
 
1 Introduction

In empirical work, the generalized method of moments (GMM) estimators are used to

deal with the problem of endogeneity. Under regularity conditions, GMM estimators

are consistent and asymptotically normal (Hansen, 1982). However, there is consider-

able evidence that asymptotic normality often provides a poor approximation to the

sampling distributions of test statistics obtained from GMM estimators (Tauchen,

1986; Kocherlakota, 1990; Stock and Wright, 2000). In this situation, we have no

choice but to rely on the empirical distribution of the test statistic considered. And

the bootstrap method is one way to improve the poor asymptotic approximations and

such improvements are called asymptotic refinements (Horowitz, 2001).

The bootstrap is a simulation approach to estimate the distribution of test statis-

tics of small sample sizes. The idea of the bootstrap is to create samples, which are

similar to the original data, and use these samples to compute the test statistic, and

hence create the associated empirical distribution function. The original bootstrap

method is to resample the data randomly to obtain bootstrap samples (Efron, 1979;

Freedman, 1984; Efron and Tibshirani, 1993). When data are independently and

identically distributed (iid), the critical values of the original bootstrap are satisfac-

tory. However, when data exhibit serial correlation and heteroscedasticity typically

existing in time series data, the original procedure usually does not perform as well

as we expect. The reason being that randomly draws cannot preserve the correlation

structure of original data and will not be able to replicate the original data generating
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process (DGP).

Two main approaches are used to improve the accuracy of bootstrap for time se-

ries data. The first method is the block bootstrap proposed by Künsch (1989). This

method is to divide data into several blocks, and then resample these blocks randomly

to create bootstrap samples. These blocks can be overlapping or non-overlapping.

Using this procedure, one could capture the dependence structure of original data

generating process. Hall and Horowitz (1996) gave conditions under which the boot-

strap provides first-order asymptotic refinements to the critical values of t tests based

on GMM estimators of time series data. After taking the HAC covariance matrix

into account, Inoue and Shintani (2001) gave conditions under which the bootstrap

obtains second-order approximations to the distributions of statistics based on GMM

estimators of overidentified linear models. However, the block bootstrap neglects the

possible dependence between blocks. Furthermore the block bootstrap is unreliable

due to its sensitivity to the choice of block length and its performance can be far

from satisfactory in some situations (Bühlmann, 1997; Bühlmann, 2002; MacKinnon,

2002).

The second method is called the sieve bootstrap, which was proposed by Bühlmann

(1997). Unlike the nonparametric block bootstrap, the sieve bootstrap is in essence

parametric. The main idea of this method is to approximate the original data gen-

erating process by fitting an autoregressive process of order p, where p is chosen be

an increasing function of the sample size. In practice, the order p is selected by the

Akaike information criterion (AIC). Then, bootstrap samples are generated by ran-
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domly resampling the rescaled residuals from the autoregressive model. Compared

with the block bootstrap, the sieve bootstrap is often easier to implement and its

sample is stationary (Bühlmann, 1997). Although the sieve bootstrap seems to be a

better way to deal with time series data, few researches have adopted sieve bootstrap

in the GMM estimation.

In this paper, we propose two types of sieve bootstrap, univariate and multi-

variate approaches, for the generalized method of moments estimators of time series

data. The univariate sieve bootstrap, namely the AR-sieve bootstrap, is a straight-

forward application of the original sieve bootstrap in the GMM estimation. Firstly,

we estimate autoregressive models separately for explanatory variables, instrumen-

tal variables and the residuals obtained from the GMM estimation of original data.

Secondly, we construct the bootstrap samples by randomly resampling the rescaled

residuals from the autoregressive models. Then by using the bootstrap samples of ex-

planatory variables, instrumental variables and residuals, the bootstrap sample of the

explained variable is constructed and the associated empirical distribution function

of the test statistic is created.

Since several autoregressive processes need to fit in the GMM context, it is

straightforward to extend the univariate AR-sieve bootstrap into the multivariate

sieve bootstrap. The main idea of the multivariate sieve bootstrap, namely the VAR-

sieve bootstrap, is to fit a vector autoregressive (VAR) process for explained variable,

explanatory variables and instrumental variables. Then by randomly resampling the

rescaled residuals from the VAR model, we construct the bootstrap samples and
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create the associated empirical distribution function of the test statistic. Adopting

two types of sieve bootstrap, the AR-sieve bootstrap and the VAR-sieve bootstrap,

we conjecture that similar asymptotic refinements to the GMM estimators can be

obtained with the block bootstrap.

The paper also reports the results of Monte Carlo experiments that investigate the

performance of the asymptotic test, the block bootstrap test, the AR-sieve bootstrap

test and the VAR-sieve bootstrap test of a simple linear model with one endogenous

regressor. For the small sample size, the tests almost overreject twice of the nominal

rejection probability when asymptotic critical values are used. Compared with the

asymptotic test, the size distortions of these three types of bootstrap tests are usually

smaller. For the larger sample size, all of the empirical rejection probabilities of the

asymptotic tests and bootstrap tests are much closer to the nominal as we expect.

Overall, the performances of the AR-sieve bootstrap and the VAR-sieve bootstrap

are satisfactory in most of the Monte Carlo experiments and are comparable to the

performance of the block bootstrap. Furthermore, unlike the block bootstrap, which

is sensitive to the choice of block length, the AR-sieve bootstrap and the VAR-sieve

bootstrap are less sensitive to the choice of lag length.

The remaining of this paper is organized as follows. Section 2 introduces the

model for the GMM estimator. Section 3 describes the procedures of the block boot-

strap approach. Section 4 describes the procedures of two types of sieve bootstrap

approaches. Section 5 presents the Monte Carlo results for different sample sizes.

Finally, we conclude the paper in section 6.
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