Iragi Statisticians Journal / VVol. 2 (2025): Special issue for ICSA2025: 214-224

IRAQI STATISTICLANS JOURNAL

https://isj.edu.ig/index.php/isj

ISSN: 3007-1658 (Online)

Bayesian Technique to Perform the Prediction Process for a
Multivariate Mixed Compact Regression Model

Sarmad Abdulkhaleq Salih !, Omar Ramzi Jassim %, Emad Hazim Aboudi

and Qutaiba N. Nayef AL-Qazaz*

! Department of Mathematics, College of Education for Pure Sciences, University of Hamdaniya, Mosul, Iraq.
Department of Accounting, College of Administration and Economics, University of Hamdaniya, Mosul, Irag.
%4Department of Statistics, College of Administration and Economics, University of Baghdad, Baghdad, Irag.

ARTICLE INFO

ABSTRACT

Avrticle history:

Received 21/10/2024
Revised 21/10/2024
Accepted 13/01/2025
Available online 15/05/2025
Keywords:

Multivariate compact regression model,
Bayesian technique,

Matrix-variate extension hyperbola
distribution,

Kernel function,

Smoothing parameter.

Matrix-variate extension hyperbola distribution (m-vehd) belongs to the family of
probability distributions with heavy tails. It is considered a mixed continuous
probability distribution and a twisted probability distribution. It is the result of mixing
the matrix-varite Gaussian variance-mean mixture distribution with the generalized
inverse normal distribution (gind). And this distribution has wide applications in the
field of economics. On this basis, the paper will study a multivariate compact
regression model that followsa  (m-vehd).

Assuming that the shape parameters, scale matrix, and the twisted matrix are
known, the parameters of the multivariate compact regression model will be estimated
using the Bayesian technique depending on informative prior information. In addition,
the smoothing parameter is selected by a normal distribution rule (rule of thumb) and
the kernel function based on the Gauss kernel function and Quartic kernel function,
and then finding Bayesian predictive distributions based on informative prior
information and estimating the model parameters under balanced and unbalanced loss
functions, and application to real data related by the reality of financial inclusion in
Arab countries for the year 2014. The researchers concluded the superiority of the
Bayes estimator under the balanced quadratic loss function at weight 0.75 and for
Gauss kernel function. In addition, the predictive distribution of future observations is
an uncommon distribution, but it is an appropriate distribution.

1. Introduction:

Multivariate  regression

models
statistical models that have great importance in

explanatory variables, which explains some
important economic phenomena, while the
nonparametric part is an unknown smoothing
function and is a nonlinear function, the

are

different areas of life, especially in economic
fields. Among these models is the multivariate
compact regression model. Most of the
economic models are compact regression, as is
known from their name, and they are a mixture
of multivariate parametric (linear) regression
model and  multivariate  nonparametric
(nonlinear) regression model; the parametric
part is the regression function that is supposed
to Dbe linear in the observations of its

multivariate  compact regression  model
provides an intermediate solution between the
linear and nonlinear model.

Therefore, many  researchers have
been interested in estimating multivariate
compact regression models in which the
random error follows a matrix-variate Gaussian
distribution, but there are cases in which the
random error follows a heavy tails distribution
or the error observations are not independent
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and uncorrelated, in the two cases above, it is
more appropriate to pay attention to alternative
probability distributions than the matrix-variate
Gaussian distribution, meaning that the mixture
distributions are more fits as the (m-vehd).
(Thabane & Hag, 2004) presented a
generalization the multivariate extension
hyperbola distribution to the (m-vehd) as a
mixed distribution  resulting from the
distribution of the matrix-variate Gaussian
variance-mean mixture with the matrix
generalized inverse normal distribution. They
also studied some of its properties and special
cases. They studied the Bayesian approach of
the multivariate Gaussian linear regression
model, assuming that the prior distribution of
the scale matrix is a matrix generalized inverse
normal distribution. Found (Thabane &
Kibria, 2007) the Bayesian prediction of the
multiple general regression model in the case
of equal correlation when the random error
follows a extension multivariate transmuted
Bessel distribution (symmetric multivariate
extension hyperbola distribution), as it was
assumed that the prior probability function for
the scale parameter follows the generalized
inverse normal distribution. The prediction
distribution was obtained that follows a
symmetric multivariate extension hyperbola
distribution. This result contrasts the T-
distribution obtained using the prior inverse
chi-square distribution for the scale parameter.
Study (AL-Mouel &  Mohaisen,2017)
Bayesian estimation based on the MCMC
algorithm for the Gaussian multiple compact
regression model represented by the Gaussian
multiple compact linear regression model with
the conditional ratio between the scale of the
parametric part on the scale of the model error,
and the scale of the nonparametric part on the
scale of the model error. The weights matrix
was the penalized spline and the statistical
laboratory formation based on the criterion
Bayes factor and the application of the findings
to experimental data, two nonparametric
functions. They concluded that the wvalues
generated from the data do not belong to a
Gaussian society for different samples.
Estimated (Hmood & Hassan, 2020) the
multiple compact linear regression model when

random error term is distributed normally with
a mean of zero and variance o2 using two
smoothing  methods, namely,  wavelet
smoothing and kernel smoothing, which the
researchers concluded through the
experimental study and under different
functions and sample sizes that show the
wavelet smoother is better than the kernel
smoother based on the (MASE) criterion.

The paper was divided into seven
sections.  First  section included the
introduction. Second section dealt with the
description of the multivariate mixed compact
regression model. The third section discusses
some kernel functions and the smoothing
parameter. Using Bayesian technique to
estimate the parameters of a multivariate mixed
compact regression model depending on
informative prior information, and under
different loss functions in the fourth section.
Finding the Bayesian predictive distribution
based on informative prior information in the
fifth section. While the sixth section dealt with
an applied study as the application was made
on real data related by the reality of financial
inclusion in Arab countries for the year 2014,
and the study analysis process is carried out
based on the MATLAB R2022a program. The
seventh section shows the most important
conclusions.

2. Multivariate Mixed Compact Regression
Model:

Multivariate compact linear regression
model is more important models symbolized by
the symbol (MCLM), and it is considered a
special case of additive models. It is one of the
models that depend on linear parametric and
nonparametric variables. Usually, the variables
of this model are continuous. These linear and
nonlinear variables affect the response variable.
It is a generalization of standard linear
regression techniques, so it is better than
nonlinear models because it avoids the problem
of dimensionality.( Przystalski, 2014)

The  multivariate  compact  linear
regression model is described according to the
following equation :( You et al., 2013)
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=1,2,...k (1)

Since X;B; represents the linear part of
the model, which p; is estimated by one of the
parametric methods, such as the method of
ordinary least squares, the maximum
likelihood, moments, or Bayes ..., and m;(T;)
represents the nonlinear part of the model,
which is an unknown smoothing function that
is estimated by one of the nonparametric

methods, such as the Nadaraya-Watson
smoother,  Priestley-Chao, = Gasser-muller
smoother, kernel smoother, local linear

regression smoother, spline smoother ....., It is
possible to write the model defined in equation
(1) in the form of matrices as follows: (AL-
Mouel & Mohaisen, 2017)

Y=X0+Wé+e€ . (2)
Yii Y12 - Vik
Y = : :
Yni1 Yn2 v Yaked g
X11 X127 Xip
X=1: : D
Xn1 Xpz T Xnp nxp
16011 O
g =1 : : ,
0,1 Opi pxk
[kn(t: — T11) kn(ts — Tis)
W = : :
-kh(tl - Tnl) kh(ts - Tns) nxs
011 Ok
6 =| ¢ : ,
1851 Osk sxk
€11 . €1k
€n1 T Enkl g

WhereY is a Matrix of response
variables of degree (n x k) and n represents the
number of observations, and k represents the
number of response variables. X is a non-
random matrix representing the observations of
the parametric explanatory variables of degree
(n x p ) and p represents the number of the
parametric explanatory variables. 6 is a matrix
of model parameters for the parametric (linear)
part of the degree (p x k). W is a design matrix
indicates the kernel weights. It can be taken
with other weights such as the spline, wavelet,
and k-nearest neighbor weights. It is of degree

(n x s), and s represents the number of
nonparametric  explanatory variables, and
ky(x) represents the kernel function and as
follows: (Hmood ,2005)

I 1 x
n(x) = 7 k)

And that this function is a real,
symmetric, and continuous function and that h
represent the smoothing parameter, they will be
mentioned later. & is a matrix of parameters of
the nonparametric (nonlinear) part (additive
parameters) of degree (s % k). € is a matrix of
random errors of degree (n x k).

It is possible to rewrite the form defined
in Equation (2) as follows: (AL-Mouel &
Mohaisen, 2017)

Yixk = Znxp+)0@p+s)xk T Enxic .. (3)
C7 16
AsZ=[X wW] ﬁ_[5]

We assume that the matrix of random
errors (€) follows a (m-vehd), that is, the matrix
of errors is distributed of a non-zero matrix
mean. The probability density function of the
matrix (€) can be found using the concept of
mixed distributions from the matrix-variate
Gaussian variance-mean mixture distribution

with  the generalized inverse normal
distribution and as follows:
(Gallaugher &  McNicholas, 2019)

(Thabane & Haq, 2004)
elt~M — VN, (y7,72,1,) ,
T~GIN(a, ¢, 1)
As the probability density function of the
matrix of random errors conditional by ()
takes the following formula:

f(elD)

1 - nk

<F(7)> — o tr (e=yD)T (e-y)E™?
=T€ ZT‘I"E)/T E=YT (4)
(27)z |22
Equation (4) represents the matrix-variate
Gaussian variance-mean mixture distribution,
and the probability density function of the

variable t defined in the following equation:

(a)g o exp [—1 ((f)
2 ()2 Hy(sqre(ap)) 2\\t
+ ar)l ,T>0 .. (5)

P(z) =
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Whereas (a, ¢)are scale parameters and r
is shape parameter.H,(.) is a represents the
transmuted Bessel function of the third kind of

order r, and its formula is as
follows:(Gallaugher & McNicholas, 2019)
(Mora & Mata, 2013)
Hr(sqrt(a(p))

© t—(l—r)
B ,];, 2 exp(O.S sqrt(ap)(t + t‘l)) dt -Sqrt(ay)
>0 .. (6)

According to the concept of mixed
distribution, the probability distribution of the
unconditional error matrix is as follows:

f(¥|o)
1 - nk
r@) . N
— e 27 tr Y-Z9-yt)' (Y-Z9—-yT)X
nk n
27)7 2|2

Depending on the concept of mixed
distributions, the probability distribution of Y

unconditional by 7 is as follows:
f
-n n — T — -1
@7 @F ot (14T T =208

. (8)

2r—nk
) 7

2r—-nk

nk nk n T -1
@ (1) Il emrr-zorvems (14 V2D

* Har—nk (sqrt((mp +atr(Y -Z9)T (Y
2

f©= | £l P@ do — Z0)2 ) (ay
0 +otry"yE ™)) . (9)
f(e This distribution can be expressed
—nk  nk 1 trel ex! descriptively as follows:
| @7 @7 et (1475 " yec(y-m
nk 1.\ (T yz-1 tryTy Xt T;n_ vehdnk(vec(Zﬁ),E(X)In, a,Qr, UBC()/))
@7 (1) |2z emtr @y (1+ 7 3. Kernel Functions and Smoothing
Parameter:

* Har—nk (sqrt((a<p +atre’ e (ag
2

+otryTy 2"1))) (7
As:
a, @, 7 represent shape parameters.
y: twisted matrix of degree (n x k).
X: scale matrix of degree (n x k).

Equation (7) represents the (m-vehd) for
the random error matrix, which is described as
follows:

vec(e)~m
— vehd,, (vec(0),EQ1,, a, p,r,vec(y))

Since the matrix Y defined in equation (3)
is a linear combination in terms of the matrix e
that follows the (m-vehd). Accordingly, the
probability distribution of the response
observations matrix Y follows the (m-vehd). It
can be found in the same way as follows:
(Thabane & Haq, 2004)

The probability density function of the
matrix of response variables conditional by t
(Y|7) that follows the matrix-variate Gaussian
variance-mean mixture distribution is as
follows:

Kernel functions) are used to estimate
regression, spectral and probability density
functions, the kernel function has other names,
including (shape, weight, and window
function), and the kernel function is a real,
symmetric, continuous, and definite function,
and its integral is equal to one. That the method
of selecting the smoothing parameter (h) is an
essential part in estimating the nonparametric
regression curve, and that choosing the
smoothing parameter is more important than
choosing the kernel function and there are
several labels for this parameter, including
(constraint  capacity -  bandwidth -
concentration parameter - contrast parameter)
and its properties are a non-random,
symmetrical and positive boundary parameter.
Table 1 shows the kernel functions used in the
paper as well as the selection of the smoothing
parameter based on the thumb rule method.

(Langrene & Warin, 2019) (Hmood, 2005)

Table 1: Some Kernel Functions and
Smoothing Parameter.

4

kernel k(x) h=38C() n"é

Quart 1(Iyl
<1

(15/16)(1 — y*)? C(k) =2.78
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Gauss | (2m) *Sexp(—y?/2) 1<(|3:0|) C(k) = 1.06
4. Bayesian Technique to Estimate of a
Multivariate Mixed Compact

Regression Model Under Different

Loss Functions:

In this section, the parameters of the
multivariate compact regression model defined
by equation (3) are estimated when the random
error follows a (m-vehd) based on informative
prior information; that is, it has probability
distributions that belong to the conjugate
family and as follows:

Depending on mixed distributions, the
posterior probability distribution of location
matrix () unconditional of 7 is as follows:
(Salih & Aboudi , 2022)

We know that the prior distribution of
(I|Z, ) has the following form:

1
P(9| Z,7) < exp (— o tr (9 —9)T ¥," (¥

_ ﬁo)z-l) .. (10)

The posterior probability distribution of
the matrix (I|Y,%,7)is the distribution
resulting from merging the equation (8) with
the equation (2.124), by adding and
subtracting the amount Z9 ,,;; and that 9
represents the conditional maximum likelihood
estimator:

O e =ET2)ZTY - (ZT2) 2Tyt .. (11)
And by making some mathematical

simplifications, we get the following:

PAI|Y,Z,1) x P\ Z,7) f(Y]|I,Z,1)

P|Y,%, 1) « exp [— 2_17 tr (9
— 9T [P, ™ + (ZT2)](¥
- 19*)2‘1] .. (12)

19*

= [W,™ + (Z72)] " [Wo M9 + ZTY

—ZTyt] ..(13)
P(W|Y,X) = j PM|Y,X,7) P(1) dt
P@|Y,%) 0

(p+s)k

_ ) 2 (a)(ptf)k [P, " +ZTZ|§ (Hr(sqrt(ago)))_1

Pk (pts)

@ (rE) e

e—tr 9-QT z*T(-y)z~1

* Hor—(p+s)k (\/(mp + atr Q*Z‘l)(mp +@tryTz*Z*Ty 2‘1)>
2

2r—(p+s)k
«(1+o trQrz )y + (1
—2r+(p+s)k
taltryTzr 27Ty z7l) 4 (14)
As:
C=0-Q¥% ' +EZ D] @~
Q=[¥ " + D] [, 0,
AT A A
=ZT2)ZTy
2T = W, + (2T2)] 2T
Equation (10) represents the (m-vehd)
and is described as follows:

vec(0)~—vehd i)k (vec(Q) I® (Lpo_l

-1
+ (ZTZ)) ,Q,Q,T, vec(Z*T(—y))>
The quadratic loss function is
described according to equation below:
A A T A
1(3,9)=tr(-9) A(H-9) .. (15)
and under the assumption that the weight
matrix (A) is an identity matrix with dimension
((p+s) X (p +5s)). Therefore; the quadratic
loss function of the (9) is written in the
following formula:
L,(0,9)=tr(d=9)1(H-9) ..(16)
As for the quadratic risk function of the
matrix (9), it is represented by the
mathematical expectation of the quadratic loss
function, and as follows:

Rq(9,9) = E[l4(9,9)]

- f 1, (9,9) P(8]Y) do

9

- (17)

The Bayesian estimator for (9) is
found, which makes the quadratic risk function
R,(9,9) at its lower limit, and after
substituting equation (15) into equation (16),
taking the partial derivative relative to (J) and
equal the derivative by zero, we get the
following:

oR,(9,8) [0 .. 1 .
T—ﬁmtr(ﬁ—ﬁ)l(ﬁ
—9) P(¥|Y) d9
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OR;(9,9) R
T_J (29 — 29) P(9|Y) a0

After equality by zero, we get the Bayesian
estimator:

9, = f 9 P(I|Y) dY

V)

9, = Es@|Y) ..(18)

We conclude from equation (18) that the
Bayesian estimator under the quadratic loss
function represents the mean of the posterior
probability distribution of (6).

8y =Wt + 2D [%‘1190 +27TY
— ZTV
Hrsi(Jag) (a ‘0-5l
Pl 0]

To find the quadratic risk function:

Ry(9,9) = f tr (9 — )" (8 — 9) P(3|Y) do

Ry(9,9) =trE [(§-9) (§-9)] ..20)
We notice from equation (20) that the
quadratic risk function represents the variance
of the posterior probability distribution of (9).
The general form of the quadratic
balanced loss function is known as: (Jozani et
al., 2012)

A A~ —~ T/ A —~
lp(@,9)=wer(d—9,) -9 ,)
A T, A
+A-w)tr(@-9) (¥
—9) ..(21)
Whereas:
6 ,,: The unconditional maximum likelihood
estimator is defined in equation below:
O = Z"2)2TY - (Z"2)ZTy
Hy,1(/ag) (ay~03
2 (— (22
i (Jer) @) @

w: Weight value, 0 <w < 1.
The quadratic balanced risk function of the
parameter matrix (9) is as follows:

Rgp(9,9) = E|lgp(9,9)]

:flqb(é,ﬁ)P(ﬁ|Y) 9 ..(26)
6

The Bayesian estimator for () is found,
making the quadratic balanced risk function at
a lower limit. We partially differentiate the
equation (26) relative to (9 ) and set it equal to
zero, we get the following:

ORqp(9,9) ] a_ & \Tia_ &
99T =fﬁ[‘”tr(ﬁ_‘9m) (9=9m)
9
+A-wtr(3-9) (9
—9)| P(o]y) do
dR (9 ,9) 0 o e
q:;T= W[W {trﬁTﬁ—ZtTﬁTﬂm
9
+tr§mT§m}
+(1—w) {trd™d - 20r07 9
+tro' 9}| P(9]Y) v
OR (9,9 . ~
% = | w{2tr9 =2 ¢r9 ,}

Y
+(1-w) {Ztrﬁ
—2tr9} P(Y|Y) dv

Solve the equation (%W = 0) and

doing the integration relative to (39) we get the
Bayes estimator under the quadratic balanced
loss function, and as follows:

Jgp =W + (L —WEg@IY) ..(27)
To find the quadratic balanced risk
function:

Ryp(9,0) = f [wer(d—5,) (-9 )

+A-wytr(§—9) (3
—9)| P(9|Y) av
Ryy(9,9) = wtr(d =9 ,) (8 — 9 )

+(1
~w)rE [(6-9) (9
~9)|v] ..28)

As:

E [(19 —9) (§- 19)| Y]: Variance of the
posterior probability distribution of (9).

5. Bayesian Predictive Distribution:

The predictive distribution represents
the probability density function for future
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observations Y that is conditioned by a set of
current observations Y, so we have future
observations (f) for all response variables,
which represent the matrix (Y). Depending on
future observations, the multivariate compact
regression model is as follows: (Thabane &
Haq, 2004)
Yy =70 + € . (29)
Whereas Yy is a matrix of future

observations (f) has a dimension (n; x k).

Zs is a matrix with dimension (n; x (p + s
)). ¥ is a parameter matrix with dimension ((p
+ ) X K). €7 is a matrix of future random errors
of degree (n; X k).
Since the error matrix (ef) follows a (m-vehd)

with the parameters (O,Z,Inf, Q, go,r,yf), we

know that (¥} )is a linear combination in terms
of the future error matrix, therefore
(Ys) follows a (m-vehd) of the parameters

(Zfﬁ,E, Inf, a, e, r,yf).

Using the Bayes theory, the predictive
distribution of the future matrix Y is defined
by the following formula:

f(yf|1/)=fl9 f (Y|9,2) P@IY)AY ...(30)

Due to the difficulty of finding a
predictive distribution from equation (30), we
use the concept of mixed distributions, that is,
probability distribution conditioned by the
random variable (7).

f(¥%Y)
:f ff(Yf|19;ZJT) P(61Y,7) P(7) dY dt
T 9
..(31)
Therefore, the probability density

function for the conditional (¥; )is as follows:

F(%l0.%,7) 1 T
— % e—ﬁtr(Yf—Zfﬂ—ny) (Yp-zp9-ypz)z™t . (32)
(2rr)2 |22
The posterior probability distribution of
(9) conditional by (r) defined in equation
below:
PI|Y, 1)

= (con
_1
xe 27T

As:

tr (9= [P +(ZT2)(9- 90271 33y

k
¥, ™" + (Z72)|?

(p+s)k  (pts) ’
(2nt) 2 IX[ 2

= (W, + (272)] W 0,
+ZTY — 2Tyt |
Combined equation (33) and equation
(26), we get the kernel of the predictive
distribution of (Y;) conditional by the random
variable (7), and as follows:

f(¥|Y)

1 T —
e j- j- e—EtT(Yf—Zfﬁ—]/fT) (Yf—Zfﬁ—]/f‘[)Z 1
T Y9

con = 9

v o7 T OO [T DN by 49 dr . (34)
We assume that:
T
B = (Y = 20 — ;1) (Y — Zp0 — y47)
+ (99— 97 [w, ™"
+ (ZT2D)](9 - 97)

Adding and subtracting (Z;9*) to the
parentheses of the first term of (B) and
performing some of the algebraic operations
we get:

B=(Y =29 —yp1) [In, + Zr5 72| (%
= Zp9" = yy7)

@ =9+ ¢d) P39 — 0"+ ¢y)
AS:

b3 =Z;"Z; + [Wo + (Z272)]
Py = ¢3_IZfT(Yf — 20" — VfT)

k
W™ + (Z72D)|?

f(%ly) = ko npo ok
2m) 2 |Z]2 |¢3]2
n sk _z%tr(Yf—Zfﬁ*—VfT)T[’"f’er‘Pz_lZfT]*
f(%]y)

nfk nfk k
_ @)y @ (Hy(sqrt(ag)) "W + (Z72)?

k nrk nrk ny - }
b3 ]2 (@) T (r(%)) 5[ F e tr(r-2p0) ypat

Zr—nfk
T _ 4
tr(Y —Z2:9 Y —-Z9)27 1
(L =29) (v - 79)
2
2r—nfk
tryTy, 27 4
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* Hor—n ik (sqrt ((aq) +atr (Y —=Z9)" (Y
2
— Zp9)2 ) (ag

+otrylyy 2_1)))
..(36)
We note that the predictive distribution
of the matrix of future observations of the
response variable Yy is not one of the known
probability  distributions, but it is an
appropriate  (proper) distribution. So the
Bayesian prediction of the response variable Y
is found using the following formula:
E(Y[Y) = EcEy 1o (V|1 7)

= Zp Wyt + (ZTZ)]'1 [tpo‘lﬁo + 7Ty

Hys(J79) (@
e
r+1(J_)()

Hr(Jap) \

6. Application Side:

In this section, the application is made to
real data related to the reality of financial
inclusion in Arab countries for the year 2014,
and the study analysis process is carried out
based on the MATLAB R2022a program.
https://jslem.journals.ekb.eg/article_182829 c0
1bc6098190b5bd2b70f785cdd0027f.pdf
6.1 Determine study variables and prepare

data:

Arab countries are still among the
lowest in the world in terms of financial
inclusion. According to an International
Monetary Fund report, those who have bank
accounts with financial institutions represent
18% of the population, and this percentage
drops to 13% for women.

On this basis, the paper studied the
percentage of adults who borrowed males (Y;)
and females(Y,), as response variables from
financial institutions (X;)and private lending
(X,) as explanatory variables for the year 2014.
The following figure shows the behavior of the
percentage of male and female borrowers from
financial institutions and private lending.

+ s ..(36)

w
o

=N
o o o

T 5 T £ © c 3 © © O
:zem.‘:mjma.g
9 0 =325 E 3T EZE
W o 5 w 3 2]
< = 2 & © w 29

a = T

Y] melas ===Y2 females

Fig. (1): behavior of the percentage of male
and female Dborrowers from financial
institutions and private lending for year 2014.

Before the data matching process was
carried out for the model, it was found that the
data was skewed to the right, as the value of
the skewness coefficient for males (Y;) was
(0.3486) and kurtosis (2.1287), and the value of
the skewness coefficient for females(Y,), as the
value of the skewness coefficient was (0.5215)
and kurtosis (2.2686). In the case of converting
the matrix of response variables to a vector
(vector operator), i.e. the process of stacking
the matrix, the value of the skewness
coefficient was (0.7400) and kurtosis (2.8539).

In order to know the suitability of the
financial inclusion data for the compact model
used, different sample sizes were used, and
through the Chi-square test, and by assuming
10 different samples for the shape parameters,
it was found out that out of 10 samples, there
were 7 samples that led to matching
(suitability) of the data for the model used
under a significance level of (0=0.05). Table
below shows the values of the test.

Table (1): Values of the Chi-square test for
data matching

Samples Chi2- Chi2-
calculate tab.(a=0.05)

(2,2.5,3)

(3,3.5,4)

(5,5.5,6) 1.9854 3.8415

(7,7.5,8) 2.6984 3.8415

(9,9.5,10) 2.0041 3.8415
(11,11.5,12) 3.5478 3.8415
(13,13.5,14) 3.6541 3.8415
(15,15.5,16)
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3.7741
3.8010

3.8415
3.8415

(17,17.5,18)
(19,19.5,20)

The sample data was divided into two
parts, the first consisting of 16 observation
(n=16), as this data was used in the estimation,
and 4 observations (n=4) were used for the
purpose of Bayesian prediction, represented by
the countries (Tunisia - United Arab Emirates -
Palestine - Yemen) as follows:

6.2 Bayesian estimation of a multivariate
mixed compact regression model:

In this section, Bayesian estimation will
be performed when prior information is
available and based on samples that led to
matching under a significance level (a=0.05)
and for the Gauss and Quartic kernel function
and for the quadratic, balanced quadratic loss
function at the weight (w=0.25, 0.75) in
addition to using traditional methods to choose
the initial values for the parameter matrix 9 as
follows:

_[1.1800 0.9874 03541 0.8912 1"
©~10.0192 —0.0510 0.0012 22257
Y, = eye(4) :

Tables below show the MSE values for the
multivariate mixed compact regression model.

Gauss kernel function  Quartic kernel R
Samples function a
n
w w w w K

=0.25 =0.75 =0.25 =0.75
1 (5556) 5.1136 4.7202 5.2512 4.9504 3
2 (7,758) 5.1353 4.7418 5.2638 4.9635 5
3 (99.510) 5.0438 4.6507 5.1884 4.888 1
4  (11,11.5,1. 5.0868 4.6867 5.1933 4.8929 2
5 (13,13.5,1+ 5.2291 4.8351 5.3486 5.0491 6
6 (17,17.5,1¢ 5.2516 4.8575 5.3661 5.0676 7
7 (19,19.5,2( 5.1309 4.7399 5.2396 5.0000 4

Samples Gauss kernel Quartic kernel R
function function a

Informative prior Informative prior n

(5,5.5,6) 5.7223 5.7505 'Z
(7,7.5,8) 5.744 5.7638 5
(9,9.5,10) 5.6528 5.6879 1
(11,11.5,1 5.6869 5.693 2
(13,13.5,1 5.8373 5.8499 6
(17,17.51 5.8597 5.8687 7
(19,19.5,2 5.7116 5.7309 3

Table (3): MSE of the estimated multivariate
mixed compact regression model under the
balanced quadratic loss function

From the results of table (2) and table (3),
we notice that the balanced quadratic loss
function outperforms the rest of the functions
at weight (w=0.75) for all cases of samples and
for Gauss kernel function.

Ugp
_ [1.2105 0.9064 0.4021 0.8900 1"

0.0254 —0.0660 0.0101 2.2457
7. Bayesian prediction:

This section includes prediction will be
performed when prior information is available
and based on samples that led to matching
under a significance level (0=0.05) and for the
Gauss and Quartic kernel function and for the
balanced quadratic loss function at the weight
(w=0.75). Tables below show the MSE values
for the prediction multivariate mixed compact
regression model:

Table (4): MSE values for the prediction
multivariate mixed compact regression model
under the balanced quadratic loss function
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Samples Gauss kernel function Quartic kernel
function
w=0.75 w=0.75
(5,5.5,6) 7.9201 7.9604
(7,7.5,8) 7.9416 7.9645
(9,9.5,10) 7.8505 7.898
(11,11.5,12) 7.8864 7.9929
(13,13.5,14) 7.9753 8.0091
(17,17.5,18) 7.9975 8.0676
(19,19.5,20) 7.9396 8.0000

We note from table (4) the superiority of

the Gauss kernel function in finding the
Bayesian prediction for the multivariate mixed
compact regression model function through the
MSE criterion, and the tables below show the

real and predicted values of the reality of

financial inclusion in Arab countries for the

year 2014.
Real Values Prediction Values
V1 V2 Pir Y2
1 9.9 6.2 | 10.243 7.21
2 18.1 8.6 17.213 9.422
3 5.7 2.8 5.074 3.112
4 0.4 0.4 0.691 0.321

20
15

Axis Title

=
o U1 O
)

==yl | 9.9 18.1 5.7 0.4

=li=y2 | 6.2 8.6 2.8 0.4

y1f|10.243|17.213| 5.074 | 0.691

=>¢=y2f| 7.21 | 9.422 | 3.112 | 0.321

8. Conclusion:

The researchers had reached the most

important theoretical and practical conclusions
of the multivariate mixed compact regression
model, as follows:

1. Posterior probability distribution of the

matrix(9) when the matrix (X) is known

[1]

(2]

3]

[4]

[5]

(6]

[7]

(8]

follows a matrix-variate extension
hyperbola distribution.

Predictive distribution of the matrix of
future observations of the response
variable Yy is not one of the known
probability distributions, but it is an
appropriate (proper) distribution.
Bayesian estimator for the matrix () of
the  multivariate mixed compact
regression model under the balanced
quadratic loss function is better than the
quadratic loss function at (w=0.75).
Based on the criterion of the sum mean
of squares error (MSE).

Superiority of the Gauss kernel function
when estimating the location matrix (9)
over the Quartic kernel function for all
loss functions.
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