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Abstract 
 

In this paper, we study the industrial production index of Sweden from Jan, 2000 to 

latest Feb, 2010. We find out there is a structural break at time point Dec, 2007, when 

the global financial crisis burst out first in U.S then spread to Europe. To model the 

industrial production index, one of the business cycle indicators which may behave 

nonlinear feature suggests utilizing a smooth transition autoregressive (STAR) model. 

Following the procedures given by Teräsvirta (1994), we carry out the linearity test 

against the STAR model, determine the delay parameter and choose between the 

LSTAR model and the ESTAR model. The results from the estimated model suggest 

the STAR model is better performing than the linear autoregressive model. 
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1. INTRODUCTION 
 

An industrial production index is an index covering production in mining, 

manufacturing and public utilities (electricity, gas and water), but excluding 

construction. Indices of industrial production are commonly being used as main 

short-term economic indicators in all the OECD1 member countries because of the 

impact that fluctuations in the level of industrial activity have on the remainder of the 

economy. The strong relationship between changes in the level of industrial 

production and economic cyclical behavior facilitates the use of production indices as 

a reference series in the compilation of cyclical or leading indicators in a number of 

countries and by the OECD2. 

The nonlinearity of the business cycle has been studied for many years. Tiao and Tsay 

(1994) reject linearity against a threshold autoregressive model and then use a two 

regime threshold autoregressive (TAR) model (Tsay, 1989) to the data. Then the 

smooth transition autoregressive (STAR) model (Teräsvirta and Anderson, 1992) was 

preferably chosen, because it allows the business cycle indicator to switch between 

two distinct regimes smoothly rather than a sudden jump from one to the other. 

In this paper, we use the industrial production index of Sweden for investigation. 

After the global financial crisis burst out in U.S in 2007, it spread to the whole Europe 

which caused the recession and many other negative effects. We want to take a deep 

inspection into the industrial production index data to study its behavior and have a 

better understanding of this economic indicator, to give us future reference based on 

our study result. The purpose of this paper is to find out the potential nonlinearity in 

the industrial production index and then figure out whether the STAR model is 

sufficient to be used in modeling this kind of data. 

The plan of the paper is as follows. In section 2, we introduce the STAR model and 

the main procedures to estimate these models including the specification of an AR 

model, the linearity test and the choice between the LSTAR and the ESTAR models. 

In section 3, the data of industrial production index of Sweden from Jan, 2000 to latest 

                                                        
1 OECD: Organization for Economic Co-operation and Development. 
2 《OECD STATISTICS DIRECTORATE》available at: www.oecd.org/dataoecd/21/61/1934430.doc 
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Feb, 2010 is introduced and we take the first difference of the data and test for 

structural break point. In section 4, we use nonlinear least squares to estimate the 

ESTAR model and get the estimated results. Finally, section 5 concludes. 

 

2. METHODOLOGIES 
 

In time series analysis, there are many nonlinear time series models in the literature. 

Before introducing the Smooth Transition Autoregressive model, we will first look at 

a simple one: Threshold Autoregressive (TAR) model. The Threshold Autoregressive 

model can be considered as an extension of autoregressive models, allowing for the 

parameters changing in the model according to the value of an exogenous threshold 

variable . If it is substituted by the past value oft ks − y , which means , then 

we call it Self-Exciting Threshold Autoregressive model (SETAR). Some simple cases 

are shown as follows: 

t d t ds y− = −

 

TAR model:      

10 11 1 1

20 21 1 2

t t t d
t

t t t d

y u if s r
y

y u if s r
β β
β β

− −

− −

+ + <⎧
= ⎨ + + ≥⎩

 

 

SETAR model:    
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t t t d
t

t t t d
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β β
β β

− −

− −

+ + <⎧
= ⎨ + + ≥⎩

 

 

where d is the delay parameter, triggering the changes between two different regimes. 

These models can be applied to the time series data which has a regime switching 

behavior. However, the threshold value in the model here is discontinuous. By 

replacing the threshold value with a smooth transition function, the TAR model could 

be generalized to the Smooth Transition Autoregressive (STAR) model. 
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2.1 Smooth Transition Autoregressive Models 
 

The smooth transition autoregressive model for a univariate time series of order p is 

defined as follows: 

10 1 20 2( ) ( )t t t t d ty w w F y uπ π π π −′ ′= + + + +                                   (1) 

2~ (0,tu nid )σ                                                       (2) 

1( ,..., ) , 1, 2, ( ,..., )1j j jp t t tj w y y pπ π π − −′= = = ′                                (3) 

There are two different transition functions in the smooth transition autoregressive 

models specified by Teräsvirta (1994), one is 
1( ) (1 exp[ ( )])t d t dF y y cγ −

− −= + − −  0γ >                                  (4) 

and the other one is 
2( ) 1 exp( ( ) )t d t dF y y cγ− = − − −−    0γ >                                  (5) 

( t dF y − )  is bounded between 0 and 1, which realizes the “smooth transition” between 

regimes dynamically rather than a abrupt jump from one regime to the other.  is the 

threshold value and parameter 

c

γ  determines the speed and smoothness of the 

transition.  

Note that in (4) whenγ → ∞ , if t dy c− ≤ then ( ) 0t dF y − = , if t dy c− > then , 

which means it becomes a TAR (p) model (see details in Tsay (1989), Tong (1990)). 

When

( ) 1t dF y − =

0γ → ,  becomes a linear AR (p) model. So model (1) with transition 

function (4) is called the logistic smooth transition autoregressive (LSTAR) model. 

( )t dF y −

When model (1) is combined with transition function (5), then we call it the 

exponential smooth transition autoregressive (ESTAR) model. Note that 

when γ → ∞ ,  then the model becomes linear which also happens 

when

( ) 1t dF y − =

0γ → . 

Comparing between the two transition functions, the logistic function is changing 

monotonically with t dy − , while the exponential function is changing symmetrically at 

c with t dy − . Both functions become steeper whenγ  is larger, which means the faster 

the speed of the transition is, see figure 1.  
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Figure 1: Logistic and exponential transition functions of varying values of gamma (γ ). 

 

2.2 Model Specification 
 

To specify the STAR models, we follow the following steps discussed by Teräsvirta 

(1994): 

(1) Specify a linear autoregressive model 

(2) Testing linearity for different values of d, the delay parameter, and determining the 

value of d if the test is rejected 

(3) Choose between LSTAR and ESTAR models using a sequence of tests of nested 

hypothesis 

 

2.3 Lagrange Multiplier (LM)-type Test for Nonlinearity 
 

Towards building up the LSTAR model, the first step is to carry out a Lagrange 

Multiplier (LM)-type test to test linearity against STAR models alternative. Following 

the procedure introduced by Luukkonen, Saikkonen and Teräsvirta (1988), we 

substitute the transition function  by its third-order Taylor expansion which 

then yields an auxiliary regression assuming d is known: 

( )t dF y −
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2
0 1 2 3 4

1 1 1

p p p

t t j t j t d j t j t d j t j t d t
j j j

y w y y y y y y eβ β β β β− − − − − −
= = =

′= + + + +∑ ∑ ∑ 3 +              (6) 

The null hypothesis is  

0 2 3 4: 0j j jH β β β= = = ,   1,......,j p= 0γ⇔ =                           (7) 

When the linearity holds, the test statistic is 0 1( ) /LM T SSR SSR SSR0= −  which 

follows an asymptotic 2 (3 )pχ  distribution. Here  is the sum of squared 

residuals from the linear regression model under the null hypothesis,  is the sum 

of squared residuals based on the full auxiliary regression of 

0SSR

1SSR

ty  on  and 

. 

tw

, 1, 2,i
t t dw y i− = 3

While performing this LM-type linearity test, the delay parameter  is fixed. To 

determine the delay parameter , the LM-type test will be carried out based on 

different values of  (1 ). If the null hypothesis is rejected for at least one 

, then to find out the appropriate value , we choose the one with the smallest 

-value, which also gives the greatest power for the test.   

d

d

d d D≤ ≤

d d̂

p

 

2.4 Choosing between LSTAR and ESTAR Models  
 

After rejecting the null hypothesis of linearity, the next step is to choose between 

LSTAR and ESTAR models by a sequence of nested tests within (6) as followed: 

01 4: 0jH β =                      1,.....,j p=                        (8) 

02 3 4: 0 0j jH β β= =                1,.....,j p=                        (9) 

03 2 4 3: 0 0j j jH β β β= = =           1,.....,j p=                       (10) 

The decision rules of choosing between LSTAR and ESTAR models are suggested by 

Teräsvirta (1994): First, we may check directly the test of , if the null hypothesis is 

rejected, this may be interpreted as a favor of the LSTAR model. If we are not able to 

reject , this can be supportive for the LSTAR model, which will be supported by 

rejecting of  after accepting  as well. Then the rules will be the other way 

01H

02H

03H 02H
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around for picking the ESTAR model. We can also choose by comparing the 

significance level of the three F-tests, if the p value of the test of is the smallest 

among the three, select an ESTAR model; if not, then choose a LSTAR model. 

02H

 

3. DATA 
 

The original data used in this paper is one of the business cycle indicators, the index 

of industrial production, which is useful to be chosen when studying the possible 

nonlinearity of the business cycle that shows as much cyclical variation as possible 

(Teräsvirta and Anderson, 1992). 

In order to study the impact of the global financial crisis since 2007 to Sweden, I 

choose the Index of Industrial production of Sweden from Jan, 2000 to latest Feb, 

2010. Let ( )I t  denote the successive industrial production index observation at time 

t. We transform the index series { }( )I t  into a difference of index series { }( )y t  

using . The time series has already been seasonally adjusted. The 

data sets of industrial production index of Sweden are available on the website of 

Statistics Sweden

( ) ( ) ( 1)y t I t I t= − −

3. 

From figure 2, it is shown that the industrial production index goes up slightly with a 

trend from year 2000 to 2008, when suddenly it collapsed significantly to the level 

which is the same as in 2000. This collapse can also be seen in the differenced series. 

If the data here is nonlinear, then using a linear model to do estimation and forecasting 

may mislead us to a wrong result. Before performing the linearity test, we shall take 

an inspection to see if there is a time break point in the time series data. 

                                                        
3 Statistiska Centralbyrån 
http://www.ssd.scb.se/databaser/makro/Produkt.asp?produktid=NV0402&lang=2
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Figure 2: Original and difference of seasonally adjusted industrial production index of Sweden 

 

To test for structural change and break points, the Chow test is wildly used which 

performs an F-test to determine whether a single regression is more efficient than two 

separate regressions involving splitting the data into two sub-samples. 

First suppose we model the whole time series data { }ty , as an 

autoregressive model

1, 2,....,t = T

( )AR p , defined as followed: 

0 1 1 2 2 .....t t t p t p tuY Y Y Yβ β β β− − −= + + + + + [1, ]t T   ∈                        (11) 

If we split our data into two groups at the time point 0 [1, ]T T∈ which may be 
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considered as a potential structural break point, we will have two separate ( )AR p  

models which are defined as follows: 

10 11 1 12 2 1 1.....t t t p t p tY Y Y Y uβ β β β− − −= + + + + + 0[1, ]t T    ∈                    (12) 

20 21 1 22 2 2 2.....t t t p t p tuY Y Y Yβ β β β− − −= + + + + + 0[ 1, ]T   t T +

p

                (13) ∈

The null hypothesis asserts that 10 20 11 21 1 2, ,......, pβ β β β β β= = = , where the 

alternative hypothesis is at least one equation does not hold.  

Then the Chow test statistic is 

1 2

1 2

( )
( ) /(

CSSR SSR SSR K
SSR SSR N K

− −
+ −

/
2 )

 

K  is the total number of the parameters,  is the sum of squared residuals of 

the overall model,  and  are the sum of squared residuals of two separate 

models respectively. The test statistic follows approximately the 

CSSR

1SSR 2SSR

F distribution with 

K  and  2N K− degrees of freedom. 

 

4. TESTS AND ESTIMATION4

 

4.1 Tests for Structural Break Point 

 
For the whole period data set, (4)AR  is the best fitted model according to AIC 

(Akaike Information Criterion). Moreover, there is no autocorrelation in the residuals 

of fitted (4)AR  model. The estimation result of (4)AR  is as follows: 

 

1 2 30.0643 0.1557 0.0161 0.1997 0.2255t t t t 4ty y y y− − −= − − − + + y −          (14) 
(0.1850)  (0.0920)   (0.0906)   (0.0907)   (0.0907) 

2 0.0961R = , , 502.124AIC = 1.965s =  

The figures in parentheses are the estimated standard errors,  is the standard error 

of the estimated model. 

s

 
                                                        
4 All the calculations have been performed using R program. See appendix. 
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Table 1: Break points within 5 with corresponding BIC and RSS  

Num of 

break points      RSS BIC 

n=0      448.02 517.70

n=1     2007(12) 331.50 511.03

n=2 2002(9)    2007(12) 296.00 526.35

n=3 2003(1)  2004(12)  2007(12) 278.15 547.64

n=4 2003(1)  2004(12) 2006(12) 2008(7) 259.53 568.11

n=5 2002(8) 2001(1) 2005(7) 2007(2) 2008(7) 255.33 594.78

 

 

 
Figure 3: Chow test statistics and BIC criterion for time break point 
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The Chow test is carried out for all the time points, by assuming the structural break 

point is known already. F statistics are calculated based on the Chow test and the 

results are shown in figure 3. To determine the number of structural break points, we 

find out all the possible time break points and calculate the BIC (Bayesian 

information criterion) and RSS (residuals sum of squares) for each segmented model 

shown in table 1. Then one time break point is suggested at Dec, 2007 according to 

the smallest BIC value, relatively small value of RSS and the most significant F 

statistic (shown in figure 3). 
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Figure 4: The unsegmented and segmented linear model given the time break point 

 

From figure 4, we can compare two linear models with and without the time break 

point. It is obvious that the segmented model is better fitted than the unsegmented 

model. However, it is not as good as we expect to model the data which may have the 

behavior of nonlinearity. So next step we carry out the test for linearity following the 

procedures discussed in the above section.
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Table 2:  Results of linearity test based on (4)AR  and optimal delay parameter d=2  

Null hypothesis d=1 d=2* d=3 d=4 

0H  
28.06 

(0.0054) 

30.29 

(0.0025) 

16.61 

(0.1649) 

14.15 

(0.2912) 

01H   

2.33 

(0.0612)   

02H   

2.85 

(0.0275)   

03H   

2.61 

(0.0395)   

 

4.2 Linearity Test and Estimation 
 

First, the (4)AR  model is already selected according to AIC, and we carry out the 

LM-type test based on this model. The results are shown in table 2. The figures in 

parenthesis are p-values for the LM-type test result. 

From Table 2, the linearity test is rejected most significantly at d=2, which determines 

the delay parameter d=2. Furthermore, after performing the sequence of nested tests 

(8) (9) (10),  is not rejected and the p-value of  being the smallest among 

the three indicates that the ESTAR model could be an appropriate model to be 

selected here. The parameters in the ESTAR model are estimated by nonlinear least 

squares and the estimation results are shown as follows: 

01H 02H

 

2 30.7493 0.9325 1.2813t t ty y y y− −= + + 4t− +

4t− ×

2

 
    (0.2634)   (0.2623)    (0.2826) 

1 2 3( 0.3547 0.8779 0.9010 1.2081 )t t ty y y y− − −− − − −  
(0.0900)    (0.2840)     (0.2795)    (0.3007) 

2
2ˆ(1 exp{ 1/ 9.8 ( 2.4909) })tyσ −− − × × +                              (15) 

           (0.0945) 

 , , AIC = 466.4354,  JB= 2.067(0.3557),  2ˆ 4.273σ = 1.65s =
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(4)
0.84

AR

R
R = ,  SK = 0.24,  Excess Kurtosis = 0.44 

The constant terms and 1ty −  in the first linear part are omitted from the final model 

because of the estimation results are insignificant. The figures in parentheses are the 

estimated standard errors, 2σ̂  is the deviation of ty ,  is the standard error of the 

estimated model, the Jarque-Bera (JB) test does not reject normality and 

s

(4)AR

R
R  is 

the ratio of residuals standard error of ESTAR model to that of the corresponding 

linear AR(4) model which indicates 16% reduction by transforming the linear model 

into nonlinear. In the estimated model, we followe the suggestion given by Teräsvirta 

(1994) that standardize the exponent of  by dividing it by ( )t dF y −
2σ̂ , the sample 

variance of ty  to make γ  scale free. This makes it easier to select the starting value 

of the standardizedγ . 

The plots of the estimated ESTAR model with comparison to the original data are 

shown in figure 5 below. We detect that the model fails to fit the data at time point 

Dec, 2008 which can be considered as an outlier, because here the financial crisis is 

exogenous to the ESTAR model. 
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Figure 5: The original data and estimated ESTAR model 
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4.3 Evaluation of the Model 
 

The estimation of threshold value c is -2.5 which is between the observed ranges of ty , 

but also quite low, so most of the observations are in the right hand tail of the 

exponential function, therefore the model behaves like an LSTAR model to some 

extent. The estimated value of γ ,  suggests that the transition from 

one regime to the other is quite slow which is shown in figure 6. 

2ˆ ˆ9.8 / 2.3γ σ= =
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Figure 6: The transition function of estimated ESTAR model against time and y(t-2) 

 
 

Table 2: Roots of the characteristic polynomials for lower and upper regimes in the estimated 

ESTAR model 

model Regime Root Modulus 

 L 0.199 0.914i− ±  0.87 

 U 0.134 0.557i− ±  0.57 

 
To explain the other coefficients of the ESTAR model, the roots of the characteristic 

polynomials will be calculated which may tell us the information about the dynamic 
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properties of the model. We can compute the roots of the ESTAR model in Upper 

(F=1) and Lower (F=0) regime by solving 

1 2
1

ˆ ˆ( )
p

p p
j j

j

z F zπ π −

=

− +∑ 0j =        0,1F =                              (16) 

The results are shown in table 2, from which we can see that both regimes have their 

roots lie inside the unit circle. From figure 7, it is shown that there is no 

autocorrelation or partial autocorrelation in the residuals from the final model.  
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Figure 7: The residuals of estimated ESTAR model (14) 
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5. CONCLUSIONS 
 

In this paper, we study the industrial production index of Sweden from Jan, 2000 to 

latest Feb, 2010. For the data, we carry out the structural break test and LM-type test 

against nonlinearity. We find both tests are rejected and then we try to figure out if it 

is appropriate to fit the nonlinear data using a smooth transition autoregressive STAR 

model which allows the transition between regimes smoothly rather than a sudden 

jump. Towards performing a sequence of nested tests, the ESTAR model seems a 

better model and is used to do the estimation. From the estimation results, the value of 

c is -2.5 which is between the observed ranges of ty , so most of the observations are 

in the right hand tail of the exponential function, therefore the model behaves like an 

LSTAR model to some extent. The estimated value of γ , ˆ ˆ4.8 / 2.3γ σ= =  suggests 

that the transition from one regime to the other is quite slow. Form the standard error 

of estimated model, there is 16% reduction by transforming the linear model into 

nonlinear, so we can get an adequate conclusion that the ESTAR model is better than 

the linear autoregressive model. 
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Figure1: Autocorrelation and partial autocorrelation of residuals of fitted AR(4) model 

 
R codes: 

 

Figure 1: 
op=par(mfrow=c(1,2)) 

curve(1/(1+exp(-x)), -5, 5, col="red", xlab="y(t-d)-c", ylab="F()",main="Logistic") 

curve(1/(1+exp(-3*x)), -5, 5, add=TRUE, col="green",lty="dotted",lwd=2) 

curve(1/(1+exp(-10*x)), -5, 5, add=TRUE, col="blue",,lty="dashed",lwd=2) 

legend(1,0.8,"gamma=1",bty="n") 

legend(-3,0.8,"gamma=10",bty="n") 

leg.txt<-c("gamma=1","gamma=3","gamma=10") 

legend("bottomright",inset=.01,legend= leg.txt,lty=1:3,col=c(2,3,4),lwd=2) 

curve(1-exp(-1*x^2),-5,5,col="red", xlab="y(t-d)-c", ylab="F()",main="Exponential") 

curve(1-exp(-3*x^2), -5, 5, add=TRUE, col="green",lty="dotted",lwd=2) 

curve(1-exp(-10*x^2), -5, 5, add=TRUE, col="blue",lty="dashed",lwd=2) 

legend(-3.5,0.6,"gamma=1",bty="n") 

legend(-1.1,0.9,"gamma=10",bty="n") 
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legend("bottomright",inset=.01,legend= leg.txt,lty=1:3,col=c(2,3,4),lwd=2) 

par(op) 

 

Structural change: 
rm(list=ls()) 

library(RODBC) 

d<-odbcConnectExcel("F:/thesis/ipi2.xls") 

data<-sqlFetch(d,"Sheet1") 

attach(data) 

names(data) 

ipisa 

length(ipisa) 

ipi<-ts(ipisa,start=c(2000,1), frequency=12) 

## F statistics indicator 

fs <- Fstats(y ~ ylag1 + ylag2+ ylag3+ ylag4, data = ipid.matrix, from = 0.1) 

plot(fs, alpha = 0.01,main="F statictics for all time points and critical value") 

breakpoints(fs) 

## or 

bp <- breakpoints(y ~ ylag1 + ylag2+ ylag3+ ylag4, data = ipid.matrix) 

summary(bp) 

## the BIC also chooses one breakpoint 

plot(bp,main="BIC and RSS for number of break points within 5",lty="dashed") 

breakpoints(bp) 

## confidence intervals 

ci<- confint(bp,level = 0.95) 

ci 

plot(ipid.matrix[,"y"],ylab="diff(ipi)",main="the break point and confidence interval") 

lines(ci) 

 

Figure 2: 
op=par(no.readonly=T) 

layout(matrix(c(1,2),2,1,byrow=T)) 

plot.ts(ipi,main="Seasonally adjusted industrial production index",ylab="I(t)") 

lines(breakpoints(bp),col="red") 

plot.ts(b,main="The change of seasonally adjusted industrial production 
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index",ylab="yt=I(t)-I(t-1)") 

lines(breakpoints(bp),col="red") 

par(op) 

 

Figure 3: 
op=par(no.readonly=T) 

layout(matrix(c(1,2,3,3),2,2,byrow=T)) 

plot(fs, alpha = 0.01,main="F statictics for all time points and critical value") 

plot(bp,main="BIC and RSS for number of break points within 5",lty="dashed") 

breakpoints(bp) 

plot(ipid.matrix[,"y"],xaxt="n", ylab = "yt",main="The change of seasonally adjusted industrial 

production index") 

lines(breakpoints(bp),col="red") 

axis(1, at = seq(2000,2010,3), cex.axis = 1,tick=0.001,las=1) 

axis(1,at=breakdates(bp),labels="2007.12") 

par(op) 

 

Figure 4: 
## fit and visualize segmented and unsegmented model 

fm0 <- lm(y ~ ylag1 + ylag2+ ylag3+ ylag4, data = ipid.matrix) 

fm1 <- lm(y ~ breakfactor(bp)/( ylag1 + ylag2+ ylag3+ ylag4) - 1, data = ipid.matrix) 

plot(ipid.matrix[,"y"], ylab = "diff(IPI)",main="the change of seasonally adjusted industrial 

production index") 

time.ipid <- as.vector(time(ipid.matrix)) 

lines(time.ipid, fitted(fm0), col = 3,lty="dashed",lwd=2) 

lines(time.ipid, fitted(fm1), col = 4,lty="dotted",lwd=2) 

lines(bp,col="red") 

leg.txt<-c("Original time series","unsegmented AR(4)","segmented AR(4)") 

legend("topright",inset=.01,legend= leg.txt,lty=1:3,col=c(1,3,4)) 

 

R codes of nonlinear least square estimation: 
rm(list=ls()) 

library(RODBC) 

d<-odbcConnectExcel("F:/thesis/ipi2.xls") 

data<-sqlFetch(d,"Sheet1") 
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attach(data) 

names(data) 

ipisa 

length(ipisa) 

ipi<-ts(ipisa,start=c(2000,1), frequency=12) 

b<-diff(ipi) 

library(tseries) 

adf.test(b) 

T=length(b) 

mean(b) 

summary(b) 

p=4 

x <- matrix ( c ( rep ( 0,(T-p)*(p+1))),nrow=T-p,ncol = p+1 ) ; 

for ( i in 1:(p+1) )  

x[,i] = b[(p+2-i):(T+1-i)]; 

write.table(x,"F:/thesis/data.txt",col.names=c("yt","yt_1","yt_2","yt_3","yt_4")); 

d2<-read.table("F:/thesis/data.txt",head=T) 

attach(d2) 

mean(yt) 

sqrt(var(yt)) 

###########nonlinear least square of ESTAR model################################ 

estimation_nls1 <- function ( yt,yt_1,yt_2,yt_3,yt_4, 

                             beta_11,beta_12,beta_13,beta_14, 

                             beta_21,beta_22,beta_23,beta_24, 

                             constant_1,constant_2, 

                             gama, 

                             constant_0 ) 

  { 

     linear_part      <- 

constant_1+beta_11*yt_1+beta_12*yt_2+beta_13*yt_3+beta_14*yt_4; 

     exponential      <- 1-exp(-gama/sqrt(var(yt))*(yt_2-constant_0)^2); 

     nonlinear_part   <- 

(constant_2+beta_21*yt_1+beta_22*yt_2+beta_23*yt_3+beta_24*yt_4)*exponential; 

     lstar0            <- linear_part + nonlinear_part ;  

     (yt-lstar0); 

 - 20 - 



    } 

estimation_r2 <- nls ( ~ estimation_nls1 ( yt,yt_1,yt_2,yt_3,yt_4,  

               beta_11=0 ,beta_12,beta_13 ,beta_14, 

               beta_21  ,beta_22, beta_23 ,beta_24, 

               constant_1=0,constant_2=0 , 

               gama=4.8 , 

               constant_0 ),  

               data  = d2 , 

               start = list ( 

                             #beta_11=0.25, 

                             beta_12=-0.44,  

                             beta_13=0.24, 

                             beta_14=0.6, 

                              

                             beta_21=-0.5, 

                             beta_22=-0.35, 

                             beta_23=-0.14,  

                             beta_24= 0.03, 

                             #constant_1 = -1.6,  

                             #constant_2 = 0.18, 

                             constant_0 = -1.7), 

               control = list (maxiter = 1500, tol = 1e-6, minFactor = 1/1024, 

               printEval = TRUE, warnOnly = FALSE), 

               algorithm = "port", 

               trace = TRUE) 

summary(estimation_r2) 

AIC(estimation_r2) 

resid_nls <- resid ( estimation_r2 ) 

sqrt(var(resid_nls)) 

mean ( resid_nls ) 

library(fGarch) 

library(fBasics) 

library(lawstat) 

library(moments) 

basicStats(resid_nls ) 
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skewness(resid_nls ) 

kurtosis(resid_nls ) 

agostino.test ( resid_nls ) ; 

rjb.test ( resid_nls,option="JB" ) 

 

Figure 5: 
ipid<-diff(ipi) 

ipid.matrix <- cbind(ipid, lag(ipid, k = -1), lag(ipid, k = -2),lag(ipid, k = -3),lag(ipid, k = -4)) 

colnames(ipid.matrix) <- c("y", "ylag1", "ylag2","ylag3", "ylag4") 

ipid.matrix <- window(ipid.matrix, start = c(2000,6), end = c(2010,2)) 

plot(ipid.matrix[,"y"], ylab = "yt",main="The change of seasonally adjusted industrial production 

index") 

time.ipid <- as.vector(time(ipid.matrix)) 

lines(time.ipid, fitted(estimation_r2), col = 3,lty="dashed",lwd=2) 

leg.txt<-c("Original","ESTAR") 

legend("topright",inset=.01,legend= leg.txt,lty=1:3,lwd=2,col=c(1,3)) 

 

Figure 6: 
op=par(mfcol=c(1,2)) 

plot.ts(1-exp(-9.8/4.273*(yt_2+2.4909)^2),ylab="F()") 

plot(yt_2,1-exp(-9.8/4.273*(yt_2+2.4909)^2),ylab="F()",xlab="y(t-2)") 

par(op) 

 

Figure 7: 
op=par(no.readonly=T) 

layout(matrix(c(1,1,2,3),2,2,byrow=T)) 

plot.ts(resid_nls,main="Residuals of fitted ESTAR model") 

acf(resid_nls) 

pacf(resid_nls) 

par(op) 
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