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Abstract

The goal of VAR or BVAR is the characterizationtbé dynamics and endogenous relationships
among time series. Also the VAR models are knowntlieir applications to forecasting and
policy analysis. This paper compare the performasic¥ AR and Sims-Zha Bayesian VAR
models when the multiple time series are jointRu@nced by different levels of collinearity and
autocorrelation in the short term (T=16, 32, 64 4@8). Five levels (-0.9,-0.5, 0,+0.5,+0.9) of
collinearity and autocorrelation were considered &ne results from the simulation study
revealed that VAR(2) model dominated for no and emate levels of autocorrelation (-0.5, O,
+0.5) irrespective of the collinearity level exceptfew cases when T=16. While the BVAR
models dominated for high autocorrelation leveGsq-and +0.9) irrespective of the collinearity
level except in few cases when T=128. The perfonaaf the models varies at different levels
of the collinearity and autocorrelated error, ardoavaries with the short term periods.
Furthermore, the values of the RMSE and MAE citetecrease as a result of increase in the
time series length. In conclusion, the performamicthe forecasting models depend on the time
series data structure and the time series lengtis therefore recommended that the data
structure and series length should be consideradiitg an appropriate model for forecasting
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1.0 Introduction

The field of time series analysis consists of téghes that are applied to time series in
order to understand the past behavior, make cosgra@nd produce forecast for such time
series. The concepts and fields related to timesénclude: longitudinal data, growth curves,
repeated measures, econometric methods, multigaaiaélysis, signal processing and system
analysis (Brillinger, 2000). Some of the objectiyes studying time series include: Analysis of
past behavior of a variable, Forecasting, Evalmatb current achievement and Comparative
Studies.

Modeling multivariate time series data effectivey important for decision making
activities in the fields of economics, medicindaahce, agriculture, sciences and engineering.
The statistical multivariate time series modelingtinods include Vector Autoregressive (VAR)
and Bayesian VAR (BVAR) processes. The goal of V(\BBVAR is the characterization of the
dynamics and endogenous relationships among timess&he approach is to show whether
various variables are endogenously related, witlatwdynamics, and over what time periods
(Brandt & Williams, 2007)

One of the major advantages of the reduced forntiphellequation time series modeling
such as VARs is their applications to forecasting policy (Sims, 1980). In recent times, it has
been discovered that unrestricted VAR models tenawverfit the data, attribute unrealistic
portions of the variance in time series to theitedaministic components, and overestimate the
magnitude of the coefficients of distant lags dfiatales as a result of sampling error (Brandt and
Freeman,2006; Canova, 2007; Caraiani, 2010). Becatithe many problems encountered in
using unrestricted VARSs, the Bayesian Econometuind Bayesian Time Series Analysis was

intended to solve the many problems associatedtiv@lunrestricted VARs.


http://dx.doi.org/10.20944/preprints201811.0490.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2018 d0i:10.20944/preprints201811.0490.v1

The Bayesian VAR (BVAR) were originally deviseditoprove macroeconomic forecast
(Litterman, 1986a; Sims and Zha, (1998, 1999)rddition, the Bayesian method was intended
to solve the problems associated with unrestrist8® models. BVAR makes in-sample fitting
less dramatic and improve out-of-sample performanddese advantages of BVAR make it
more useful in forecasting short-term macro-ecowosaries both in Central Banks and other
international financial institutions.

Bayesian approach has been especially effectideating with specification uncertainty
inherent in time-series modeling. The final stréngt the BVAR has been the emergence of a
consistent method for specifying the Bayesian priocluding formal statistical criteria for
examining the performance of alternative speciicet (Park, 1990). Another advantage of
BVAR is that it does not ponder too much on anyth&f parameters of the model, but rather,
emphasis is laid on the use of prior distributionthe parameters. The prior distributions are the
key factor in the BVAR approach. Another featuretlod Bayesian VAR framework is that it
allows for the presence of trend in the variabesréiani, 2010).

Guijarati (2003) observed that multicollinearity asproblem that usually afflict VAR
models. In another literature, it was reported tbatrelation coefficients‘r‘>0.7was an

appropriate indicator for when collinearity begites severely distort model estimation and
subsequent prediction (Dormann, et al 2003). Alathir (2014) reported that Bayesian methods
in BVAR provide inherent solution to circumvent tipeoblem of multicollinearity and over

parameterization. In a recent work of Garba e{24113), they observed that the autocorrelation

problem usually afflict time series data. Therefove work is motivated by these recent studies.
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The aim of this study is to compare the forecagb@gormances of the reduced VAR
and reduced form Sims-Zha Bayesian VAR (with harimdecay) for bivariate time series data
that have autocorrelated error terms and varidhkgsare correlated (collinear time series data).
20 Review of Related Literature

A lot of works have been carried under the Clas$diédR and Bayesain VAR framework
and in Sims-zha Bayesian VAR in particular. Exarapieclude Uhlig (1997) proposed a
Bayesian approach to a vector autoregression wotthastic volatility, where the multiplicative
evolution of the precision matrix is driven by altivariate Beta variate. He suggested that the
estimation of the autoregressive parameters radjuitenerical method that is an importance-
sampling based approach.

Kadiyala and Karlsson (1997) considered Bayesiaalyais of Vector autoregression
models, and compared the forecasts from DiffusernfdbWishart, Normal-Diffuse and
Extended natural conjugate priors to Minnesotarptiotheir numerical methods they found that
the preferred choice prior is the Normal-Wishartewtthe prior beliefs are of the Litterman.
They also found that for more general prior bel@fsvhen the computational effort is of minor
importance, the Normal-Diffuse and the Extendedinrahiconjugated priors are strong alternative
to the Normal-Wishart.

Sims and Zha (1998) revealed that if dynamic maitate models are to be used to guide
decision making, it is important that probabilitysassments of forecasts or policy projections
should be provided. They used Bayesian methodsei®ldp methods to introduce prior
information in both reduced-form and structural VARbdels without introducing substantial
new computational burdens. They concluded that jpdassible to extend Bayesian methods to

larger models and to models with over identifyirggtrictions. Sims and Zha (1999) further
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showed how to correctly extend known methods faregating error bands in reduced form for
VARs to over identified models. They explained tl@dssical confidence region can be
misleading, and can result to conceptual and coatipnl problems. They suggested that
likelihood-based band, rather than approximateidente bands based on asymptotic theory, be
standard in reporting results for VAR models. Rpslland Ploberger (1999) developed an
asymptotic theory of Bayesian inference for timeriese They obtained the limiting
representation of the Bayesian data and showedttisathe same to general exponential form
for wide class of likelihoods and prior distributefor both continuous and discrete time cases.
They suggested that no assumptions concernin@iséaity or rates of convergence are required
in the asymptotics.

Shoesmith and Pinder (2001) compared demand fdsecasputed using the time series
forecasting techniques of VAR and BVAR with foresasomputed using exponential smoothing
and seasonal decomposition as applied to invenmtoapagement. The study revealed that
improvement in forecast accuracy can be gained whdrR and BVAR models are used

Sims (2002) compared restricted and unrestrictedR \WAodels and then discussed the
role of models and probabilities in the monetarjigyoprocess. The work dwelt on the way data
relate to decision making in Central Banks. In Wik, he used the VAR and the BVAR in
characterizing inflation and GDP forecast accuracy.

McNelis and Neftci (2006) considered financial nedrélata to assessed the likelihood of
renminbi revaluation and its implications for Clereshare prices increases, given the continuing
appreciation of the Euro against the US dollar.iThesult revealed that the Bayesian VAR
methods performed much more accurately than thedatd vector autoregressive (VAR)

methods.
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Brandt and Freeman (2006) reviewed recent develofsma Bayesian multi-equation
time series modeling in testing, forecasting anticpaanalysis. They explained methods for
constructing Bayesian measures of uncertainty gduise responses (Bayesian shape error
bands). Their work further revealed that a refeegorior for the VAR models has proven useful
in short and medium term forecasting both in mampoemics and in the study of politics.
Brandt and Freeman (2009) used the BVAR model ta@ehdthe U.S macroeconomic and
political data. They also extended their work wvBB#AR model to carry-out structural analysis
on the macro political dynamics with the Bayesigmu@&ural Vector Autoregression (BSVAR).

Brandth, Colaresi and Freeman (2008) used thetstalBayesian time series approach
to evaluate Bystander, Follower, Accountability aedibility in a Macropolitical economic in
relation to Israel and Palestine conflict, and nvgéation on the part of the United States. The
approach by Brandth, Colaresi and Freeman furtderesses the problems of model scale,
endogeneity and specification uncertainty, andllffjnrased the reduced form Bayesian VAR
models to forecast the Israelis-Palestinians aonfli

Njenga and Sherris (2011) used the unrestricted \BAR Sims-Zha Bayesian VAR to
modeled mortality among male and female in a gipepulation. Their result revealed that
Sims-Zha Bayesian VAR was superior.

Dua and Ranjan (2011) developed vector autoregeessind Bayesian vector
autoregressive models to forecast the indian ReltJi&r exchange rate which was governed by
managed floating exchange rate regime. Their stugpjorted that the Bayesian vector
autoregressive model generally outperformed theiresponding VAR variants.

Chama-Chiliba et al (2012) compared the forecagtexormances of the classical and

the Minnesota-type Bayesian Vector Autoregressi#&R) models with those of linear (fixed-
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parameter) and non-linear (time-varying paramedARs involving a stochastic search
algorithm for variable selection, estimated usingrkbv Chain Monte Carlo methods. In
general, the study revealed that variable selectitvether imposed on a time-varying VAR or a
fixed parameter VAR, and non-linearity in VARSs, ylan important part in improving
predictions when compared to the fixed coefficieatsical VAR.

Adenomon and Oyejola (2014) compared the foregggigrformances of the Reduced
form Vector Autoregression (VAR) and Sims-Zha Bages/AR (BVAR) in a situation where
the Endogenous variables are collinear at diffel@rels and at different short terms time series
lengths. Their simulation study revealed that tMAR forecast seems to be superior.

Sacakli-Sacildi (2015) compared the out-of-sampledasting accuracy of unrestricted
Vector Autoregression and Bayesian VAR models fmedasting Turkish GDP. The results
confirmed the accuracy of Bayesian Vector Autorsgian models for forecasting Turkish GDP.

Adenomon et al (2015a) compared VAR and Sims-Zhge8ian VAR (with quadratic
decay) in the presence of high autocorrelated €099, -0.95, -0.9, -0.85, -0.8, 0.8, 0.85, 0.9,
0.95, 0.99). Their result from 10,000 iteration @aked that BVAR models were suitable for
short and long terms with classical VAR was su#afar long term at the different levels of
autocorrelation.

Adenomon et al (2015b) compared Sims-Zha Bayesi&R \fvith quadratic decay) for
stable data generation process for short, mediuchlang terms. Their result from 10,000
iteration in the simulation study revealed that B¥Aodels with tight prior were suitable for
short term forecast while BVAR models with loos@pivere suitable for long term forecast.

Adenomon et al (2015c) considered the performaftkeoclassical VAR and Sims-Zha

Bayesian VAR (with quadratic decay) for short tesemies at different levels of high collinerity
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(-0.99, -0.95, -0.9, -0.85, -0.8, 0.8, 0.85, 0.950 0.99). Their result from 10,000 iteration
revealed that BVAR model were excellent for timdeselength of T=8 while the classical VAR

was superior for time series length of T=16 exedmtn o = -09 and p = -095.

Adenomon et al (2016) compared the forecast pedooa of classical VAR and Sims-
Zha Bayesian VAR (with quadratic decay) in the pre® of high positive and negative levels of
collinearity (-0.99, -0.95, -0.9, -0.85, -0.8, 0B85, 0.9, 0.95, 0.99) and autocorrelated errors (
0.99, -0.95, -0.9, -0.85, -0.8, 0.8, 0.85, 0.9,50.0.99). Their result from 10,000 iteration
revealed that BVAR model with loose prior was sigrer

Dahem (2016) compared the standard VAR and Bay&8Mhto assess three models for
predicting inflation, the make-up model, the mongtaodel and Phillips curve over the period
1990Q1-2013Q4. The result revealed that Bayesiastovderror Correction Model (BVECM)
make-up model was best suited to forecast inflaoMunisia.

Some authors have compared the performances ofiHI8GE model to classical
econometrics models (such as Vector AutoregresfhAR), Factor Augmented VAR and
Bayesian VAR). The authors include: Gupta and Kdb(2009); Paccagnini (2012).

3.0 Modd Description
3.1  Vector Autoregression (VAR) Model

VAR methodology superficially resembles simultare@guation modeling in that we
consider several endogenous variables togethere&ilt endogenous variable is explained by its
lagged values and the lagged values of all othdogenous variables in the model; usually,
there are no exogenous variables in the model (&uj2003).

Given a set ok time series variableg, =[y, ,...Y,] . VAR models of the form

yt :Aﬁyt—l-'- "'+Apyt—p+ut (1)
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provide a fairly general framework for the Data &eh Process (DGP) of the series. More
precisely, this model is called a VAR process ofleor p or VAR(p) process. Here

u, =[u, ...u,] is a zero mean independent white noise proceds mon-singular time

invariant covariance matriX,, and the Aare (kxk) coefficient matrices. The process isydas
use for forecasting purpose though it is not easgdtermine the exact relations between the
variables represented by the VAR model in equatignabove (Lutkepohl & Breitung, 1997).

Also, polynomial trends or seasonal dummies camd¢laded in the model.
The process is stable illet(, — Az—...— A z") # Ofor ‘Z‘ <1 (2)
In that case it generates stationary time seri¢l tine invariant means and variance

covariance structure.

Therefore To estimate the VAR model , one can waitéAR(p) with a concise matrix

notation as
Y=BZ+U o (3)
Yia
whereY =y, ,...y.], Z.=| . |, 2=[Z, ..., Z.]]
Ve

Then the Multivariate Least Squares (MLS) for Blgse

B=(Zz')'Z'Y (4)

It can be written alternatively as

Vec(B) =((22')*Z O 1, )Vec(Y) (5)
where [0denotes the Kronecker product and Vec the vectorizaof the matrix Y. This

estimator is consistent and asymptotically effitielt furthermore equals the conditional

Maximum Likelihood Estimator (MLE) (Hamilton, 1994)

9
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As the explanatory variables are the same in equht®n, the Multivariate least squares
is equivalent to the Ordinary Least Squares (Ols8jmator applied to each equation separately,
as was shown by Zellner (1962).

In the standard case, the MLE estimator of the ganee matrix differs from the OLS

estimator.

A~

T A A
MLE estimator > ==>/¢ 1" (6)
t=1

—[P

OLS estimator for a model with a constant, k vddaland p lags, in a matrix notation, gives

o 1 5 5 ,
2= B -8 7)

Therefore, the covariance matrix of the parametansbe estimated as
Cov=(Vec(B)) = (22)* O % 8)
3.2 BAYESIAN VECTOR AUTOREGRESSION WITH SIMS-ZHA PRIOR

The most popular BVAR model is that of the Litterm@986b), although other priors
have been studied. For instance, Ni and Sun, (2@8pJored the properties of Bayesian
estimates of Vector Autoregression (VAR) modelsarmskeveral possible choices of sampling
distribution of data (normal and Student-t errols$s functions (for®, 2.) and priors (Jeffreys
prior, RAT prior, Yang and Bargers prior, Shrinkgg#r and constant prior). They concluded
that the choice of prior has stronger effect on Bagesian estimates than the choice of loss
function. In this line also, Ni, Sun and Sun (20@W)estigated the properties of the Bayesian
estimates of impulse responses through an infoomdkieoretic approach. They derived

Bayesian estimators from an intrinsic entropy lhsgtion and showed that they are distinctly

10
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different from the posterior mean. They also pre@goan algorithm that uses generated data as
latent variables in numerical simulation of Bayeséstimates under loss entropy loss.

However, in recent times, the BVAR model of Simsdadha (1998) has gained
popularity both in economic time series and pdditianalysis. As stated in Brandt and Freeman
(2006), Litterman proposed BVAR for the reducedrfof the model, while Sims-Zha specified
prior for the simultaneous equation of the moddiey further noted that Sims-Zha has more
advantage compared to the BVAR proposed by Litternfdne Sims-Zha BVAR allows for a
more general specification and can produce a tiectaultivariate normal posterior distribution.
Again, for the Litterman BVAR, the estimation oketNVAR coefficients is done on an equation-
by-equation basis as in the reduced form versiorewthe Sims-Zha BVAR estimates the
parameters for the full system in a multivariatgression.

The procedure for BVAR with Sims-Zha prior is aidars. First, consider the following
(identified) dynamic simultaneous equation model as

Zp: Yi-] A = d + & =12, .. T

=0 Ixm mxm XM 1xm

This is an m-dimensional VAR for a sample of sizevith y; a vector of observations at time t,

A, the coefficient matrix for theé"llag; p the maximum number of lags (assumed knoarg,
vector of constant and, a vector of i.i.d normal structural shocks sudit th

Ele /Y. ,s>0]= 0 andge 1y, ,s>0]= |

The structural model can be transformed into a inariaite regression by defininggfas the
contemporaneous conditions of the series apné#\a matrix of the coefficients on the lagged

variables by YA + XA.=E where Y is Txm, Ais mxm, X is Tx(mp+1), Ais (mp+1)xm and E

is Txm matrices.

11
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To define the VAR in a compact form

e

8, =vec(A,), a, =veq ,A=£’:J, a=vec(A)

—A
d

The VAR model can then be written as a linear mtope of the residual by letting Z=[Y X], and
A=[A /A] is aconformable stacking of the parametersgaid A.:
YAo + XA=E
ZA=E.
In order to derive the Bayesian estimator for gtisictural equation model, we have to examine

the (conditional) likelihood function for normalbiistributed residuals
L(Y/A) O|A| exp[-05tr (ZA) (ZA)]

O|A| exp[-05a'(1 0 Z2'Z)a].
The prior overall of the structural parameters thasform

n(a) =n(a,/a)n(a,)
m(a) = 7(a, )@@, , W)

a, denotes the mean parameters in the prior.foktis the prior covariance fo, and ¢()is

a multivariate normal density.

The posterior for the coefficients is then

q(A) O LY/ A)n(a,)¢(a,, V)

O m(a,)| Al [l x expl-05(2; (1 D YY))a,
—-2a (1 O XY)a, +a (I O XX)a, +a/¥wa,)]

12
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The posterior is conditional multivariate normahce the prior has a conjugated form. In this
case, the posterior can be estimated by a muliteaseeming unrelated regression (SUR) model.
The forecast and inferences can be generated Wpitxg the multivariate normality of the

posterior distribution of the coefficients. The mal conditional prior for the mean of the
structural parameters is given b&(AJA)):{OA)} while V(A /A) =W is the prior

covariance matrix foli, . Though complicated, it is specified to reflece tlollowing general

beliefs and facts about the series being model:

1. The standard deviations around the first ladfments are proportionate to all the other lags.
2. The weight of each variable's own lags is theesas those of other variables' lags.

3. The standard deviations of the coefficients asfger lags are proportionately smaller than
those of earlier lags. (Lag coefficients shrinkzero over time and have smaller variance at
higher lags.)

4. The standard deviation of the intercept is propoate to the standard deviation of the
residuals for the equation.

5. The standard deviation of the sums of the agtessive coefficients should be proportionate
to the standard deviation of the residuals for thspective equation (consistent with the
possibility of cointegration).

6. The variance of the initial conditions shoulddseportionate to the mean of the series. These
are "dummy initial observations" that capture temat beliefs about stationarity and are

correlated across the equatioif®e summary of the Sims-Zha prior is given in Tebe

13
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Table 3.0: Hyper parameters of Sims-Zhareference prior

Parameter Range I nter pretation

A, [0,1] Overall scalkethe error covariance matrix

A >0 Standardid&en around A (persistence)

A, =1 Weight of mbag versus other lags

A, >0 Lag decay

A, >0 Scale of standard deviation téiicept

A =0 Scale of standard deviation afgenous variable coefficients

Hs >0 Sum of coefficients/Cointegratitang-term trends)

Me >0 Initial observations/dummy obséiva (impacts of initial conditions )
Y >0 Priorgilees of freedom

Source: Brandt and Freeman (2006)

Each diagonal element oltherefore corresponds to the variance of the VAR

parameters. The variance of each of these coeftgie assumed to have the form

2
A
o, = [% for the element corresponding to tfidag of variable j in equation i.
it ol

J

The overall coefficient covariances are scaledhgyvalue of error variances from m univariate

AR(p) OLS regressions of each variable on its oaggéd valuesajzfor j=1, 2, .. .m. The

!

parameter], sets an overall tightness across the elementseoptior on = A" A*. The
hyperparameter/, controls the tightness of the beliefs about thedoan walk prior or the
standard deviation of the first lags. THe term allows the variance of the coefficients oghleir
order lags to shrink as the lag length increasks. donstant in the model receives a separate
prior variance of(A,A,)* and the prior variance on any exogenous variasldgl A.)*. The

Sims-Zha prior adds dummy observations to accoonuhit roots, trends, and cointegration
which was not possible with the Litterman prior.

Given the reduced form model

14
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yt :C+ yt—lBl + e '+ yt—po + ut
wherec=dA* ,B =-AA",1=12,..p,u = A" andZ=A"'A’
The matrix representation of the reduced formveigias

Y= X B +U ,U~MVN(@OX)

Txm Tx(mp+1) (mp+1)xm Txm

We can then construct a reduced form Bayesian SuliRthe Sims-Zha prior as follows. The

prior means for the reduced form coefficients &et 8= and B, . . . B=0. We assume that the

prior has a conditional structure that is multiaéei Normal-inverse Wishart distribution for the
parameters in the model. To estimate the coeffisiér the system of the reduced form model
with the following estimators

B=(W+XX)H(WB +XY)

S=TYHYY -B (XX +WH)3+BWE +9)

wheretheNormal- inverseWishartprior for thecoefficiertsis

L1%~N(B,¥ )andz ~ IW(S,V)

This representation translates the prior propogesiims and Zha form from the structural model
to the reduced form (Brandt and Freeman, (20069R@Mhd Sims and Zha, (1998, 1999).

Lastly, we consider an h-step forecast equationifereduced form VAR model

Vo =K, + liyl N, (h) + ggmch_j h=12...
where
K,=1,K =I +21Ki_ij i=1,2,..
2
N@=B,=12..p
N, (h) =§N| (h-])B, +B,,, .1 =12..,p,h=23,..

C,=A*,C =YC B ,i=12..

=1

15
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Where we use the convention thgt®for j>p, G are the impulse response matrices for
lagl, K; describe the evolution of the constants in thedasts, and Kh) define the evolution of
the autoregressive coefficients over the forecasizbn. The h-step forecast equation above
gives the dynamic forecasts produced by a modél stitictural innovations.

3.3  Setting of Hyperparametersfor BVAR Model with Sims-Zha Prior

The setting of hyperparameters for BVAR Models received a lot of attention in
Bayesian time series literature. For instance han work of Kadiyala & Karlsson (1997), the
values of the hyperparameters were chosen bas#dtedorecast performance over a calibration
period. Also in Sims & Zha (1998,1999), and in LeepSims & Zha (1996), the Sims-Zha

proposed a benchmark prior for empirical macroenono® with  values
A =014=1,4,=01,A =007, =4, =5. Brandt & Freeman (2006, 2009) also
exploited the Sims-Zha prior in forecasting macottigal dynamics. They found that the Sims-
Zha prior performed well in forecasting macro poét time series data. In addition, Brandt,
Colaresi and Freeman (2008) set the hyperparamataes for the Sims-Zha prior based on
experience with events data and discussing wittlingainternational relations scholars. Supper
(2007) recommended that such priors from experipnoceide better fits.
4.0: Simulation Procedure
We considered the VAR (2) process that obeys theiong form
11 % ) o T

Y. |, 100 -02 -05]y,|, [—-01 03 | Y., [UYs],

Such that ¥ and y; are jointly influenced by collinearity and autoesation levels to have the
following combinations of collinearity and autocglation levels. The choice for this form model
is to obtain a stable process with the true lagtlerand to avoid a VAR process that is not

affected by overparameterization (Caraiana, 2010).
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The autocorrelated error terms of order 1 given @s=adu,_ , +&,;U, =, +&,
: . 1 0 _ . . ,
whereg, ~ N (0,2)fori = 1,2with > = 0 1 was implanted in the model. The choice here is

similar to the work and illustration of Cowpertwd2006). Also five levels of autocorrelation
was considered a8 =(0, -0.5, +0.5, -0.9 and +0.9). Furthermore, th®eorrelation levels were
classified as no (0); Moderate (x0.5) and High €0Then the Cholesky Decomposition was
used to create a bivariate time series data soythetd y are collinear at different collinearity
levels. This study considered five collinearity d&s/ asp=(0, -0.5, +0.5, -0.9 and +0.9).
Furthermore, the collinearity levels were classifas no (0); Moderate (+0.5) and High (+0.9).
The choice and classification of the collinearigyél is in line with work and illustration of
Carsey & Harden (2011). In this present work, thesiitd correlation matrix is given as
1 0
R =[1 '0}, then the Choleski factor P is given &%= > | and then, the
p1 p 1-p
simulated data is pre-multiplied by the Cholesldtéa so that the simulated data is scaled to
have the desired correlation level (Diebold & Mana2002).

The simulated data was generated for time serneghes of 16, 32, 64 and 128 while the
number of the simulation was N=5000. The choictheflength chosen is to be able to study the
models in the short run (Diebold & Mariano, 2002).

Sample of the R code for the data generation isgoted below
The R Code
set.seed(200)

## Simu | te VAR( 2 )-dat a
library (dse)

library (vars)

n=16

p=0.9

p1=0.9

z=e=rnorm(32)

for(t in 2:32)z[t]=p1*z[t-1]+e[t]
##Settingthelag-polynomialA(L)

Apoly <- array (¢ (1.0,-0.5,0.3,0,0.2,0.1,0,-0.2, 0.7,1,0.5,-0.3) ,¢ (3,2,2) )
##SettingCovariancetoidenti ty-matrix
B <-diag (2)

##Settingconstanttermto5and 10

TRD<-c¢ (5, 10)

## Gen eratingthe VAR(2) model

var2 <- ARMA(A = Apoly , B =B, TREND = TRD)

#Simulatingléobservations

varsim<-simulate(var2 , sampleT = n ,noise = list(w = matrix(z,nrow=n,ncol = 2)))
vardat <- ts.union(matrix( varsim$output , nrow = n , hcol = 2))
colnames(vardat)<- c("y1","y2")

# desired correlation matrix
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R <- matrix(c(1, p, p, 1), ncol = 2)

# use cholesky decomposition “t(U) %*% U = R”
U <- chol(R)

corvars <- vardat %*% U

gendata3<- ts(corvars)
colnames(gendata3)<-c("y1","y2")

gendata3

The above simulation method is well reported inffRf2008a).
Table4.0: Sample of Generated data for collinearity leved & and autocorrelation level of 0.9
for T=16

0=0.9,0=0.¢

W ¥
5.08475635 8.068900
9.44764277 10.521137
4.22062607 6.613498
3.51904520 5.453868
3.15510812 6.063139
4.23375835 6.722141
2.12367632 5.918779
1.47202831 4.326005
-0.22571191 3.936286
10 2.70566216 5.197386
11 2.00330458 5.992214
12 2.72441548 5.444882
13 -0.01892094 3.497469
14 1.17122877 4.251607
15 -0.28469472 2.833912
16 -1.37181152 2.25690:!

OCoO~NOUTA,WNPF

41  Modd Specification
VAR model with lag 2 was used for the generatiomlafa. The choice here is to have a
VAR process with a true lag value while the VAR é@BMdAR models of lag length of 2 were
used for modeling and forecasting purpose.
The BVAR model with Sims-Zha prior with the follomg range of values for the
hyperparameters given and the Normal-Inverse Wigitaor was employed.
This study considered two tight priors and two Bpsors as follows:
The BVAR models with tight prior are given below:
BVAR1=(A, = 06,4, =0.1,4, =1,A4, =0.1,A, =0.07,1 = 44, =5)
BVAR2 = (A, = 08,4, =0.1,4,=1,4, =0.1,A, =0.07,14 = 44, =5)
While the BVAR models with loose prior are giveridve
BVAR3= (4, = 06,4, =0.15,4,=1,4, =0.15,), =0.07,14 = 44, =2)
BVAR4 = (A, = 08,4, =0.154,=1,4, =0.15,A, =0.07 4, = 44, = 2)

18


http://dx.doi.org/10.20944/preprints201811.0490.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2018 d0i:10.20944/preprints201811.0490.v1

where nu is prior degrees of freedom given as mtérevm is the number of variables in the
multiple time series data. In this work np is 3aftts two (2) time series variables plus 1(one)).
Our choice of Normal-Inverse Wishart prior for tB& AR models follow the work of
Kadiyala & Karlsson (1997) that Normal Wishart priends to performed better when compared
to other priors. In addition Sims and Zha, (199®)esed Normal-Inverse Wishart prior because
of its suitability for large systems while Brehe(8013) reported that the most advantage of

wishart distribution is that it guaranteed to proelypositive definite draws. The choice of the

overall tightnessA, = 0.6and0.8 is in line with work of Brandt, Colaresi and Fresm(2008).
4.2 Methods of Estimation

The methods of estimation of the model are asvidlo
The equation-by-equation seemingly unrelated regraSUR) method is used to estimates the
reduced form VAR model.

The multivariate seeming unrelated regression (Std&hod is used in the estimation of
the Bayesian VAR models for just identified VARSNS and Zha, 1998).
4.3 Forecast Assessment

The following are the criteria for Forecast assesgsiused:

n
ei

1. Mean Absolute Error or Deviation (MAE or MAD) hadg@amular MAE, = zl . This
n

criterion measures deviation from the series imhlis terms, and measures how much
the forecast is biased. This measure is one ofmib& common ones used for analyzing

the quality of different forecasts.
2 0i-y')?
2. For the RMSE is given aRM SEj =\ = where yis the time series data and

y' is the forecast value of y (Caraiani, 2010).
For the two measures above, the smaller the vHiadyetter the fit of the model (Cooray, 2008)

N N
> RMSE, > MAE,
In our simulation studygRMsSE = andMAE =—— where N=5000. Therefore,
N N

the model with the minimum RMSE and MAE resultlas preferred model.

19


http://dx.doi.org/10.20944/preprints201811.0490.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 November 2018 d0i:10.20944/preprints201811.0490.v1

45  Statistical Packages (R)

In this study three procedures in the R package wsed. They are: Dynamic System
Estimation (DSE) (Gilbert,2009); the vars (Pfafd08b): and the MSBVAR ( Brandt, 2012).
5.0 Resultsand Discussion

The result in this study was summarized using #mks of the criteria for the levels of
autocorrelation and collinearity. For instance rahk is used to denote the preferred forecasting
model; rank of 2 is used to denote tfiétBe preferred forecasting model and so on. Invlisk
two criteria were used for accessing the prefefoegicasting model which includes Roots Mean
Square (RMSE) and Mean Absolute Error (MAE). Thiiea of the criteria and their ranks are
presented in the appendix of this study. In genénel values of the RMSE and MAE decreases

as a result of increase in the time series lerigils is consistent with statistical reality.

Table5.1A: Preferred Forecasting Models at Different LevieCollinearity and Autocorrelation
Level Using RMSE Criterion for All the Time Serieength

Collineerity levels

Autocorrelation -0.9 -0.5 0 0.5 0.9
Levels
-0.9 BVAR4 | BVAR4 BVAR4 | BVAR4 | BVAR4

BVAR3 | BVAR4 BVAR4 | BVAR2 | BVAR2
BVARL | BVAR4 BVAR4 | VAR(2) | BVAR2
BVAR2 | VAR(2) VAR(2) | VAR(2) | VAR(Q2)
05 BVARA | VAR(2) VAR(2) | VAR(2) | VAR(2)
BVAR4 | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
0 BVAR4 | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
05 BVAR4 | BVAR4 BVARL | BVARL | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
0.9 BVAR4 | BVAR3 BVARL | BVAR2 | BVARL
BVAR4 | BVAR4 BVAR4 | BVAR4 | BVAR4
BVAR4 | BVAR4 BVAR4 | BVAR4 | BVAR4
BVAR3 | BVAR4 VAR(2) | VAR(2) | BVAR4

Note: In each cell the first model represent for T=46cond model represent for T=32,

the third model represent for T=64 and the fourtdel represent for T=128
In summary, the preferred forecasting model vaméth levels of autocorrelation and
collinearity for each of the time series length RIVMISE criterion. In Table 5.1A, the following

are revealed
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1. At no and moderate levels (both negative and pagitnf autocorrelation, irrespective of

the collinearity level, the VAR(2) model was preéat except in few cases when T=16

2. At high level (both negative and positive) of autoelation and irrespective of the

collinearity level, the BVAR models are preferrectept in few cases when T=128.

Table 5.1A: Preferred Forecasting Models at Diffiedeevel of Collinearity and Autocorrelation
Level Using MAE Criterion for All the Time Serieehgth

Collinearity levels
Autocorrelation -0.9 -0.5 0 0.5 0.9
Levels
-0.9 BVAR4 | BVAR4 BVAR4 | BVAR4 | BVAR2
BVAR3 | BVAR4 BVAR4 | BVAR2 | BVAR2
BVAR1 BVAR2 BVAR4 BVAR2 BVAR2
BVAR2 | BAVR2 BVAR4 | VAR(2) | VAR(2)
-0.5 BVAR4 | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
0 VAR(2) | VAR(2) VAR(2) | VAR(Q2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
0.5 BVAR4 | VAR(2) VAR(2) | VAR(Q2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
VAR(2) | VAR(2) VAR(2) | VAR(2) | VAR(2)
0.9 BVAR4 BVAR3 BVAR1 BVAR1 BVAR1
BVAR4 | BVAR4 BVAR4 | BVAR1 | BVAR4
BVAR4 BVAR4 BVAR4 VAR(2) BVAR4
BVAR3 | BVAR4 VAR(2) | VAR(2) | VAR(2)

Note: In each cell the first model represent for T=46cond model represent for T=32,

the third model represent for T=64 and the fourtidet represent T=128.

In summary the preferred forecasting model varieth Mevels of autocorrelation and

collinearity for each of the time series length /dAE criterion. In Table 5.1B above the

following are revealed

1. At no and moderate levels (both negative and p@&ginf autocorrelation, irrespective of

the collinearity level, the VAR(2) model was preéat except in few cases when T=16

2. At high level (both negative and positive) of awwelation and irrespective of the

collinearity level, the BVAR models are preferrectept in few cases when T=128.
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6.0 Conclusion and Recommendation
This paper compare the forecasting performancéefeéduced VAR and reduced form

Sims-Zha Bayesian VAR (with harmonic decay) for dnigte time series data that have
autocorrelated error terms and variables that anelated (collinear time series data). The paper
revealed that when multiple time series are joiimtfjluenced by autocorrelation and collinearity
at different levels, the conclusion follows thag¢ fperformances of the models varies at different
levels of the collinearity and autocorrelation, agb varies with the short term periods.

It is therefore recommended that the data stru@unockeseries length should be considered in

using an appropriate model for forecasting
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Appendix
Table 4.4.1A: Forecasting Performances of the Moudhen Collinearity and Autocorrelation

Level are Both Negatively Highp€-0.9, 0 =-0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 7.372269| 5.750024| 7.297482| 5.900831| 6.511799| 5.287119| 5.826701 | 4.668641
BVAR1 5.270512| 4.328778| 5.197092| 4.270428| 5.305134| 4.264716| 5.472167 | 4.324604
BVAR2 5.076088| 4.181114| 5.097253| 4.173814| 5.359113| 4.310382| 5.464065 | 4.323084
BVAR3 4.622591| 3.806377| 4.985567| 4.098990| 5.374487| 4.340598| 5.510221 | 4.370242
BVAR4 4.587975| 3.762493| 5.030027| 4.135045| 5.345937| 4.326578| 5.514559 | 4.386424

Table 4.4.1B: The Ranks of the Forecasting Perfaoas of the Models When Collinearity and

Autocorrelation Level are Both Negatively High=¢0.9, 0 =-0.9)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 5 5 5 5
BVARL |4 4 4 4 1 1 2 2
BVAR2 |3 3 3 3 3 2 1 1
BVAR3 |2 2 1 1 4 4 3 3
BVAR4 |1 1 2 2 2 3 4 4

Table 4.4.2A: Forecasting Performances of the Moudhen Collinearity Level is Negatively

Moderate and Autocorrelation Level is Negativelghiip=-0.5, 0 =-0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 8.100830| 6.382667| 8.198011| 6.537981| 8.79494 | 6.68417 | 6.815875| 5.338667
BVAR1 5.976094| 4.753908| 6.621240| 5.159995| 6.916285| 5.318915| 7.003007 | 5.318767
BVAR2 5.881961| 4.647494| 6.488655| 5.068239| 6.764135| 5.221654| 6.872411 | 5.252676
BVAR3 5.611888| 4.364041| 6.226585| 4.872252| 6.775845| 5.270809| 6.896375 | 5.308352
BVAR4 5.334558| 4.156554| 6.063102| 4.779179| 6.722140| 5.278376| 7.003573 | 5.433404

Table 4.4.2B: The Ranks of the Forecasting Perfaoas of the Models When Collinearity
Level is Negatively Moderate and Autocorrelatiorvékis Negatively Highg=-0.5, 0 =-0.9)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE [ MAE RMSE [ MAE RMSE | MAE
VAR(2) |5 5 5 5 5 5 1 4
BVARL |4 4 4 4 4 4 4 3
BVAR2 |3 3 3 3 2 1 2 1
BVAR3 |2 2 2 2 3 2 3 2
BVAR4 |1 1 1 1 1 3 5 5

Table 4.4.3A: Forecasting Performances of the NModéen there is no Collinearity and
Autocorrelation Level is Negatively Higp$0, 0=-0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 7.504734| 5.987211| 7.445568| 6.103945| 6.974968| 5.612289| 6.298619 | 4.997538
BVAR1 5.972277| 4.825017| 6.122745| 4.867368| 6.583491| 5.074947| 6.814896 | 5.186448
BVAR2 5.867900| 4.778997| 6.079062| 4.813302| 6.464514| 4.991580| 6.516232 | 4.995370
BVAR3 5.540969| 4.346211| 6.206115| 4.810041| 6.571637| 5.076229| 6.534157 | 5.047365
BVAR4 5.485355| 4.283638| 6.054204| 4.727593| 6.316056| 4.945996| 6.316715| 4.932359

26



http://dx.doi.org/10.20944/preprints201811.0490.v1
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Collinearity and Autocorrelation Level is Negatiyeligh (0=0, 0 =-0.9)

Models T=1€ T=32 T=64 T=12¢
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 5 5 1 3
BVARL |4 4 3 4 4 3 5 5
BVAR2 |3 3 2 3 2 2 3 2
BVAR3 |2 2 4 2 3 4 4 4
BVAR4 |1 1 1 1 1 1 2 1

Table 4.4.4A: Forecasting Performances of the Mouhen Collinearity Level is Positively
Moderate and Autocorrelation Level is Negativelghli{p=0.5, 0 =-0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 5.927873| 4.764599| 5.555407| 4.627063| 4.890401| 4.110861| 4.600393 | 3.774445
BVAR1 4.842301| 3.942161| 4.662158| 3.870044| 5.019181| 4.038933| 5.324202 | 4.239560
BVAR2 4.717447| 3.874284| 4.617477| 3.799634| 4.931172| 3.966480| 5.015297 | 4.009002
BVAR3 4.482383| 3.676051| 4.971612| 3.997309| 5.271215| 4.220621| 5.043037 | 4.040302
BVAR4 4.469117| 3.627936| 4.897134| 3.942800| 4.999057| 4.035418| 4.741015]| 3.823029

Table 4.4.4B: The Ranks of the Forecasting Perfooas of the Models When Collinearity
Level is Positively Moderate and Autocorrelatiorvekis Negatively Highg=0.5, 0 =-0.9)

Models T=1€ T=32 T=64 T=12¢
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 1 4 1 1
BVARL |4 4 2 2 4 3 5 5
BVAR2 |3 3 1 1 2 1 3 3
BVAR3 |2 2 4 4 5 5 4 4
BVAR4 |1 1 3 3 3 2 2 2

Table 4.4.5A: Forecasting Performances of the Moudhen Collinearity Level is Positively

High and Autocorrelation Level is Negatively High=0.9, 0 =-0.9)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 4.381009| 3.092607| 3.964717| 2.888868| 3.605753| 2.652726| 3.213589 | 2.362995
BVAR1 3.650309| 2.759244| 3.440498| 2.689179| 3.34653 | 2.68204 | 3.482330| 2.867358
BVAR2 3.602725| 2.748696| 3.366038| 2.645218| 3.269361| 2.614200| 3.307912 | 2.660185
BVAR3 3.561086| 2.842177| 3.508253| 2.880422| 3.586917| 2.992901| 3.416127 | 2.783864
BVAR4 3.514371 | 2.81576: | 3.42451( | 2.80473. | 3.424¢93 | 2.80351! | 3.23574€ | 2.54864!

Table 4.4.5B: The Ranks of the Forecasting Perfaoas of the Models When Collinearity

Level is Positively High and Autocorrelation LeveINegatively High §=0.9, 0 =-0.9)

Models T=1€ T=32 T=64 T=12¢
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 5 2 1 1
BVARL |4 2 3 2 2 3 5 5
BVAR2 |3 1 1 1 1 1 3 3
BVAR3 |2 4 4 4 4 5 4 4
BVAR4 |1 3 2 3 3 4 2 2
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High and Autocorrelation Level is Moderately Negat{p=-0.9, 0 =-0.5)

Models T=1€ T=32 T=64 T=12¢
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 3.227116| 2.285627| 2.563598| 1.863814| 2.281398| 1.705916| 2.103064 | 1.603793
BVAR1 3.251882| 2.387521| 2.722524| 2.020156| 2.503688| 1.905694| 2.359880 | 1.812416
BVAR2 3.192850( 2.335437| 2.728638| 2.032551| 2.506922| 1.913293| 2.329239 | 1.790399
BVAR3 3.022493| 2.175500| 2.570599| 1.890714| 2.366862| 1.790065| 2.237099 | 1.718019
BVAR4 2.97961 | 2.1398( | 2.55885: | 1.88371! | 2.3%6665 | 1.76477' | 2.176081 | 1.66835!

Table 4.4.6B: The Ranks of the Forecasting Perfooas of the Models When Collinearity
Level is Negatively High and Autocorrelation Lev@Moderately NegativepE-0.9, 0 =-0.5)

Models T=1€ T=32 T=64 T=12¢
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |4 3 2 1 1 1 1 1
BVARL |5 5 4 4 4 4 5 5
BVAR2 |3 4 5 5 5 5 4 4
BVAR3 |2 2 3 3 3 3 3 3
BVAR4 |1 1 1 2 2 2 2 2

Table 4.4.7A: Forecasting Performances of the Moudhen Collinearity and Autocorrelation

Levels are Moderately Negative=-0.5,  =-0.5)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 3.186437| 2.338644| 2.670339| 2.000757| 2.413288| 1.831312| 2.289066 | 1.750013
BVAR1 3.485585| 2.678563| 3.583195| 2.804440| 3.638620| 2.823161| 3.477805| 2.654248
BVAR2 3.468458| 2.663741| 3.500944| 2.726948| 3.422152| 2.634790| 3.159704 | 2.402823
BVAR3 3.359498| 2.535572| 3.195253| 2.410936| 3.161949| 2.394768| 2.960862 | 2.249552
BVAR4 3.26564 | 2.45571( | 3.03210 | 2.28169: | 2.89216! | 2.18865! | 2.642017 | 2.00812!

Table 4.4.7B: The Ranks of the Forecasting Perfooas of the Models When Collinearity and

Autocorrelation Levels are Moderately Negatiye=-0.5, 0 =-0.5)

Models T=1€ T=32 T=64 T=12¢
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |1 1 1 1 1 1 1 1
BVARL |5 5 5 5 5 5 5 5
BVAR2 |4 4 4 4 4 4 4 4
BVAR3 |3 3 3 3 3 3 3 3
BVAR4 |2 2 2 2 2 2 2 2

Table 4.4.8A: Forecasting Performances of the Moudhen there is no Collinearity and
Autocorrelation Level is Moderately Negatiye=Q, O =-0.5)

Models T=1€ T=32 T=64 T=12¢
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 3.007040| 2.221991| 2.440302| 1.860237| 2.207988| 1.704083| 2.102362 | 1.633080
BVAR1 3.157803| 2.439420| 2.974056| 2.326373| 3.413265| 2.639115| 3.769779 | 2.910265
BVAR2 3.133128| 2.427589| 3.011855| 2.347941| 3.319605| 2.568233| 3.374065 | 2.602932
BVAR3 3.206870| 2.496467| 3.263068| 2.507741| 3.456244| 2.659124| 3.195421 | 2.464959
BVAR4 3.197577| 2.475506| 3.123252| 2.398641| 3.073593| 2.365058| 2.705684 | 2.083429
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Collinearity and Autocorrelation Level is Moderaté&legative =0, 0 =-0.5)
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Table 4.4.9A: Forecasting Performances of the Moudhen Collinearity Level is Moderately

Positive and Autocorrelation Level is Moderatelygstive =0.5, 0 =-0.5)

Models T=1€ T=32 T=64 T=12¢
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.573995| 1.813677| 2.085209| 1.545470| 1.847272| 1.408463| 1.726352 | 1.340355
BVAR1 2.772020| 2.104574| 2.517242| 1.977621| 2.707049| 2.151427| 3.254606 | 2.594720
BVAR2 2.779060| 2.118842| 2.516902| 1.973766| 2.663880| 2.112557| 2.883995 | 2.306196
BVAR3 2.968586| 2.336364| 2.869157| 2.273281| 3.160494| 2.522019| 2.949263 | 2.372799
BVAR4 2.959123| 2.322376| 2.814172| 2.220461| 2.836714| 2.261949| 2.454857 | 1.963186

Table 4.4.9B: The Ranks of the Forecasting Perfooas of the Models When Collinearity
Level is Moderately Positive and Autocorrelationvekis Moderately Negativep£0.5, 0 =-0.5)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |1 1 1 1 1 1 1 1
BVARL |2 2 3 3 3 3 5 5
BVAR2 |3 3 2 2 2 2 3 3
BVAR3 |5 5 5 5 5 5 4 4
BVAR4 |4 4 4 4 4 4 2 2

Table 4.4.10A: Forecasting Performances of the Ndodéhen Collinearity Level is Positively

High and Autocorrelation Level is Moderately Negat{p=0.9, 0 =-0.5)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.559780| 1.727335| 2.012491| 1.383421| 1.711038| 1.222730| 1.543990 | 1.144295
BVAR1 2.721203| 1.990153| 2.339122| 1.774841| 2.166275| 1.705113| 2.113753 | 1.715328
BVAR2 2.720082| 2.004933| 2.338498| 1.772459| 2.070933| 1.609277| 1.934417 | 1.544395
BVAR3 3.005183| 2.346110| 2.583322| 2.046062| 2.333670| 1.881534| 2.143704 | 1.754824
BVAR4 2.981422| 2.315140| 2.476334| 1.928191| 2.173781| 1.724344| 1.895822 | 1.514295

Table 4.4.10B: The Ranks of the Forecasting Pedagas of the Models When Collinearity
Level is Positively High and Autocorrelation LeveModerately Negativep€0.9, 0 =-0.5)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR2) |1 1 1 1 1 1 1 1
BVARL |3 2 2 2 2 2 4 4
BVAR2 |2 3 3 3 3 3 3 3
BVAR3 |5 5 5 5 5 5 5 5
BVAR4 |4 4 4 4 4 4 2 2
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Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.810261| 1.870552| 2.241238| 1.522326| 1.903636| 1.352595| 1.707598 | 1.268029
BVAR1 2.958389| 2.076299| 2.425655| 1.736836| 2.171039| 1.628122| 1.978888 | 1.517126
BVAR2 2.937528| 2.056719| 2.446375| 1.760464| 2.181234| 1.641139| 1.956821 | 1.498688
BVAR3 2.815961| 1.931470| 2.292179| 1.607516| 1.989537| 1.453620| 1.833567 | 1.387030
BVAR4 2.79169! | 1.91659. | 2.28838! | 1.60618! | 1.97030! | 1.43448! | 1.77785C | 1.33792!

Table 4.4.11B: The Ranks of the Forecasting Pedogas of the Models When Collinearity

Level is Negatively High and there is no Autocoati&n p=-0.9, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |2 1 1 1 1 1 1 1
BVARL |5 5 4 4 4 4 5 5
BVAR2 |4 4 5 5 5 5 4 4
BVAR3 |3 3 3 3 3 3 3 3
BVAR4 |1 2 2 2 2 2 2 2

Table 4.4.12A: Forecasting Performances of the Nsodénen there is no Collinearity and
Autocorrelation Level is Negatively High$-0.5, 0 =0)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.651337| 1.810929| 2.146668| 1.498092| 1.855990| 1.349015| 1.68512 | 1.26976
BVAR1 3.006642| 2.261810| 2.866667| 2.257880| 2.930890| 2.355413| 2.85333 | 2.26149
BVAR2 3.019579| 2.279781| 2.833422| 2.221826| 2.764029| 2.199312| 2.562919 | 2.019685
BVAR3 2.936029| 2.186087| 2.558487| 1.922069| 2.442497| 1.875074| 2.363709 | 1.844795
BVAR4 2.88656( | 2.12284. | 2.44995: | 1.81616: | 2.24595( | 1.70572¢ | 2.06416¢€ | 1.59159.

Table 4.4.12B: The Ranks of the Forecasting Pedones of the Models When there is no
Collinearity and Autocorrelation Level is Negatiyeligh (p=-0.5, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |1 1 1 1 1 1 1 1
BVARL |4 4 5 5 5 5 5 5
BVAR2 |5 5 4 4 4 4 4 4
BVAR3 |3 3 3 3 3 3 3 3
BVAR4 |2 2 2 2 2 2 2 2

Table 4.4.13A: Forecasting Performances of the Néodénen there is no Collinearity and no

Autocorrelation =0, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.344770| 1.638407| 1.917351| 1.374440| 1.673239| 1.239839| 1.541305| 1.176729
BVAR1 2.677615| 2.010745| 2.384609| 1.847174| 2.530355| 2.004282| 3.021640 | 2.400026
BVAR2 2.679393| 2.021761| 2.377609| 1.839310| 2.467425| 1.950234| 2.692555 | 2.146882
BVAR3 2.803355| 2.168897| 2.513786| 1.947812| 2.616761| 2.063556| 2.579276 | 2.057974
BVAR4 2.778653| 2.133669| 2.405177| 1.850408| 2.349940| 1.844867| 2.139297 | 1.695811
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Table 4.4.13B: The Ranks of the Forecasting Pedones of the Models When there is no

Collinearity and no Autocorrelatiop£0, 0 =0)
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Table 4.4.14A: Forecasting Performances of the Néodéen Collinearity Level is Moderately

Positive and no Autocorrelatiop£0.5, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.188990| 1.475505| 1.784994| 1.239200| 1.548859| 1.122421| 1.415386 | 1.064529
BVAR1 2.492755| 1.825318| 2.221324| 1.709002| 2.184031| 1.747830| 2.613884 | 2.105809
BVAR2 2.521052| 1.858575| 2.240396| 1.729083| 2.126666| 1.689662| 2.336204 | 1.885415
BVAR3 2.802202| 2.190714| 2.446001| 1.937460| 2.466676| 1.975722| 2.493790 | 2.026623
BVAR4 2.750670| 2.137661| 2.346687| 1.832417| 2.252117| 1.794141| 2.068904 | 1.671832

Table 4.4.14B: The Ranks of the Forecasting Pedoges of the Models When Collinearity

Level is Moderately Positive and no Autocorrelat{pr0.5, 0 =0)
Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |1 1 1 1 1 1 1 1
BVARL |2 2 2 2 3 3 5 5
BVAR2 |3 3 3 3 2 2 3 3
BVAR3 |5 5 5 5 5 5 4 4
BVAR4 | 4 4 4 4 4 4 2 2

Table 4.4.15A: Forecasting Performances of the Nsodéen Collinearity is Positively High

and no Autocorrelatiorp€0.9, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.425035| 1.621430| 1.930421| 1.310078| 1.634905| 1.161077| 1.467717 | 1.087179
BVAR1 2.626130| 1.920382| 2.295611| 1.749810| 2.152553| 1.707008| 1.970463 | 1.578424
BVAR2 2.658748| 1.955042| 2.309436| 1.763849| 2.053414| 1.601166| 1.782803 | 1.392485
BVAR3 2.989021| 2.354437| 2.590730| 2.065975| 2.163866| 1.709681| 1.955081 | 1.557257
BVAR4 2.966845| 2.322799| 2.438479| 1.891581| 2.006466| 1.542687| 1.752279| 1.362837

Table 4.4.15B: The Ranks of the Forecasting Pedoges of the Models When Collinearity is

Positively High and no Autocorrelatiop<0.9, 0 =0)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR2) |1 1 1 1 1 1 1 1
BVARL |2 2 2 2 4 4 5 5
BVAR2 |3 3 3 3 3 3 3 3
BVAR3 |5 5 5 5 5 5 4 4
BVAR4 |4 4 4 4 2 2 2 2
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Table 4.4.16A: Forecasting Performances of the Néodénen Collinearity Level is Negatively

High and Autocorrelation Level is Moderately Poaitip=-0.9, 0 =0.5)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 3.374923| 2.337615| 2.396187| 1.683672| 2.079276| 1.522329| 1.914706 | 1.453217
BVAR1 3.121166| 2.259665| 2.631742| 1.947571| 2.331246| 1.773331| 2.140211| 1.658315
BVAR2 3.104320| 2.245441| 2.619808| 1.937851| 2.339650| 1.780904| 2.121874| 1.641861
BVAR3 2.968821| 2.104887| 2.442508| 1.764910| 2.135439| 1.588845| 1.988759 | 1.522911
BVAR4 2.92364( | 2.06209! | 2.42540i | 1.74677' | 2.11999. | 1.57584. | 1.959751 | 1.49717:

Table 4.4.16B: The Ranks of the Forecasting Pedages of the Models When Collinearity
Level is Negatively High and Autocorrelation Lev@Moderately PositivepE-0.9, 0 =0.5)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 1 1 1 1 1 1
BVARL |4 4 5 5 4 4 5 5
BVAR2 |3 3 4 4 5 5 4 4
BVAR3 |2 2 3 3 3 3 3 3
BVAR4 |1 1 2 2 2 2 2 2

Table 4.4.17A: Forecasting Performances of the Néodéren Collinearity Level is Moderately
Negative and Autocorrelation Level is Moderatelsioe (p=-0.5, d =0.5)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 3.013352| 2.102278| 2.260534| 1.608797| 1.954628| 1.442588| 1.799184 | 1.370399
BVAR1 3.081722| 2.355475| 2.815814| 2.223447| 2.755044| 2.221227| 2.672398 | 2.152464
BVAR2 3.107296| 2.382400| 2.798178| 2.200876| 2.629785| 2.100208| 2.470775| 1.976784
BVAR3 2.998483| 2.255069| 2.526585| 1.909576| 2.345021| 1.817811| 2.29574 | 1.81573
BVAR4 2.969414| 2.219818| 2.458332| 1.841294| 2.225491| 1.707385| 2.084202 | 1.630737

Table 4.4.17B: The Ranks of the Forecasting Pedagas of the Models When Collinearity
Level is Moderately Negative and Autocorrelatiorvélis Moderately Positivep€-0.5, 0 =0.5)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |3 1 1 1 1 1 1 1
BVARL |4 4 5 5 5 5 5 5
BVAR2 |5 5 4 4 4 4 4 4
BVAR3 |2 3 3 3 3 3 3 3
BVAR4 |1 2 2 2 2 2 2 2

Table 4.4.18A: Forecasting Performances of the Néodénen there is no Collinearity and
Autocorrelation Level is Moderately Positiie=0, 0 =0.5)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.791087| 1.956314| 1.989689| 1.424346| 1.740885| 1.286919| 1.610229 | 1.223142
BVAR1 2.730057| 2.056381| 2.457936| 1.910732| 2.341344| 1.872757| 2.649390 | 2.158154
BVAR2 2.751472| 2.084113| 2.439559| 1.893686| 2.298794| 1.833667| 2.418208 | 1.969367
BVAR3 2.889751| 2.258103| 2.428847| 1.894588| 2.346321| 1.875087| 2.408544 | 1.965329
BVAR4 2.840406] 2.199345| 2.364466| 1.829468| 2.195973| 1.741562| 2.085319 | 1.683261
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Table 4.4.19A: Forecasting Performances of the Nsodéren Collinearity Level and
Autocorrelation Level are both Moderately Positfpe0.5, 0 =0.5)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.762081| 1.812235| 1.876920| 1.315766| 1.658343| 1.205995| 1.542098 | 1.156427
BVAR1 2.586254| 1.909118| 2.370776| 1.829494| 2.237424| 1.791849| 2.364768 | 1.940662
BVAR2 2.597970| 1.925674| 2.364283| 1.829606| 2.153648| 1.711374| 2.164738 | 1.764037
BVAR3 2.894364| 2.270802| 2.482754| 1.969327| 2.291223| 1.845389| 2.331317 | 1.917109
BVAR4 2.845806| 2.220089| 2.374140| 1.858348| 2.142738| 1.709006| 2.032249 | 1.651488

Table 4.4.19B: the Ranks of the Forecasting Peidaes of the Models When Collinearity

Level and Autocorrelation Level are both Moderatetsitive p=0.5, 0 =0.5)
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Table 4.4.20A: Forecasting Performances of the Ndodénhen Collinearity Level is Positively

High and Autocorrelation Level is Moderately Paagitip=0.9, 0 =0.5)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 2.753553| 1.938964| 2.096245| 1.487977| 1.835775| 1.354717| 1.698688 | 1.292575
BVAR1 2.818179| 2.127790| 2.514552| 1.967212| 2.374168| 1.899967| 2.159888 | 1.725988
BVAR2 2.839162| 2.149268| 2.530708| 1.983135| 2.287909| 1.811653| 1.986536 | 1.558372
BVAR3 3.124115| 2.495701| 2.771375| 2.224538| 2.317327| 1.830580| 2.051172 | 1.623032
BVAR4 3.088676| 2.451829| 2.626082| 2.063727| 2.157890| 1.672021| 1.903091 | 1.482621

Table 4.4.20B: The Ranks of the Forecasting Pedagas of the Models When Collinearity

Level is Positively High and Autocorrelation LevelModerately PositivepE0.9, 0 =0.5)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR2) |1 1 1 1 1 1 1 1
BVARL |2 2 2 2 5 5 5 5
BVAR2 |3 3 3 3 3 3 3 3
BVAR3 |5 5 5 5 4 4 4 4
BVAR4 |4 4 4 4 2 2 2 2
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Table 4.4.21A: Forecasting Performances of the Ndodéen Collinearity is Negatively High
and Autocorrelation Level is Positively High=-0.9, 0=0.9)

Models T=1€ T=32 T=64 T=12¢

RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 8.306263| 5.988947| 6.200578| 4.972507| 4.576537| 3.718595| 3.868016 | 3.130986
BVAR1 3.937305| 3.080188| 4.078063| 3.325472| 4.002384| 3.266302| 3.832248 | 3.091260
BVAR2 3.900312| 3.047574| 4.130201| 3.378220| 3.985669| 3.252235| 3.779801 | 3.047658
BVAR3 3.707905| 2.889628| 3.767084| 3.039217| 3.697455| 2.993560| 3.651691 | 2.939691
BVAR4 3.65223i | 2.83195. | 3.70706 | 2.98686 | 3.66132( | 2.95820: | 3.65319< | 2.94266!

Table 4.4.21B: The Ranks of the Forecasting Pedages of the Models When Collinearity is
Negatively High and Autocorrelation Level is Posilly High (p=-0.9, 0 =0.9)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 5 5 5 5
BVARL |4 4 3 3 4 4 4 4
BVAR2 |3 3 4 4 3 3 3 3
BVAR3 |2 2 2 2 2 2 1 1
BVAR4 |1 1 1 1 1 1 2 2

Table 4.4.22A: Forecasting Performances of the Nsodéen Collinearity is Negatively High
and Autocorrelation Level is Positively High=-0.5, 0=0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 20.29930| 10.87413| 6.135025| 4.757601| 4.143230| 3.400117| 3.692409 | 2.997272
BVAR1 4.02152 | 3.28059 | 4.320901| 3.617995| 4.146004| 3.426239| 3.903037 | 3.163169
BVAR2 4.101043| 3.372483| 4.258357| 3.560977| 4.092670| 3.366879| 3.809632 | 3.082226
BVAR3 3.903479| 3.165196| 3.903368| 3.201094| 3.712917| 3.019923| 3.683275| 2.971987
BVAR4 3.940668| 3.197306| 3.885306| 3.184960| 3.687597| 2.995969| 3.606741| 2.906534

Table 4.4.22B: The Ranks of the Forecasting Pedoges of the Models When Collinearity is
Negatively High and Autocorrelation Level is Posally High (p=-0.5, 0 =0.9)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE [ MAE RMSE [ MAE RMSE | MAE
VAR(2) |5 5 5 5 4 4 3 3
BVARL |3 3 4 4 5 5 5 5
BVAR2 |4 4 3 3 3 3 4 4
BVAR3 |1 1 2 2 2 2 2 2
BVAR4 |2 2 1 1 1 1 1 1

Table 4.4.23A: Forecasting Performances of the Néodénen there is no Collinearity and
Autocorrelation Level is Positively Higlp£0, 0 =0.9)

Models T=1€ T=32 T=64 T=12¢
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 8.718694| 5.851679| 4.230335| 3.377245| 3.634836| 2.937150| 3.132124 | 2.489487
BVAR1 3.436235| 2.706794| 3.786966| 3.093966| 3.728771| 3.041334| 3.648147 | 2.985697
BVAR2 3.457122| 2.738680| 3.825930| 3.136406| 3.670100| 2.991233| 3.514133 | 2.860387
BVAR3 3.661643| 2.978269| 3.591549| 2.934877| 3.509846| 2.874454| 3.440404 | 2.806342
BVAR4 3.612412| 2.924787| 3.552080| 2.899849| 3.436636| 2.798112| 3.312199 | 2.673910
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Table 4.4.24A: Forecasting Performances of the Néodéen Collinearity Level is Moderately

Positive and Autocorrelation Level is PositivelygHi(=0.5, 0 =0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 7.433493| 4.606420| 4.590721| 3.160868| 3.266251| 2.447679| 2.925569 | 2.192590
BVAR1 3.097231| 2.317964| 3.376256| 2.633639| 3.508446| 2.794852| 3.394808 | 2.746606
BVAR2 3.090931| 2.327272| 3.402641| 2.670715| 3.432424| 2.727584| 3.265941 | 2.625844
BVAR3 3.421847| 2.713872| 3.446622| 2.775054| 3.324378| 2.702556| 3.279598 | 2.681439
BVAR4 3.360200| 2.667966| 3.356426| 2.692365| 3.239246| 2.618320| 3.088869 | 2.485486

Table 4.4.24B: The Ranks of the Forecasting Pedogas of the Models When Collinearity

Level is Moderately Positive and Autocorrelationvekis Positively High ¢=0.5, 0 =0.9)

Models T=16 T=32 T=64 T=128
RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE
VAR(2) |5 5 5 5 2 1 1 1
BVARL |2 1 2 1 5 5 5 5
BVAR2 |1 2 3 2 4 4 3 3
BVAR3 | 4 4 4 4 3 3 4 4
BVAR4 |3 3 1 3 1 2 2 2

Table 4.4.25A: Forecasting Performances of the Néodéen Collinearity and Autocorrelation

Levels are both Positively Higlp£0.9, 4 =0.9)

Models T=16 T=32 T=64 T=128
RMSE MAE RMSE MAE RMSE MAE RMSE MAE
VAR(2) 5.759859| 4.317871| 4.696451| 3.683749| 3.515392| 2.836161| 3.239791 | 2.593844
BVAR1 3.372978| 2.657080| 3.624672| 2.968372| 3.701484| 3.048268| 3.534088 | 2.856650
BVAR2 3.386564| 2.685005| 3.632651| 2.985599| 3.662403| 3.002990| 3.426542 | 2.758776
BVAR3 3.576394| 2.909995| 3.637728| 2.991840| 3.496724| 2.845595| 3.341480 | 2.691598
BVAR4 3.523347| 2.858413| 3.518071| 2.875903| 3.398987| 2.754595| 3.237816 | 2.596791

Table 4.4.25B: The Ranks of the Forecasting Pedages of the Models When Collinearity and

Autocorrelation Levels are both Positively Higi¥0.9, 0 =0.9)
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