Afrika Statistika

Afrika Statistika
Vol. 13 (3), 2018, pages 1717 -1732.
DOI: http://dx.doi.org/10.16929/as/1717.130

ISSN 2316-090X

Estimation of a stationary multivariate
ARFIMA process

Kévin Stanislas MBEKE !, Ouagnina HILI'*

! Laboratory of Mathematics and New Technologies of Information, National Polytechnic
Institute Félix HOUPHOUET-BOIGNY Yamoussoukro, P.O. Box 1093, Ivory Coast

Received on May 15, 2018; Accepted on July, 2018

Copyright © 2018, Afrika Statistika and The Statistics and Probability African Soci-
ety (SPAS). All rights reserved

Abstract. In this note, we consider an m-dimensional stationary multivariate long
memory ARFIMA (AutoRegressive Fractionally Integrated Moving Average) process,
which is defined as : A(L)D(L) (y1(t), .., ym(t)) = B(L) (e1(t), ... em(t)) . where M’
denotes the transpose of the matrix M. We determine the minimum Hellinger dis-
tance estimator (MHDE) of the parameters of a stationary multivariate long mem-
ory ARFIMA. This method is based on the minimization of the Hellinger distance
between the random function of f,(.) and a theoretical probability density fy(.). We
establish, under some assumptions, the almost sure convergence of the estimator
and its asymptotic normality.

Résumé. Dans cette note, nous considérons un processus ARFIMA (AutoRegressive
Fractionally Integrated Moving Average) stationnaire multivarié a longue mémoire
défini par : A(L)D(L) (y1(t), ..., ym(®)) = B(L)(e1(t), ... em(t)) . ot M  représente
la transposée de la matrice M. Nous déterminons le minimum de distance de
Hellinger d’'un estimateur (MHDE) de parametres d'un processus ARFIMA station-
naire multivarié a longue mémoire. Cette méthode consiste a minimiser la distance
de Hellinger entre la densité de probabilité théorique fy(.) et une fonction aléatoire
fn(.). Sous quelques hypothéses, nous établissons la convergence presque stire de
I'estimateur et sa normalité asymptotique.
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1. Introduction

The last decades of macroeconomic and financial economic research have resulted
in a vast array of important contributions in the area of long memory modelling.
From a theoretical perspective, much effort has focussed on issues of testing and
estimation. Time series with long-range dependence appear in many contexts. This
paper studies parameter estimation for the ARFIMA model. These processes take
into account, in a modeling, the presence of long memory component in the study
of a time series. The long memory phenomenon has provided econometricians
with processes that take low frequencies into account. Such processes allow to
get forecasts to far horizon. This motivates our study. Multivariate processes with
long-range dependent properties are found in a large number of applications
including finance, macroeconomic and neuroscience. Statistical analysis of such
data is challenging because multivariate time series present phase phenomenons.

In this note, the objective is to determine the minimum Hellinger distance estima-
tor (MHDE) of the parameters of a stationary multivariate long memory ARFIMA.
Granger and Joyeux (1980) and Hosking (1981) have proposed the ARFIMA (p, d, q)
model to define a time series, which presents a character of short or long memory
following d. For 5! < d < 0 the process is short memory. For 0 < d < 1 the process
is long memory. This long memory property is characterized by a slow decay of the
autocorrelation function or the sum of unfinished autocorrelations. The process
is non-stationary for d > 1 and stationary for d < . In spite of ARFIMA process,
the notion of long memory has been widely discussed by the authors such as
Bitty and Hili (2010) for linear processes with long memory, N'dri and Hili (2013)
for Strongly Dependent Multi-Dimensional Gaussian Processes. Mayoral (2007)
proposed by Minimum Distance a new method for estimating the parameters of
stationary and non-stationary ARFIMA (p, dy, q) process for dy > —0, 75.

Our study is essentially based on the long range dependence process as in Kam-
agaté and Hili (2012). Kamagaté and Hili (2012) and Kamagaté and Hili (2013)
estimated by the Minimum Hellinger Distance method a stationary univariate
ARFIMA process and by the quasi maximum likelihood approach a non-stationary
multivariate ARFIMA process.

In this paper, we generalize the results of Kamagaté and Hili (2012) to the
multivariate case. We consider an m-dimensional ARFIMA stationary process
(y1(t), ..., ym(t)) following d < 1 which is generated by

AL)D(L) (11(8), -+, ym (1)) = B(L) (e1 (1), - ., em (D))

where M’ denotes the transpose of the matrix M. After the invertibility of the
above process, we establish the consistence and asymptotic normality by using
the Minimum Hellinger Distance method. The reasons for choosing this estimation
technic lie in the fact that these estimators obtained are efficient and robust (cf.
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Beran (1977)).

The two main results of this work are the almost sure convergence of 6, to 6 and
its asymptotic normality. This convergence is a consequence of Lemma 1 and
Lemma 3.1 in Hili (1995). Lemma 1 is demonstrated in three steps by applying
Prakasa-Rao’s (1983) inequality and Borel-Cantelli’s inequality. Asymptotic nor-
mality is a consequence of Lemma 2 and Lemma 3 proved by Beran (1977) and
Wu and Mielniczuk (2002) respectively.

The paper is organized as following. After some notes about the estimator, in
section 2, we present a multivariate ARFIMA model. Section 3 is devoted to
the estimation of parameters including the consistency of the estimator and its
asymptotic normality. In section 4 we establish the main results of this work.

We denote by 6 the vector of parameters of interest composed of (di,...,d,) and
matrix coefficients. The Minimum Hellinger Distance estimator of § is defined by

~

en: in H. n; 5
arg min 2 (fn, fo)

where Hs (f,, fo) is the Hellinger Distance defined by

0= { [ 1) - b )

The Minimum Hellinger Distance minimizes the Hellinger Distance between f,, and
fo. fo(.) is a theoretical probability density, f,(.) is a random function of £(¢) and
fn(.) a non-parametric kernel density estimator of (¢) defined by :

Sl

_ 1 - T — /E:(t) m
no=1 n

where K : R™ — R+ is a kernel function and (h,) is a sequence of bandwidths
and f: R™ — R+.

2. Multivariate ARFIMA model

The multivariate ARFIMA model was introduced by Sowell (1989). We consider an
m-dimensional ARFIMA stationary process (yi(t),...,yn(t)) following d < i which
is generated by

A(L)D(L) (y1 () - ym(t)) = B(L) (e1(1), - -, em(t)) (4)

where M’ denotes the transpose of the matrix M. L is the backward shift operator
which, to any element of a time series, associates the previous observation as

Xy =X,—j, jeEN,
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{e1(t),...,em(t)} are white noise processes that follow the normal law of mean zero
and covariance

r{ei(t),ei(s)y =6 (t,8) by,  i,5=1,...,m
Denote by K = (k;;) the positive definite covariance matrix. The expression D(L)

defined in (4) represents a diagonal (m x m)-matrix of the fractional difference
operators of backward shift defined by

(1-L)" 0
D(L) = 0 - 0
: 0 (1— L)

. o T(k—d
Wﬂlﬂ—ﬁd:1+2;4é_®ﬁ

function such asT'(j+ 1) = j!..

L* and dy,...,d, € (—3.%). I'(.) is the gamma

N[

Let A(.) and B(.) be matrix polynomials in L of degrees p and ¢ respectively defined
as hereinafter by :

ALy =1—AL—...— AL,

B(L)=I1+BL+...+ B,L,

where I represents the (m x m)—identity matrix. The det A(L) # 0 and det B(L) # 0
are, respectively, the characteristic polynomial of the matrix polynomials A(.) and

B(.). We assume that the roots of characteristic polynomial are all outside the unit
disk.

Odaki (1993) and Hosking (1981) showed that the process is invertible for d > —1
and stationary for d < 1. Taking into account the conditions on the polynomials,
the process (4) is invertible and causal and admits a representation of an autore-
gressive process of infinite order as following :

210 yi(t)
B(L) [ = AL)D(L) [+ ],
Em (t) ym(t)
e1(t) yi(t)
b = BE@)TALDEL) | ] (5)
em(t) ym(t)
Let (B(L))"" A(L) = C(L), the equality (5) can be written as follows
e1(t) c11(L,0) -+ cm(L,0) y1(t)
: = : = E D(L) :
em(t) Cm1(L,0) -+ cmm(L,0) Ym(t)

Journal home page: wwuw.jafristat.net, wwuw.projecteuclid.org/as



K.S. Mbeke, and O. Hili, Afrika Statistika, Vol. 13 (3), 2018, pages 1717 —1732. Estimation
of a stationary multivariate ARFIMA process 1721

and

e1(t) y1(t —j)

: =) ;(0) :
Em(t) =0 Ym (t = 7)

where § = (A4;,d;, B;) € © C R is the vector parameters of interest. For 0 < i < p,
1<l <mand0 < j < ¢q. ©is a compact set. n = m[m(p+q) + 1]. {\I/j(ﬂ)};.io
are (m X m)-matrix associated with the entire series development of the matrix
polynomial C(L)D(L) in power of L such as >, [¢rs(j)| <oofor1<r s <m.

Let y. for 1 < i < n be the observations. The innovations (e1(¢), ... ,Em(t))/are not
observable, they are estimated by

g1(t) y1(t —j)

= > U (0)
3=0

~

Em(t) Ym (t - ])

3. Parameter estimation

To establish the consistency and limit law of the parameter, we need the following
assumptions :

Assumption (A1)

1. E(lg)®) < +oo for s > 1.

For all (u,v) € R*™, we have :

Jam K2 (u)du < 00, [g,, ui K (u)du =0for 1 <i<m;

Jam v K (u)du =0, [q,, ufK(u)du < oo for 1 < j<m;
There exists ¢ > 0 such as sup,cpm |[K(u+v) — K(u)| < c|v|.

=N

Assumption (A2). For each § € © and each x € R™, the functions =z — fy(z) and

0 — fe% (z) are continuously differentiable and ¢,’s admits a density absolutely
continuous with respect to the Lebesgue measure R™, positive in a neighborhood
of the origin.

1
Assumption (A43). For each z € R™, the functions 6 — a%j f7(z), for 1 < j < g and

0 — 69‘?7;% fé (x), for 1 < j, k < q are finished, continuous and defined in L?(R?).

Assumption (A4). h,, = n*L(n), where —1 < o < 0 with £ a slowly varying function.

L
lim b, =0, lim nh, = oo, lim 29 _1 450
n—-+oo n——+oo n——+oo ,C,('n,)
For each 6 € © ,sup,cpm | %(x) |[<o0,i=0,1,2,---and k=1,--- ,m.
k
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Assumption (A5). For 0, §' € ©, § # ¢ implies that {z € R™/fy(z) # fy ()} is a set
of positive Lebesgue measure.

Assumption (A6). We suppose that there is a constant M such as
sup,cpm f(2) < M < oo.

We obtain the following almost-sure convergence theorem and asymptotic distri-
bution laws.

Theorem 1. Supposing that assumptions (A1)-(A6) are satisfied. Then 0, converges
almost surely to 6 for all € R™. We denote by :

(o) = £ 0. dn(e) = 2 ) = T Soe) = | [ anp(ala] ot

when these quantities exist.

Theorem 2. labeltheoremHAZ2 Supposing that assumptions (A1)-(A6) are satisfied
and that the following conditions:

Condition C1 : The components of g9 and gy are in L, and if the norms of these
components are continuous _functions of 6.

Condition C2 : [, jo(z)ge(x)dz is a non-singular (n x n)-matrix,
hold. Then the limit distribution of \/n (§n - 9) is N (0,%2), where

»? = i [ / . go<x>gé<x)dx] h - K (u)du.

4. Proof of the theorems

We need the following lemma to prove Theorem 1.

Lemma 1. Supposing that assumptions (A1) and (A2) are satisfied. Then

fu(x) — fo(x) =0 a.s when n — +oo.
Proof. By the triangular inequality, we have

sup |fn(z) = fo(z)| < (a) + (b) + ()

where 3
(a) = sup |fn(z) — fn()]
zER™
(b) = sup |fu(x) — Efu(2)]
reR™
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(c) = sup [Efu(z) — fo(@)].

rzeR™

Let us split the proof in three steps.
Step 1 : The convergence of (a) to zero after inversion of the process (4).

Considering the conditions on the polynomial functions A(L) and B(L), the pro-
cess (4) is invertible and can be rewritten as a representation of a autoregressive
process of infinite order.

We consider two density functions f,,(.) and f,(.) respectively of £, and ¢,. By as-
sumption (Al), we have

~ C n
sup | fp(x) = fu(2)] < T Z [, II,
n t=1

reR™

where
m(t) e1(t) —&i(t)
n, = : = : .
M (t) em(t) = Em(t)
where 7, represents the rest when truncating the series from n,

o0

n, = Z \I/j(H)Qtij.

Jj=n+1

We adapt the notion of invertibility according to Granger and Andersen (1978) as
below

—+oo
. N2 2 2
lim F(g, —&) =% E (U < 00.
t—Foo (725 7t) J,n—1
j=n+1

Let’s examine the following expression

( 23

E > lIn |>
+1 P

nhn ™ S

We note by

2

1 n
X = NS Z Hﬁt”
n t=1

) 1 n ) 1 n n
E(x)"=E <th2m+2277t|| +2F WZZ”@HMSH

t=1 s=1
t<s
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For all reals v > 0 and v > 0,

1
uv < 3 (u2 + 112) (6)
then

5 1 n n n
B0 < B (g 3o ) 4 o | 3l Yol
n t=1

t=1 s=1
t<s

&
=
[N~}
|

n n
hz,m_;'_g E Z ||T] 2) h27n+2 E Z ||ﬂ5 ||2

(

n 2 n
Z ||77t2> + WE Z ||ﬂs||2

t=1

< ———F
— n2 h2m+2

t<s

s | £ (S ?) + £ | o

t<5
2

We will now focus on the expressions of (d) and (e).

d=E|> 1 > v0y, I e=E{(> I > vi®y, I

t=1 j=n+1 s=1 j=n+1

. P, .
Let’s consider > 57 ieni1 Vi (0)y @ vectorial series in R™ vectorial space.

0o N
> YOy, = lim W)y, .
j=n+1 j=n+1

By the triangular inequality, we have

2

n N
d< By Jm (> 190,
t=1 j=n+1
Therefore
n N N N
d<E i Z 12 (O)y, II* +2 >y 15 (@)y, _II1P:(0)y,_,l
t=1 j=n+1 J=n+1l=n+1

j<l
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Using inequality (6), we have

N N N
2 ) > 1Oy, @y, = > 10y, I°+ Z 1:(0)y,_,II”
J=n+1l=n+1 J=n+1 l=n+1
J<li j<l
Consequently
n N
. 2y 2
d<2m |3 i | S I S 1,
t=1 j=n+1 l=n+1
i<l
. 2
<o | 3 (St ) > (S || @
t=1 j=n+1 ln—}-l =1
1<

where ¢; ;; and v; ;; are the coefficients of the vector ¥;(6)y i By using the same
argument as in (d), we obtain

SIS w1

s=1 j=n+1l

(9]
|

n N N
<28 [ dim [ 30 w0, P+ S 1Oy, P
s=1 j=n+1 l=n+1
j<i
n m N m
. 2
<om (S | 3 (Tuta) e 3 (Sen) || ®
s=1 j=n+1 =1 = n+1 =1
<l

where v; ,; and 1); ; are the coefficients of the vector ¥; (6 )g e . Odaki (1993) char-
acterized the invertibility of the process by a function f,(d) defined as following
1/n for0<|d|<i
fald)=q P ford=
1/n% (1'+d) ford< —%

Odaki (1993) also showed that the order of magnitude of the sum of squares of
these coefficients is

sz = () ifde(-1/2;1/2). ©)

By (7), (8) and (9), we have
c 1 1
n2hﬁm+20 n) = ° n3hymt?

1
-0 <n2ma+2a+3£2m+2(n)> :
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Then

= 1
sup 1a(0) = o) = 0 (merzerspmeay ) when n oo

IG]R""
up ni () — 1 L
956%5" n|fo, (x) — fu(z)| =0 et Lam 2 ) when n — oo.
1
Hence the convergence of (a) to o -
n2ma+2a+j £27n+2 (n)

where 2ma + 2o + 14—1 > 0.

Step 2 : We will now prove the almost sure convergence of (b) using the Prakasa-
Rao’s (1983) inequality

By Prakasa-Rao’s (1983)’s inequality , we have

splogm

snlogm n m €
_ onteITt ) < ____m
P(Ifn(w) Efu@) [> ¢ 2 >_2exp 2

Let’s consider a sequence (s, ),cn+ defined by
S,, = nh,

where h,, is a sequence of bandwidths satisfaying Assumption (A4). Let choose (h,,)
such that
hy =n%n(n); s, =n'Tn(n) with —1 < a <0.

-1<a<0& 0<l+ax<l
& 0<n!te <n.
Then for n > 1, the general term sequence s, is positive. Let’s examine the limit of

S, = n'*t%In(n) and S"L(n)
n

0<l+a<l= Ilm S,=+x

n—-+o00

0<l4+a<l= Ilm M

n——+00 n

=0.

1 z— . .
Let be 6,, (x,g,) = h—mK ( hg* ) there is a positive constant ¢y such as
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We can rewrite the Prakasa-Rao’s (1983) inequality as following

P <| fu(@) = Efp(z) |> ¢ th:y”) < 2exp (—m) )

= 1 = T — g m

t=1
By Assumption (A6), we have

QZSCOMT<OO,
n

and it follows,

P (| fule) ~ Efu(e) |> niein(n) < 2exp (WW(”)>
Q
i r 7 2041 52n2“2+3 ln2(n)
: <n SUp | ful) = Efal@) [>n- Eln(n)) < 2exp <Q> . (10)

We will now dominate the next expression

P (ni sup | fn(z) — Efn(z) |> nmjlsln(n)) .

reER™
By Assumption (A4), we obtain

“l<a<0&e 1<22a+3<3
2a+3

S l<n 2 <
2u12
en~inT(n

¢>0<7()<oo

Q

where p = 222 > 0. There exists a sequence (V,,) such as V,, = Bin(n) with g > 2
for a certain rank

e2ntin?(n)
——= > Bln(n
0 (n)
e>1
under the constraints n>1
Q>0
©w>0
Then
SQn“an(n)> P
ErPp\ —— | > n".
( Q
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Therefore

e2ntin?(n) 1
erp 0 <. 5

By Inequality (10), we have

1 ~ ~ 2a+1 2
IP’(TH sup | fo(z) — Efp(z) |> nfeln(n)) < =
TER™ n
~ 2a+1 2
P(nz » » e < il
SF(nt sup | i) = BL o) [ 0 etni)) < Y%
n>1 n>1
Z]P’(n4 sup | fu(z) — Efn(z) |> nzajlsln(n)) < Ho00.
n>1 weR™

By using the Borel-Cantelli’'s Lemma, we have

ni sup | fu(@) — Efyu(x) |=0a.5s whenn — oo.
T€R™

Hence the almost sure convergence of < fulz)—E fn(m)) to zero.

Step 3 : Let us show the convergence of the bias (c). By (3) we have
~ 1 n r—&;
E(f"(x)> i (;K< I ))
1 Tr—e€
= —E(K =
e (0 (52))

= him RmK <Ihnz> fo(z)dx

n

= K(v)fo (x — vhy) do.
]Rm

By using the Taylor’s expansion in a neighbourhood of z and under Point (3) of
(A1), we obtain

m afa h”% m m 82f9
fo (x —vhy) +Z )k + 7;}; Day 0 (z)vjvr + o (h2)
E(fal@) = fol@) = | K@)4o(e—vhn)dv = fo@) | K(v)dv
R™ Rm
= [ K)oz vha) ~ fo@)]do

PN e S~ oy o 2
sup |Efn(z) = fo(x)] < K(v) Z\ 922 5 (@)|vg + 0 (hy) | dv

reR™ R™

IN

Ah2 - K(v) [v} + o(1)] dv,
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where

LR 9%
A7§; Ox (@).

Under (A1) and (A4), sup,cpm |Efn(x) — fo(z)| — 0a.s when n — oo

N

The convergence of (a),(b) and (c) implies Lemma 1. O

Beran (1977) and Hili (1995) consider F the set of all densities with respect
Lebesgue measure on R. We define the functional 7' : F — © as following Let be
g € F we set

A(g) = {9 €0©: Hy(g,fo) = min Hy (9, fe)}

where H, is the Hellinger Distance. If A(g) is unique, then T'(g) is defined as the
value of this element. Elsewhere, they choose an arbitrary but unique element of
A(g) and call it T'(g).

proof of Theorem 1. Theorem 1 is a consequence of Lemma 1 and Lemma 3.1 in
Hili (1995). We have

sup | f(@) = fo(2)| < sup |fu(@) = fu(@)|+ sup |fu(z) = Efa2)|+ sup |Efu(z) = fule)].

rER™ zER™ zER™ reR™

By Lemma 1

[fn(x) — fo(x)] = 0 a.s whenn — +oo.

Hence
P {ngrfoo fi(x) = fg(x) forall x} =1.
Since
fn(x)dz = fo(x)dz = 1.
R™ R™
Consequently

Sl

(z) — fj (x)|2daj} — 0 a.s when n — oo.

(o) ={ [ 11

By Lemma 3.1 in Hili (1995), T (fs) = 6 uniquely on ©, then the functional T is
continuous at fp in the Hellinger topology. Therefore

O =T (fu(2)) = T (fo(2)) = 0

almost surely when n — oc.
This achieves the proof of Theorem 1. [J

Proof of Theorem 2. Lemma 2 and Lemma 3 below were respectively proved by
Beran (1977) and by Wu and Mielniczuk (2002).
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Lemma 2. Let’s suppose that assumptions (A2) and (A5) and the conditions C1
and C2 of Theorem 2 are satisfied and that 0 lies in interior of ©. So for any density
sequence { f,,} convergent to fy in the Hellinger metric, we have

Sl

T (fa@) =0+ | Sol@) [£i (@) = £ @) do+ Ru [ go(a) [£ @) = £ (@)] do

Rm
where R, is a non-singular m [m(p + q) + 1] —matriz whose components of \/nRn tend
to zero when n — +oo.

Lemma 3. Let’s suppose that assumptions (Al), (A2) and (A4) are satisfied, then
N (O7 fo(x) me K2(u)du) is the limit distribution of v/nh,, [f,(x) — fo(z)].

Proof. Let us focus now on the proof Theorem 2, referring to the above lemmas. By
Lemma 2, we have

T(fa(@) =0+ | Sp(x) [ fax) - f2 (x)} dv+ R, | go() [ fax) - f2 (x)} dz.
-

Rm

Since T (f,(x)) = 6, and by multiplying the equation above by /n, we have

Vi (8., -6) = va dol@) [£3 @) = £} @) da.

m

So(o) [£(0) ~ £ (@)] do -+ ViR, |

R™

The components of \/nRy — 0, when n — co. Then
NG (ﬁn - 9) = L + 0,(1),
where

Lu= i [ o) [ @) = 1§ @) da.
Let's examine the limit law of L, to deduce the limit law of \/n (@L - 9), where
Sgl($) € L, and Syl f7 where L means orthogonality in L,. By assumption (A42),
[# () > 0 and the following algebraic equality we can rewrite L,,.

3y = (@) l—fa(l‘) B (fol@) = folx))® .

2@ ogpw) (M) + @)

=
S~—

D=

—~ 2
20f @  2f3 @) (F @)+ £ (@)
by distributivity in (11), we have
L= [ So(a)lnt®)—Jo@ . (12)
R 2/ (z)
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where

E,=—Vn ! : :
/Rm 2f2 () ( fi(@) + 17 (m))

Using inequality
1/ 01 1\2 3 3
2f (i +17) =20 +7>2)  with 7>0,
and posing § = inf.crm f(2), we can take FE,, in absolute value as following

‘En' S \/ﬁ 1 lfe(x” 1 2
oy @) (13 @) + 57 (@)

(fu(@) = fo(x))* da.

1So(z)|
rm 203

%5%3 / 1So(@) VR (Fal) = fo(@)? d

|Ea| < v/ (falz) — folz))* da

IN

By Lemma 1

ni sup | fu(z) — fo(x) | > 0a.s whenn — oo
TER™

then
Vi (fa(@) = fo(z))* = 0 a.s  whenn — co.

Sp is continuous and bounded (for ¢ fixed). By applying Vitali’'s Theorem on the
sequence

Wo(z) = |Se(2) |V (falz) = folx))?

|E,| — 0 in probability when n — cc.

Let us consider the first term on the right of equation (12)

Vvn Sg(x)Mdm. (13)
R 2/ (x)

Therefore, by Lemma 3, the limit distribution of (13) is N (0,%?), where

) Sp () Sp(x) t 2
n2 —_ — K= (u)dufo(x)dzx
/Rm ( 2f0§ ) ( 2](‘65 > /]R'rn ( ) f&( )
_ i So(2)S5(x)dx | K2(u)du
Rm R”YL

HI @it [ K2
i awsae]
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Hence, we get the result. O
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