
 
5 Monte Carlo Experiments

In this section, a Monte Carlo experiment is conducted, based on a simple linear

model of equation (1) and (2)

yt = βxt + ε1t, t = 1, 2, . . . , T, (1)

xt = φxt−1 + ε2t, (2)

with

β = 0 and Ω =

 1 ρ

ρ 1

 .

We carried out experiments using three sample sizes, T = 27, 64 and 125, for three

different values of ρ (0.25, 0.5, 0.75), and seven different values of φ (0.5, 0.6, 0.7,

0.8, 0.9, 0.95, 0.99).3 Since the weak instrument variables can not provide a reliable

estimator of β (Staiger and Stock, 1997; Stock and Wright, 2000), we thus decided

to let the AR parameter φ vary from 0.5 to 0.99 only. In our simulations, bootstrap

critical values are based on 99 resampling processes and the number of Monte Carlo

replication is 1000 for computing the rejection rate under the null hypothesis H0 :

β̂GMM = β.

In most studies of GMM estimators, a random variable or another time series

data are usually picked as instruments in the Monte Carlo experiments. However,

in the empirical study of macroeconomics, lagged variables of regressor are the often

3These three sample sizes are according to the criterion l = T 1/3 in our block bootstrap procedure.
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chosen instruments, which are seldom considered in the Monte Carlo design. In order

to make our simulations close to the empirical works, we design a model under which

the regressor follows the AR(1) process and instruments are chosen from the lagged

variables of regressor.

Compared with the model of the Monte Carlo experiments of Inoue and Shintani

(2001), the most significant difference is that they allow both the regressor and the

disturbance of equation (1) to follow AR(1) processes. They assume the disturbance

terms of two AR(1) models are bivariate normal distributed with identity covariance

matrix. Under this assumption, the covariance between the regressor and the distur-

bance in equation (1) is zero and it doesn’t violate the orthogonality condition of the

ordinary least squares. In other words, it is unnecessary to estimate β by instruments.

Therefore, unlike the model design of Inoue and Shintani (2001), the model proposed

in this current study is more practical and reasonable.

The experiments investigate the accuracy of asymptotic and bootstrap critical

values for different levels of rejection rate (1%, 5%, 10%). The results of our Monte

Carlo experiments are summarized in Table 1 to Table 9. The first five columns

of Table 1-9 document the sizes of the test based on the asymptotic critical values

of the OLS estimator, the asymptotic critical values of the GMM estimator, the

block bootstrap critical values, the AR-sieve bootstrap critical values, and the VAR-

sieve bootstrap critical values. The last three columns of Table 1-9 document the

average lag length of autoregressive process for xt and ût under the AR-sieve bootstrap

procedure and the average lag length of vector autoregressive process for rt under the
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Figure 1: Empirical Rejection Probabilities of T-tests with Asymptotic and Bootstrap
Critical Values for n = 27

VAR-sieve bootstrap procedure.

Our results under the identical sample size are generally similar to each other

with different values of ρ and different levels of rejection rate. The stylized empirical

rejection rates of three sample sizes are demonstrated in Figure 1 (T = 27), Figure

2 (T = 64) and Figure 3 (T = 125). For the small sample size, Figure 1 and

Figure 2 show that most values of φ are overrejected by the asymptotic test. In

addition, performance of the asymptotic test is quite poor with T = 27, which almost

overrejects twice of the nominal rejection probability. Patterns of the results of the

block bootstrap are similar to the asymptotic test: the empirical rejection rates are

always higher than nominal rejection rates.
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Figure 2: Empirical Rejection Probabilities of T-tests with Asymptotic and Bootstrap
Critical Values for n = 64

Figure 1 and Figure 2 also show that the AR-sieve bootstrap and the VAR-sieve

bootstrap underreject for some values of φ, especially when the sample size is 27.

Furthermore, the size distortions of two sieve bootstrap tests are substantial for ex-

treme value of φ. However, the deviation of empirical rejection rates from nominal

rejection rates in the three bootstrap tests are relatively small, compared with those

in the asymptotic tests. Hence, we conclude that in contrast to the asymptotic test,

the performances of these three bootstrap tests are satisfactory when sample size is

small (T = 27 and T = 64).

For the larger sample size (T = 125), empirical rejection rates of the asymptotic

test and the three bootstrap tests are getting close to nominal rejection rates (see
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Figure 3: Empirical Rejection Probabilities of T-tests with Asymptotic and Bootstrap
Critical Values for n = 125

Figure 3). Here the AR-sieve bootstrap and the VAR-sieve bootstrap perform badly

only for few values of φ, and they are often better than the asymptotic test and the

block bootstrap test for different values of ρ and different levels of rejection rate.

Figure 3 also show that the VAR-sieve bootstrap has a superior performance than

the AR-sieve bootstrap, which represents the VAR-sieve bootstrap captures the data

generating process better than the AR-sieve bootstrap as we expect.

If we compare empirical rejection rates of three different sample sizes simultane-

ously, a dynamic pattern is shown when the sample size increases, empirical rejection

rates of the asymptotic tests become much closer to 5% and are better than those of
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the block bootstrap tests. In fact, the rejection rates of the block bootstrap tests do

not change a lot between different sample sizes and the performances of block boot-

strap tests improve little with larger sample size. Compared with the block bootstrap,

the empirical rejection rates of the AR-sieve bootstrap and the VAR-sieve bootstrap

are much closer to 5% as the sample size increases. Overall, the results of the AR-

sieve bootstrap and the VAR-sieve bootstrap in our Monte Carlo experiments are

comparable to the performance of the block bootstrap.
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