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Abstract

When working with multivariate time series with a significant number of lag components, the presence of multicollinearity among
predictor lagged variables is likely. This underscores the requirement for parsimonious models in time series models that allow for
parameter reduction. Diagonal Vector Autoregressive (VAR) and Multivariate Autoregressive Distributed Lag (MARDL) models are
subclasses of general multivariate time series models with a significant number of lagged variables that can be identified when the
coefficient matrices' parameters are restricted to the diagonal elements. The upper and lower diagonal VAR and MARDL models, as well
as their variances, are derived. The prerequisites for identifying the diagonal VAR and MARDL models were found in this paper, and
the models' validity was shown. To compare the performances of the new classes of multivariate lag models, data from certain
macroeconomic variables such as Nigeria Gross Domestic Product (GDP), Crude Qil Petroleum (C/PET), Agriculture (AGRIC), and
Telecommunication (TELECOM) are used after the first order difference of the logarithm of the series to achieve stationarity. The models
were estimated, and the variances of the processes and errors were determined using the model parameters. The results show that the two
models have almost the same comparative advantage. As a result, the two models complement each other when modelling multivariate
lag variables.

Keywords: Upper Diagonal VAR Models, Lower Diagonal VAR Models, Upper Diagonal MARDL Models, Lower
Diagonal MARDL Models, Variable and Error Variances.

Introduction

Multivariate Autoregressive Distributed Lag Models (MARDLM) are models for multiple responses that are based on
the lagged and non-lagged terms of the predictor variables and solely the lagged terms of the response. Each time variable
in a multivariate time series is a linear mixture of its lagged terms and other lagged terms. Multivariate Autoregressive
Distributed Lag Models are a combination of Multivariate Linear Regression Models (MLRM) and Vector Autoregressive
Models (VARM). The Multivariate Linear Regression Models express a linear relationship between the current time of the
response and the predictor variables. Vector Autoregressive Models are well-known multivariate time series models that are
used to represent a variety of time series characterised by autoregressive processes. The models are an extension of a
univariate time series model with the response variable determined by its lag components. The feed-forward and feed-back
mechanism, as well as the interdependence established between the vectors of responses and predictors, are significant
features of VAR models. In vector Autoregressive Models, each response variable is a linear combination of its lag terms,
predictors, and an error term, accounting for the contributions of the response and predictors' past values, which are always
represented in the form of multiple linear regression model. VAR models are a type of modelling and forecasting tool that
focuses on several time series and frequently employs a multiple regression strategy based on [1]. [2] created Distributed
Lag Models to express the present-time influence of predictor factors in a multiple linear relationship between the response
and a group of predictor variables. MARDLM differs from VARM in that it incorporates the predictor variable's current time
in each independent variable, whereas VARM limits the independent variables to predictor lagged terms. This is true in the
sense that there is always a causal relationship between the predictor variables' present time and the response.

Multivariate diagonal time series models limit and restrict the number of parameters in the coefficient matrices. When
the matrix coefficients are restricted to the major diagonal, the model becomes a pure diagonal multivariate time series model.
If the parameters in the matrix of coefficients are limited to the upper or lower diagonal, the models are referred to as upper
or lower diagonal multivariate time series models, respectively. Depending on the specification, it could be the principal,
upper, or lower diagonal elements of the coefficient matrices. There is a special instance of multiple time series models with
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diagonal autoregressive and moving average parameter matrices, as proposed by [3]. The models are known as MTS-D
models, and their flexibility and utility have been proved in the context of a comparative market situation with five sales
series. In multivariate time series, the three diagonal models are pure diagonal, upper diagonal, and lower diagonal.

Aside from VAR or MARDL models, this paper discusses covariance analysis of the square of only diagonal bilinear
time series models while investigating the features of bilinear time series models by [4]. The properties of the squares of the
linear moving average process were compared to the squares of the exclusively diagonal bilinear process in the article. The
stability analysis of the first-order periodic autoregressive diagonal bilinear model by [5] is also on diagonal models. The
research presented a comprehensive framework of stability that incorporates the majority of the probability features
examined for the pure diagonal bilinear model. [6] proposed a criterion for stationarity and invertibility for pure diagonal
time series models. For any pure diagonal bilinear process, the covariance structure of pure diagonal bilinear models was
determined and presented. [7] investigated the theoretical and actual differences in risk management between Diagonal and
Full BEKK. They used simulated financial returns series to compare estimates of conditional variances and covariances from
DBEKK and Full BEKK. Full BEKK conditional variance estimates are lower in the left tail and higher in the right tail
than DBEKK estimates. Recent applications of multivariate time series models include [8], [9]. Diagonal Multivariate
Generalised Autoregressive Conditional Heteroskedasticity Models were developed as a subclass of conventional MGARCH
models by [10]. The models fared well in comparison to the Full MGARCH models.

Earlier research looked at diagonal VAR models. The diagonal VAR and MARDL models are required to compare the
performance of the two models using variance properties. The objective of this work is the investigation of upper and lower
diagonal VAR and MARDL models, as well as their variance properties.

2. Model Derivations
(a) Generalized VAR Models

Definition

Let Z, = (Z1¢, Z2¢ - Zme)' be the vector of response time variables, @ = ((Z)k,ij) is the coefficients vector, Z,_;, =
(Zit—1» Zat—k» - » Zne—i)! is defined as the vector of the predictive lag time variables, § = (81, 85, ..., 6,,)! is the vector of
constants and &, = (&1, &3¢, ..., Eme)" IS the vector of error terms associated with the vector of response time variables. The
above definition is reduced to the following model,

p
Ziy =6; + Z Z DrijZit—k + Eits L

k=1j=1
1,...m €Y)

n
@y.ij are parameters of contribution of j's predictors to i's respnses at k lags. ;i=1,.m) are constants.
Equation (1) is the general Vector Autoregressive Models (VARM).

i. Upper Diagonal VAR Models and Their Variances
This section considers the conditions for identification of the upper diagonal VAR models from the general form.
From Equation (1), the following set of models is obtained

51 + Qk.lijt—k + Slt,i = 1,} = 1, ...,Tl;k = 1, o, P
52 + Qk.Zijt—k + SZtJi = 2,} = 2, ...,Tl;k = 1, o, P
Zit = 53 + Qk.3ijt—k + €3t’i = 3,} = 3, ,Tl,k = 1, o, P (2)

l 6m + (Z)k.ijjt—k tepni=mj=nk=1,.,p
The parameters are as defined in Equation (1).
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Equation (2) defines a set of Upper Diagonal Vector Autoregressive Models.

Proof:
Given Equation (1)

P n
Zig =6; + Z z wk.iijt—k +é&,i=1,...,m

k=17j=1
Casel:ifi=1j=1,...m;k=1,..,p
Z1t =61+ 0111Z10-1 + D1r12Z2e-1 + -+ Dranne—1 + D211Z1¢—2 + 02122202 + =+ o 1nZpe—o + -
+ Qp.llzlt—p + Q)p.lZZZt—p tet Q)p.annt—p
+ &1 3)

P n
Zig =6, + Z Z Q)k.lijt—k
k=1j=1

+ &t 4)

Case2:ifi=2;j=2,...m;k=1,..,p
Zot = 03 + D122Z5¢-1 + D123Z30—1 + -+ DronZne—1 + D222t + Da2323¢—2 + -+ BoonZpe—p + -
+ Q)p.ZZZZt—p + Q)p.23Z3t—p +t Q)p.ZnZnt—p

+ & (5)

P n

Zyr =6, + Z Z Dr2jljt—k + €2t (6)

k=1j=2
Case3:ifi=m;j=nm;k=1,..,p
th = 6m + (Z)l.ngnt—l + (Z)Z.ngnt—Z +-t+ Q)p.ngnt—p + Eme (7)
p

Zmt = O + Z ¢k.3ijt—k + Eme (8)

k=1

Equations (4), (6) and (8) are a set of Upper Diagonal VAR Maodels, and these complete the proof.

Variances of Upper Diagonal VAR Models
Variances of Z;;:

Let Z;; in Equation (1) be a stationary process that is distributed about the origin such that E(Z;;) = 0, => 8, = 6, =
=68, =0.

Casel: fori =1, multiply Equation (3) by Z;, and take the expectations.
E(Z1tZ1¢) = E[Z1:(0111Z1¢-1 + D112Z2¢-1 + -+ OranZne—1 + 02112102 + B212Z2¢2 + -+ D21nZpe—p + - +
Dp11Zit—p + Ppa2Zae—p + "+ Opainne—p + €10)]

$1e1t = Dr11éie1e) T D11281e2e() T+ Dranienec) + D2.11816102) T P2.128162e2) T + D2anbrene) + -
+ Opa11é1tat) T Ppaz€iczem) T+ Dpanéiene) + Uezlt )

E(Z11€1t) = Uszu (from correlated stationary processes)
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p

n
$1e1e = Z z Br1jéiejecky + 02, (10)

k=1j=1
Case 2: for i = 2 and 6, = 0, multiply Equation (5) by Z,, and take the expectations.

E(Z3tZ2¢) = E[Z3¢(D122Z2¢-1 + B123Z30—1 + -+ BronZni—1 + D222Z2t—3 + D223Z30—2 + =+ PoonZpi—p + -+ +
Q)p.ZZZZt—p + Qp.23Z3t—p + -t Q)p.ZnZnt—p + th)]

$at2t = P122826201) + P1238263ec1) T+ Dr2naene) + D2.2282¢2¢2) T P2.2382t,362) + - + D22n2eme2) + o

+ Bp228262e) T Dp23ataep) T+ Dp2anatnt(p)
+02, (11)

where, E(Zy1€5¢) = agzzt (from correlated stationary processes)

p

n
Sae2e= ) ) Buajoseo + 0%, (12)

k=1j=2

Case 3: fori,j = m,n (m = n) and §,, = 0, multiply Equation (7) by Z,,; and take the expectations.
E(thth) = E[th (Ql.mnznt—l + ®2.ngnt—2 +- (Dp.ngnt—p + Emt)]

fmt,mt = (Z)l.mnfmt,nt(l) + (Z)Z.mn'fmt,nt(z) + -+ (Dp.mnfmt,nt(p) + O'szmt (13)

where, E(Z i €mt) = agmt (from correlated stationary processes)

P
$memt = Z Qk.mnfmt,nt(k)
= +oZ (14)
Equations (10), (12) and (14) are upper diagonal variances of Z;;, Z,; and Z,,; respectively.
ii. Lower Diagonal VAR Models and Their Variances

This section considers the conditions for identification of the upper diagonal VAR models from the general form. From
Equation (1), the following set of models is obtained

Zit =
61+ PBrajljt-k+t i =1Lj=Lk=1,..,p
82 + ®k.2jzjt—k + SZt,i = 2,] = 1,2,k = 1, ,p

63 + ®k.3ijt—k + €3t'i = 3,} = 1, 2, 3, k= 1, o, P (15)
ldm + OxmjZjt-k + Empi=m;j=1,2,...m;k=1,...,p
Equation (15) defines a set of Lower Diagonal Vector Autoregressive Models.

Proof:
Given Equation (1)
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P n
Zig =6; + Z z wk.iijt—k +é&i=1,...,m

k=1j=1
The parameters are as defined in Equation (1).
Caseliifi=1j=4Lk=1,..,p

Z1t =61 + 01112101 + B211Z10—2 + -

+ &1t

Zit =6, + Z Pr11Z1¢-k
k=1
+ &4

Case2:ifi=2;j=1,2,k=1,..,p

+ Qp.llzlt—p
(16)

(17)

Zot =03 + D121Z1t-1 + P122220-1 + P221210—2 + D222t + =+ Bp21Z1t—p + Dp22Z2¢t—p

+ Ext

P 2
Zyt =06, + Z Z Dr2jljt-k + €2t
k=1j=1

Case3:ifi=m;j=1,2,...m;k=1,..,p

(18)

(19)

Zmt = O + O1m1Zae-1 + PimaZar—1+ =+ OrmnZne-1 + PamiZie-2 + Q2maZar—2 + -+ O2mnZne—2
+ ...+ (Z)p,mlzlt_p + ¢p.m222t—p +et Q)p.ngnt—p

+ €t

RN

n
(Z)km] jt—k
1 =1
+ &me

m

(20)

(21)

Equations (17), (19) and (21) define a set Lower Diagonal VAR Models, and these complete the proof.

Variances of Lower Diagonal VAR Models
Variances of Z;;:

Let Z;; in Equation (3) be a stationary process that is distributed about the origin such that E(Z;;) = 0, => &, = §, = -

S = 0.

Casel: fori =1, multiply Equation (16) by Z,; and take the expectations.

E(ZyZ4t) =

E[Z1t(@111Z1¢-1 + D211Z10-2 + -+ Dp11Z1t—p + €10)]

$1e1e = Dr11éie1e) T D2118101e2) o+ Ppa1éic i)

2
+ 0z,

where, E(Zy,€1¢) = 02,

. (from correlated stationary process)

(22)
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p
f1t,1t = Z ®k.11f1t,1t(k)
k=1

+ agzlt (23)

Case 2: for i = 2 and 6, = 0, multiply Equation (18) by Z,, and take the expectations.
E(Z3tZ2t) = E[Z3t(D121210-1 + P1.22Z2¢—1 + D221Z1¢—2 + B222Z2¢—2 + -+ Op21Z1t—p + Dp22Z2¢—p + €26)]

$at2¢
= 01218261e(1) T D1.228262¢(1) T D221820162) T D2.2282t,2e2) + - F Pp212t16m) + Dp2282¢,2t(0)
+ agzn (24)

where, E(Zy1€5¢) = agzzt (from correlated stationary processes)

p 2

$ot ot = Z Die2jS2t,je k)
1

k=1j=
+ 02, (25)

Case3:ifi=m;j=1,2,...,m;k=1,...,pand &, = 0, multiply Equation (20) by Z,,,; and take the expectations.
E(ZmtZme) = ElZme(@1m1Z1t-1 + D1m2Zat-1 + -+ O1mnZne—1 + Dom1Zit—2 + DamaZae—2 + - +
Q)z.ngnt—Z + ..+ (Dp.lelt—p + (Dp.mZZZt—p + et ¢p.ngnt—p + Eme )]

Smemt = D1m1$me1er) T PDrm2Smeze) T+ Prmnémenc) + P2miéme1e2) + D2maéme2e2) + -+

+ Q)Z.mnfmt,nt(z) +et Q)p.mlfmt,lt(p) + ¢p.m2€mt,2t(p) +et Q)p.mnfmt,nt(p)
+0Z, (26)

where, E (Zn¢&me) = 04, (correlated stationary process)

P n
Emt,mt = z z Qk.mjfmt,jt(k)
k=1j=1
+0f, 27
Equations (23), (25) and (27) are lower diagonal variances of Z;, Z,; and Z,,; respectively.

b. MARDL Models and Their Variances
Definition

Let Z, = (Z1¢, Za¢, -, Zime)" be the vector of response time variables, @ = (@;;) is the coefficients vector, Z, (s # i)
is the non-lag predictor, @ s+ is a vector of non-lag coefficients, Z;,_, = (Z1¢—x, Zot—k» -+ Zne—1)" is defined as the
vector of the predictive lag time variables, § = (83, 85, ..., 6,,)" is the vector of constants and &, = (&¢1, €21, -, Eme)’ IS the

vector of error terms associated with the vector of response time variables. The above definition is reduced to the following
model,

m b n
Zit = 61' + Z (Z)l'SZSt + Z Z (Z)k.ij th—k + gjt'i = 1, ,m(m = n), (l * S) (28)
s=1

k=1j=1
@;s are non-lag coefficients of the predictor variables, @, ;; are lag contributions of j predictors to i responses at k lags,
8i(i=1,.,m) are constants
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Equation (28) is the general Multivariate Autoregressive Distributed Lag Model (MARDL)
i. Upper Diagonal MARDL Models and Their Properties

Model Derivation

This section considers the conditions for identification of the upper diagonal MARDL models from the general form.
From Equation (28), the following set of models is obtained

( 61+ 0,75 + Q)k.lijt—k +epni=Lj=1,..mk=1..,p;(s¥1)
I 62 + Q)ZSZS(T + Q)k.Zijt—k + €2t,i = 2,] = 2, ,n,k = 1, - D (S * 2)
Zit = 83 + Q)?:SZSL' + Q)k.?)jzjt—k + S3t,i = 3,] = 3, P (M k= 1, - D (S * 3)

k6m + OmsZse + ®k.ijjt—k tem t=myj=n k=1..,p(s#*m)
(29)

Equation (29) defines a set of Upper Diagonal Multivariate Autoregressive Distributed Lag Models (UDMARDL).
Proof:

Given Equation (28)
m P n
Zit = 81' + z ¢isZst + Z Z@ku th—k + Sjt,i = 1, W, m (l * S)
s=1 =1j=1

Caseliifi=1;;s=1,..mj=1.,nmk=1..p
Zit = 01+ @1225 + D13Z3¢+ ... +D1n Zne + D111216-1 + D112Z2t-1 + + DranVYne-1 + D211216—2
+ OomaZot—2 + -+ Oo1nZne—2 + -+ Bp11Zit—p + Dp1292c—p + -+ DpanZni—p

+ &1t (30)
m P n
Zit =06, + Z D15Zs¢ + Z Qk-lf th—k + & (1)
s=1 k=1 _]=1

Case2:ifi=2;s=1,...m(s#2);j=2,...,m;i=1,..,p,we have,
Zyt = O3+ Dp1Z1¢ + Bo3Z3¢+ ... +0on Znt + B121216-1 + D122Z20-1 + -+ Bi2nYne—1 + DP221Z1t-2 + D222Z2t—>

+ot PaonZne—2t o Pp21Zic—p + Pp22Pocp + o+ Op2nne—p + €2t (32)
m P n

Zy =6, + Z DosZst + Z (Z)k-zf Zjt-k t &2 (33)
s=1 k=1 ]=1

Case3:ifi=m;s=1,...m—1(s#m); j=n;k =1,..,p we have,
Zmt = Om+ OmiZic + OmaZott - ADmm-1) Zin-1)¢ + P1m1Zie—1 + P1maZoe—1 + -+ DimnVne-1 + Dom1Zie—2
+ QZ.mZZZt—Z + -t ®2.ngnt—2 + ot ®p.lelt—p + Qp.m2®2t—p + -+ ®p.ngnt—p T Emt (34)

m P n
Zmt = 6 + Z DmsZse + Z Z (Z)k.mj th—k + Eme (35)
s=1 k=1j=1
Equations (31), (33) and (35) are a set of Upper Diagonal MARDL Models, and these complete the proof.

Variances of Upper Diagonal MARDL Models
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Variances of Z;;:
Let Z;;, in Equation (28) be a stationary process that is distributed about the origin such that E(Z;; ) = 0, => §; =
6y ==, =0.
Casel: fori =1, multiply Equation (30) by Z;; and take the expectations.
E(Z1tZ1¢) = E[Z1¢(012Z2¢ + B13Z3¢+ . +@1n Zng + B111Z16-1 + Or12Z2¢—1 + =+ BranYne—1 + P211Z1¢—2
+ Q)Z.mZZZt—Z + et Q)Z.annt—Z + -+ Q)p.llzlt—p + wp.lZQZt—p + -+ Q)p.lnznt—p

+ Slt)]

$161t = D1281e2e T D1381e3e + - + D1néiene + Dr118161e1) + Dr12812ec) o + Dranbiene) T P211816162)
+ 0212812t T+ P2aniene) T+ Dpa1éicic) T Ppazéictp) + 7 + Dpanienep)
+ o2 (36)
€1t

where, E(Z1:€1¢) = agzlt (from correlated stationary processes)

m P n
$1e1e = z D1sé1s + z z Brajéiejey + 02, s #1 37)
s=1 k=1j=1

Case 2: for i = 2,6, = 0, multiply Equation (32) by Z,; and take the expectations.
E(ZytZy) = E[ZZt((Z)Zlth + @o3Z3c+ ... +0on Zne + B121Z10-1 + D122Z2e-1 + -+ D12nVne—1 + 02212162
+ 0222Z2¢-2+ -+ DaronZne—2t+ -+ Pp21Zit—p + DPp22Dot—p + -+ Bp2nZne—p
+£5¢)]

E(Zy:Z4t) = E(Z2;) = &1, (Variance of Z,,)

$at2t = D218201e + D23803c + * + Donéarne + D12182616(1) T D1.228262ec1) + 7 + Dr2naener) + D2.218261¢(2)
+ 022282t2t2) T+ D22né2tne) T+ Pp218261t(p) + Dp.2282t2t) T + Dp.2nS2tnep)
+0Z, (38)

where, E(Zy1&5¢) = agzn (from correlated stationary processes)

m P n
$at2t = Z Dos§as + Z Z Br.2j &2ttty T Oy s #2 (39)
s=1 k=1 ]=1

Case 3: fori,j=mn(m=n)and §,, =0,

multiply Equation (34) by Z,,,; and take the expectations.

E(ZmtZme) = E[th(q)mlzlt + Om2Zott o A Bmn Znt + D1m1Zit-1 + D1maZat-1+ -+ DimnYne-1 + B2m1Zie—2
+ QZ.mZZZt—Z +ot ®Z.ngnt—Z + et (Dp.lelt—p + (Dp.mz(bzt—p + -t mp.mnznt—p
+ Smt)]

E(thth) = E(Zrznt) = €mt,mt (Variance of th)

Ememt = OmiSmear + Omz2émeze T+ Dmnémene + D1miéme1e) T D1rmaémezec) T + B1mnSment(1)

+ Oomiémeac2) T Damaémeze2) + "+ D2mnémene2) T + Dpmiémeic) + Dpmameze) +
+ Qp.mnfmt,nt(p) + O-szmt (40)

where, E(Zpt€mt) = agmt (from correlated stationary processes)
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m— P n
Emt,mt = Z Omsms + Z Z Pr.mj ’fmt,jt(k) + O'Eth, s Fm (41)
s=1 =1j=
Equations (37), (39) and (41) are upper diagonal variances of Z,;, Z,; and Z,,; respectively.
ii. Lower Diagonal of MARDL Models and Their Variances
This section considers the conditions for identification of the lower diagonal VAR models from the general form.

From Equation (28), the following set of models is obtained

01+ Di5Zst + PrajZjp-k+teani=Lj=Lk=1.,p(s#1)
8, + DosZsy + (pRZJZ]t Kk teni=2j=125k=1.,p;(s#2)
Zip = 03+ P3sZst + Qr3jZjt—k + &30,1=3;j=1,2,3;k=1,..,p; (s # 3) (42)

O + OmsZse + OumjZitoic + €me i=m j=1,2,3,.,m; k=1,.,p;(s #m)
Equation (42) defines a set of Lower Diagonal Multivariate Autoregressive Distributed Lag Models (LDMARDL).

Proof:
Given Equation (28) as

lt_6 +z®lszst+zz®ku jt— k+ g]t' =1,,m(l¢5)

k= 1]
Casel:ifi=1;s = ,...,m(s;tl),] 1k = ,...,p
Z1t = 61+ D122 + B13Z3¢+ ...+ 010 Zne + B111Z10-1 + D211Z1t—2 + -+ Dpa1Zie—p
+é&1t (43)
m 14
Zyy =61+ Z D15 Zse + Z Pra1Zie-k + €1t (44)
= k=1

Case2:ifi=2;5s=1,...m(s#2);j=1,2;k=1,..,p
Zat = Oyt 0121t + Op3Z3¢+ ... +0onZpe + D121Z1t—1 + B122Z2¢-1 + DP221Z1t—2 + Dr22Z2¢—2 +

+ Bp21Z1t—p + Dp22Zat—p + &2t (45)
m 14
Zy =6, + Z DosZse + Z Z Dr2jZjt—k + €2¢ (46)
s=1 k=1 ]=1

Case3:ifi=m;s=1,..m—1(s#+m); j=1,2,...m;k=1,..,p

Zmt = Om+ OmiZic + OmaZot + DmszZstt - +0m - Zn-1)¢ + D1miZie—1 + P1maZac—1 + -+ DimnZne—1
+ OomiZit—2 + PomaZot—2 + -+ DomnZni—2 + -+ OpmiZit—p + Ppm2Yor—p + -+ DpmnZni—p
+ Emt (47)

mt - 6 +Z®mszst + Zz(bkm] jt—k + Emt (48)

Equations (44), (46) and (48) are a set of Lower Diagonal MARDL Models, and these complete the proof.
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Variances of Lower Diagonal Multivariate Autoregressive Distributed Lag (MARDL) Models
Variances of Z;;:

Let Z;; in Equation (32) be a stationary process that is distributed about the origin suchthat E(Z;;) = 0,=> 6, =8, = -+ =
8m = 0.

Casel: fori =1, multiply Equation (43) by Z;; and take the expectations.
E(Z1tZ1¢) = E[Z1t( 01222t + D13Z3c+ .. 4D 1nZne + B1141Z10-1 + D211Z1t—2 + ot Dp11Z1t—p + €16)]

Let &;¢ 1, be Variance of Y3,.
S101e = 128126 + P1381e3et o F Piniene + Pra1é161e) + P2118101e) + - + Bparéieie) + 024, (49)

where, E(Z1:€1¢) = agzlt (from correlated stationary process)

m 14
$1e1e = z 15815 + Z Pra1éie1er) Uszu (50)
s=1 k=1

Case2: fori=2;j=1,2;k =1,..,pand 6, = 0, multiply Equation (45) by Z,; and take the expectations.
E(ZyZy) = E[ZZt((DZlth + @33+ ... +0onZnt + D121Z10-1 + D122Z20-1 + P221Z1t—2 + Do22Z51—5 + -
+ Op21Z1t—p + DPp22Zot—p + ‘SZt)]

Let &,¢ 2¢ be Variance of Y5,.

$at2t = V218201t T V23823t + "+ P2ndatne T P12182010(1) T P1.2282¢,2¢1) T P2.218261602)
+922282t2t(2) T F Pp21$2e1e) T Pp228262e0) T UeZZt (51)

where, E(Zy1€5¢) = 0822 . (from correlated stationary processes)

m 14

2
$at2e = Z 25825 T Z Z Br2j€ae ey + 02, (52)
s=1

k=1j=1
Case3:ifi=m;j=1,2,...,m;k=1,...,pand §,, = 0, multiply Equation (47) by Z,,; and take the expectations.

E(ZmtZme) = [th((Z)lelt + OmaZat + OmzZstt o A0 (i) Zmn-1)¢ + D1m1Zie—1 + P1maZoe—1 + -
+ O1mnZne—1 + OomiZit—2 + PomaZor—2+ -+ DomnZne—2+ -+ OpmiZit—p + PpmaYor—p + -
+ Qp.mnznt—p + ‘Smt)]

E(ZmtZme) = E(Zrznt) = Smt,mt (Variance of Z,;)

Smtmt = Pm1Smeae + Pma$meze tPmadmese - + Omn-1)emeney T Prmi$meier) + Prm2éme2ea) + -

+ (Z)l.mnfmt,nt(l) + ®2.m1€mt,1t(2) + ®2.m2$mt,2t(2) + ot (Z)Z.mnfmt,nt(z) + ot Q)p.ml'fmt,lt(p)
+ (Z)p.mzfmt,Zt(p) + -t ®p.mn€mt,nt(p) + O'Sth (53)

where, E(Z i €mt) = agmt (correlated stationary process)

m 14

n
fmt,mt = Z Omsms + Z (pi.mk‘fmt,kt(i) + O-ezmt (54)
s=1

j=1k=1
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Equations (50), (52) and (54) are lower diagonal variances of Z,;, Z,; and Z,,; respectively.

3. Empirical Results

This section considers results obtained from the diagonal VAR and MARDL models. These include variances of the
processes and error variances. To validate the models and their variance properties, data on Nigeria Gross Domestic
Product, Crude Oil Petroleum, Agricultural production and Telecommunication are obtained for the analysis and
estimation of model parameters. The source of data is the CBN Statistical Bulletin with the range from 1988- 2020. The
results are presented in Tables below.

Tablel: Variances of the Processes from the two Upper and Lower Diagonal Models

VARIABLES UDVAR UDMARDL LDVAR LDMARDL
GDP 0.0002 0.0003 0.0003 0.0034
C/PETROLEUM 0.0003 0.0027 0.0003 0.0011
AGRIC 0.0009 0.0050 0.0009 0.0009
TELECOM 0.0003 0.0033 0.0014 0.0035
Table2: Variances of the Errors from the two Upper and Lower Diagonal Models
VARIABLES UDVAR UDMARDL LDVAR LDMARDL
GDP 0.0002 0.0003 0.0003 0.0001
C/PETROLEUM 0.0001 0.0006 0.0002 0.0004
AGRIC 0.0006 0.0003 0.0008 0.0003
TELECOM 0.0023 0.0031 0.0020 0.0015

Discussion and Conclusion

The goal of this work was to identify diagonal vector autoregressive and multivariate autoregressive distributed lag
models from generalised models with parameter constraints to the upper and lower diagonal elements of the coefficient
matrices. The parameter restriction is required for parameter reduction in accordance with the principle of parsimony, as
well as to avoid the appearance of multicollinearity in a multiple relationship between the response and the predictor lag
variables. The prerequisites for identification of the diagonal VAR and MARDL models have been identified in this work,
and the models' validity has been demonstrated. To compare the performances of the new classes of multivariate lag
models, data from certain macroeconomic variables such as Nigeria Gross Domestic Product (GDP), Crude Qil Petroleum
(C/PET), Agriculture (AGRIC), and Telecommunication (TELECOM) are used after the first order difference of the
logarithm of the series to achieve stationarity. Using the model parameters, the models were estimated, and the variances
of the processes and errors were derived. According to the findings as shown in Tables “1”” and “2”, the two models have
about the same comparative advantage. As a result, the two models complement each other in the modelling of multivariate
lag variables.
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