosking, -95.24% for LiMcloed and -83.27%
for Gvtest. When we go from lag 20 to lag 25the percent of changes of the
power of test equals -305.06% for Hosking, -229.19% for LiMcloed and 61.34% for Gvtest, the sign of change percent is negative which indicates the
power of tests increase when we go to high lags. Figure (4.6) shows the power
of portmanteau tests for model VAR (2) at lags from 5 to 30.
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VAR(2), Simulation Data, N = 200
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Figure 4.6: The power of portmanteau tests for model VAR(2) for simulation data with N =200

For VAR(3) the percent of changes of the power of test when we go from lags
5 to lag 10 equals 53.81% for Hosking, 54.02% for LiMcloed and 69.46% for
Gvtest, the sign of change percent from lag 5 to lag 10 is positive which
indicates the power of tests decrease when we go from lag 5 to lag15. When
we go from lag 20 to lag 25the percent of changes of the power of test equals
-132.03% for Hosking, -103.40% for LiMcloed and -90.60% for Gvtest, the
sign of change percent is negative which indicates the power of tests increase
when we go to high lags. Figure (4.7) shows the power of portmanteau tests
for model VAR (3) at lags from 5 to 30.
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Figure 4.7: The power of portmanteau tests for model VAR(3) for simulation data with N =200
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For means of power tests of three models, the percent of changes of the power
of tests when we go from lags 5 to lag 10 equals -55.83% for Hosking, 56.00% for LiMcloed and -63.07% for Gvtest. When we go from lag 20 to lag
25the percent of changes of the power of test equals -148.42% for Hosking, 120.61% for LiMcloed and -108.84% for Gvtest, the sign of percent is
negative which indicates the power of tests increase when we go from lag 20
to grater lags. Figure( 4.8) shows the mean of power of portmanteau tests at
lags from 5 to 30.
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Figure 4.8: The power of portmanteau tests for simulation data with N =200.

To further investigate the power of the portmanteau tests, results indicate that
when we go from lag 5 to lag 20 Gvtest test, is the most powerful test, from
lag, 20 to lag 30 LiMcloed and Hosking tests are more powerful. In addition,
we calculate the overall mean for all lags of power for each test mean power is
(0.3254) for Hosking, (0.3270) for LiMcloed and (0.3270) for gvtest. Then we
can say that there is no difference in power portmanteau tests according to
type of test.
Based on two-way analysis of variance method the results show that there
are no significant effect of type of test on the power of portmanteau tests (F =
0.00, Sig = 1.000). There are significant effect of level of lag on the power of
portmanteau tests (F = 10.13, Sig = 0.000) and there are no significant effect
of interaction between type of test and level of lag on the power of
portmanteau tests (F = 0.21, Sig = 0.9940)
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4.2.3 Simulation Study on large Term Data
We generated small sample size (N=600) by R statistical software and the
power of the tests are computed for m = 5, 10, 15, 20, 25 and 30. The Results
are presented in Table 4.3 for each lag. Whereas the test statistics with the
highest power for any particular model are shown in bold font.
Table 4.3 Powers of portmanteau tests for N = 600,
N =600
M=5
Model
Hosking
LiMcLeod
gvtest
Hosking
Var(1)
0.868671
0.865862
0.776708
0.496737
Var(2)
0.771152
0.766399
0.636914
0.372479
Var(3)
0.797474
0.789299
0.394853
0.441356
Mean
1.802432
1.817087
1.420356
86040990
M = 15
Var(1)
0.835052
0.829514
0.949488
0.740809
Var(2)
0.806711
0.799597
0.940437
0.699953
Var(3)
0.883016
0.875409
0.950759
0.736618
Mean
1.840593
1.834841
1.946895
86990979
M = 25
Var(1)
0.965128
0.960806
0.966907
0.946971
Var(2)
0.960134
0.954967
0.965499
0.911025
Var(3)
0.961743
0.956626
0.9351096 0.9643923
Mean
1.962335
1.957466
1.965599
86794890

M = 10
LiMcLeod
0.497123
0.372833
0.393332
86194870
M = 20
0.944460
0.934268
0.944936
1.940220
M = 30
0.962623
0.960611
0.959433
1.961889

Gvtest
0.685938
0.603882
0.583592
1.624470
0.836742
0.822732
0.862124
86018099
0.913980
0.947804
0.964211
86714770

The simulation results reveal that Hosking and LiMcloed tests are more
sensitive to the choice of lag m and reach its maximum at lag m = 20, 25, and
30. For an example, in model VAR (1), there is strong of the power of the
portmanteau tests when we go from lag 5 to lag 10. Then power of the
portmanteau tests become less power at lag 20, 25 and 30. The percent of
changes of the power of test for VAR(1) when we go from lags 5 to lag 10
equals -74.88% for Hosking, -74.17% for LiMcloed and -13.23% for Gvtest.
When we go from lag 20 to lag 25the percent of changes of the power of test
for VAR(1) equals 1.62% for Hosking, 1.70% for LiMcloed and 11.64% for
Gvtest, the sign of change percent is positive which is indicate to the power of
tests little decrease when we go to high lags. Figure (4.9) shows the power of
portmanteau tests for model VAR (1) at lags from 5 to 30.
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1.2
1
0.8
0.6
0.4
0.2
0
5

10

15
hosking

20
LiMcLeod

25

30

gvtest

Figure 4.9: The power of portmanteau tests for model VAR(1) for simulation data with N =600

For VAR(2) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -107.03% for Hosking, -105.56% for LiMcloed and -5.47%
for Gvtest. When we go from lag 20 to lag 25the percent of changes of the
power of test equals 2.05% for Hosking, 2.17% for LiMcloed and 9.69% for
Gvtest, the sign of change percent is positive which indicates the power of
tests little decrease when we go to high lags. Figure (4.10) shows the power of
portmanteau tests for model VAR (2) at lags from 5 to 30.
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Figure 4.10:The power of portmanteau tests for model VAR(2)for simulation data with N =600
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For VAR(3) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -101.97% for Hosking, -100.67% for LiMcloed and
24.37% for Gvtest. When we go from lag 20 to lag 25the percent of changes
of the power of test equals 1.14% for Hosking, 1.22% for LiMcloed and
7.81% for Gvtest, the percent of changes are little so we can note that the
power of tests is weak sensitive when we go from lag 20 to grater lags. Figure
(4.11) shows the power of portmanteau tests for model VAR (3) at lags from 5
to 30.
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Figure 4.11:The power of portmanteau tests for model VAR(1)for simulation data with N =600

For means of power tests of three models, the percent of changes of the power
of tests when we go from lags 5 to lag 10 equals -92.81% for Hosking, 91.69% for LiMcloed and 0.98% for Gvtest. When we go from lag 20 to lag
25the percent of changes of the power of test equals 1.60% for Hosking,
1.70% for LiMcloed and 9.72% for Gvtest. The sign of percent is positive but
the percent of changes are so little so we can note that the power of tests is
weak sensitive when we go from lag 20 to grater lags. Figure (4.12) shows the
mean of power of portmanteau tests at lags from 5 to 30.
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Means, Simulation Data, N = 600
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Figure 4.12: The power of portmanteau tests for simulation data with N =600.

To further investigate the power of the portmanteau tests, we calculate the
overall mean of power for each test at all lags, results indicate that Hosking
and LiMcloed tests, are the most powerful tests at lag 10 but Gvtest is more
powerful at others lags. The overall power of mean for Gvtest is (0.7813),
(0.8250) for Hosking test and (0.8204) for LiMcloed. In addition, we note that
the Gvtest is more powerful.
Based on two-way analysis of variance method the results show that there
are significant effect of type of test on the power of portmanteau tests (F =
3.89, Sig = 0.030). There are significant effect of level of lag on the power of
portmanteau tests (F = 101.84, Sig = 0.000) and there are significant effect of
interaction between type of test and level of lag on the power of portmanteau
tests (F = 6.57, Sig = 0.000)
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4.2.4 Case study
To validate the simulation results, we apply the portmanteau tests for testing
the adequacy of the fitted model on real data set. We consider the monthly oil
and gold world price with dollar. R-statistical software is used for fitting VAR
models for the time series. So we estimated three models VAR(1), VAR(2)
and VAR(3). Then we computed power of the portmanteau tests by R
statistical software for lags m = 5, 10, 15, 20, 25 and 30 for each model for
three sample Small, Medium and large.
4.2.4.1
Real Data Small term
The Results of Real data small term (54 obs.) presented in Table 4.4 for lags
5, 10,15,20,25 and 30. Whereas the test statistics with the highest power for
any particular model are shown in bold font.
Table 4. 4 Powers of portmanteau tests for oil and gold data N = 54,
N = 54
Model

M=5
hosking

LiMcLeod

M = 10
gvtest

hosking

LiMcLeod

gvtest

Var(1)
Var(2)
Var(3)

0.015184

0.018527

0.096413

0.000544

0.001472

0.056729

0.012773

0.015305

0.020113

0.000605

0.001545

0.043567

0.002372

0.002886

0.02608

0.000268

0.000692

0.028242

Mean

.0.0.0.0

.0.0..0

.0.040.0

.0...04.

.0..0..4

.0.0.000

Var(1)
Var(2)
Var(3)

0.004218

0.008133

0.040976

0.007333

0.013809

0.01523

0.003139

0.006618

0.065364

0.006750

0.013261

0.019224

0.001708

0.003723

0.033559

0.005398

0.009968

0.013072

Mean

.0......

.0..0000

.0.000..

.0..0000

.0.0..00

.0.0000.

Var(1)
Var(2)
Var(3)

0.029217

0.033858

0.02214

0.022254

0.032887

0.012887

0.018057

0.034271

0.021059

0.029625

0.030659

0.033614

0.026802

0.028272

0.013652

0.028996

0.104469

0.046864

Mean

.0..000.

.0...0.0

.0.0000

.0..0000

.0.00..0

.0..00..

M = 15

M = 20

M = 25

M = 30

Table 4.5 reveal that all portmanteau tests are very sensitive to the choice of
lag m and its approximate at all lags. For an example, in model VAR(1), there
is strong of the power of the portmanteau tests when we go from lags 5 to
above at lag 20 then the power start weakness to lag 20 after that return to be
strong at lag 30 for LiMcloed and Hosking test . The percent of changes of the
power of test for VAR(1) when we go from lags 5 to lag 10 equals -2691.3%
for Hosking, -1158.2% for LiMcloed and -69.9% for Gvtest that means
when we go from lag 5 to 10 the power of tests increase.
When we go from lag 20 to lag 25the percent of changes of the power of test
for VAR (1) equals 74.90% for Hosking, 59.22% for LiMcloed and 31.21%
for Gvtest, the sign of change percent is positive which is indicate to the
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power of tests decrease when we go from lag 20 to lag 25. Figure (4.17)
shows the power of portmanteau tests for model VAR (1) at lags from 5 to 30.
VAR(1), Real Data, N = 54
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Figure 4.13:The power of portmanteau tests for model VAR(1)for Real data with N =54

For VAR(2) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -2012.23% for Hosking, -890.49% for LiMcloed and 53.83% for Gvtest. When we go from lag 20 to lag 25the percent of changes
of the power of test equals 62.62% for Hosking, 61.31% for LiMcloed and
8.71% for Gvtest, the sign of change percent is negative when we go from lag
5 to 10 which is indicate to the power of tests increase exception gvtest. When
we go from lag 20 to lag 25 the sign of change percent is positive which is
indicate to the power of tests decrease. Figure (4.14) shows the power of
portmanteau tests for model VAR (2) at lags from 5 to 30.
VAR(2), Real Data, N = 54
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Figure 4.14:The power of portmanteau tests for model VAR(2)for Real data with N =54
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For VAR(3) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -785.09% for Hosking, -316.87% for LiMcloed and 7.66%
for Gvtest. When we go from lag 20 to lag 25 the percent of changes of the
power of test equals 79.86% for Hosking, 64.74% for LiMcloed and 4.25%
for Gvtest. Figure (4.15) shows the power of portmanteau tests for model
VAR (3) at lags from 5 to 30, we note that the power of tests decrease when
we go to high lags.
VAR(3), Real Data, N= 54
0.12
0.1
0.08
0.06
0.04
0.02
0
5

10

15

20

hosking

LiMcLeod

25

30

gvtest

Figure 4.15:The power of portmanteau tests for model VAR(3)for Real data with N =54

For means of power tests of three models, the percent of changes of the power
of tests when we go from lags 5 to lag 10 equals -2040.87% for Hosking, 889.71% for LiMcloed and -10.94% for Gvtest. When we go from lag 20 to
lag 25the percent of changes of the power of test equals 73.70% for Hosking,
61.58% for LiMcloed and 16.40% for Gvtest. Figure (4.4) shows the mean of
power of portmanteau tests at lags from 5 to 30. We note the power of tests
decrease after lag 10 for hosking and LiMcloed, gvtest don't has systematic
pattern.
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Figure 4.16: The power of portmanteau tests for Real data with N =54.
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30

To further investigate, we conclude portmanteau tests have the variety
power, also we calculate the overall mean of power for each test for all lags,
whereas the mean power of Hosking test is (0.0119), (0.0200) for LiMcloed
and (0.0338) for gvtest. Then we can say that there is difference in power
portmanteau tests according to type of test.
Based on two-way analysis of variance method the results show that there
are significant effect of type of test on the power of portmanteau tests (F =
10.18, Sig = 0.000). There are significant effect of level of lag on the power of
portmanteau tests (F = 3.34, Sig = 0.014) and there are significant effect of
interaction between type of test and level of lag on the power of portmanteau
tests (F = 2.12, Sig = 0.048) this results come agreement with the results that
we got from simulation moderate data.
4.2.4.2

Real Data Medium term Data

The Results of Real data medium term (163 obs.) presented in Table 4.5 for
lags 5, 10,15,20,25 and 30. Whereas the test statistics with the highest power
for any particular model are shown in bold font.
Table 4. 5 Powers of portmanteau tests for oil and gold data N = 163,
N =163
M=5
M = 10
Model
Hosking
LiMcloed
Gvtest
Hosking
LiMcloed
Var(1)
0.272606
0.272174
0.036379
0.239082
0.032319
Var(2)
0.433216
0.424182
0.024482
0.414157
0.021240
Var(3)
0.782224
0.754895
0.046918
0.051638
0.679656
Mean
1.496105
1.483751
1.137511
86111970
86899179
M = 15
M = 20
Var(1)
0.032464
0.037229
0.092974
0.096872
0.007146
Var(2)
0.033267
0.037668
0.088106
0.091605
0.013611
Var(3)
0.067434
0.153968
0.036505
0.074135
0.042110
Mean
1.144388
1.158242
1.172528
1.187537
86897889
M = 25
M = 30
Var(1)
0.042008
0.052329
0.065230
0.077097
0.002286
Var(2)
0.033517
0.043086
0.049967
0.061525
0.004049
Var(3)
0.012776
0.019934
0.029762
0.040657
0.009441
Mean
1.129434
1.138451
1.148321
1.159761
86880907

gvtest
0.039314
0.066440
0.032359
1.146138
0.002912
0.005297
0.012375
86880004
0.001328
0.002228
0.005153
86889789

The real data results reveal that all portmanteau tests are very sensitive to the
choice of lag m and reach its maximum at lag m = 5. For an example, in
model VAR(1), there is strong of the power of the portmanteau tests when we
go from lags 5 to above at lag 30. The percent of changes of the power of test
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for VAR(1) when we go from lags 5 to lag 10 equals -743.49% for Hosking, 648.16% for LiMcloed and -508.13% for Gvtest. When we go from lag 20 to
lag 25the percent of changes of the power of test for VAR(1) equals 121.32% for Hosking, -85.12% for LiMcloed and -27.38% for Gvtest, the sign
of change percent is negative which is indicate to the power of tests increase
when we go to high lags. Figure (4.13) shows the power of portmanteau tests
for model VAR (1) at lags from 5 to 30.
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Figure 4.17:The power of portmanteau tests for model VAR(1) for real data with N =163

For VAR(2) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -1939.62% for Hosking, -1632.63% for LiMcloed and 523.35% for Gvtest. When we go from lag 20 to lag 25the percent of changes
of the power of test equals -162.87% for Hosking, -112.61% for LiMcloed
and -30.82% for Gvtest, the sign of change percent is negative which is
indicate to the power of tests increase when we go to high lags. Figure (4.14)
shows the power of portmanteau tests for model VAR (2) at lags from 5 to 30.
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VAR(2), Real Data, N = 163
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Figure 4.18:The power of portmanteau tests for model VAR(2) for real data with N =163

For VAR(3) the percent of changes of the power of test when we go from
lags 5 to lag 10 equals -1567.22% for Hosking, -1361.90% for LiMcloed and
2000.36% for Gvtest. When we go from lag 20 to lag 25the percent of
changes of the power of test equals -185.73% for Hosking, -271.90% for
LiMcloed and -31.08% for Gvtest, the sign of change percent is negative
which is indicate to the power of tests increase when we go to high lags.
Figure (4.15) shows the power of portmanteau tests for model VAR (3) at lags
from 5 to 30.
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Figure 4.19:The power of portmanteau tests for model VAR(3) for real data with N =163

For means of power tests of three models, the percent of changes of the
power of tests when we go from lags 5 to lag 10 equals -1380.98% for
Hosking, -1190.01% for LiMcloed and -865.08% for Gvtest. When we go
from lag 20 to lag 25the percent of changes of the power of test equals 146.41% for Hosking, -127.67% for LiMcloed and -30.48% for Gvtest. The
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sign of percent is negative which is indicate to the power of tests increase
when we go to high lags. Figure (4.16) shows the mean of power of
portmanteau tests at lags from 5 to 30.
Means, Real Data, N = 163
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Figure 4.21: The Means of power of portmanteau tests for real data with N =163.

To further investigate the power of the portmanteau tests, results indicate that
when we go from lag 5 to lag 10 all portmanteau tests have high sensitive but
after lag 10 all portmanteau tests are weak sensitive.
In addition, we conclude all portmanteau tests have the approximately
same power, also we calculate the overall mean of power for each test for all
lags, whereas the mean power of Hosking test is (0.1207), (0.1243) for
LiMcloed and (0.0939) for gvtest. Then we can say that there is no large
difference in power portmanteau tests according to type of test.
Based on two-way analysis of variance method the results show that there
are no significant effect of type of test on the power of portmanteau tests (F =
0.47, Sig = 0.626). There are significant effect of level of lag on the power of
portmanteau tests (F = 27.11, Sig = 0.000) and there are no significant effect
of interaction between type of test and level of lag on the power of
portmanteau tests (F = 0.13, Sig = 0.999) this results come agreement with the
results that we got from simulation moderate data.
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4.2.4.3

Real Data Large Term

The Results of Real data medium term (576 obs.) presented in Table 4.6 for
lags 5, 10,15,20,25 and 30. Whereas the test statistics with the highest power
for any particular model are shown in bold font.
Table 4. 6 Powers of portmanteau tests for oil and gold data N = 576
N = 576
Model
Var(1)
Var(2)
Var(3)
Means

Hosking
1.468670
1.370052
1.397474
1.402432

Var(1)
Var(2)
Var(3)
Means

1.435152
1.416700
1.483106
1.440593

Var(1)
Var(2)
Var(3)
Means

1.565028
1.561034
1.560743
1.562335

M=5
Limcleod
1.465862
1.366399
1.389299
1.417087
M = 15
1.429504
1.499597
1.475419
1.468073
M = 25
1.561816
1.554967
1.556626
1.557466

Gvtest
86990980
86990741
86814900
86940990

Hosking
86470999
86899197
1.194853
1.020356

86918087
86977709
86990040
86990979

1.549488
1.541437
1.551759
1.546895

86010794
86044890
8609044
86094890

1.566917
1.565499
1.564392
1.565599

M = 10
Limcleod
1.097023
1.172833
86879999
86494870
M = 20
1.54446
1.534268
1.544936
1.540220
M = 30
1.562623
1.561600
1.559433
1.561889

Gvtest
1.285938
1.213882
1.083592
1.224470
86190919
86199999
86109491
86118099
8604970
86019081
86001944
86014770

Results of real data large term reveal that Hosking and LiMcloed tests are
more sensitive to the choice of lag m and reach its maximum at lag m = 20, 25,
and 30. For an example, in model VAR (1), there is strong of the power of the
portmanteau tests when we go from lag 5 to lag 10. Then power of the
portmanteau tests become less power at lag 20, 25 and 30. The percent of
changes of the power of test for VAR(1) when we go from lags 5 to lag 10
equals -541.69% for Hosking, -534.61% for LiMcloed and -80.75% for
Gvtest. When we go from lag 20 to lag 25the percent of changes of the power
of test for VAR(1) equals 3.58% for Hosking, 3.80% for LiMcloed and
17.62%. Figure (4.9) shows the power of portmanteau tests for model VAR
(1) at lags from 5 to 30.
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Figure 4.21:The power of portmanteau tests for model VAR(1) for real data with N =576

For VAR(2) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -410.70% for Hosking, -401.69% for LiMcloed and 15.71% for Gvtest. When we go from lag 20 to lag 25the percent of changes
of the power of test equals 3.58% for Hosking, 3.80% for LiMcloed and
17.28% for Gvtest, the sign of change percent is positive which indicates the
power of tests little decrease when we go to high lags. Figure (4.10) shows the
power of portmanteau tests for model VAR (2) at lags from 5 to 30.
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Figure 4.22:The power of portmanteau tests for model VAR(2) for real data with N =576

For VAR(3) the percent of changes of the power of test when we go from lags
5 to lag 10 equals -360.89% for Hosking, -359.48% for LiMcloed and 82.41% for Gvtest. When we go from lag 20 to lag 25the percent of changes
of the power of test equals 1.81% for Hosking, 2.14% for LiMcloed and
13.93% for Gvtest, the percent of changes are little so we can note that the
power of tests is weak sensitive when we go from lag 20 to grater lags. Figure
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(4.11) shows the power of portmanteau tests for model VAR (3) at lags from 5
to 30.
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Figure 4.23:The power of portmanteau tests for model VAR(3) for real data with N =576

For means of power tests of three models, the percent of changes of the power
of tests when we go from lags 5 to lag 10 equals -433.47% for Hosking, 428.45% for LiMcloed and -9.26% for Gvtest. When we go from lag 20 to lag
25the percent of changes of the power of test equals 2.97% for Hosking,
3.23% for LiMcloed and 16.25% for Gvtest. The sign of percent is positive
but the percent of changes are so little so we can note that the power of tests is
weak sensitive when we go from lag 20 to grater lags. Figure (4.12) shows the
mean of power of portmanteau tests at lags from 5 to 30.

Means,Real Data, N=576
0.600000
0.500000
0.400000
0.300000
0.200000
0.100000
0.000000
5

10
hosking

15
LiMcLeod

20

25

30

gvtest

Figure 4.24: The Means of power of portmanteau tests for real data with N =576
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To further investigate the power of the portmanteau tests, we calculate the
overall mean of power for each test at all lags, results indicate that Hosking
and LiMcloed tests are the most powerful tests at lag 10 but Gvtest is more
powerful at others lags. The overall power of mean for Gvtest is (0.3656),
(0.4322) for Hosking test and (0.4265) for LiMcloed. In addition, we note that
the Gvtest is more powerful.
Based on two-way analysis of variance method the results show that there
are significant effect of type of test on the power of portmanteau tests (F =
8.76, Sig = 0.001). There are significant effect of level of lag on the power of
portmanteau tests (F = 78.92, Sig = 0.000) and there are significant effect of
interaction between type of test and level of lag on the power of portmanteau
tests (F = 3.98, Sig = 0.001).
In next page figure 4:25 shows the comparisons between simulation and
real data results of the power of portmanteau tests. Whereas the results of
large data more similarity for simulation and real, then medium data also has
good similarity between real and simulation, small data has weak similar in
results between real and simulation data.
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Figure 4:25 comparisons between simulation and real data results of the power of
portmanteau tests
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Chapter 5
Results And Recommendations
5. 1 Results
 In the small samples the power of the Hosking Test is the strongest,
while in the large samples the power of the Gvtest is the strongest,
but in the medium samples Hosking, Gvtest and LiMcleod are
approximately equal in their power strength.
 Hosking and LiMcleod Tests are more sensitive than Gvtest when
moving from one lag to another.
 In large samples, results of portmanteau tests for real data are
more approximately similar to simulation data; also in the medium
samples, the results of the real data are approximately similar to the
simulation data, in the small samples, the results of the real data are
less similar to the simulation data,
 There is no difference between the power of the tests and the
estimated model grade.
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5. 2 Recommendations
 We recommend using Hosking Test for the small samples and
GvTest for the large samples.
 We suggest studying the portmanteau in the various models of the
multivariate in time series.
 Extend the research to examine the relationship between VAR(p)
coefficients and the power of the tests for testing the goodness-offit tests in time series.
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Annexes

Simulation models
Var3models
N 600
> p1ct <- VAR(Z, p = 3, type = "both")
> p1ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1
2.l3
0.499449858 -0.572313101
5262
const
trend
0.273537616 -0.002060094

Series.1.l2

Series.2.l2

Series.1.l3

Series.

0.462129357

0.276664819 -0.491415448

0.07628

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1
2.l3
0.396491239 -0.324158042
2062
const
trend
0.115767190 0.000221717

Series.1.l2

Series.2.l2

Series.1.l3

Series.

0.202694738

0.605669108

0.416400104

0.51305

> summary(p1ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 597
Log Likelihood: -3618.34
Roots of the characteristic polynomial:
0.8961 0.8961 0.8803 0.8803 0.8285 0.5507
Call:
VAR(y = Z, p = 3, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value
Series.1.l1 0.49945
0.03865 12.921
Series.2.l1 -0.57231
0.08821 -6.488
Series.1.l2 0.46213
0.06516
7.092
Series.2.l2 0.27666
0.04799
5.765
Series.1.l3 -0.49141
0.03902 -12.593
Series.2.l3 0.07629
0.08579
0.889
const
0.27354
0.90037
0.304
trend
-0.00206
0.00260 -0.792
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01

Pr(>|t|)
< 2e-16
1.84e-10
3.80e-12
1.32e-08
< 2e-16
0.374
0.761
0.429

***
***
***
***
***

‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 10.89 on 589 degrees of freedom
Adjusted R-squared: 0.5879
Multiple R-Squared: 0.5928,
F-statistic: 122.5 on 7 and 589 DF, p-value: < 2.2e-16
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.3964912 0.0082929 47.811
<2e-16 ***
Series.2.l1 -0.3241580 0.0189239 -17.130
<2e-16 ***
Series.1.l2 0.2026947 0.0139797 14.499
<2e-16 ***
Series.2.l2 0.6056691 0.0102961 58.825
<2e-16 ***
Series.1.l3 0.4164001 0.0083722 49.736
<2e-16 ***
Series.2.l3 0.5130521 0.0184063 27.874
<2e-16 ***
const
0.1157672 0.1931654
0.599
0.549
trend
0.0002217 0.0005578
0.397
0.691
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 2.337 on 589 degrees of freedom
Adjusted R-squared: 0.9725
Multiple R-Squared: 0.9728,
F-statistic: 3007 on 7 and 589 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1 118.6554 -0.7872
Series.2 -0.7872
5.4614
Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 -0.03092
Series.2 -0.03092 1.00000

N200
> p2ct <- VAR(m, p = 3, type = "both")
> p2ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1
2.l3
0.503457216 -0.629217012
6975
const
trend
1.116763067 -0.008117889

Series.1.l2

Series.2.l2

0.519674731

0.354231352 -0.517840308 -0.03957

Estimated coefficients for equation Series.2:
=============================================
Call:

Series.1.l3

Series.

Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1
2.l3
0.416601947 -0.238158609
0315
const
trend
0.690848758 -0.001533223

Series.1.l2

Series.2.l2

Series.1.l3

Series.

0.163771839

0.615553026

0.377949047

0.43530

> summary(p2ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 197
Log Likelihood: -1102.659
Roots of the characteristic polynomial:
0.903 0.903 0.899 0.899 0.7461 0.428
Call:
VAR(y = m, p = 3, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.503457
0.068297
7.372 5.12e-12 ***
Series.2.l1 -0.629217
0.184985 -3.401 0.000818 ***
Series.1.l2 0.519675
0.128503
4.044 7.65e-05 ***
Series.2.l2 0.354231
0.101028
3.506 0.000568 ***
Series.1.l3 -0.517840
0.073028 -7.091 2.58e-11 ***
Series.2.l3 -0.039577
0.186282 -0.212 0.831979
const
1.116763
1.394277
0.801 0.424159
trend
-0.008118
0.011836 -0.686 0.493642
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 9.403 on 189 degrees of freedom
Multiple R-Squared: 0.6481,
Adjusted R-squared: 0.635
F-statistic: 49.72 on 7 and 189 DF, p-value: < 2.2e-16
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.416602
0.012756 32.658 < 2e-16 ***
Series.2.l1 -0.238159
0.034551 -6.893 7.93e-11 ***
Series.1.l2 0.163772
0.024001
6.823 1.17e-10 ***
Series.2.l2 0.615553
0.018870 32.621 < 2e-16 ***
Series.1.l3 0.377949
0.013640 27.709 < 2e-16 ***
Series.2.l3 0.435300
0.034793 12.511 < 2e-16 ***
const
0.690849
0.260420
2.653 0.00866 **
trend
-0.001533
0.002211 -0.694 0.48882
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 1.756 on 189 degrees of freedom
Multiple R-Squared: 0.9801,
Adjusted R-squared: 0.9794
F-statistic: 1332 on 7 and 189 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1
88.412
1.346
Series.2
1.346
3.084
Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 0.08153
Series.2 0.08153 1.00000

N60
p3ct <- VAR(a, p = 3, type = "both")
> p3ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1 Series.1.l2 Series.2.l2 Series.1.l3 Series.2.l3
const
0.47887116 -0.69547633 0.43776664 0.22059167 -0.50475964 0.08141529 3.28185163
trend
0.13725620
Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Series.1.l1 Series.2.l1 Series.1.l2 Series.2.l2 Series.1.l3 Series.2.l3
const
0.31878089 -0.36570925 0.34422636 0.65065310 0.29619805 0.57078144
1.63379418
trend
-0.02594932
> summary(p3ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 57
Log Likelihood: -303.496
Roots of the characteristic polynomial:
0.9185 0.9185 0.8423 0.8423 0.7829 0.6663
Call:
VAR(y = a, p = 3, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value Pr(>|t|)

Series.1.l1 0.47887
Series.2.l1 -0.69548
Series.1.l2 0.43777
Series.2.l2 0.22059
Series.1.l3 -0.50476
Series.2.l3 0.08142
const
-3.28185
trend
0.13726
--Signif. codes: 0 ‘***’

0.12186
0.14262
0.14246
0.13475
0.09819
0.16811
1.65703
0.05877

3.930
-4.876
3.073
1.637
-5.140
0.484
-1.981
2.335

0.000267
1.18e-05
0.003458
0.108031
4.77e-06
0.630334
0.053268
0.023667

***
***
**
***
.
*

0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 4.181 on 49 degrees of freedom
Multiple R-Squared: 0.7319,
Adjusted R-squared: 0.6936
F-statistic: 19.11 on 7 and 49 DF, p-value: 4.951e-12
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + Series
.1.l3 + Series.2.l3 + const + trend
Estimate Std. Error t value
Series.1.l1 0.31878
0.09794
3.255
Series.2.l1 -0.36571
0.11463 -3.190
Series.1.l2 0.34423
0.11450
3.006
Series.2.l2 0.65065
0.10830
6.008
Series.1.l3 0.29620
0.07892
3.753
Series.2.l3 0.57078
0.13511
4.224
const
1.63379
1.33177
1.227
trend
-0.02595
0.04724 -0.549
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01

Pr(>|t|)
0.002060
0.002479
0.004161
2.28e-07
0.000463
0.000104
0.225766
0.585273

**
**
**
***
***
***

‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 3.36 on 49 degrees of freedom
Multiple R-Squared: 0.8061,
Adjusted R-squared: 0.7784
F-statistic: 29.1 on 7 and 49 DF, p-value: 2.223e-15

Covariance matrix of residuals:
Series.1 Series.2
Series.1
17.478
-1.344
Series.2
-1.344
11.290
Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 -0.09566
Series.2 -0.09566 1.00000

>
Var2
N600
> p4ct <- VAR(b, p = 2, type = "both")
> p4ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================

Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1 Series.2.l1 Series.1.l2 Series.2.l2
const
0.53083845 0.07500380 -0.06669610 -0.06297607 -2.16033795

trend
0.09417530

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1 Series.2.l1 Series.1.l2 Series.2.l2
0.32250430 0.35064599 0.37458309 0.17466789

const
trend
1.53393159 -0.01655708

> summary(p4ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 58
Log Likelihood: -310.913
Roots of the characteristic polynomial:
0.5946 0.5946 0.1838 0.1838
Call:
VAR(y = b, p = 2, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Estimate Std. Error t value
Series.1.l1 0.53084
0.13919
3.814
Series.2.l1 0.07500
0.15059
0.498
Series.1.l2 -0.06670
0.16169 -0.412
Series.2.l2 -0.06298
0.13273 -0.474
const
-2.16034
1.30736 -1.652
trend
0.09418
0.04430
2.126
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01

Pr(>|t|)
0.000365 ***
0.620529
0.681679
0.637159
0.104471
0.038298 *
‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 4.025 on 52 degrees of freedom
Multiple R-Squared: 0.4999,
Adjusted R-squared: 0.4518
F-statistic: 10.4 on 5 and 52 DF, p-value: 5.978e-07
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.32250
0.11988
2.690 0.00958 **
Series.2.l1 0.35065
0.12969
2.704 0.00924 **
Series.1.l2 0.37458
0.13926
2.690 0.00959 **
Series.2.l2 0.17467
0.11431
1.528 0.13258
const
1.53393
1.12594
1.362 0.17896
trend
-0.01656
0.03816 -0.434 0.66613
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 3.467 on 52 degrees of freedom
Multiple R-Squared: 0.7648,
Adjusted R-squared: 0.7422
F-statistic: 33.83 on 5 and 52 DF, p-value: 3.291e-15

Covariance matrix of residuals:
Series.1 Series.2
Series.1
16.203
-1.237
Series.2
-1.237
12.018
Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 -0.08864
Series.2 -0.08864 1.00000

N200
> p5ct <- VAR(s, p = 2, type = "both")
> p5ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1
rend
0.513271638
4587

Series.2.l1

Series.1.l2

Series.2.l2

0.092839296

0.010380857 -0.078542812

const

t

1.117099365 -0.00850

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1
rend
0.420584158
0538

Series.2.l1

Series.1.l2

Series.2.l2

0.441135474

0.312919988

0.047444078

const

t

0.709849310 -0.00167

> summary(p5ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 198
Log Likelihood: -1108.822
Roots of the characteristic polynomial:
0.6338 0.6338 0.2498 0.2498
Call:
VAR(y = s, p = 2, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1
Series.2.l1

Estimate Std. Error t value Pr(>|t|)
0.513272
0.072364
7.093 2.46e-11 ***
0.092839
0.274862
0.338
0.736

Series.1.l2 0.010381
Series.2.l2 -0.078543
const
1.117099
trend
-0.008505
--Signif. codes: 0 ‘***’

0.157279
0.198272
1.378480
0.011721

0.066
-0.396
0.810
-0.726

0.947
0.692
0.419
0.469

0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 9.41 on 192 degrees of freedom
Multiple R-Squared: 0.2881,
Adjusted R-squared: 0.2696
F-statistic: 15.54 on 5 and 192 DF, p-value: 7.868e-13
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.420584
0.013389 31.413 < 2e-16 ***
Series.2.l1 0.441135
0.050856
8.674 1.75e-15 ***
Series.1.l2 0.312920
0.029100 10.753 < 2e-16 ***
Series.2.l2 0.047444
0.036685
1.293 0.19747
const
0.709849
0.255051
2.783 0.00592 **
trend
-0.001671
0.002169 -0.770 0.44205
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 1.741 on 192 degrees of freedom
Multiple R-Squared: 0.9753,
Adjusted R-squared: 0.9746
F-statistic: 1515 on 5 and 192 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1
88.549
1.324
Series.2
1.324
3.031
Correlation matrix of residuals:
Series.1 Series.2
Series.1
1.0000
0.0808
Series.2
0.0808
1.0000

N600
p6ct <- VAR(k, p = 2, type = "both")
> p6ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Series.1.l1
rend
0.507114710
0176

Series.2.l1

Series.1.l2

Series.2.l2

0.061033874 -0.016292115

0.027341829

const

t

0.316604238 -0.00217

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend

Series.1.l1 Series.2.l1 Series.1.l2 Series.2.l2
const
t
rend
0.3994338391 0.4923246430 0.3004699302 0.0078662097 0.1935998687 0.000010
1882
> summary(p6ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 598
Log Likelihood: -3629.431
Roots of the characteristic polynomial:
0.7704 0.3097 0.3097 0.1129
Call:
VAR(y = k, p = 2, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 0.507115
0.041117 12.334
<2e-16 ***
Series.2.l1 0.061034
0.133686
0.457
0.648
Series.1.l2 -0.016292
0.077712 -0.210
0.834
Series.2.l2 0.027342
0.098410
0.278
0.781
const
0.316604
0.895424
0.354
0.724
trend
-0.002170
0.002587 -0.839
0.402
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 10.86 on 592 degrees of freedom
Multiple R-Squared: 0.2959,
Adjusted R-squared: 0.2899
F-statistic: 49.75 on 5 and 592 DF, p-value: < 2.2e-16
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + Series.1.l2 + Series.2.l2 + const
+ trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 3.994e-01 8.920e-03 44.782
<2e-16 ***
Series.2.l1 4.923e-01 2.900e-02 16.976
<2e-16 ***
Series.1.l2 3.005e-01 1.686e-02 17.824
<2e-16 ***
Series.2.l2 7.866e-03 2.135e-02
0.368
0.713
const
1.936e-01 1.942e-01
0.997
0.319
trend
1.019e-05 5.611e-04
0.018
0.986
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 2.356 on 592 degrees of freedom
Multiple R-Squared: 0.9702,
Adjusted R-squared: 0.9699
F-statistic: 3849 on 5 and 592 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1 117.9395 -0.8122
Series.2 -0.8122
5.5501

Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 -0.03175
Series.2 -0.03175 1.00000

Var1
N600
> p7ct <- VAR(f, p = 1, type = "both")
> p7ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1
-0.189693605

Series.2.l1
0.293548910

const
trend
0.280877547 -0.001918547

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1
-5.996575e-01

Series.2.l1
1.102534e+00

const
1.667505e-01

trend
2.710108e-05

> summary(p7ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 599
Log Likelihood: -3635.347
Roots of the characteristic polynomial:
0.9478 0.03494
Call:
VAR(y = f, p = 1, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.189694
0.040831 -4.646 4.17e-06 ***
Series.2.l1 0.293549
0.022841 12.852 < 2e-16 ***
const
0.280878
0.892004
0.315
0.753
trend
-0.001919
0.002579 -0.744
0.457
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 10.84 on 595 degrees of freedom
Multiple R-Squared: 0.22,
Adjusted R-squared: 0.2161
F-statistic: 55.94 on 3 and 595 DF, p-value: < 2.2e-16
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.5996575 0.0088561 -67.711
<2e-16 ***

Series.2.l1 1.1025339
const
0.1667505
trend
0.0000271
--Signif. codes: 0 ‘***’

0.0049542 222.547
0.1934710
0.862
0.0005594
0.048

<2e-16 ***
0.389
0.961

0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 2.351 on 595 degrees of freedom
Multiple R-Squared: 0.9886,
Adjusted R-squared: 0.9886
F-statistic: 1.726e+04 on 3 and 595 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1 117.5251 -0.7718
Series.2 -0.7718
5.5288
Correlation matrix of residuals:
Series.1 Series.2
Series.1 1.00000 -0.03028
Series.2 -0.03028 1.00000

N200
p8ct <- VAR(r, p = 1, type = "both")
> p8ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1
-0.170432221

Series.2.l1
const
0.384944580 -0.657947339

trend
0.001159817

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1
-0.581748429

Series.2.l1
1.085135812

const
trend
0.771916108 -0.001570616

> summary(p8ct)
VAR Estimation Results:
=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 199
Log Likelihood: -1113.68
Roots of the characteristic polynomial:
0.8699 0.04483
Call:
VAR(y = r, p = 1, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.17043
0.07177 -2.375
0.0185 *

Series.2.l1 0.38494
const
-0.65795
trend
0.00116
--Signif. codes: 0 ‘***’

0.06061
1.33269
0.01037

6.351 1.47e-09 ***
-0.494
0.6221
0.112
0.9111

0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 8.382 on 195 degrees of freedom
Multiple R-Squared: 0.1721,
Adjusted R-squared: 0.1594
F-statistic: 13.51 on 3 and 195 DF, p-value: 4.777e-08
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.581748
0.016495 -35.269
<2e-16 ***
Series.2.l1 1.085136
0.013930 77.899
<2e-16 ***
const
0.771916
0.306288
2.520
0.0125 *
trend
-0.001571
0.002383 -0.659
0.5107
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 1.926 on 195 degrees of freedom
Multiple R-Squared: 0.9691,
Adjusted R-squared: 0.9686
F-statistic: 2037 on 3 and 195 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1
70.262
1.248
Series.2
1.248
3.711
Correlation matrix of residuals:
Series.1 Series.2
Series.1
1.0000
0.0773
Series.2
0.0773
1.0000

N60
> p9ct <- VAR(y, p = 1, type = "both")
> p9ct
VAR Estimation Results:
=======================
Estimated coefficients for equation Series.1:
=============================================
Call:
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1 Series.2.l1
const
-0.17267294 0.28110418 -1.37535337

trend
0.06456047

Estimated coefficients for equation Series.2:
=============================================
Call:
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Series.1.l1 Series.2.l1
-0.66548119 1.06856642
> summary(p9ct)
VAR Estimation Results:

const
trend
2.48688202 -0.02016536

=========================
Endogenous variables: Series.1, Series.2
Deterministic variables: both
Sample size: 59
Log Likelihood: -316.186
Roots of the characteristic polynomial:
0.893 0.002863
Call:
VAR(y = y, p = 1, type = "both")
Estimation results for equation Series.1:
=========================================
Series.1 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.17267
0.12989 -1.329
0.1892
Series.2.l1 0.28110
0.05262
5.342 1.81e-06 ***
const
-1.37535
1.61203 -0.853
0.3973
trend
0.06456
0.03446
1.873
0.0663 .
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 3.941 on 55 degrees of freedom
Multiple R-Squared: 0.3805,
Adjusted R-squared: 0.3467
F-statistic: 11.26 on 3 and 55 DF, p-value: 7.258e-06
Estimation results for equation Series.2:
=========================================
Series.2 = Series.1.l1 + Series.2.l1 + const + trend
Estimate Std. Error t value Pr(>|t|)
Series.1.l1 -0.66548
0.11222 -5.930 2.09e-07 ***
Series.2.l1 1.06857
0.04546 23.505 < 2e-16 ***
const
2.48688
1.39272
1.786
0.0797 .
trend
-0.02017
0.02977 -0.677
0.5010
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 3.405 on 55 degrees of freedom
Multiple R-Squared: 0.9385,
Adjusted R-squared: 0.9351
F-statistic: 279.6 on 3 and 55 DF, p-value: < 2.2e-16

Covariance matrix of residuals:
Series.1 Series.2
Series.1
15.534
-1.387
Series.2
-1.387
11.595
Correlation matrix of residuals:
Series.1 Series.2
Series.1
1.0000 -0.1034
Series.2 -0.1034
1.0000

Portmanteau tests for simulation data
Hosking
> Hosking(p1ct)
Lags Statistic df
p-value
5 4.618397
8 0.7974743
10 29.351735 28 0.3948538
15 36.691634 48 0.8830146
20 49.949952 68 0.9507599
25 65.981342 88 0.9617435
30 83.037616 108 0.9643923
> portest(p1ct, test = "Hosking",
Lags Statistic df
p-value
5 4.618397
8 0.9410589
10 29.351735 28 0.3326673
15 36.691634 48 0.6603397
20 49.949952 68 0.7192807
25 65.981342 88 0.7112887
30 83.037616 108 0.7162837
> Hosking(p2ct)
Lags Statistic df
p-value
5 11.82261
8 0.159295999
10 30.38850 28 0.344891254
15 48.80696 48 0.440415148
20 79.09673 68 0.168357886
25 108.01767 88 0.072558268
30 150.58549 108 0.004271247
> portest(p2ct, test = "Hosking",
Lags Statistic df
p-value
5 11.82261
8 0.49750250
10 30.38850 28 0.39760240
15 48.80696 48 0.42457542
20 79.09673 68 0.17882118
25 108.01767 88 0.09590410
30 150.58549 108 0.01698302
> Hosking(p3ct)
Lags Statistic df
p-value
5
2.652934
8 0.9542176
10 12.912047 28 0.9932838
15 22.456063 48 0.9993866
20 36.791339 68 0.9992882
25 89.493646 88 0.4355877
30 104.285986 108 0.5832250
> portest(p3ct, test = "Hosking",
Lags Statistic df
p-value
5
2.652934
8 0.9990010
10 12.912047 28 0.9880120
15 22.456063 48 0.9930070
20 36.791339 68 0.9750250
25 89.493646 88 0.4095904
30 104.285986 108 0.5094905
> Hosking(p4ct)
Lags Statistic df
p-value
5
6.062672 12 0.9128899
10 17.747346 32 0.9803173
15 26.029613 52 0.9990186
20 40.460194 72 0.9990243
25 91.102992 92 0.5068342
30 102.573634 112 0.7269233
> portest(p4ct, test = "Hosking",
Lags Statistic df
p-value
5
6.062672 12 0.8951049
10 17.747346 32 0.9410589
15 26.029613 52 0.9850150
20 40.460194 72 0.9730270
25 91.102992 92 0.3986014

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

30 102.573634 112 0.5714286
> Hosking(p5ct)
Lags Statistic df
p-value
5
7.364193 12 0.83263807
10 32.871272 32 0.42418257
15 51.726422 52 0.48461011
20 77.982818 72 0.29438825
25 112.439996 92 0.07267794
30 156.356350 112 0.00360611
> portest(p5ct, test = "Hosking",
Lags Statistic df
p-value
5
7.364193 12 0.84915085
10 32.871272 32 0.36563437
15 51.726422 52 0.40359640
20 77.982818 72 0.24375624
25 112.439996 92 0.08291708
30 156.356350 112 0.01998002
> portest(p6ct, test = "Hosking",
Lags Statistic df
p-value
5 8.176971 12 0.6723277
10 33.977385 32 0.2727273
15 43.063132 52 0.5304695
20 54.315609 72 0.6703297
25 69.666045 92 0.7062937
30 86.370288 112 0.7212787
> Hosking(p6ct)
Lags Statistic df
p-value
5 8.176971 12 0.7711523
10 33.977385 32 0.3724790
15 43.063132 52 0.8067119
20 54.315609 72 0.9404376
25 69.666045 92 0.9601344
30 86.370288 112 0.9654990
> Hosking(p7ct)
Lags Statistic df
p-value
5 9.960715 16 0.8686718
10 35.404265 36 0.4967372
15 45.717469 56 0.8350523
20 56.970429 76 0.9494838
25 72.448164 96 0.9651285
30 89.647200 116 0.9669076
> portest(p7ct, test = "Hosking",
Lags Statistic df
p-value
5 9.960715 16 0.7392607
10 35.404265 36 0.3846154
15 45.717469 56 0.6143856
20 56.970429 76 0.7202797
25 72.448164 96 0.7542458
30 89.647200 116 0.7492507
> Hosking(p8ct)
Lags Statistic df
p-value
5
8.821033 16 0.920600141
10 36.222267 36 0.458279025
15 54.952104 56 0.514556391
20 77.252959 76 0.438367623
25 106.517340 96 0.217499962
30 157.670061 116 0.006106434
> portest(p8ct, test = "Hosking",
Lags Statistic df
p-value
5
8.821033 16 0.86613387
10 36.222267 36 0.37662338
15 54.952104 56 0.40959041
20 77.252959 76 0.35064935
25 106.517340 96 0.19680320
30 157.670061 116 0.02897103
> Hosking(p9ct)
Lags Statistic df
p-value
5 10.64443 16 0.8308827
10 20.70548 36 0.9806342

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

15 30.58170 56 0.9977625
20 44.32311 76 0.9986234
25 88.63196 96 0.6905956
30 103.61636 116 0.7880623
> portest(p9ct, test = "Hosking", nslaves = nslaves)
Lags Statistic df
p-value
5 10.64443 16 0.7642358
10 20.70548 36 0.9020979
15 30.58170 56 0.9530470
20 44.32311 76 0.9470529
25 88.63196 96 0.5434565
30 103.61636 116 0.6153846

> LiMcLeod(p1ct)
Lags Statistic df
p-value
5 4.698125
8 0.7892997
10 29.382199 28 0.3933392
15 37.002647 48 0.8754009
20 50.469692 68 0.9449356
25 66.622630 88 0.9566264
30 83.778222 108 0.9594339
> portest(p1ct, test = "LiMcLeod", nslaves = nslaves)
Lags Statistic df
p-value
5 4.698125
8 0.9410589
10 29.382199 28 0.3346653
15 37.002647 48 0.6593407
20 50.469692 68 0.7172827
25 66.622630 88 0.7122877
30 83.778222 108 0.7172827
> LiMcLeod(p2ct)
Lags Statistic df
p-value
5 11.95021
8 0.15343925
10 30.63093 28 0.33371061
15 49.20609 48 0.42463598
20 78.50275 68 0.18022229
25 106.39008 88 0.08860523
30 145.79843 108 0.00900396
> portest(p2ct, test = "LiMcLeod", nslaves = nslaves)
Lags Statistic df
p-value
5 11.95021
8 0.49750250
10 30.63093 28 0.39460539
15 49.20609 48 0.41658342
20 78.50275 68 0.18381618
25 106.39008 88 0.10189810
30 145.79843 108 0.01998002
> LiMcLeod(p3ct)
Lags Statistic df
p-value
5
3.55818
8 0.8946277
10 15.17016 28 0.9765834
15 27.07525 48 0.9936146
20 43.33140 68 0.9914620
25 81.40246 88 0.6771378
30 98.98857 108 0.7208543
> portest(p3ct, test = "LiMcLeod", nslaves = nslaves)
Lags Statistic df
p-value
5
3.55818
8 1.0000000
10 15.17016 28 0.9900100
15 27.07525 48 0.9940060
20 43.33140 68 0.9860140
25 81.40246 88 0.7342657
30 98.98857 108 0.7942058
> LiMcLeod(p4ct)
Lags Statistic df
p-value
5
6.77895 12 0.8718690
10 19.54261 32 0.9587527
15 30.43352 52 0.9926548

20 46.63824 72 0.9911627
25 83.92665 92 0.7136205
30 99.42626 112 0.7963906
> portest(p4ct, test = "LiMcLeod",
Lags Statistic df
p-value
5
6.77895 12 0.8911089
10 19.54261 32 0.9450549
15 30.43352 52 0.9860140
20 46.63824 72 0.9780220
25 83.92665 92 0.6613387
30 99.42626 112 0.7692308
> LiMcLeod(p5ct)
Lags Statistic df
p-value
5
7.528199 12 0.820828858
10 32.949729 32 0.420422088
15 51.904064 52 0.477659594
20 77.537154 72 0.306656509
25 110.367301 92 0.093154521
30 150.937092 112 0.008357315
> portest(p5ct, test = "LiMcLeod",
Lags Statistic df
p-value
5
7.528199 12 0.84915085
10 32.949729 32 0.36663337
15 51.904064 52 0.40259740
20 77.537154 72 0.25174825
25 110.367301 92 0.09590410
30 150.937092 112 0.02197802
> LiMcLeod(p6ct)
Lags Statistic df
p-value
5 8.236337 12 0.7663995
10 33.969584 32 0.3728330
15 43.294324 52 0.7995974
20 54.814687 72 0.9342680
25 70.311545 92 0.9549679
30 87.134042 112 0.9606110
> portest(p6ct, test = "LiMcLeod",
Lags Statistic df
p-value
5 8.236337 12 0.6713287
10 33.969584 32 0.2767233
15 43.294324 52 0.5274725
20 54.814687 72 0.6663337
25 70.311545 92 0.7052947
30 87.134042 112 0.7212787
> LiMcLeod(p7ct)
Lags Statistic df
p-value
5 10.01465 16 0.8658620
10 35.39615 36 0.4971226
15 45.92182 56 0.8295146
20 57.44413 76 0.9444608
25 73.06291 96 0.9608062
30 90.35610 116 0.9626234
> portest(p7ct, test = "LiMcLeod",
Lags Statistic df
p-value
5 10.01465 16 0.7392607
10 35.39615 36 0.3856144
15 45.92182 56 0.6143856
20 57.44413 76 0.7192807
25 73.06291 96 0.7562438
30 90.35610 116 0.7492507
> LiMcLeod(p8ct)
Lags Statistic df
p-value
5
8.994588 16 0.91363622
10 36.270113 36 0.45605606
15 55.110468 56 0.50852528
20 77.197483 76 0.44012182
25 105.490983 96 0.23843329
30 152.298539 116 0.01339142
> portest(p8ct, test = "LiMcLeod",
Lags Statistic df
p-value

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

nslaves = nslaves)

5
8.994588 16 0.86613387
10 36.270113 36 0.37562438
15 55.110468 56 0.40959041
20 77.197483 76 0.35164835
25 105.490983 96 0.20379620
30 152.298539 116 0.03496503
> LiMcLeod(p9ct)
Lags Statistic df
p-value
5 11.13849 16 0.8008576
10 22.44979 36 0.9621375
15 34.51045 56 0.9894222
20 50.21551 76 0.9901987
25 83.74691 96 0.8095722
30 100.93963 116 0.8391176
> portest(p9ct, test = "LiMcLeod", nslaves = nslaves)
Lags Statistic df
p-value
5 11.13849 16 0.7582418
10 22.44979 36 0.9000999
15 34.51045 56 0.9510490
20 50.21551 76 0.9500500
25 83.74691 96 0.7202797
30 100.93963 116 0.7562438

gvtest(p1ct)
Lags Statistic
df
p-value
5 4.128633 4.363636 0.4413560
10 17.506200 19.428571 0.5835932
15 28.855930 34.451613 0.7366181
20 38.819341 49.463415 0.8621248
25 48.199634 64.470588 0.9351096
30 58.313762 79.475410 0.9642115
> portest(p1ct, test = "gvtest", nslaves = nslaves)
Lags Statistic
df
p-value
5 4.128633 4.363636 0.8811189
10 17.506200 19.428571 0.5154845
15 28.855930 34.451613 0.5414585
20 38.819341 49.463415 0.6113886
25 48.199634 64.470588 0.6773227
30 58.313762 79.475410 0.7212787
> gvtest(p2ct)
Lags Statistic
df
p-value
5
9.737156 4.363636 0.05718477
10 24.726969 19.428571 0.18725712
15 39.656870 34.451613 0.24905054
20 56.286881 49.463415 0.23478937
25 77.799067 64.470588 0.12318057
30 101.556905 79.475410 0.04814507
> portest(p2ct, test = "gvtest", nslaves = nslaves)
Lags Statistic
df
p-value
5
9.737156 4.363636 0.44455544
10 24.726969 19.428571 0.27072927
15 39.656870 34.451613 0.26573427
20 56.286881 49.463415 0.23976024
25 77.799067 64.470588 0.15884116
30 101.556905 79.475410 0.08691309
> gvtest(p3ct)
Lags Statistic
df
p-value
5 2.066749 4.363636 0.7713300
10 7.507773 19.428571 0.9927706
15 14.423021 34.451613 0.9989376
20 22.347701 49.463415 0.9996865
25 38.329435 64.470588 0.9960478
30 62.376478 79.475410 0.9213155
> portest(p3ct, test = "gvtest", nslaves = nslaves)
Lags Statistic
df
p-value
5 2.066749 4.363636 0.9980020

10 7.507773
15 14.423021
20 22.347701
25 38.329435
30 62.376478
> gvtest(p4ct)
Lags Statistic
5 4.914792
10 10.574097
15 18.128661
20 27.076000
25 43.107595
30 70.644222
> portest(p4ct,
Lags Statistic
5 4.914792
10 10.574097
15 18.128661
20 27.076000
25 43.107595
30 70.644222
> gvtest(p5ct)
Lags Statistic
5 4.498613
10 23.513629
15 39.186068
20 54.514704
25 75.218799
30 98.899282
> portest(p5ct,
Lags Statistic
5 4.498613
10 23.513629
15 39.186068
20 54.514704
25 75.218799
30 98.899282
> gvtest(p6ct)
Lags Statistic
5 6.422263
10 21.038213
15 33.417260
20 43.856516
25 53.315526
30 63.643598
> portest(p6ct,
Lags Statistic
5 6.422263
10 21.038213
15 33.417260
20 43.856516
25 53.315526
30 63.643598
> gvtest(p7ct)
Lags Statistic
5
8.41281
10 23.38276
15 36.16490
20 46.98215
25 56.66984
30 67.23134
> portest(p7ct,
Lags Statistic
5
8.41281
10 23.38276
15 36.16490
20 46.98215
25 56.66984
30 67.23134

19.428571
34.451613
49.463415
64.470588
79.475410

0.9930070
0.9950050
0.9970030
0.9780220
0.9340659

df
p-value
8.363636 0.7963709
23.428571 0.9893331
38.451613 0.9978178
53.463415 0.9990074
68.470588 0.9929498
83.475410 0.8405526
test = "gvtest", nslaves = nslaves)
df
p-value
8.363636 0.7672328
23.428571 0.9580420
38.451613 0.9830170
53.463415 0.9870130
68.470588 0.9670330
83.475410 0.8731269
df
p-value
8.363636 0.8361036
23.428571 0.4562185
38.451613 0.4367482
53.463415 0.4343022
68.470588 0.2691804
83.475410 0.1193793
test = "gvtest", nslaves = nslaves)
df
p-value
8.363636 0.8771229
23.428571 0.3496503
38.451613 0.3386613
53.463415 0.3216783
68.470588 0.2407592
83.475410 0.1388611
df
p-value
8.363636 0.6369149
23.428571 0.6038818
38.451613 0.6999530
53.463415 0.8227327
68.470588 0.9110257
83.475410 0.9478043
test = "gvtest", nslaves = nslaves)
df
p-value
8.363636 0.5494505
23.428571 0.3556444
38.451613 0.4135864
53.463415 0.5034965
68.470588 0.6043956
83.475410 0.6593407
df
p-value
12.36364 0.7767087
27.42857 0.6859384
42.45161 0.7408093
57.46341 0.8367424
72.47059 0.9139806
87.47541 0.9469714
test = "gvtest", nslaves = nslaves)
df
p-value
12.36364 0.6573427
27.42857 0.5044955
42.45161 0.5224775
57.46341 0.6103896
72.47059 0.6833167
87.47541 0.7172827

> gvtest(p8ct)
Lags Statistic
df
p-value
5
7.350877 12.36364 0.8531704
10 28.121065 27.42857 0.4275174
15 44.288581 42.45161 0.3940683
20 59.463236 57.46341 0.4026542
25 80.743481 72.47059 0.2365218
30 103.154138 87.47541 0.1208283
> gvtest(p8ct)
Lags Statistic
df
p-value
5
7.350877 12.36364 0.8531704
10 28.121065 27.42857 0.4275174
15 44.288581 42.45161 0.3940683
20 59.463236 57.46341 0.4026542
25 80.743481 72.47059 0.2365218
30 103.154138 87.47541 0.1208283
> portest(p8ct, test = "gvtest", nslaves = nslaves)
Lags Statistic
df
p-value
5
7.350877 12.36364 0.7942058
10 28.121065 27.42857 0.3496503
15 44.288581 42.45161 0.3466533
20 59.463236 57.46341 0.3736264
25 80.743481 72.47059 0.2597403
30 103.154138 87.47541 0.1728272
> gvtest(p9ct)
Lags Statistic
df
p-value
5 8.441247 12.36364 0.7744979
10 14.718249 27.42857 0.9769652
15 22.569955 42.45161 0.9947369
20 31.927520 57.46341 0.9974811
25 44.521536 72.47059 0.9960385
30 68.211231 87.47541 0.9367682
> portest(p9ct, test = "gvtest", nslaves = nslaves)
Lags Statistic
df
p-value
5 8.441247 12.36364 0.7432567
10 14.718249 27.42857 0.9310689
15 22.569955 42.45161 0.9650350
20 31.927520 57.46341 0.9670330
25 44.521536 72.47059 0.9630370
30 68.211231 87.47541 0.9140859

Portmanteau tests for real data
Hosking(p1ct)
Lags Statistic df
p-value
5 17.72261 12 0.12437623
10 46.61621 32 0.04588761
15 69.54488 52 0.05243932
20 85.84434 72 0.12676253
25 115.38850 92 0.05000846
30 133.94632 112 0.07720891
> portest(p1ct, test = "Hosking", nslaves = nslaves)
Lags Statistic df
p-value
5 17.72261 12 0.19380619
10 46.61621 32 0.04095904
15 69.54488 52 0.04995005
20 85.84434 72 0.12087912
25 115.38850 92 0.04995005
30 133.94632 112 0.08891109
> LiMcLeod(p1ct)
Lags Statistic df
p-value
5 17.79397 12 0.12209091
10 46.33097 32 0.04863391
15 69.10269 52 0.05639135
20 85.79354 72 0.12754716
25 113.77382 92 0.06155329

30 132.54752
> portest(p1ct,
Lags Statistic
5 17.79397
10 46.33097
15 69.10269
20 85.79354
25 113.77382
30 132.54752
> gvtest(p1ct)
Lags Statistic
5 16.01138
10 39.83648
15 64.37637
20 85.78192
25 104.48466
30 124.49383
> portest(p1ct,
Lags Statistic
5 16.01138
10 39.83648
15 64.37637
20 85.78192
25 104.48466
30 124.49383

112 0.08998801
test = "LiMcLeod", nslaves = nslaves)
df
p-value
12 0.18881119
32 0.03996004
52 0.04495504
72 0.10989011
92 0.04395604
112 0.07792208
df
p-value
8.363636 0.050202068
23.428571 0.018501937
38.451613 0.005476949
53.463415 0.003312243
68.470588 0.003314658
83.475410 0.002429916
test = "gvtest", nslaves = nslaves)
df
p-value
8.363636 0.060939061
23.428571 0.011988012
38.451613 0.006993007
53.463415 0.005994006
68.470588 0.005994006
83.475410 0.007992008

