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Abstract
By means of an extensive Monte Carlo simulation study based on the
design of Chen and Hong (2012) we compare the performance of the tests
they proposed for parameter stability with the linearity test of Li, Huang,
Li and Fu (2002) and the functional form test of Li and Wang (1998). We
find that the test of Li et al. (2002) test adapted to testing for parameter
stability performs favorably well in terms of size and equally well in terms
of power compared with the others, whereas the test by Li and Wang has
no power.
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Introduction

Testing for parameter stability has been an active area of research in econometrics, see for example Andrews (1993) and Bai and Perron (1998). Recently Chen
and Hong (2012) (CH hereafter) developed within the context of a smooth coeﬃcient semiparametric model a consistent test for smooth structural changes
as well as abrupt structural breaks with known or unknown change points.
Their test is based on a contrast of estimators approach in the contest of a
smooth time-varying coeﬃcient model with the contrasting estimators being
the estimated regression function (fitted values) of a restricted constant parameter model and the unrestricted time-varying parameter model. By means of
a Monte Carlo simulation comparison, the tests proposed by CH perform quite
well when compared with other tests in the literature such as the Andrews
(1993) and the Bai and Perron (1998) tests mentioned above. The CH timevarying parameter framework was originally proposed by Robinson (1989) and
extended by Li, Huang, Li and Fu (2002) (hereafter LHLF) who also developed
a test statistic to test the null hypothesis of a linear model against a smooth
coeﬃcient semiparametric alternative. In this paper we adapt the linearity test
proposed by LHLF to test for smooth structural changes.
Within the framework of the smooth coeﬃcient model we conduct an extensive Monte Carlo simulation study based on the original design of CH. We
provide evidence on the performance of the CH test with other local-smoother
based consistent tests in the literature notably the test based on the LHLF formulation and the functional form test of Li and Wang (1998), (hereafter LW).
The LHLF test adapted to the case of parameter stability performs favorably
well in terms of size and quite well in terms of power, when compared to the
proposed CH tests. On the other hand the LW test does not do well in terms of
power since it is designed to test against general nonlinear alternatives and not
specifically against unknown structural breaks. This is an interesting finding by
itself as it suggests that testing against a general nonlinear alternative would
not allow one to detect structural breaks. The Monte Carlo comparison includes
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both the asymptotic and bootstrap versions of the diﬀerent test statistics examined. In the next section we present the main framework of analysis based
on the smooth coeﬃcient model. We then proceed to present the results and
concluding remarks.
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Testing for structural breaks using a smooth
coeﬃcient model

A semiparametric varying coeﬃcient model imposes no assumption on the functional form of the coeﬃcients, and the coeﬃcients are allowed to vary as smooth
functions of other variables. Following Robinson (1989, 1991) , varying coeﬃcient models are linear in the regressors but their coeﬃcients are allowed to
change smoothly with the value of other variables. One way of estimating the
coeﬃcient functions is by using a local least squares method with a kernel weight
function. A general semiparametric smooth coeﬃcient model is given by:
 =  ( ) + 

(1)

where  denotes the dependent variable,  denotes a ×1 vector of explanatory
variables of interest  denotes a  × 1 vector of other exogenous variables and
( ) is a vector of unspecified smooth functions of  . One can estimate ()
using a local least squares approach, where
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() is a kernel function and  =  is the smoothing parameter for sample
size  LHLF provide a thorough discussion of the properties of the smooth
coeﬃcient estimator b
().
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In a time varying coeﬃcient context the variable  is expressed as  , with
the sample size  being denoted by  In other words, ( ) = ( ) and the
model becomes
 =  ( ) + 
The properties of the varying coeﬃcient estimator of ( ) have been analyzed by Robinson (1989, 1991) and more recently by Cai (2007).

2.1

Testing

Following the analytical framework of CH with the necessary assumptions to
establish the properties of their proposed test statistics, the testing framework
centers on the null hypothesis of no structural breaks: ( ) =  0  where  0 is
some constant value of  under the null
0 :  =   0 + 

(2)

against the alternative which is given by the functional coeﬃcient model where
( ) 6=  0 

1 :  =  ( ) + 

(3)

We can test the adequacy of (2), the 0  against the semiparametric alternative (3) using the following test statistic based on a Hausman type of contrast
estimators of the regression function under the null and alternative as
X
b = 1

(  b
( ) −  b
 0 )2
 =1 

(4)

The generalized (suitably standardized) Hausman statistic proposed by CH
is used a test for structural change with an asymptotic standard normal distribution. CH also propose another Chow type test based on the standardized
diﬀerence of the Sum of Squared Residuals under the null and the alternative,
P
P
0 = =1 ( −  b
 0 )2 and 1 = =1 ( −  b
( ))2 respectively.
The asymptotic distributions of the standardized versions of these statistics are
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derived by CH under conditional homoskedasticity as well as under conditional
heteroskedasticity. They also define bootstrap versions of the above statistics1 .
In a previous study LHLF used the same framework to propose a test statistic for linearity against a smooth coeﬃcient alternative given by the model
in equation (1). By adapting their test statistic for linearity to serve as a test
for structural break we can have the following statistic as a plausible test for
structural change in addition to the ones proposed by CH. The test statistic in
that case would take the form

b
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where b
 denotes the residual from parametric estimation (under 0 ) Under

0   =  2 b b
 0 −→  (0 1) where 
b20 is a consistent estimator of the
variance of  2 b , see LHLF for details2 . As the statistics proposed by CH

one can use a bootstrap version of the above test statistic, since bootstrapping
improves the size performance of kernel based tests for functional form, see Li
and Wang (1998). As a final test for structural break we also consider the
latter to test the null of linearity (no structural breaks) against a nonlinear
alternative. In that case the null hypothesis would be given by equation (2) and
the alternative would be a generic nonlinear model given by 1 :  = ( )+ 
Of course such a test is only used as a benchmark as it is not expected to have
1 CH

provide a thorough and exhaustive discussion of all the necessary assumptions for the

derivation of the properties of the test statistics they propose, such as mixing conditions for
data dependence as well as kernel and bandwidth conditions that need to be observed for the
asymptotics to carry through.
2 The

linearity test proposed by LHLF as well as the properties of the smooth coeﬃcient

estimator 
( ) were derived within an  analytical framewrok. However, following CH,
the analysis can be recast in the CH general framework allowing for data dependence and
conditional heteroskedasticity.
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much power against smooth alternatives given by equation (3), which constitutes
the basis of the analytical framework under consideration.
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Monte Carlo Simulations

We follow exactly the same simulation framework and design of CH in order
to be able to replicate their findings and also be able to put the comparisons
with the other kernel based tests we consider on an equal footing. The finite
sample performance of the structural change tests we consider are based on
the following design. In terms of the size of the test statistic, we consider the
following DGP:
DGP 1 - No structural change:
 = 1 + 05 +  
 = 05−1 +  

  ∼  (0 1)

We also consider all three cases CH proposed for { } to examine the ro√
bustness of the test: (i)  ∼  (0 1); (ii)  =   ,  = 02 + 052−1 ,
√
 ∼  (0 1); (iii)  =   ,  = 02 + 052 ,  ∼  (0 1) 5000


data sets of the random sample {   }=1 for each  = 100 250 and 500 are
generated.
The size of all the tests using asymptotic theory is diﬀerent than the nominal
level in small samples and may be sensitive to bandwidth selection. Therefore
we use the following bootstrap procedure for all statistics in our comparison,
illustrated in the case of LHLF as follows:
Step (i). Use the generated random sample {  0 }=1 for the model esti-

d and the the OLS
mation via OLS and compute the Kernel test statistic 

residual b =  − 
b  

Step (ii). Center the OLS residual  = b −  −1

P

=1 b

and then obtain a
√
wild bootstrap residual by b
∗ =  with probability 1− 5 and b
∗ = (1−)
5

√
√
with probability  5 where  = (1 + 5)2Construct the bootstrap sample


{∗  0 }=1 where ∗ = 0 
b +b
∗ 

d ∗ in the same
Step (iii). Compute the bootstrap Kernel test statistic 

d by replacing the original sample
way we compute the Kernel test statistic 
by the wild bootstrap sample.

Step (iv). Repeat steps (ii) and (iii) B times to obtain a series of bootstrap
n
o
d ∗
test statistics 

=1
P
d ∗ 
Step (v). Compute the bootstrap p-value ∗ ≡  −1 =1 1(
d ) where 1(·) is the indicator function.


We use  = 499 bootstrap iterations for each of the generated 5000 data

sets of random sample {  0 }=1  In terms of the power of the test statistics,
we consider the following five alternative DGPs:
DGP 2- Single Structural Break:
½
1 + 05 +   if  ≤ 03
 =
otherwise.
12 +  +  
DGP 3- Multiple Structural Breaks:
⎧
⎪
⎪
06 + 03 +   if 01 ≤  ≤ 02 or 07 ≤  ≤ 08
⎪
⎨
 =
15 +  +  
if 04 ≤  ≤ 05
⎪
⎪
⎪
⎩ 1 + 05 +  
otherwise.


DGP 4- Nonpersistent Temporal Structural Breaks:
⎧
⎨ 1 + 05 +   if  ≤ 04 and  ≥ 06


 =
⎩ 15 +  +   otherwise.


DGP 5- Smooth Structural Changes:
 =  ( )(1 + 05 ) +  
where  =

1


£
¤
and  ( ) = 15 − 15 exp −3( − 05)2 

DGP 6- Unit Root in Parameters:
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 = 1 + 2  + 
where  = −1 +    ∼  (0 15) and  = 1 2
For all five DGP’s in the power comparison, we generate 1000 data sets of


the random sample {   }=1 for each  = 100 250 and 500.
Tables 1 and 2 present the size and (size adjusted) power results respectively.
The test statistics that are included in the comparison are the two tests proposed
by CH, the first one given by equation 4 denoted by  and the second one is the
Chow-type test, denoted by  The statistics −robust and −robust denote
the robust versions of these statistics to conditional heteroskedasticity. The
test statistics  and  are the statistics proposed by LHLF and LW
respectively. From Table 1 one can see that overall, the  and  tests tend
to over-reject, whereas the  test tends to slightly under-reject. However,
the latter under-rejection disappears when we consider the bootstrap version of
the test even for small sample sizes, whereas for the bootstrap versions of the 
and  tests the distortions persist even in larger samples. Our results confirm
the findings of CH for the  and  tests as we have used the same design as
them. Interestingly enough, the  test for functional form appears to have
good size characteristics, especially its bootstrap form.
Table 2 presents the power results. Again, the results here confirm the
findings of CH when it comes to the performance of the  and  tests. At
the same time it is clear that the  test performs equally well. It is
interesting that with respect to power,  has none. This is a useful finding
on its own right, as the presence of structural breaks is not mistaken at all as
functional form misspecification, something that one might have expected. In
such a case, the test statistics that are appropriately designed to capture such
deviations from the null of parameter constancy perform quite well and cannot
be replaced by generic tests for functional form misspecification. In that context
we note that the  test, originally proposed as a test for linearity performs
remarkably well as a test for structural change and it seems to outperform its
competitors in terms of size characteristics.
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