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ABSTRACT

Multivariable additive nonparametric regression model is a nonparametric regression model that involves
more than one predictor and has additively separable function on each predictor. There are many functions
that can be used on nonparametric regression models, such as the kernel, splines, wavelets, lokal polinomial
and fourier series. This research focuses on multivariable additive nonparametric regression models as a
result of between non trend fourier series. The estimation method that be used to obtain the estimators is
Penalized Least Square. This method requires the estimation of smoothing parameters in the optimation
process for obtaining the estimator of multivariable additive nonparametric regression model that has been
successfully obtained, which consists of an estimator of fourier series non-trend. The results of this
theoretical study shows that the Penalized Least Square method works simultaneously for obtaining the
estimators of the smoothing parameters and nonparametric regression models parameters as a result of non-
trend fourier series which are additively separable.

Keywords: , Fourier Series, Multivariable nonparametric regression, Non-Trend.

1. Introduction more widely applied to solve problems in various

Parametric regression is the method which
is most often used to complete the modeling of the
relationship between response and predictor
variables when the shape of the functional
relationship is known or assumed to follow a
specific function. In practice, parametric
regression is often not conform to represent the
relationship between response and predictor
variables because of unknown form of the
functional relationship of both variables. In the
last decade, it has much to do with studies on
nonparametric regression is used to resolve the
relationship between response and predictor
variables when information is unknown functional
relationship. Along with the development of
computing and some limitations on the parametric
regression model nonparametric regression
requires many assumptions that have become
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fields of applied (Mahler, 1995; Berem and Feng,
2001).

Some research that associated with
estimator in nonparametric regression model can
be seen in Manzana (2005), Okumura and Naito
(2006), Yao (2007), Kayri and Zirhlioglu (2009)
for the kernel estimator. Eubank (1999), hang
(2006), as well as Budiantara et.al (2010) for the
spline estimator. Su and Ullah (2008), He and
Huang (2009), as well as Qingguo (2010) for local
polynomial estimator. Qu (2003),
Rakotomamonjy et.al (2005), and Taylor (2009)
for the wavelet estimators. Bilodeau (1992), Faber
(2004), Silverberg (2007) and Gaitchouk et.al
(2009), Sudiarsa, at.al (2015) for the Fourier series
estimator.

Recent developments relating to research
on nonparametric regression model shows that the
Fourier series is one of the alternative estimator
that end - the end is much studied and developed
by researchers nonparametric regression. Dc Jong
(1997) is a group of early researchers who study
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about the transformation of Fourier series for
smoothing function of density, especially in
smoothing the spectral estimator. In 1992,
Bilodeau examines the Fourier series estimator in
nonparametric regression with additive and
component predictor Penalized least squares to get
the coefficient - coefficient. Fourier series
estimator used is the sum of a linear function and
a trigonometric polynomial functions.

Among the models of the nonparametric
regression, Fourier series is one of the models that
have a statistical and a very special and nice visual
interpretation (Tripena and Budiantara, 2007).
Estimation of Fourier series is capable of handling
data that is smooth character and follow the
pattern repeated at certain intervals (Bilodeau,
1992). Fourier series that was developed in the
nonparametric regression is a Fourier series with
the predictor variables have an element of trend up
or down trend. On this trend shown by adding one
tribe linear equations in Fourier series model.
Fourier series estimator developed by the trend
was generally very appropriate for the data pattern
repeated at certain intervals and follow the trend
up or down trend (Bilodeau, 1992, Tripena and
Budiantara, 2007). Problem will occur in the use
of Fourier series estimator if there is a data pattern
repeated at certain intervals, but do not have the
rising trend and down trend. It is, therefore,
necessary to develop a Fourier series estimator
that does not contain the elements of the trend
curve estimating nonparametric  regression
multivariable additive.

1. Formulation Problem
1.1 How to shape nontrend Fourier series
estimator in nonparametric regression
curve to estimate multivariable additive.

2. Purposes of Research
2.1 Getting the form of Fourier series
estimator  nontrend to  estimate
multivariable additive nonparametric

regression curve.

3. Literature Review
3.1 Fourier series nontrend Estimator to
estimate multivariable nonparametric
regression curve.

Fourier series estimator with
multivariable trend, in recent years
attracts a lot of attention of several
investigators of nonparametric regression.
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It is generally used when the data pattern
is unknown to be investigated and there is
a tendency seasonal pattern (Tripena and
Budiantara, 2007; Bilodeau, 1992).

Lets univariable nonparametric
regression model y; =g (xi) + a, 1 =1, 2,
3, ..., n. The from of curve regression g (X)
is assumed unknown and contained in a
continuous function space. C(0, n).
Random error & is assumed to be
normally distributed with the independent
variant. (¢%). because g (x) continuous on
the interval (0, x), it can be approached by
Fourier series with trend function F (x)
with:

K
F(x) = bx + %ao + " a, cos kx
k=1

when b, a,, ak, k = 1,2,.., K the
parameters of model. Based on the
Fourier series model. Bilodeau (1992)
gives the Fourier series estimator with
univariable following trend:

Teorema 1 (Bilodeau, 1992)
If the nonparametric function univariable
g (x) approached by function  F (x), then

the Fourier series estimator obtained with
the trend of minimize:

n K K
nlz;[yj +bx—;a0 —kZ;ak cos kxj+wkZ;i2af,w>0
J: =] =]

foreachb=9R, a0 e R,ae R, i=1,2,..,
K let by:

n K
F, (X) = b(w)x +%ao (W) + >4, (w)coskx
k=1
With:
a w) = ( (Bow)x,a,(w),&,w)...a,w))
is obtained from quation :

a(w) = bw)x,a, (w), &, (w)... 4, (w)
when D diagonal matrix, let by D = diag
(0,142, ... K* and x a coefisien matrix.

2. Research Method

Obtaining Fourier series estimator nontrend
estimate  multivariable  nonparametric

regression curve.
1. Let a multivariable nonparametric additive

regression model:

Yi = ga(Xai) + 92(Xai) + ... + go(Xpi) + &1, 1=1, 2,
..,n
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2. Approach regressions curve gi(X1), gz2(X2),
Op(Xp), Fourier series functions nontrend that
is:

K
g(x) = %ao + Y a, coskx
k=1

3. Searching for the size of the goodness of fit for
optimization PLS:

n_lzn:[yj' +Zp:gj (ji)j

4. Searching the value of penalty for PLS:

P
Zﬂ’jj‘_g j(in)Zdei
= o7

5. Complete the optimization Penalized least
Squares (PLS):

'\Q"EL”{“lZn:(yi _igj (in)j +Zp:/11jf72[g"j (in)zdxji}

i=1 j=1

3. Form of Estimator Fourier series Nontrend
in  Nonparametric  Regression  curves
Estimating Multivariable additive

In this section will be presented nontrend
Fourier series estimator in nonparametric
regression multivariable additive, which is let by
the equation:

Vi = u1(Xy, Xgi0ee) + &
q
= ZQj(xji)+gi,i=1,2,...,n (6.1)
i1

The next regression curve f approached with the
function of Fourier series nontrend:

1 K .
gj(xji):EaOj —kz_l:akj coskx;, j=12,...,q

(6.2)
Fourier series regression curve estimation
nontrend obtained from optimization:

n

2
p

Mui(lnj) an(yi - Z g i (in )J
BeR i =

(6.3)
With the provision of:

i 2 "
J(gj):I;{g j(xji)}zdxji <p,p=0 (6.4)
0
Completion of optimization (6.3) with the
condition (6.4) is equivalent to completing the
optimization:

Non-Trend Fourier Series Estimators

BeRUK+D)

2
) I p 512
Min n” Z[yi_zgj(xji)] "‘Z’%I;g j(in)Zdei
(6.5)

Parameter 2 Parameter is a smoothing parameter
that measures the goodness of fit Let by R (g; )
and smoothing (J) (g;)

Fourier series entimator nontread shape obtained
from optimization (6.3) let by some of lemma
relating to profo of the theorem 1 as next:

Lemmal
If the given function nontrend fourier series g; as
in equation (6.1), then:

T 2 n K .
‘](gj):j;(g j (in))zdxji = Zk4a?k, 1=L12,....,r.

0 k=1
Proof:

1 K
because g, (X; ):E a,; + Y4, Cosk;, then
k=1

N d (1 K K
9 (x;) = d_xj anj+k§akjcos j
K
= > k?a,; coskx;
k=1
K 2
(g?(xj))2 :(Z “a coskxjj
k=1

Penalty J(g;) be a:

)g)=]2

V4 2 V4
Ej [ikzam coskxj] dx, +ij[
0 \ k=1 0

K
Z:kzakj cos kxjj(jzaj cos jx, i,

T k=L
Suppose:
2% (& i
A= _I (Zkzakj coskxjj dx; and
w 0 k=1
41 & . .
B= —j > k?ay coskx; (12aj cos ij)dxj
T 0 \ k=1
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Search in advance the value of A and B as next:
2
27 (&
A= _J' (Z k*a,; cos kxjj dx;
T =

—Zk jcoszkxjdxj

7T k=1
K V1
= Z [x+ smkx}
k 0
= Wﬁ (6.6)
k=1

The next value of B is let by:

B= E.Tzli:(kzakj cos kxj)(jza,- cos jxj)dxj

= —Z(kj) a,a, J' cos kx; cos jx; )dx
k<J

*Z(kJ) aa

T k<j
(6.7)
Based on the equation (6.6) and (6.7) were
obtained:

=J(g;)=A+B

SN
= > k'aj
k=1

Lemma 1 can also be presented in the form of a
matrix. Matrix form Lemma 1 is let the result of 1.
Result 1:

If J(g;) let of equation (6.8), then:

\](g]) = ﬂvl*D*ﬁerhen,

T

{ ! sin(k + J)x; + —— ! sin(k - j)x;
+] k-]

0

Al 0 0
P 0 Al., - 0 |
0 0 /,Llrlkﬂ
D 0 ... 0
. -~ |0 D
D'=A4= : =diag (D,D,...,D),
0 0 D
él 0O 0 ... O
B o1 ..o
p= ":2 andD = | . . . .
B o o0 --- K*
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Proof:
Based on Lemma is obtained:

K
I(g5)=DK'a?
k=1

With attention to this equation, Penalty part of the
optimization of the equation (6.5) can be
represented as:

sz 9", (x;)%dx;

”2 2 27 . 2 1271
_([; gl(xl)] +ﬂ“2_([;[gz(xz)] +"'+iq_(|;;|:gq(xq)]

k*ay,

(Ao Ao B)| 2

XlﬂiﬂlD 181 +ﬂ2:82D 182+----+/14184D ﬂl
=p'ADB

The addition to need Lemma 1, and result 1,
theorem 1 also need Lemma 2 as next:

Lemma 2

If g, the approximated by Fourier series nontrend
function (6.2), the goodness of fit R(g;) can be
presented in the form of:

R@=n"(y-X(K)B }(y- (<)),

with,
y=1[yu Ve ..., yal,

1 R
B= [_am,an,---’a 1, 2a01q Qygreee q:|

- L2
X(K) =
1 cosx,; -+ cosKx;, 1 cosxy -+ cosKxy
1 cosx, --- cosKXx, 1 cosx, -+ cosKx,,
1 cosx,, -+ CosKx, 1 cosx, - cosKx,
Proof:

Mmzniiw Zgwjf

n

-1

n

1

2

2
q
1(y, Zeaoj +8,; COS X;; +...+ 8, COS Kxjin

j=1
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n
-1

i=1
1 2
— (E Qoq + Qg COS Xy + ...+ 8y, COS KX, D (6.10)

With outline in the form of a matrix equation
(6.10) can be written into:

R(g)znl(}/— X (K)@)' (}" X (K)@), (6.11)

The using Lemma 1, result 1 and Lemma 2 forms
Deret Fourier estimator nontrend let by Theorem
1 as next:

Teorema 1l

If let the regression model presented in the form of
equation (6.1) and the Fourier series estimator
nontrend obtained from optimization (6.5), then
the estimator to function g; (x;), j =1, 2, ..., q let by:

. 1, <4
gj(xj)=§aOj +kz_1:akj coskx;;,

As a result, estimation for the regression curve u
(xll,x21,...,xqi)let by:

A q A
lu(xll’ XZl""’Xqi) = zgj(xji)

q 1 K R
> 5% + > 4, coskx;
j=1 k=1
Proof:

Nontrend Fourier series estimator obtained from

optimization:

2
p ”2 .,
BQ{L'D,{“ Z[y. Zg ]i%{;gj

i

Based on Lemma 2 obtained:

2
n q

R(g):n‘lz[yi _Zgji(xji )] ”_l[y— X (K)ﬁj' [y— X (K),Bj
i1 i1 - AN

The next by Lemma 1 and Result 1 obtained:
q f 2 * *
3(9)= 2 4] =9" (x;) dx, =AD" B
R - -
With combination the goodness of fit R(g;) and

penalty J(g;),
presented in the form of:

optimization (6.12) can be

{yi —@aoﬁaﬂcos Xy + ... 4 8y, COS lei)—...+

Non-Trend Fourier Series Estimators

Min
Be RUk+1)

_Min ,,{ 1Z(y X(K)ﬂ) (y— X(K)/})Jré"[D*@}

=1

~  Min, {Q@}

Estimator /3 obtained by the partial differentiable
Q to /3. The first is described shape Q(/I) as next:

q4)-

n-l(y— X (K)@)'(Y— X(K){}j+,§'i*D*@

VY'Y yX(K) B FXK) Y+ FXK) P |+ 11D

o )_/ y- nl(X‘(K)g' }/)'—nllj"X'(K) ¥+n’1@‘ X'(K),{?'

+4' (X (K)X(K)+AD") B
Yy AXY T FX () S+ £ A XX (K) 44D
To minimize Q( /) was obtained by minimizing

the partial Q(f) to £ and the result is equated

with the zero equation:

| ) :

op
27X (K) y+2" B X(K) p+2(" X (K) X (K)+ AD") B

2(n’1X"( )y+( X"(K)X (K)+n" X'(K) X (K)+ A D" A

az(fj

Be equating the

= 0 equation obtained as

next :

(—n1X'(K)y+( X)X (K)+n X (K) X (K} 4D j
4

Y
)

(— X'(K)Y+(X'(K)x§ )+ X(K)X (K}+ni’ D
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With assume elaboration and matrix X (K)
nonsingular (matrik with full rank) then obtained

estimator £ as next:
B(K) =

(x'(K) X (K)+ X' (K) X (K)+ nA D*le‘(K) y

[ 3-01' 3111 aOlq a1l<1|' }
Estimator for the regressmn curve g (x1) let by:
g;(x;)== a +Zakjcoskx

A result estimates for the regression curve u (Xi,
Xai, ..., Xqi) let by:

|
. MQ
(@}
—
X
~

L (Xai, X2i, .y Xqi)

Z[ kZi: coskxjij

j=1

4. Conclusion
Based on the result and discussion that has
been done so can be concluded as next:
Nonparametric regression curve estimator
multivariable Fourier series nontrend additives
derived from optimization:

q

B'}{'JE], n- Z[Y. Zg (X;) j +Z/1jj§g"j (x;)dx

oo

This optimization result in Fourier series estimator
nontrend:

q

o (X, Xoi, ey Xqi) ZQJ( =
j=1

K

Z( Z oskxjij

j=1

Wlth Oj’a‘kle: s "--3q,k:1,2,...,Kletby

equations:

B(K) =

(X'(K) X gK)+ X'(K) X SK)+ n.'D j_lX'(K) Y
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