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Abstract: Encompassing tests compare two non-nested competing models to determine whether one model contains all the
relevant information captured by the other. They were developed based on the assumption of independence, particularly in cases
involving parametric and non-parametric regression methods. However, this assumption is too restrictive since econometric
dynamic models and time series rarely exhibit perfect independence. One challenge would be extending results for i.i.d. variables
to dependent processes. We are interested in the ¢-mixing dependence measure because of its properties, such as the fast
decay rate. Consequently, the Central Limit Theorem (CLT) was previously obtained under significantly weaker mild conditions
than those required for other mixing notions. This leads to better asymptotic behavior propreties for test statistics, despite
practical constraints of the ¢-mixing condition compared to weaker dependence measures. We examine the encompassing test for
linear parametric and nonparametric nearest neighbor regression methods for ¢-mixing processes. We establish the asymptotic
normality of the encompassing statistics associated with the encompassing hypotheses. Our results are comparable to those
obtained using popular methods in the literature, such as kernel regression. We achieve convergence rates of order k~'/2 for the
tests related to the nonparametric as rival model, and n~'/2 for the parametric as rival model. These rates are the same as in the
ii.d. case. The asymptotic variances of the tests are well-defined due to the fast decay of the ¢-mixing coefficients. Unlike many
tests with nonparametric regression methods, ours do not depend on any density.

Keywords: Encompassing Test, Functional Parameter, ¢-mixing Condition, Nearest Neighbor Regression,
Asymptotic Normality

1. Introduction 30]. The other case, where admissible models contain
parametric and non-parametric specifications simultaneously,
seems underdeveloped. An encompassing test appears to be
helpful in the latter situation, where an encompassing model is

Model selection is a challenging step in statistical
modelling. Modelling any given dataset requires the associated

data-generating process (DGP) to be characterised. As the
DGP is unknown, we are faced with several admissible
competing models. Model selection involves selecting a model
that mimics the unknown DGP from a set of admissible
models, according to a criterion. The model that makes the
criterion optimal is chosen. Various model selection criteria
exist in the literature for fully parametric admissible models,
such as the Wald test, the likelihood ratio test, the Lagrange
multiplier test and the information criteria. Some model
selection procedures often rely on asymptotic theory when
possible [44, 46, 49], or on bootstrap/resampling methods
when asymptotic approximations are unreliable [8, 21, 27,

intended to account for the salient features of the encompassed
model. Therefore, an encompassing test can detect redundant
models among the admissible models.

Encompassing tests are based on two principles: the
encompassing model should be able to explain the predictions
and predict mispecifications of the encompassed model [24].
Various considerations and developments of encompassing
tests have been proposed [13, 14, 26, 34]. For an overview
of the encompassing test concept [2, 35]. Applications of
encompassing tests can be found in the GETS modelling
procedure for model selection [23, 28].

Reference [1] developed encompassing tests for the
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linear parametric and the kernel nonparametric regression
approaches. They showed that the statistics of these tests
are asymptotically normally distributed, for independent and
identically distributed variables (i.i.d.). Recently, an extension
of this work can be found in [31, 42, 43] where [31, 43]
focused on the situation with kernel regression. Additionally,
reference [42] carried out an extension to nearest neighbour
nonparametric regression methods.

We extend the results on the asymptotic behavior of
encompassing tests under i.i.d. hypothesis in [1, 42]. We
relax the i.i.d. hypothesis by considering stationary random
processes with dependence structures. We establish the
asymptotic normality of encompassing statistics associated
to encompassing hypotheses for linear parametric and
nonparametric nearest neighbour regression methods under
¢-mixing dependence structure. This can be viewed as
a generalisation of the encompassing test to dependent
processes. Motivation on enhacing encompassing test for
nearest neighbour regression may come from its consideration
in the literature for dependent datasets or time series [17, 18,
37, 40]. Another motivation is that strong dependence yields
faster convergence rates for test statistics in nonparametric
regression. This opens up the development of encompassing
tests for weaker dependence frameworks, allowing verifiable
dependence conditions in nonlinear time series, Markov
chains and econometric dynamic models [9-11, 33, 48].
These frameworks enable nonparametric inference in high-
dimensional or dependent data.

The paper is organized as follows. We introduce the
encompassing test for function parameters and the mixing
condition for dependent processes in section 2. In section
3, we provide our results on the asymptotic normality of the
encompassing test associated to linear parametric modelling
and nonparametric nearest neighbor regression methods. Last
we conclude.

2. Encompassing Test

This section introduces the encompassing hypothesis, the
mixing dependence measures and assumptions.

2.1. Encompassing Hypothesis

We introduce the encompassing test and then build the
corresponding encompassing hypothesis.  So, given two
regression models M; and M, we are interested in knowing
if the model M can account the result of model Msy. We
want to know if M7 encompasses Mo or in a short notation
M1EM,. Testing such a hypothesis will be done using the
notion of encompassing test.

Generally speaking, model M; encompasses model Mg,
if the parameter 6,4, of the latter model can be expressed
in function of the parameter 6,4, of the former model. In
other words, let A(6q,) be the pseudo true value of Oy,
on M;. In general, the pseudo-true value is defined as the

I Kullback-Leiber information criterion

plim of 6 M, on My [1]. For more discussion on pseudo-true
value associated with the KLIC! [16, 47]. The encompassing
statistic is given by the difference between 0, and A (6, )
scaled by a coefficient a,,. Specification of the encompassing
test will depend on the estimation of the regression method:
parametric or nonparametric methods.

Let S = (Y, X,Z) be a zero mean random process with
valued in RxR?xRY? where d,q € N*. Forz € R? and z €
RY, consider the two models M and M as the conditional
expectations m(x) and g(z), respectively and are defined as
follows:

and

Mli
Mo

m(z) = E[Y|X = z] n
9(2) = E[Y|Z = 2|

Moreover, the general unrestricted model is given by
r(z,z) = E[Y|X =z, Z = z]. We follow the encompassing
testin [1].
We are interested in testing the hypothesis that M;
encompasses My, and then introducing the null hypothesis:

H:E[Y|X =2,Z=z]=E[Y|X =a]. )

This null states that M, is the owner model, and M,
will be served on validating this statement and is called the
rival model. We test this hypothesis H through the following
implicit encompassing hypothesis:

W EE[Y|X =2]/Z=2=E[Y|Z=2. ()

The following homoskedasticity condition will be assumed
all along this chapter:

Var[Y|X =x,7Z = 2] = 0°. 4)

Moreover, a necessary condition for the encompassing
test relies on the errors of both models where the intended
encompassing model M should have smaller standard error
than the encompassed model M.

In general, M; or Ms can be estimated using
nonparametric or parametric regression methods. We are
interested on the asymptotic behavior of the encompassing
statistic associated to the null hypothesis M1E M. We can
encounter the following four situations: M; and My are
both estimated parametrically, M7 and M are both estimated
nonparametrically, M is estimated nonparametrically and
My parametrically and M; is estimated parametrically and
M nonparametrically. We will consider the k-NN regression
estimate for nonparametric methods and the linear regression
for the parametric methods.

We now introduce the k-NN regression and various densities
related to the process S, for which certain assumptions are
required. Consider a sample S; = (Y;, X;,Z;), i = 1,...,n,
which can be viewed as realization of the random process
S. We suppose that S;, ¢ = 1,...,n has a joint density f.
Moreover, ¢(.,.), ¢(. | .) and ¢(.) will denote the joint, the
conditional and the marginal densities of the process (Y, Z),
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respectively. That is, fory € R and z € R?, ¢(y, 2), ¢(y | 2)
and ((z) correspond to the density of the following processes
(Y, Z) at point (y, z), (Y | Z = z) at point y and Z at point z,
respectively. Similarly, h will denote the joint, the conditional
and the marginal densities of the process (Y, X), according to
the argument that it takes.

The k-NN regression estimate g,, of the conditional mean g
can be written as follows:

1 —Z;
LS (Y, 5

ST WD) )
nRL i=1 Ry

where R, will be defined as distance, according to the
Euclidean norm in RY, from z to its k-th neighbors with & the
number of neighbors, and w(u) is a bounded, non negative
function satisfying

gn(z) =

/w(u)du =1 and w(u)=0 for |ul>1.

In sequel, the weighting function will be denoted by w(z —
Z;) or simply by w;, that is

_1 Z_Z'L)
_ nRY R,
i i WERE)

We will specify the notion of dependence structure through
the mixing conditions.

w(

wj

2.2. Mixing Dependence Measures

The concept of dependence may occur in different ways
according to the structure of the process to be studied and
could be ranged from the weakest to the strongest. Here,
we consider some mixing conditions which measure the
dependence structure on the process. They are the strong,
the uniform and the regular mixings. Consider the process
{S;,i € N} which is assumed to be stationary and denote
by F: = o(Se,r < £ < s) the o-algebra generated by
{Se, 7 < ¢ < s}. We define the following mixing coefficients:

a(n) = Sup  |P(BNA)—P(A)P(B)|. (6)
A€F],BEF,
B(n)= Sup |P(B)—P(B|F)|. ()
BeF

¢(n) = [P(B|A)—P(B). 8

P(A)#£0

Sup

AG.Ff,BGFmt,

Then the process {S;,i € N} is said to be a-mixing
(or strong mixing) if a(n) — 0 as n — oo, S-mixing if
B(n) — 0 asn — oo and ¢-mixing (or uniform mixing) if
¢(n) — 0 asn — oo. Moreover, such process is said to
be geometrically strongly mixing if there exist ¢ > 0 and
p € [0,1] such that a(n) < cop™. For more development
on the concepts of dependent processes [3, 4, 12, 29, 41,
45]. Example of dependent processes are the linear and the
nonlinear parametric models, since processes like the ARMA
models, related GARCH processes and Markov switching
processes are known to be mixing [5, 7, 38]. We next specify
the assumptions.

2.3. Assumptions

This section introduces the assumptions required to derive
the asymptotic normality of the encompassing test. The first
assumption is about the type of dependence measure.

Assumption 2.1. (S,)y, is ¢-mixing process.

The next assumption relies on the joint, the conditional and
the marginal density functions

Assumption 2.2. g(z), ¢(y | z) and ¢(z) are p continuously
differentiable. Moreover suppose that ¢(y | z) is bounded.

The last assumption is on the number of neighobrs and the
weighting function of the nearest neighbor regression. ,

q

Assumption 2.3. The sequence k = n”,0 < 8 < 3+q and

such that ng) w; = 1 where w; a weight function satisfying
0 < wy < 1 whent < k(n) and w; = 0 otherwise.

Under these assumptions, we will establish the asymptotic
normality of the previous four encompassing tests under
mixing conditions. We consider the first case where the two
models M; and M5 have parametric specifications.

3. Encompassing Test for the Fully
Parametric Case

Encompassing test for parametric modelling has been
developed a lot in the literature. We discuss briefly one
parametric encompassing test where models M; and Mj
have linear parametric specification. In that case, the two
models M, and M are given by (9) and the nesting model
is represented by the function r:

m(x) = B’z with B = (E[XX']) 'E[XY]

g

(
r(

We can get the estimates B, 4 and & of the paramaters [,
v and «, respectively, using the sample S; = (Y;, X, Z;),
i = 1,...,n. Now, testing M1EM, corresponds to the test
of the null hypothesis H where the conditional mean is just the
linear projection. Therefore, the encompassing statistic of the

2) =~z with v = (E[22']) ' E|ZY] )
r,2) = w with a = EWW'|'EWY] and W = (X, Z).

null M{E Mj can be written as follows.

S5 =4 —7(B), (10)
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where 1, (8) is an estimate of the pseudo-true value vz (3)
associated with 4 on ;. Remarking that the pseudo-true value
is defined by v7,(3) = (E[ZZ')) "' E[ZX']B.

For development on this asymptotic behavior of the
encompassing statistic, we refer to [15, 36]. For recent
discussion on this encompassing test for fully parametric case
[1].

Development of the parametric encompassing test goes
beyond independent processes in the literature. We may
mention the remark in [1] stating the obvious extension of
the asymptotic results for independent processes to stationary
ergodic processes in line with [52]. Moreover, encompassing
test for dynamic stationary models and time series regressions
have been discussed [16, 22, 25].

Next, we will study the completely nonparametric case.

4. Encompassing Test for the Fully
Nonparametric Case

We now consider the case where the two models M
and My defined in (1) are estimated using nonparametric
techniques. To test the hypothesis ” M; encompasses Mo
”, we build the corresponding encompassing statistic and
establish asymptotic property of such statistic.

Using the sample S; = (Y;,X;,7Z;), ¢ = 1,...,n and the

NE

VEbpn, . (2) = VE(

o~
Il

1

\E

= Vk(

=C+D

1

w(z — Z,)Y,) —Vk

associated functional estimates m,, and g, of the unknown
functions m and ¢ in relation (1) respectively, we define the
encompassing statistic as follows:

Om.g(2) = gn(2) — G(mn)(2), (11)

where G(m,,) is an estimate of the pseudo true value G(m)
associated with g,, on H, which is defined by G(m) = E[m |
Z = z].

We establish asymptotic distribution of the encompassing
statistic Smg in relation (11) when the conditional mean
functions m and g defined in (1) are estimated using the k-
NN regression method. We now provide asymptotic normality
of the encompassing statistic of functional parameter for time
series.

Theorem 4.1. Suppose that assumptions 2.1-2.3 hold, then
under H, we have:

Vkbm g(2) = N(0,7.6%) in distribution as n — co.
(12)

where v a positive constant which is equal to 1 when one
considers uniform weights.

Proof of theorem 4.1. We have the following encompassing
statistic when replacing the estimator of g, and G(m,,) at a
given point z:

n

(O w(z ~ Zymu(x)

t=1

- 13)

w(z = Z0)(Y; = mlx)) + VR w(z - Z)(m(x) — my(x1))

t=1

where C is the first expression in RHS of the equality which is a k-NN regression of ¢, = Y; — m(x;) on Z; scaled by the
coefficient vk. Under H and with the assumptions of theorem 4.1, from Theorem 1 in [20], we have :

C — N(0,v.0%) in distribution as n — oo.

(14)

For the second expression D, we can bound it by taking its supremum with respect to z;, so we get:

|D| < S'U'pwf,\/amn(xt) - m(xt)‘

< Supy, VElmn (20) — Blma(@0)]| + Sups, VEIElma(20)] — m(z)|

= D1+ D2

5)

Using the expression of the bias for ¢-mixing processes in Lemma 1 [16], D2 becomes:

Dy = (Sup,, Az))O(5) ) VR

(16)

which vanishes to zero when assumption 2.3 holds. A(.) is a function which depends only on z; and its expression can be found

in [20].
Concerning D, we can obtain the following inequality:

Dy < Supe,Vk|my, ()
=Fl+E2+ E3

= m ()] + VE|ma (2) = Elma (2)]] + Sups, VE| E[ma ()] — Efma(2.)]]

a7
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If we denote by r; the distance between x; and its k!*  m,(z) are given by:
neighbors, then the two nearest neighbor estimates m,, (x; ) and

n

my(x) = Zw(x - X)Ys and m,(x4) Zw Y, (18)
s=1

s=1

where w(x — X) = 0 when ||z — X|| > r, forall s = 1,...,n and w(z; — X) = 0 when ||z — X,|| > r; or s > t. So, using
relation (18), we have:

Ey = Sup, VE| Y (w(x — X,) —w(z, — X,))Yi| <Supmzf (19)

s=1
where the last inequality comes from Sup,, |(w(z — X;) — EFi < M % which goes to zero as n goes to infinity
w(zy — X)) < < for some positive number cp. e assumption 2.3

If Sup,, 00, ||Ysl| < oo, Ep is negligible.  Else
Supg, > or; |Ys| = oo which could be Sup,, > i, |Ys| ~
log(n) around infinity for a given positive real M, then

Concerning F, for a given non zero real sequences a;,,, we
have:

= Z (& — X0)Y; — Ew(x—Xt)Yt)\—ﬂZamwt (20)

t=1

where ¢, = L —(w(z — X4)Y; — Bw(x — X¢)Y;). Applying Tchebyshev inequality on E, for € > 0 we have:
P(|E2| > €) = P(Vk| Zamwt| >e) < - E Zami/)t 1)

We know that E'i, = 0 and 1), is a ¢-mixing process, then  choose a;, according to gcAn — 0asn — oo, then £ — 0
from inequality of[50] relation (21) becomes: P(F; > €) <  in probability. For the last expression E3, using relation (18),
6%&4” with ¢ is a constant and A, = Y ;' a7, where we we obtain the following result:

By = Sup,, VE|Elm, (2)] — Elma(20))| = Supo, VRIS Bl(w(e - X,) - w(z, - X,))Y.]| 22)

s=1

Using iterated conditional expectation, we have:

By = Sup, VY _ El(w(z - X,) - w(z, — X,))E[Y, | X,]]

n (23)
= Sups, VE| Y El(w(x — Xs) = w(z, — Xo))m(X,)]|
s=1
One can write m(X,) = m(Xs) — m(z) + m(z) and then (23) becomes:
Es = Sups, VE| Y El(w(z — X,) —w(z: — X)) (m(Xs) —m(z) +m(x))]
. (24)
= Supy, \/El Z El(w(z — Xs) — w(z — Xs))(m(Xs) — m(z))]]
s=1
When m(.) satisfies the Lipschitz condition, then relation (24) gives the following inequality:
E5 < Sup,, (C\/EZ Elw(z — Xg) — w(z: — X)||| Xs — 2|)
s=1
(25)

< cr\/ESupxt(ZElw(x - X;) —w(@e — X))
s=1
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then under assumption 2.3 the RHS of the inequality (25)
vanishes since Sup,, (> o_, Elw(z — X;) —w(z — X,)|) <
o0. So FEs goes to zero as n — oo. Thus, the proof is
established.

Next, we will consider the mixed situation where the owner
model has parametric specification and the rival is from
nonparametric method.

S. Encompassing Test for Parametric vs
Nonparametric Case

In this section, we consider the case that model M
is a linear parametric model and My is estimated by
nonparametric techniques. Therefore, through out of this
section, the hypothesis # will have linear parametric
specification. The encompassing statistic associated to the null
M 1E M can be written as follows:

06,9(2) = gu(z) = GL(B)(2), (26)

VE=185,4(2) = VE = 1(ga(2) — GL(B)(2))

where G, (B ) is an estimate of the pseudo-true value
Gr(B)(#) associated with g, on H, which is defined by
GL(B)(z) = B'E[X | Z = 2]

In this section, we assume that we estimate the rival model
M using k-NN regression method where the owner model
My is still with linear parametric specification. The following
theorem provides the asymptotic behavior of the encompassing
statistic introduced in relation (26).

Theorem 5.1. Assume that the relation (4) and Assumptions
2.1-2.3 are satisfied.

Then under H, we get:

VE —165,4(z) = N(0,%) in distribution as n — oco.
27)

where ¥ = o2 with ~y a positive constant which is equal to 1
when one considers uniform weights.

We now provide the proof of this theorem.

Proof of Theorem 5.1. We now prove the case that the owner
model M, is the linear regression parametric and the rival
model Mo is the k-NN regression nonparametric. We write
the encompassing statistic as follows:

n

=Vk— 1(ZW(Z _ Zi)}fi S oW Zi)B’Xi)

R

ATy W

= N; + Ns.

We mention that this equality 28 holds since the difference
VE=TY L, W23 X, —VE— 13, W(52)5X,
is negligible.

For the first expression Ny = vk —13" | W(zgzi )€is
with ¢; = Y; — 5’ X;. When Assumptions 2.1-2.3 in Theorem

5.1 hold, then using result in [20], we have:

Ny — N(0,%) in distribution as n— oco. (29)

where ¥ = c.0? [‘w?(u)du.

For Ny = (8 — B)YVEk—1Y7, W(ngi)Xi, under
Assumptions 2.1-2.3, we know that the estimate /n(8 — f3)
converges in distribution to a normal law Z with mean zero

and variance. The remaining part of N, the other expression

\/5? S W Zéz’i )X, converges in distribution to zero.
Thus, from Slutsky’"s theorem, V5 tends to zero in distribution.
This result is achived from the uniform convergence in [20].
Thus, the proof of theorem 5.1 is established.

We now consider the last case where the owner model M
is a nonparametric method and the rival model M5 is a linear

parametric model.

6. Encompassing Test for Nonparametric
vs Parametric Case

In this section, we consider the owner model M to
be estimated using a nonparametric method and the rival

=1 n

. ©8)
BX) +VE-1Y. W)X - )
=1

n

model Mo to be a linear parametric method. Therefore, the
encompassing statistic associated to the null ME M, is given
by: .

Omy =5 —A(mn),
where 4(m,,) is an estimate of the pseudo-true value ~v(m)
associated with 4 on #, which is defined by y(m) =
(E[ZZ'))"'E[Zm]. We estimate the unknown conditional
mean m associated to the model M using the nonparametric
k-NN regression estimate.

We state in the following theorem the asymptotic normality
of the encompassing statistic in relation (30).

Theorem 6.1. Assume that relation 4 is satisfied. Moreover,
suppose that Assumption 2.1 holds and the k-NN estimate m,,
and the process (Y, X, ), satisfy assumptions 2.2-2.3.

Then under H, we get:

(30)

Vb — N(0,Q) in  distribution as n— oo. (31)

where Q = plim,lﬁooVar(\/ﬁgmy.y), in particular for
independent case 2 = 02(E[Z'Z]) L.

Proof of Theorem 6.1. We mention that the functional
parameters m,, is from k-NN regression estimate. We rewrite
the associated encompassing statistic as follows:
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where L; corresponds to the first expression in the RHS of the
equality (32). It coincides to the linear regression of the error
eon Z, with ¢; = Y; — m(z;).

When the processes sastify assumptions in the last theorem,
then the normality asymptotic of the first expression L is
achieved using the normality asymptotic result for dependent
processes in [41]. Similarly, the second expression Lo
vanishes from the same asymptotic normality of linear process
in[41]. This completes the proof.

7. Remarks

In this section, we discuss the convergence rates and
asymptotic variances of previous results on the asymptotic
normality of various encompassing tests as well as the ¢-
mixing dependence measure. If possible, we will also attempt
to draw comparisons with related results in the literature.

The asymptotic behaviors of encompassing statistics are

driven by the rival model whose features are intended to be
accounted in the owner model. This preserves the essence
of this specific encompassing test among the model selection
based on residuals, which is an important consideration. We
then have two categories of convergence rates according to the
rival model. We achieve convergence rates of order k—1/2 for
the nonparametric rival model, and n~1/2 for the parametric
rival model. These rates are the same as in the i.i.d. case
[42]. This makes our results comparable with those obtained
from kernel regression. The latter is equal toh,n? ™% where
h,, is the bandwidth [1]. The method with the faster rate of
convergence depends on the value of bandwidth h,,.
The mixing conditions typically affect the variance of the
statistics, especially in a finite sample. However, when
working with ¢-mixing processes, the asymptotic variances
of the tests are well-defined due to the fast decay of their
mixing coefficients. An important issue for our encompassing
statistics with the k-NN regression is that the asymptotic
variances do not depend on the density. This kind of
dependency typically arises in encompassing tests with kernel
regression [1, 43].

The strength of a phi-mixing sequence lies in its ability
to produce faster convergence rates for test statistics in
nonparametric regression [51]. However, the application

(32)

of the ¢-mixing is limited in practice. Extending it to
weaker dependence frameworks beyond classical mixing
would significantly broaden the applicability of nonparametric
tests, allowing the verification of dependence conditions
in nonlinear time series, Markov chains,and econometric
dynamic models. Under these frameworks, many tests retain
asymptotic validity or non-asymptotic performance guarantees
[10, 33]. This would enable nonparametric inference to be
used in high-dimensional statistical analysis, representing an
important step forward.

8. Conclusion

As stated in [24] that the work of [1] is the starting
treatment of encompassing tests to functional parameter based
on nonparametric methods. We have extended that work
first to nearest neighbor functional parameter estimate for
dependent process.

To summarize our results, testing the encompassing
hypothesis M;EM, needs asymptotic distribution of the
corresponding statistic due to the lack of exact distribution.
Specification of the encompassing test will depend on the type
of M; and M. Modelling of M; can be either parametric
or nonparametric. We face the same situation for Ms. We
summarize in the table below the corresponding encompassing
statistics.

We have focused on the three encompassing statistics
without the completely parametric regression models. We have
established the asymptotic normality, using linear and nearest
neighbor regression methods, M1E Mo, that is

ando, 9, — N(0,%) in distribution as n — oo.

(33)
where the order of convergence a,, and the asymptotic variance
Y = plimpVar(ande,e,) depend on the regression

method used and on the dependence structure of the processes.
One major limitation of our results is their application to real
data, due to the stronger dependence structure. It is extremely
challenging to verify the mixing condition in real data.
We would like to mention following possible perspectives.
It would be interesting to obtain similar results with weaker
dependence conditions. Developing encompassing tests that
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incorporate at least one nonparametric method could be
seen as new research directions in theory and practice.
The implementation of findings in any statistical software
could also accelerate this progression and its application to
econometric modeeling.
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Abbreviations

CLT Central Limit Theorem

DGP Data Generating Process
GARCH  Generalized Autoregressive Conditional
Heteroskedasticity
GETS General To Specific modeling
KLIC Kullback-Leibler Information Criterion
k-NN k-Nearest Neighbor
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