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ABSTRACT ARTICLE HISTORY
In this study, an elastic net (EN) regression model based on the Received 13 July 2019
empirical mode decomposition (EMD) algorithm is used in two appli- Accepted 6 February 2020

cations, namely, numerical experiment and actual time series data.
EMD is used to analyze a nonstationary and nonlinear signal dataset,
which includes a set of orthogonal intrinsic mode functions (IMFs) Empiri
. . . mpirical mode
and residual components. EN regression is used to select the most decomposition; LASSO
significant predictor variables influencing response variables and can regression; Multicollinearity;
address the multicollinearity problem between predictor variables. Ridge regression
The main objective of this study is to apply the proposed method,
EMD-EN, by using two variables for selecting important orthogonal
IMFs and the residual components of predictor variables with signifi-
cant effects on response variables. Moreover, this study uses the
EMD-EN method in two different applications involving nonstation-
ary and nonlinear problems. Results show that the proposed method
outperforms other competitive methods in the numerical experiment
and applications.

KEYWORDS
Elastic net regression;

1. Introduction

In various fields of science such as; medicine, physics, economics, and environmental
science, the relationships of one or several predictor variables influencing response vari-
ables are interesting to be examined, but those variables often belong to nonstationary
and nonlinear datasets, or a correlation may exist between two or more predictor varia-
bles and cause multicollinearity, which increases the variance of estimated coefficients
and thus renders the estimated parameters inaccurate (Cho et al. 2010). In regression
analysis, these problems lead to bias in selecting fitting models and can mislead the con-
clusions of studies. Empirical mode decomposition (EMD) and elastic net (EN) regres-
sion analysis are thus proposed to address these gaps (Zou and Zhang 2009).

The EMD algorithm was proposed in 1998 and was aimed at decomposing signals in
nonstationary and nonlinear data (Huang 2014). EMD is different from traditional
methods, namely, Fourier decomposition (Titchmarsh 1948) and wavelet decomposition
(Chui 1995), which assume that signals are either stationary or linear. The main
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advantage of the EMD method is that it does not require preconditions for signals
(Crowley 2012). The practical principle of the EMD method is that the sifting process
decomposes a signal into a finite set of orthogonal decomposition components, namely,
intrinsic mode functions (IMFs) and residual components (Huang et al. 1998; Moore
et al. 2018). These decomposition components via the EMD of the sifting process have
varying wavelengths, amplitudes and frequencies, indicating that they are physically
meaningful (Huang 2014).

The EN regression analysis proposed in 2005 is a penalized regularization method; it
is a combination of the “ridge regression” and “least absolute shrinkage and selection
operator (LASSO) regression.” EN regression was proposed to analyze high-dimensional
datasets and to tackle the limitations of the LASSO method. EN regression regularizes
and selects important predictor variables to enhance the prediction accuracy of sparse
modeling (Zou and Hastie 2005; Van der Kooij and Meulman 2008). It deals with the
multicollinearity between predictor variables to produce models that are free from mul-
ticollinearity (Zou and Hastie 2005; Zou and Zhang 2009; Cho et al. 2010).

The EMD method combined with other statistical regression methods has been suc-
cessfully applied in several scientific fields; it can address nonstationary and nonlinear
signal datasets to discover the effects of predictor variables on response variables. The
decomposition components of the original signal via EMD represent the predictors or
response variables in the regression analysis method. For instance, Yang et al. (2011)
and Yang, Tsai, and Huang (2011) combined ordinary least squares (OLS) regression
with forward stepwise methods based on EMD (Yang, Tsai, and Huang 2011; Yang
et al. 2011). Shen and Lee (2012) and Chu, Wei, and Qiu (2018) applied LASSO regres-
sion based on the decomposition components of ensemble empirical mode decompos-
ition (EEMD) (Shen and Lee 2012; Chu, Wei, and Qiu 2018). Plakandaras et al. (2015)
combined EN regression with a support vector regression (SVR) model based on the
EEMD (Plakandaras et al. 2015). Qin et al. (2016) combined LASSO regression with
decomposition components via EMD (Qin et al. 2016). Recently, Naik, Satapathy, and
Dash (2018) combined the kernel ridge regression based on the decomposition compo-
nents of EMD results (Naik, Satapathy, and Dash 2018). Masselot et al. (2018) used
LASSO regression based on noise-assisted multivariate empirical mode decomposition
to select the decomposition components, IMFs and residuals to identify their significant
effects on response variables (Masselot et al. 2018).

The proposed EMD-EN method addresses the problem of nonstationary and nonlin-
ear signal. EMD is used to decompose the original signals of datasets into a set of
orthogonal IMF components and one residual component. In the next step, the decom-
position components of EMD are used as orthogonal predictor variables in the EN
regression analysis. Therefore, the proposed EMD-EN method combines EMD with EN
regression to scan the relationships between predictor variables and response variables.
The predictor variables of our study are IMF components and residual component, and
their significant effects on the response variable are tested.

This article is organized as follows. Section 2 presents a brief description of EMD algo-
rithms, EN regression, multicollinearity, the proposed EMD-EN method, and the test crite-
ria. Section 3 provides the simulation data and the actual time series data used in this
study. Section 4 provides the analysis and discussion. Finally, Sec. 5 concludes the study.
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Figure 1. Empirical mode decomposition process.

2. Methodology

We explain the applied methods in detail. The first method deals with signals by using
the EMD method and its implementation via the sifting process. The second method is
the technical penalized least squares estimator method called EN regression. Finally, the
proposed EMD-EN method is discussed.

2.1. Empirical mode decomposition

EMD was proposed by Huang et al. (1998) and then modified by several researchers
(Rilling, Flandrin, and Goncalves 2003; Deering and Kaiser 2005; Jaber, Ismail, and
Altaher Alsaidi 2013). EMD is the first part of the Hilbert-Huang transform (Huang
2014), and it improves the decomposition of a nonstationary and nonlinear original sig-
nal X(¢) into a finite set of orthogonal components called IMFs {IMF; : i=1,2,...,n},
and one component representing the trend of the signal is called the residual r(t) com-
ponent which keeps the time domain of the signal unchanged (Huang et al. 1998;
Moore et al. 2018).

Signal analysis with the EMD algorithm is carried out by using the iterative algorithm
method called the sifting process. The sifting process is used to extract the IMF and
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residual components from the original signal. The IMF components are orthogonal to
each component as each of these IMF components satisfies two conditions:

e  Over the entire length of a signal, the number of local extrema (LE) (i.e. local max-
imum and local minimum) and the number of zero crossings (ZCs) must be equal
or differ at most by one.

(#LE = #ZC ) | (#LE — #ZC| = 1) (1)

e At any point on a signal, the mean value between envelopes (i.e. upper u(t) and
lower I(t) envelopes) is zero.

Mo:ﬂﬂ;ﬂlw @)

The original signal X(¢) is a linear combination of a finite set of orthogonal IMF
{IMFi(t) ti= 1,2,...,n} components and one monotonic residual r(¢f) component

assumed as the (n+ 1) IMF component.
X(t) =Y IMF,(t) + (1) 3)
i1

The steps of the sifting process to decompose the original signal X(¢) in the signal
analysis into a set of IMFs and residual components are summarized in Figure 1 and
outlined as follows:

Step 1: Insert the original signal X(t) to start off the sifting process with the repetition
index equal to 1 (i.e., 4, j = 1).

Step 2: Identify all the local maximum and local minimum of the original signal X(t).

Step 3: Connect all the local maximum and local minimum separately by using a cubic
spline curve form to the upper u(t) and lower [(¢) envelopes, respectively.

Step 4: Calculate the mean value for the upper and lower envelopes as follows:

my(e) = 4010 )

Step 5: Calculate the component h;(t), which is the difference between the original sig-
nal X(¢) and the mean value envelope m;(t), as follows:

hy(1) = X(¢) — mj(0) (5)
Step 6: Check whether the component h;(t) satisfies the conditions of the IMF.
NO: Replace h;(t) with X(t), then, repeat the operation from step 1 on h;(t) and j =j + 1.

YES: hj(t) = IMF;(t), where IMF;(t) is the ith IMF {i=1.2.3... n}. Then, calculate the
residual component in the following forms:

ri(t) = rioi (t) — IMF(t) (6)

Step 7: Check whether the r;(¢) component is a monotonic function or satisfies the stop-
page criterion of the standard deviation SD; for two consecutive successive siftings
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of the results, where 0.2 < SD; < 0.3, as shown in the following formula:

& () = B()?
SD,_EQ W0 (7)

NO: Replace r;(t) with X(¢), and then, repeat the operations from step 1 on the residue
ri(t) and i=i+1 until r,(t) has a monotonic function or satisfies the stop-
page criterion SD;.

YES: Save all IMF and residual components, and then, end the sifting process.

2.2, Elastic net regression

EN regression is a technical penalized least squares estimator method proposed by (Zou
and Hastie 2005) to analyze high-dimensional datasets and to overcome the limitations
of the LASSO method. The structure of EN regression is a combination of two regres-
sion methods, namely, ridge regression (L, penalty) (Hoerl and Kennard 1970) and
LASSO regression (L; penalty) (Tibshirani 1996). EN is a shrinkage and variable selec-
tion method that fits the general regression model that searches for a relationship
between standardizing the predictor variables x;, x;, ..., X, and response variable y as
follows:

p
y=2 % +e (8)
=

where ¢ is the random observation error, x; = (X1j» X2j» ---» Xmj) Tepresents the predic-
tors and f3; is the regression coefficient. For simplicity, the predictor and response vari-

ables are standardized (Yan and Su 2009; Januaviani et al. 2019). Equation (8) can be
written in matrix form as follows:

y=Xp+e ©)
where [y] ~ is a vector of the response variable, [X],xp is a matrix of the predictor

variables, [B],., is a vector of the regression coefficient’s predictor variables, and [¢],,,

is a vector of the random observation errors.
EN regression aims to shrink the coefficient regression variable (f; ) selection toward

zero or to be exactly equal to zero {f; =0: j=1,2,..,p} and to eliminate the varia-

bles of this coefficient from the model by penalizing the coefficient regression variables,
which are called the penalty term. The other coefficients still have non-
zero {f; #0: j=1,2,..,p}. Thus, EN is called spare modeling (i.e. the number of

coefficients is equal to zero). After the shrinking process, other regression nonzero coef-
ficients are selected to build off the fitting regression model and thereby reduce predic-
tion errors whilst dealing with the multicollinearity between predictor variables to
produce models free from multicollinearity (Zou and Hastie 2005; Zou and Zhang 2009;
Cho et al. 2010).

The vector of the coefficient variables B is unknown. Thus, it is estimated using the
OLS estimator to obtain the vector regression coefficient f depending on the minimized



6 @ A. S. AL-JAWARNEH ET AL.

sum of the squared error of prediction (SSE), which is known as the residual sum of
squares (RSS) given that it sums up the differences between the actual y and the esti-
mated y as follows:

RSS (B)=>_ (n—3) =yl (10)
=1

where y is the response vector variable and = Xp is the estimated vector model.
In Equation (10), the OLS estimation form depends on the minimum RSS.

I}(OLS) = argming|ly — P (11)

The OLS regression estimation has a number of drawbacks, such as the presence of
multicollinearity between the predictor variables, low prediction accuracy, and difficulty
in reducing the number of predictor variables. These problems are tackled with the
ridge regression by adding the L, penalty (i.e., the sum of the squared coefficient varia-
bles) (Hoerl and Kennard 1970). However, ridge regression still cannot deal with the
reduction of predictor numbers by shrinking the coefficients, that is, unnecessary pre-
dictor variables still exist in the model. Thus, LASSO regression is proposed by adding
the L; penalty (i.e. the sum of absolute values of the coefficient variables) (Tibshirani
1996). However, the LASSO regression does not select variables when high multicolli-
nearity exists (Zou and Hastie 2005; Zou and Zhang 2009). Hence, EN regression is
proposed to deal with the limitations of LASSO and thereby improve the interpretability
model and accuracy prediction by combining two penalties, namely, L; penalty
(LASSO) and L, penalty (Ridge) (Zou and Hastie 2005; Zou and Zhang 2009;
Friedman, Hastie, and Tibshirani 2010; Lee, Nguyen, and Wang 2016).

EN estimation is a penalized least squared estimator that includes two penalties,
namely, L; penalty and L, penalty.

BIP| (12)

where ||| = le |B; | is the Li_norm of B, IBII> = le (B; )2 is the L,_norm of f

B = (1 + 22) [argming|ly — 51 + 4| 1Bl + 22

and the parameters A1 and /4, are tuning parameters and positive numeric values
(A1, 72 > 0), respectively. They control the strength of shrinkage of the predictor vari-
ables. The values of the tuning parameters are dependent on the dataset, and they are
automatically selected using cross-validation (Zou and Hastie 2005, Melkumova
and Shatskikh 2017; Masselot et al. 2018). The best values of the tuning parameters 4
and A, can be defined as the minimum mean square error (MSE) (Friedman, Hastie,
and Tibshirani 2010; Lee, Nguyen, and Wang 2016). Equation (12) is equivalent to the
optimization equation as follows:

. 1 112 1—o 2
Biew = argming |51 lly =317+ (s181+25 2 1P )] 1)

where o||B|| +52||B||* is the EN penalty, and alpha («) is a regularization parameter
between 0 and 1 (i.e. 0 <o < 1); when o =0, the EN estimation undergoes ridge
regression, whereas when o« =1, the EN estimation undergoes LASSO regression.
Therefore, the range of EN penalty is between 0 and 1.
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By using the numerical optimization method namely, coordinate descent (COD)
method and soft-thresholding operator (Friedman, Hastie, and Tibshirani 2010) for
solving the Equation (13) with the given « and 4 values. The COD method will be used
to optimize each predictor that solves exactly for one predictor X; while the rest of pre-
dictors Xy except the jth predictor will be fixed (Gauraha 2018). Then the Equation
(13) can be written as follows:

1—o
2

Biewy = argming 51y~ x50, |+ 2 (sl + 2520 ) | 525 an

2m

Hence, y — X¢f; is the partial residual ry. Then, the Equation (14) becomes as fol-
lows:

N

B 1 2, 1—o 0o
Biaw) = argming | —||ry = X8|+ 2( Bl 1181 ) |- (15)

Now, by using the COD to calculate Equation (15), the partial derivative of the
Equation (15) with respect to f; as follows:

OB en) _
oB;
By solving Equation (16) in terms of Bj :
o _ SEXi'r %)

S N a7

_%th(rf —Xjﬁj) + Ao sign(ﬁj) + A1 — a)[ij. (16)

where . X;'ry is the simple OLS method to estimate the coefficient f; of the predictor
jth, and S (%Xj‘rf, /loc) is the soft-thresholding function with the value:

1 1
=X Aot if —X'rp < =2
Xt if Xty < —lo
S lX-’r o) =40 j ) <1Xt < A (18)
m]f) - lf /La—mfrf—oc

1 1
=Xty — o if —Xj'rp >
LNt~ if X > Ao

2.3. Multicollinearity

Multicollinearity occurs when two or more predictor variables contain the same infor-
mation. In mathematical terms, when the matrix X’X is close to singular, a high correl-
ation exists between the predictor variables; such correlation tends to increase the
variances of estimated regression coefficients and leads to an unstable estimation (Alin
2010; Cho et al. 2010; Jadhav, Kashid, and Kulkarni 2014).

The variance inflation factor (VIF) test is used to check the multicollinearity. A VIF
value less than 10 (i.e. VIF < 10) indicates no multicollinearity amongst predictor varia-
bles; the VIF form is as follows:
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Comparison between the EMD-EN and

IMFs and - OLS, EMD-OLS, EMD-SCAD, EMD-
| X@©® |—>| EMD |—> Residual Regression MCP, EMD-Ridge, EMD-ad-LASSO,
components and EMD-LASSO methods

Figure 2. EMD-Regression method.

VIF = — ' . =12 (19)
’_I—R}’ i=12,..p

where Rj2 is the coefficient of determination and p represents the predictor variables.

2.4. Proposed EMD-EN method

The EMD-EN method used for model building with two variables of the data is

designed in two steps:

Step 1. Decompose the predictor variable (original signal) X(¢) by using the EMD algo-
rithm into a finite set of orthogonal components IMF {IMF;(t): i=1,2,...,n}
and one residual component r(¢), where X(¢) is equal to the summation of all
decomposition components represented by Equation (3).

Step 2. Use all the decomposed components obtained from the predictor variable X(t) via
EMD in Step 1 as new predictor variables in EN regression with the response vari-
able y(t) to enhance the predication accuracy by selecting the subset of the decom-
posed components with the strongest effect on y(t) using the following formula:

2

, 1
B(en) = argming o

+ AH,(B)

§(0) — By = D2 B, IMEE) — ()

(20)
where H,(B) = o>/ 1B + (55%) X (B ).

Finally, we compare the proposed EMD-EN method with traditional methods,
namely, OLS between the original predictor variable X(f) and the response varia-
ble y(t). Then, OLS, smoothly clipped absolute deviation (SCAD) (Fan and Li 2001),
minimax concave penalty (MCP) (Zhang 2010), ridge regression, adaptive LASSO (ad-
LASSO) (Zou 2006), and LASSO are compared in terms of the decomposed components
of the predictor variable X(t) via EMD and response variable y(¢) by using several crite-
ria tests. The input data of the new predictor variables and response variables are stand-
ardized prior to regression. The analysis process is summarized in Figure 2.

2.5. Test criteria

Four test criteria are used to compare the performances of the estimated models of the
seven methods with those of the EMD-EN method. The test criteria are the RSS
(Equation (10)), root mean square error (RMSE; Equation (21)), mean absolute error
(MAE; Equation (22)) and mean absolute scaled error (MASE; Equation (23)).
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RMSE = [ (v~ j,)° (21)
=1

1 & .
MAE:EZD’Z—M (22)
=1

=1 ﬁ Zlmzz = i1

_i - |)’l—5’1|
MASE—mZ< ) (23)

3. Data of study

In this section, we explain in detail the data used to apply the methods, namely, simula-
tion data and actual time series data.

3.1. Numerical experiments

We technically implement the EMD-EN model and compare it with existing regression
models (i.e. OLS, EMD-OLS, EMD-SCAD, EMD-MCP, EMD-Ridge, EMD-ad-LASSO,
and EMD-LASSO). The sine wave function is used to generate the simulation dataset;
here, predictor and response variables are simulated from actual signals selected from
the work of Qin et al. (2016) with noise structure errors, namely, normal distribution
with zero mean and unity variance ¢ ~ iid N(0, 1), added to predictor variable X(t).

X(t) = 0.5t + sin(nt) + sin(2nt) + sin(67t) +¢&; t € [0,10]
y1(t) = 5sin(6mt) + sin(3nt) + sin(8nt) + sin(127t) + sin(137t)
¥,(t) = 5sin(2nt) + sin(3nt) + sin(8nt) + sin(127t) + sin(137t)

The dataset is simulated with sample size n = 250. In each experiment, the 2000 rep-
lications of the sample size of 250 are modeled. The value of the tuning parameter 1
will be automatically chosen by using 10-fold cross-validation. RSS, RMSE, MAE,
and MASE are the numerical measures used to evaluate the quality of the estima-
tion methods.

3.2. Application datasets

Two empirical applications are used to evaluate the performance of the proposed EMD-
EN method relative to other methods. The first application has two variables, namely,
the daily close price index (predictor variable) and the daily exchange rate (response
variable) from March 1, 2011 to August 28, 2015 for Malaysia; the number of observa-
tions is 1150. The second application has two variables, namely, the daily closing prices
of the Shanghai composite index (predictor variable) and the Shenzhen component
index (response variable) from January 4, 2006 to January 12, 2011 of Chinese stock
markets; the number of observations is 1222. All datasets are collected from the finance
database (https://finance.yahoo.com/). Each dataset is divided into two parts: 70% is
used for training, and the remaining 30% is used for testing. In general, the exchange


https://finance.yahoo.com/

10 A.'S. AL-JAWARNEH ET AL.

Table 1. Performance criteria in the numerical experiments.

Experiment 1 (y;(t)

OoLS EMD-OLS  EMD-SCAD  EMD-MCP  EMD-Ridge = EMD-ad-LASSO  EMD-LASSO EMD-EN
RSS 70.7160  39.15038 38.87427 38.88486 39.2541 38.59161 38.84474 38.29632
RMSE  0.96994  0.713548 0.711005 0.711072 0.714938 0.708604 0.711121 0.706078
MAE 0.84352 0.58282 0.58010 0.58022 0.59165 0.58094 0.58686 0.58217
MASE 1.1674 0.8019 0.7979 0.7978 0.8140 0.7989 0.8067 0.8005
Experiment 2 (y,(t))
OoLS EMD-OLS EMD-SCAD  EMD-MCP  EMD-Ridge  EMD-ad-LASSO  EMD-LASSO EMD-EN
RSS 69.1147 44.2863 43.63225 43.57012 44.33144 43.35498 43.74513 43.17313
RMSE  0.95963  0.766336 0.760653 0.760138 0.767025 0.758428 0.762052 0.757026
MAE 0.81162 0.62050 0.61543 0.61507 0.62524 0.61549 0.62122 0.61646
MASE 0.7028 0.5349 0.5306 0.5304 0.5386 0.5306 0.5353 0.5315
B ]
2
i} §
8 |
§ J
§
g J
&
§ J
2011 2012 2013 2014 2015 2008 2007 2008 2000 2010 an

X(t): Close price index of Malaysia

X(t): Shanghai composite index

2011

y(t): Exchange rate of Malaysia

T T

2012 2013

T
2014

Application 1

T
2015

2008 2007 2008

T T
2009 2010

y(t): Shenzhen component index

Application 2

Figure 3. Plots of original signal X(t) and y(t) for two applications.

201

rate and stock market time series data often have autocorrelation, but the main purpose
of the EMD-EN method is to understand a relationship between the decomposition
components and response variable from a different point a view (multicollinearity

point

view).

The analyses are performed using the open-source R software (Team 2015) that uses
an EMD package (Kim and Oh 2009) for signal analysis and the glmnet package
(Friedman, Hastie, and Tibshirani 2010) for estimation.
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Application 2: EMD components of the close prices index of Shanghai X (t)

Figure 4. Decomposition of the original signal X(t) via EMD in two applications.

Table 2. Variance inflation factors.

VIF, VIF, VIF; VIF, VIFs VIFs VIF, VIFg
Application 1 1.0158 1.0159 1.0185 1.0176 1.0194 1.0232 1.0455 1.0198
Application 2 1.0026 1.0197 1.0686 1.0459 1.0682 1.0352 1.0212 1.0436
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Figure 5. k-fold cross-validation estimation of the mean squared error as the Log (/) for Elastic net
regressions based on EMD at k = 10.

4, Results and discussion

The analysis and discussion results using the simulation and actual time series data
are proposed.

4.1. Numerical results

Table 1 illustrates the performance criteria for all technical regression methods in our study.
Specifically, we take the average of the performance criteria values (RSS, RMSE, MAE, and
MASE) in the numerical experiments of the study. The results show that EMD-EN has the
smallest error value in terms of RSS and RMSE. However, for MAE and MASE, a negli-
gible difference is noted between the mean performance criteria of the proposed method and
those of the EMD-SCAD, EMD-MCP, and EMD-ad-LASSO methods in the two experi-
ments. The EMD-EN method has the highest reliability with high prediction accuracy.

4.2. Application results

Figure 3 presents the original signal of the predictor variables X(¢) and response varia-
bles y(t) for the two applications of the study. In the first application, X(t) represents
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Figure 6. Coefficient estimation in two applications as Log (1) function for EMD-EN regression meth-
ods by using 10-fold cross-validation estimation.

the daily close price index, and y(f) represents the exchange rate of Malaysia. The
second application X(t) represents the daily close prices of the Shanghai composite
index, and y(t) represents the Shenzhen component index. The plots of the signals in
the two applications show neither a straight line nor a constant value over time; such
conditions are called nonlinear and nonstationary conditions, respectively.

Figure 4 shows the decomposition components of the sifting process for X () in the
first and second applications, in which the number of IMFs produced is equal to seven
components and one residual component. All the extracted IMFs have different charac-
teristics. Thus, IMF; has the shortest wavelength, maximum amplitude and highest fre-
quency. This characteristic varies amongst the IMF plots in which the amplitude and
frequency decrease whilst the wavelength increases. The last component is the
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Table 3. RSS values in the train and test parts.

RSSTrain RSSTest
Application 1
OLS 784.2697 354.1116
EMD-OLS 735.6008 333.0507
EMD-SCAD 4 =10.01621980 735.9146 332.8378
EMD-MCP A =0.01999653 735.9066 332.7999
EMD-Ridge minM A =0.11442747 736.2682 331.2642
1se A =214.416181 798.4079 338.8513
EMD-ad-LASSO minM A =0.11740866 736.0851 331.3869
1se A = 9.30443575 799.0000 339.0000
EMD-LASSO minM A =0.01739196 737.1153 329.2542
1se A= 0.21441619 799.0000 339.0000
EMD-EN minM A =0.0483109 737.5599 328.9841
1se A = 0.59560052 799.0000 339.0000
Application 2
oLS 829.9940 387.1897
EMD-OLS 565.0201 308.6346
EMD-SCAD A =0.07351708 576.3729 312.2884
EMD-MCP A =0.07882995 574.1943 309.3980
EMD-Ridge minM A = 0.05561297 565.8339 305.4808
1se A =0.68562272 612.7504 302.9398
EMD-ad-LASSO minM A =0.0333371 567.6307 304.5973
1se A = 2.89948849 614.3004 311.9243
EMD-LASSO minM A =0.0235201 568.2740 303.6796
1se A= 0.1821074 614.3004 311.9243
EMD-EN minM A= 0.0328740 565.3667 306.3329
1se A = 0.5880019 612.0503 301.7346

residual r(t), which represents the trend of the original signal X(¢). Thus, the decom-
position components have physical meaning.

The VIFs are used to test for multicollinearity amongst all the orthogonal IMF
(from VIF; to VIF;) components and VIFg of the residue component in the two
applications. Table 2 shows the values of VIF for all components from VIF; to VIF;
at less than 10. Therefore, no multicollinearity exists between all orthogonal IMFs and
residue components.

Figure 5 shows the EN regression plot based on the EMD components in the two
applications. The y-axis represents the estimation of the MSE, and the x-axis represents
the Log (4) function. The upper horizontal line of the plot represents the numbers of
nonzero regression coefficients for a given Log (1). The vertical dotted lines from left
to right represent the first vertical line, which is the location of the minimum of the
MSE (minM) rule. The second vertical line is the point selected by the one standard
error (1se) rule. It shows the numbers of nonzero regression coefficient selected at
minM and Ise rules. When the value of 1 is increased, the number of nonzero coefti-
cients decreases in the model regression.

Figure 6 illustrates the relationship between log(4) and the selected nonzero coeffi-
cient estimation in the EN regression based on EMD at current A, which is the actual
degrees of freedom. In the two applications, the nonzero coefficient estimation is differ-
ent from the selected value of 1 at minM or 1se rules. The EN regression has regular-
ization and selected variables. As the A value increases, the estimation of coefficients
shrinks toward zero and forces to become zero for unnecessary coefficient estimation
(i.e. as 4 — oo, then nonzero coefficients — 0). In the first application, when the
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Table 5. Performance criteria.

Application 1
EMD-Ridge ~ EMD-ad-LASSO ~ EMD-LASSO  EMD-EN
OoLS EMD-OLS EMD-SCAD EMD-MCP minM minM minM minM
RMSE 1.0205 0.9897 0.9894 0.9894 0.9871 0.9873 0.9841 0.9837
MAE 0.7401 0.7212 0.7211 0.7211 0.7179 0.7193 0.7160 0.7153
MASE 0.6795 0.6760 0.6759 0.6758 0.6729 0.6742 0.6711 0.6705
Application 2
EMD-Ridge =~ EMD-ad-LASSO ~ EMD-LASSO  EMD-EN
OLS EMD-OLS EMD-SCAD EMD-MCP 1se minM minM 1se
RMSE 1.0244 0.9145 0.9199 0.9157 0.9061 0.9086 0.9072 0.9042
MAE 0.7134 0.6231 0.6222 0.6200 0.6165 0.6168 0.6154 0.6148
MASE 0.7310 0.6528 0.6518 0.6495 0.6458 0.6462 0.6447 0.6441

exchange rate of Malaysia is the response variable, the selected nonzero coefficients of
the decomposition components at minM rule, including five nonzero coefficients, are
selected with different significant strengths; the IMF;, IMF,, and IMF¢ components
have significantly greater strength than the other components. However, at 1se rule, the
IMF; component is only significant on the exchange rate. In the second application of
the study, when the Shenzhen component index includes response variables, the selected
nonzero coefficients of the components at minM and 1se rules include those of five
components with different strengths; the IMF; and IMF, components have consider-
able strength relative to the response variables.

Table 3 displays the RSS error values of the proposed EMD-EN method compared
with those of the previous methods in the training and testing datasets. The smallest
RSS value is noted in the training dataset and is achieved by EMD-OLS regression
because EMD-OLS does not have any penalties on the coefficients and is thus different
from the EMD-SCAD, EMD-MCP, EMD-Ridge, EMD-ad-LASSO, EMD-LASSO, and
EMD-EN. In the testing dataset, the smallest value of RSS in the two applications is
achieved by EMD-EN in the first application at the minM rule A = 0.04831099 and in
the second application at 1se A = 0.5880019. The RSS value in the testing dataset pro-
vides the best methods to select and support the fitting regression models. EMD-EN
performs better than the other previous regression methods in the two applications.

Table 4 explains the estimation of the coefficients of the predictor variables (i.e.,
IMFs and residual components) for each of the regression techniques based on the RSS
value. Most regression methods can reduce the number of predictor variables, except
for OLS-EMD and EMD-Ridge; these methods have the same numbers of coefficient,
that is, eight nonzero coefficients, and thus, all the predictor variables are entered into
the final model. The numbers of nonzero coefficients of EMD-EN and other regression
methods in the study are different from those of EMD-Ridge and EMD-OLS. For the
EMD-EN in the first and second applications, the coefficient estimation equal to five
nonzero coefficients of IMF;, IMF,, IMF;, IMF;, and IMFs components enters the
EMD-EN regression model. Thus, the proposed EMD-EN method EMD-EN has relative
great regularization and selected predictor variables with minimum RSS values.

Table 5 explains the prediction accuracy of all regression methods in the two applica-
tions by using RMSE, MAE, and MASE for the testing dataset depending on the min-
imum RSS values at minM and lse rules. The proposed EMD-EN provides the
smallest error value in terms of RMSE, MAE, and MASE. The EMD-EN has lower
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Figure 7. Plots of performance criteria in two applications.

prediction errors and produces better results than the OLS, EMD-OLS, EMD-SCAD,
EMD-MCP, EMD-Ridge, EMD-ad-LASSO, and EMD-LASSO.

Figure 7 presents the performance criteria plots for all regression methods in the two
applications. The plots of the performance criteria show that EMD-EN has low predic-
tion error in terms of RMSE, MAE, and MASE values, indicating the best selected
regression models. Therefore, the proposed EMD-EN method is a highly accurate
regression model and produces the best estimates for fitting models.
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5. Conclusions

We applied the proposed EMD-EN regression method that combines nonstationary and
nonlinear datasets. The method was used to identify the relationship between the
orthogonal decomposition components of the predictor variables and the response vari-
able and to deal with multicollinearity between the decomposition components. The
EMD-EN method identified the decomposition components of the predictor variable via
the EMD algorithm. Then, the VIF test was used for the multicollinearity test between
the IMFs and residual components. Lastly, we select the best orthogonal IMFs and
residual components with the greatest strengths for the response variable, then, the EN
regression was used.

Numerical experiments by simulation and actual time series data were carried out.
The results showed that the EMD-EN method effectively selected the actual orthogonal
IMFs and residual components which were most significant for the response variable
and reduced the prediction error. The EMD-EN method more effective than the other
methods. It selected the best fitting model with high prediction accuracy.

In the future, we will focus on several nonlinear and nonstationary predictor variables
(i.e. two or more predictors) and the EMD-EN method to detect and deal with the
internal relationships between decomposed components when two or more predictor
variables are available. EN is a linear model, and the relationship between actual dataset
is nonlinear in many situations. Thus, we will build other flexible nonlinear models for
nonlinear and actual dataset. Moreover, we will also extend the proposed method for
using in time series regression where the error term follows AR, MA, or
ARIMA processes.
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