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Abstract

Article History

Multivariate Autoregressive models are widely used models in the study of economic variables.
However, the understanding of the mean and variance parameters of a Multivariate Autoregressive
Model enhances the accuracy and reliability of statistical inferences, forecasting precision, and model
stability. It provides deeper insights into the model’s dynamic behavior, allowing for better decision-
making in economic, financial, and epidemiological applications. Additionally, it aids in selecting the
most appropriate model for specific data structures, ensuring robust and consistent predictions. Using
the Nigerian macro-economic variables, the paper advances the theoretical and practical understanding
of Multivariate Autoregressive Distributed Lag (MARDL) models by systematically analyzing their
properties in comparison to Vector Autoregressive (VAR) models. This paper evaluates the mean and
variance properties of both models to assess their relative performance. Findings indicate no
significant difference in their mean properties; however, a variance analysis reveals that the MARDL
model exhibits smaller variances compared to the VAR model. This suggests that the MARDL model
offers greater stability, control, and consistency, making it a more reliable tool for prediction and
forecasting. The results contribute to the ongoing refinement of multivariate time series modeling and
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its application in empirical research.
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Introduction

Vector Autoregressive (VAR) models are an extension of
univariate time series models, incorporating multiple response
variables as functions of their own lagged terms and the
lagged terms of the other variables. These models operate on
both a feed-forward and feedback mechanism, where each
response variable in a VAR models is a linear combination of
its own lags, the lags of other predictors and an error term,
resembling a multivariate form of linear regression. This
structure allows VAR models to capture the interdependence
and dynamic interactions among variables. This makes them
particularly suitable for forecasting economic and financial
time series data, gaining significant prominence following the
seminal work of Sims (1980)

Research on the properties of Vector Autoregressive (VAR)
models has been extensive, particularly in improving mean
and variance estimation for the analysis of economic and
financial data. A central objective across studies has been to
enhance the accuracy of variance estimations, aiming to better
capture the dynamics of high-dimensional and structurally
complex multivariate systems.

Sims (1982) critically examined the limitations of variance
decomposition in policy-oriented VAR models, emphasizing
challenges in interpreting results, especially in the presence of
unit roots and unstable variances. Similarly, Bollerslev,
Engle, and Wooldridge (1988) explored time-varying
variances in larger systems but highlighted issues of over-
parameterization in high-dimensional applications. These
authors further stressed the implications of time-varying
variance for financial models, advocating for parsimonious
approaches in multi-volatility regime systems. Sims and
Uhlig (1991) extended this discourse by emphasizing the
difficulties posed by nonstationary boundaries, which
complicate accurate variance estimation. Building on these
findings, Balke and Fomby (1997) introduced threshold VAR
models to account for nonlinear regime changes. However,
they noted persistent challenges in selecting appropriate
thresholds.

In a related critique, Canova and De Nicolo (2002)
highlighted the limitations of traditional VAR models in
addressing variance spillovers during international business
cycles, thereby exposing a gap in accounting for global
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economic interdependencies. Similarly, Blanchard and Perotti
(2002) focused on the impact of fiscal policy, noting
asymmetries in policy-induced variance. They observed
significant challenges in representing lagged variance effects,
underscoring the limitations of conventional models in
capturing asymmetrical variance patterns for fiscal policy
analysis.

Expanding on this discourse, Hamilton and Herrera (2004)
examined oil price shocks within VAR frameworks. They
emphasized the asymmetric responses of variance to positive
and negative shocks, advocating for nonlinear specifications
to better capture variance dynamics in volatile markets.
Enders (2004) further addressed the issue of nonstationary
variances, highlighting the forecasting challenges posed by
structural breaks in both mean and variance. Hamilton and
Herrera (2004) reiterated the gaps in conventional VAR
models, particularly in handling nonlinear responses to
variance dynamics caused by oil price shocks.

Uhlig (2005) applied structural vector autoregressions
(SVARs) to monetary policy analysis, highlighting that
variance decompositions can become unstable under certain
identification constraints. Building on this, Primiceri (2005)
extended vector autoregressive (VAR) models by
incorporating time-varying variances and covariances, which
enhanced their applicability in policy analysis. However, this
advancement introduced interpretive challenges due to the
added complexity.

Similarly, Tsay (2005) examined high-frequency time series
with volatility shifts, underscoring the need for adaptive
variance methods in VAR models to accurately represent
dynamic variance patterns. In the same vein, Primiceri (2005)
emphasized the empirical limitations of VAR models when
analyzing  high-dimensional  datasets, despite their
advancements in addressing time-varying structures.

Further extending the field, Lanne and Saikkonen (2007)
proposed methods for handling conditional
heteroskedasticity, identifying significant limitations of VAR
models in managing abrupt structural changes. Meanwhile,
Francis and Ramey (2009) tackled the challenges posed by
low-frequency data, demonstrating how it could distort
variance implications in fast-moving market contexts.

Expanding the scope, Forni, Giannone, Lippi, and Reichlin
(2009) applied structural factor models to large cross-
sectional datasets. However, they found that variance
decomposition became increasingly difficult when latent
factors remained unobservable. Similarly, Canova and
Ciccarelli  (2009) extended VARs to multi-country
applications, revealing cross-sectional variance dependencies
while grappling with country-specific heterogeneity.

Carriero, Clark, and Marcellino (2015) conducted a detailed
investigation into Bayesian VAR specification choices,
emphasizing that improper priors can significantly distort
mean and variance outcomes, particularly in smaller samples.
Building on this, Giannone, Lenza, and Primiceri (2015)
introduced the integration of DSGE priors within Bayesian
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VARs to enhance variance estimation for macroeconomic
forecasting. Similarly, Barigozzi, Lippi, and Luciani (2016)
delved into network-based mean and variance structures in
high-dimensional VAR models; however, their approach
requires further refinement to ensure greater accuracy in
variance decomposition for interconnected systems.

In the context of structural VARs (SVARs), Kilian and
Litkepohl (2017) highlighted persistent identification
challenges, especially in cases of conditional
heteroskedasticity. Their findings underscored the importance
of developing adaptive identification techniques to improve
the robustness of variance analysis. Along these lines, Arias,
Rubio-Ramirez, and Waggoner (2018) explored the use of
sign and zero restrictions to enhance the robustness of SVAR
variance decomposition. Nonetheless, they noted that
restrictive assumptions often limit the reliability of inference.

Stock and Watson (2018) further contributed to the discussion
by examining the use of external instruments within VARs to
improve causal identification of variance effects. Despite their
potential, these instruments face challenges related to
reliability, particularly in macroeconomic contexts. Also,
Nakamura and Steinsson (2018) proposed adjustments to
conventional VAR assumptions to better account for high-
frequency data, identifying notable gaps in capturing unique
variance dynamics at shorter time scales. In all of these, the
model estimations of the Vector Autoregressive Model were
lacking in the parameter estimates which this research seeks
to address.

The Multivariate Autoregressive Distributed Lag (MARDL)
model is a powerful tool for analyzing dynamic
interrelationships among time series variables, capturing both
short-term dynamics and long-term equilibrium relationships.
It has become a cornerstone in various fields, including
economics, environmental science, and social studies. This
literature review synthesizes key studies that have applied
MARDL, focusing on its strengths and limitations in
estimating mean and variance relationships.

Multivariate Autoregressive Distributed Lag (MARDL)
models are designed for multiple response variables,
incorporating both lagged and non-lagged terms of predictor
variables, while relying solely on the lagged terms of the
response variables. In multivariate time series analysis, each
variable is expressed as a linear combination of its lagged
terms and those of other variables. Usoro (2019) developed
MARDL models as a synthesis of Multivariate Linear
Regression (MLR) and Vector Autoregressive (VAR) models.
Multivariate Linear Regression (MLR) models describe a
linear relationship between the current values of the response
and predictor variables, whereas VAR models are commonly
used in multivariate time series analysis and are characterized
by autoregressive processes, it represents an extension of
univariate time series models, where the response variable is
a function of its own lagged terms.

A key distinction between MARDL and VAR models is that
MARDL incorporates the present values of the predictor
variables, while VAR models limit the independent variables
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to lagged terms. This distinction highlights the inherent causal
relationship between the current values of predictor variables
and the response variables.

Usoro (2020) employed cross-autocorrelation and cross-
autocorrelation matrices to investigate the stability of
multivariate time series. The analysis demonstrated that, in
instances of instability, the overall stability of the process is
influenced by partial stationarity. Building on this, Usoro and
Udoh (2021) utilized the Multivariate Autoregressive

Vector Autoregressive (VAR) Model
Definition

Let Zt = (Zlf'ZZf’ ey
(Zse-ior Zaeior r Z
constants and w, = (W, Wy, ...,
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Distributed Lag (MARDL) model to examine Nigeria’s Gross
Domestic Product alongside other macroeconomic indicators.
Their findings highlighted a complementary relationship
between the MARDL and Vector Autoregressive (VAR)
models, underscoring the relevance of both methodologies in
capturing economic dynamics. Despite its potential, the
MARDL model remains underutilized, necessitating further
research to establish its theoretical properties and practical
effectiveness, which forms the core objective of this study.

Zm)' be the vector of response time variables, @ = (ok_ij) is the vector of coefficients, Z,_, =
nt—r) be defined as the vector of the predictive lag time variables, § = (§;, 85, ..,
wp,:)' is the vector of error terms associated with the response time variables. The Vector

&))" is the vector of

Autoregressive Model is presented in the form, Z, = § + @Z,_, + w;, expressed in a matrix form as (Zy;, Zy¢, ..., Zipt)' =
(81,85, 016 + (Biei) Zacior Zat—ior wer Zng—id) + (Wet, Wags woes Wine)' (3.1)
Expansion of Equation (3.1) gives
th 81 ®1.11 ®1.12 ml.ln th—l ®2.11 ®2.12 Q)Z.ln th—Z
Z:Zt — 6'2 + ®1‘.21 ®1:22 ®1:2n ZZf—l + QZ..Zl ®2..22 (Z)Z:Zn ZZ:t—Z +..
th 6‘m Q)l.ml ml.mz ml.mn th—l Q)Z.ml ®2.m2 (Z)Z.mn th 2
(Dp 11 ®p.12 Qp.ln th—p Wit
+| Dp21 ®p‘.22 Qp:Zn | ZZL:'—p n Wae 3.2)
K(Dp mi Qp.mz ®p.mn/ th—p Wint
More simplified form of Equation (3.2) by Gujarati and Porter (2009) is
P n
Ziy=06; + Z Z PrijZjt—k + Wi, i =1,..,m,Wherei=1,2,...,m;j =12,..,nk
k=1 j=1
=1,2,..,p (3.3)
Model Expansion: Given Equation (3.2)
Case 1:
ifi=1j=1,..mk=1,..,p

th = 51 + ®1.1121t—1 + ®1.1222t—1 +-t Q)l.annt—l + ¢2.11Z1t—2 + ®2.1222t—2 +-t ®2.1nznt—2 +t ®p.11Z1t—p

+ (Z)p.IZZZt—p + ot wp.lnznt—p + &1t

Case 2:

ifi=mj=nk=1,..,p

(3.4)

Zmt = 6+ Orm1Zie-1 + PimaZoe-1 + PimzZae—1 + -+ DrmnZne—1 + O1maZie-1 + PomaZie—2 + OomzZap—z + -
+ Q)Z.mnznt—z + -t Qp.mlzlt—p + Qp.mZZZt—p + op.mSZSt—p + -t op.ngnt—p

+ Eme

(3.5)

Equations (3.4) and (3.5) are the sets of Vector Autoregressive Models defined below,

Mean of Z;,

From equation (3.3),
p

n
Zy(1— Bkzz Drij) = 6; + Wy

k=1j=1
Lnandj=1,23, ..
P n

)

:]:

wherek =1,2,3,...,p;i=1,2,3,.

Zit

Brij |B*t (6 + wyp)
1

,nrespectively

(3.6)

Where B is the backward shift operator, @, ;; is a set of model parameters, &;, represents error components.
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14
B = &/ 1-)
k=1

NgE

Dr.ij 3.7

J

j=1
P n
If8; = 1,then E(Zy) = 1/ 1— Z Z Bris (3.8)
k=1 j=1
expectation of the error term is zero. Therefore, If §; = 0,then E(Z;;) = 0

Variance of Z;;

Let Z;, in Equation (3.3) be a stationary process that is distributed about the origin such that E(Z;;) = 0,=> 6, =6, = -+ =
5, = 0. Let the Variance of Z;, be defined as E(Z;,Z;,) = E(Z?), Hence, for i = 1,2, ...n we have

Casel:fori=1

E@Z}) = E{[®1.11Z1t—1 + B112Z2¢-1 t + BranZne—1 + D211Z10—2 + B212Z20—2 + -+ OpqnZpe—p + -+ Op11Z1¢—p +
Q)p.12ZZt—p + -+ Q)p.mZnt—p + €1t] * [®1.1121t—1 + ®1.1222t—1 + -+ ®1.1nZnt—1 + ®2.1121t—2 + Q)z.lzZZt—z +--t
Q)Z.lnznt—z + -t Q)p.nZit—p + Q)p.uZZt—p +-+ Q)p.annt—p + glt]}

(3.9)
Where the cross product with €1t =0
p n v
$1eat => 0fr = 0fy Z Beaq + Z Z Bie1j0%5e + Zzzzwk 1j Preas Viest
=1j=2(j#1) k=1 j=1s=
+ 0'3115 (3.10)
14 14 P n v
oty (1_ ZwiJl) = Z z Bie 1005 + ZZZZQ)“’ Bras Viese + 0o (3.11)
k=1 j=2(j#1) =1j=1s=
P n v p
of = Z Z ®k11511t ZZZ Braj Preas Viese + Ue1t /(1 Z(Di.n) (3.12)
=1 j=2(j#1) k=1 j=1s=1 k=1

Where (s * 1)

Case 2: for i = m, it follows that

fmt,mt =>
v

14 P n
O-‘I’%lt = 0-1?’1.1' Z wi.mj + Z wi.mjo-r%ljt +2 z z Q)k.mj@k.ms Vmt,st + O-ezmt (3'13)
k=1

P n
k=1 j=1 k=1j=1s=

[y

p

1
4 P n v
O-‘I’%lt(l_ Zmim]) = z Q)Iz(.mjo-r%ut +zzzz®km] Q)kmsymtst+ Uemt (3 14’)
k=1 k

k=1 j=1 =1 j=1s=1
P n 14
Z Z mi.m] mjt +2 z z Z Q)km] Q)k ms ymt st» + Uemt /( Z jSmn)
k=1 j=1 =1j=1s= k=1
Where (s # m) (3.15)

Multivariate Autoregressive Distributed Lag (MARDL)
Model Definition
Let Z, = (Zy,Z3¢) oy Ziye)' be the vector of response time variables, @ = ((Dk,l-j) is the vector of coefficients, Z;, =
(Z16)Z) ey Zie)' IS the vector predictor time variables with their respective coefficients (@) , Z,_ =
(Zit—i» Zat—k» - Zne—)" be defined as the vector of the predictive lag time variables, § = (84, 8,, ..., 8,,)" is the vector of
constants and &, = (&4, &4, -, Eme)’ 1S the vector of error terms associated with the vector of response time variables. The
Multivariate Autoregressive Distributed Lag Model is presented in the form,
The above definition is presented in the following form,
Z, =8+ (Z)isﬁ + @rijZje-x + & with the expanded form given as,

(th'ZZt' ---:th)l = (51: 52’ ey 6m)1 + (Qis)(Zu:ZZt: ""Znt)l + (wk.ij)(zlt—k!ZZt—k' ---:Znt—k)1+ (5t1' Eatr ey gmt)l

(3.16)
Expansion of Equation (3.16) gives
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Zit 81 0 Bz D1n Zit Pr11 Dz D11n Zit1
Zye — 8, + D21 0 v Don Zye + D121 D12z = Dion Zyt-q
Zomt Om Om1 Do . 0 Zomt Bimi Pimz . Dimn Zmt-1
P11 D21z = Daan Zit—2 Q)P-ll QPJZ Q)P-ln /th—p\ &1t
+ @2:_21 @2:_22 @2:.271 ZZE_Z + o+ Q)p..Zl ®p..22 @p._Zn ZZI:—p + g:zt (317)
Domi Domz o Damn/ Lme—2 Ppmi DPpmz ... Dpmn \th—p/ Emt
More S|mpI|f|ed form of Equatlon (3.17) is,
Zy =6 +Zolszst+22oku ekt Goi=1,.,m, (i #5) (3.18)

Where 0, |s a coefﬁuent matrlx of the non-lag predictor variables,@, ;; are matrices of coefficients of j predictors to i
responses at k lags, &;(;=1,.m) are constants.
Model Expansion: Give Equation (3.18)

n P n
Zit‘ = 61' + Z QiSZSL' + ZZ @k'” th—k + gjt'i = 1, e, m (l * S)
s=1 k=1j=1
Case 1:

ifi=4s=1,..n;j=1,..,.n;k=1,...,p

Zyg = 01+ 01250 + Di3Zaet o ADin Zne + Dr11Z1e-1 + Pra2Z2e-1+ -+ BranYne1 + P211Z10—2 + DomaZar—2
+ et ®2.1nZnt—2 + Qp.llzlt—p + ®p.12®2t—p + ot Qp.lnznt—p
+ e (3.19)

Case 2:
ifi=m;s=1,...n—1(s #m); j =n;k =1,...,p we have,
Zmt = Op+ wmlzlt + ®m222t+ -'-+®m(n—1) Z(n—l)t + ®1.m1Z1t—1 + ®1.m222t—1 +-t Q)l.mnynt—l + @2.m1Z1t—2
+ ®2.m222t—2 + et Q)Z.ngnt—Z +t mp.mlzlt—p + ij.mzwzt—p + -t ij.mnznt—p
+ Eme (3.20)

Equations (3.19) and (3.20) are a set of Multivariate Autoregressive Distributed Lag (MARDL) Models
Mean of Z;;
Let Equation (3.18) be presented as the combination of the two components,
n P n
Z Qi Zs + vy =E and §; + ZZ Brij Zjt—x + Wy = F; WhereZ, =E+F
s=1 k=1 j=1
E and F represent Multivariate Linear Regression (MLR) and VAR models respectively.

But E(Z;;) = E(E) + E(F)

E(E) is given as;

Fori=1,s=2,3,..,n(i#*5s)

E(Zy) = 012E(Z2e) + O13E(Z3e) + -+ + P10E(Zne) + E(vye )
E(Zy) = Qiakta + Dizpts + -+ Byppin + E(vye)

ButE(w,;) =0

E(Zyt) = @iapa + Piapis + -+ Dinhin

E(Z) = Z @isis, Where ps =1 3.21)

s=2

Fori=m,s=1,3,..,n—1.

E(Zpt) = OniE(Z1e) + DnaE(Ze) + -+ + Q)n(n—l)E(Z(n—l)t) + E(Wne )
E(Znt) = Onithy + Dnoby + - + ®n(n—1)ﬂn—1 + E(vpe )

ButE(w,,;) =0

E(Zne) = Oniby + Opopty + -+ ®n(n—1)l1n—1

n—-1

E(Z,) = Z Qslts, where pug > 1and (i # s) (3.22)

=1
Combining Equations (3.7)Sand (3.22) produces
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n P n

EZ) = Y st 8/ 1= D o) ||, Sumez1si#s (3:23)
s=1 k=1j=1

Which is the mean of the Multivariate Autoregressive Distributed Lag Model.

Variance of Multivariate Autoregressive Distributed Lag (MARDL) Model
Let Z;, in Equation (3.18) be a stationary process that is distributed about the origin such that E(Z;;) = 0,=> 6, =6, = -+ =
5, = 0. Let the Variance of Z;, be defined as E(Z;,Z;,) = E(Z?), Hence, for i = 1,2, ...n we have

Casel:fori=1;s=1,...n;j=1,...mk=1,..,p
E(Z}) = E{[@12Z2¢ + B13Z3¢+ ... +B1n Zne + B111Z10-1 + Dr12Z20-1 + =+ BranVnems + 021012102 + Do12Z0¢2 +
-+ ®2.1nZnt—2 +-+ Q)p.llzlt—p + Q)p.12®2t—p +-t+ mp.lnznt—p + 51t] * [®1222t + ®13Z3t+ e +®1n Zne +
®1.1121t—1 + ®1.1222t—1 + -t ®1.1nYnt—1 + Q)Z.llth—Z + ®2.1222t—2 +- ®2.1nZnt—2 + et Q)p.11Z1t—p +

Q)p.12®2t—p + -+ Qp 1nZnt—p + €1t ]} (3.24)
n
Elt,lt => 0.12t + alzjt Z Q)% + Z Z Q)k 1j + ZZ Z o1r @15)/15 +2 Z Z Z Q)lr@k 1jVr,j(k)
j =1 j=2 r=2s=r+1 =17r#2 j=r+1

5558

k=11=1 j#1v=j+1

Br1jDr1v¥r),jio) + Teae |/ (1 - z Q)i.n)
k=1

wherem =n =u (3.25)

Case 2:
for i = m,it follows that
n P n P n m
fmt,mt = o-rznt = O-‘I’%l]'t Z wfn] + Z Z kmn | T ZZ Z omr Qmsyms ZZZ Z Q)mr@kmﬂ/r](k)
Jj=1(j#m) k=1 j=1 r=1s=r+1 =1r#1j=r+1
P 949 m u
+2 Z Z Z BreamjPrkmv¥r@),jk) + Oomt
k=11=1 j=1 v=j+1
14
/ (1 - Z (Z)i_mn> where m = n = u (3.26)

k=1
Equations (3.25) and (3.26) are the variances of the Multivariate Autoregressive Distributed Lag (MARDL) Model.

Data and Methodology
Data from CBN Statistical Bulletin covering the period from 1988 to 2020 on some Nigeria's microeconomic variables like

agriculture (Z,;), petroleum / crude oil (Z,,), telecommunication (Z;,) and gross domestic products (Z,,) was used for the
analysis and estimation of model parameters.

The trend analysis of these microeconomic was shown below

Trend Analysis Plot for Z1t Trend Analysis Plot for Z1t-2
Linear Trend Model Linear Trend Model
Yt = 0.00813 + 0.000486xt ¥t = 0.0033 - 0.000114xt
Variabl ‘Variabl
—a— Actual —&— Actual
—w— Fits 0.050 —m— Fits
Accurac v Measures Accurac y Measures
MAPE 202104 0.025 MAPE 100721
MAD 0.014 MAD o020
MSD ogo0 MSD 0001
ﬁ fﬁ o000 "N -
N
-0.02s
-0.050
-0.075
4 8 12 16 20 24 28 32 36 4 8 12 1% 20 24 28 32 36
Index Index
Trend Analysis of Z,; before differencing. Trend Analysis of Z,, after differencing.
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Trend Analysis Plot for Z2t
Linear Trend Model
Yt = 0.0164 - 0.000711 =t

\ariable
—&— Actual
—m— Fits
Accura
MAPE 127441
MAD 0027
MsD 0001
\— L
a4 8 122 16 20 24 28 32 36
Index
Trend analysis of Z,, before differencing.
Trend Analysis Plot for Z3t
Linear Trend Model
¥t = 0.0195 + 0.000203 =<t
i
Y N
e
4 a8 12 1% 20 24 28 32 36
Index
Trend analysis of Z, before differencing.
Trend Analysis Plot for Z4t
Linear Trend Model
¥t = 0.0013 + 0.001977 =t
s Variabl
e
i
02 ccuracy Measures

Za
o

Trend analysis of Z,, before differencing.

The ACF and PACF plots indicated a cutoff at lag order p=2.
Furthermore, the model selection criteria AIC, BIC, and SIC
evaluated for both models identified the MARDL model as the most
appropriate. The model estimation was carried out using Minitab
statistical software.

22
o
o

Trend Analysis Plot for Z2t-2
Linear Trend Model
Yt = 0.0005 - 0.00006xt

4 12 16 20 24 28 32 36
Index

Trend Analysis of Z,, after differencing.

Trend Analysis Plot for Z3t-2
Linear Trend Model
Yt = 0.0023 - 0.00010 >t

-2
&

4 8 12 % 20 24 28 32 36
Index

Trend analysis of Z, after differencing.

Trend Analysis Plot for Z4t-2
Linear Trend Model
Yt = 0.0010 + 0.00006xt

Z42

a 8 12 16 20 24 28 32 36
Index

Trend analysis of Z,; after differencing.

Empirical Results
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Accuracy Measures
MAPE 970580
MAD 0.0617
MSD 00072

variable
—a— Actual
—m— Firs

A Measur

MAD 0037
MsD 0.006

Accuracy Measures

In this section, we examine outcomes derived from the two
models VAR and MARDL. These encompass the mean and
variances from both models. The findings are showcased in

the tables provided below

SIN VAR MARDL
1 81 0.01949 0.00118

2 8 0.00327 0.00870

3 83 0.02425 0.00552

4 8s 0.04229 0.0166

5 | EZw) 0.01891 0.02069

6 | E(Za) 0.00505 0.01162

7| E(Za) 0.001819 0.0291

8 | E(Za) 0.029993 0.10276

9 g, | 0.000000000000000114 | 0.000000000000011
10 %, | 0.00000000000000016 | 0.000000000000028
11 ~. | 0.00000000000000013 | 0.000000000000011
12 | g2, | 0.00000000000000011 | 0.000000000000028
13 | &, 0.0503 0.000262

14 | Eppne 0.0112 0.0019012

15 | Egea: 0.0122 0.0019145

16 | g 0.0007 0.0001517

153


https://doi.org/10.54117/ijps.v3i1.23

Available: https://doi.org/10.54117/ijps.v3il.23

Discussion and Conclusion

This research provides further insights into the properties of
Multivariate Autoregressive Distributed Lag (MARDL)
models, contributing to their theoretical development and
practical application. Specifically, it examines and compares
the properties of MARDL and VAR models to assess their
relative performance. The comparison of the mean properties
of both models, indicates no significant difference between
them. However, an analysis of their variance properties
reveals that the MARDL model exhibits smaller variances
than the VAR model. This suggests that the MARDL model
is more stable, controlled, and consistent, making it more
reliable for prediction and forecasting.
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