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Abstract 

 

It is known that the normal Dickey-Fuller critical values for unit root tests are distort when 

conditional heteroskedasticity in the errors is present (Hamori and Tokihisa (1997)). In this 

paper we will be introducing robust critical values for unit root tests under the presence of 

conditional heteroskedasticity using wild bootstrapping methodology suggested by Wu (1986). 

Monte Carlo simulations are used to examine its properties. It was revealed that this wild 

bootstrap method produces better critical values than using the critical values obtained by 

Dickey-Fuller or bootstrapped critical values. It makes sense to use wild bootstrapping in order 

to estimate critical values instead of the regular Dickey-Fuller critical values because its actual 

size is close to the nominal size for all cases and that is not the case of the other two methods. 

 

Keywords: Bootstrap, critical values, Dickey-Fuller, heteroskedasticity, unit root tests, wild 

bootstrap.  
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1 Introduction 

 

There are a lot of Monte Carlo based articles studying the performance of the unit root test 

under different conditions. From these articles it has been known that the standard Dikcey-Fuller 

critical values do not handle sudden changes in the error variance well. In those cases the tests 

size is suffering from a heavy distortion. Although we are not forced to use the critical values 

from the Dickey-Fuller distribution, there are other ways of finding critical values. With Monte 

Carlo simulations we can estimate critical values using different methods. Some which also 

works well under the possibility of heteroskedasticity in the error variance. One simple and 

popular way to simulate new critical values is using bootstrap. As the computer speed and 

efficiency have evolved over the recent years, the bootstrap methods which are heavily 

dependent on it developed and became more frequently used. It is now possible to perform 

major calculations and simulations in a reasonable time. This makes the methods much more 

useful. The different bootstrapping methods can be used in many resampling situations; in this 

study we are using two of them, bootstrap and wild bootstrap in order to estimate robust critical 

values for unit root tests and comparing their properties with each other and the already known 

“asymptotic”/simulated critical values from the Dickey-Fuller distribution.   

Wu (1986) showed that the method of bootstrapping residuals does also not adapt so 

well when there is a possibility of heteroskedasticity in the error variance. He proposed another 

method of bootstrapping the residuals that is working under those situations as well, called the 

wild bootstrap.  

 Heteroskedasticity often occurs in two separate forms, conditional and unconditional. 

The conditional heteroskedasticity is used to detect non-constant volatility in the cases where 

future sessions of high and low volatility cannot be identified. The unconditional is used when 

they can be identified. We will be looking at the both cases of heteroskedasticity, conditional in 

form of GARCH effect- and unconditional in form of break in the errors. 
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This article is taking a closer look at how the Dickey-Fuller distributions-, the 

bootstraps- and the wild bootstraps critical values are doing for series with and without 

conditional heteroskedasticity errors. 

The purpose with the study is to examine the properties of the Dickey-Fuller 

distributions critical values for unit root tests and the estimated critical values by bootstrap and 

wild bootstrap methodology in the case of conditional heteroskedasticity using Monte Carlo 

methods.  
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2 Method 

 

2.1 Dickey-Fuller test 

The Dickey-Fuller test is investigating if there is a unit root process present in an autoregressive 

time series model. There are different ways to conduct the regression you need to perform the 

test, the three main versions test: 

1. Unit root without drift and deterministic time trend 

           . 

2. Unit root with drift 

              

3. Unit root with drift and deterministic time trend 

                 

The test is to see if    . In other words, if there is a unit root process present. Worth noticing, 

in all three versions of the tests you can choose to do the regression without the constant. Once 

you have performed your regression the test statistic looks like this  

   
 ̂  

    ̂ 
,  

where  ̂ is the estimation of   found in your regression. The statistic follows a special 

distribution called the Dickey-Fuller distribution, the asymptotic distribution depend on which 

version of the test you go with. Which version you should choose depend on how your time 

series looks. For example, if your time series do not show an increasing or decreasing trend you 

should not include a time trend in you regression. 

In this study we are not taking any serial correlation into account because the 

subject would simply just be too extensive. It could be a subject for further studies.  
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2.2 Bootstrap 

Bootstrap is a resampling technique which at least goes back to Simon (1969) but it was first 

after the publication of Efron (1979) that the method and its properties came to our attention. 

Bootstrap can be used in nearly any statistical estimation and is relying on a fairly simple 

procedure, namely resampling. The procedure is repeated many times so the method is heavily 

dependent on computer calculations. The development of the bootstrap has continued 

throughout the years as the computational speed and efficiency has increased and made the 

method more frequently used. The method is mostly used in situations when; the theoretical 

distribution of your targeted statistic is unknown or too complicated, you want to make power 

calculations but your sample size is not big enough (Size- and power estimates are heavily 

depended on the standard deviation of your targeted statistic), the sample size is too small in 

order to perform basic statistical inference. 

The basic idea of bootstrap is that with only sample data draw inference about the 

population by resampling the sample data. As the population is unknown here, we cannot 

measure the true bias between the sample statistic and the true population value. The bootstrap 

method is treating the inference of the true distribution, based on the original data, as equivalent 

with inference of the empirical distribution based on the resampled data.  

There are a lot of different bootstrap methods to choose from and in this study we are 

resampling the residuals, often called residual bootstrap. The method is leaving the regressors at 

their sample values and we resample the residuals. It works like this: 

1) Fit a regression model and obtain your estimated residuals. For example: Consider 

the simple linear regression 

                   

      and then use OLS to estimate the residuals, 

        ̂      ̂   ̂  . 

      The bootstrap residuals are all identical independent distributed. 

2) Use the predicted error terms from 1), instead of you original generated error terms, 

in random order to create the bootstrap time series. 
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3) Refit the model using the bootstrap time series and save the statistic of interest. In 

our case the statistic of interest is the Dickey-Fuller test statistic. 

4) Repeat step 2 and 3 sufficient many time. 

How many times you should repeat this depend on the time-limit and what computer you got 

available. If you are increasing the number of samples you are not getting more information out 

of the original data you are only reducing the random sampling error effect. In this study a size 

of 199 bootstrap samples has been used. This method by bootstrapping the residuals is known to 

not adapt so well when there is a possibility of heteroskedasticity in the error variance (Wu 

(1986)). 

 

2.3 Wild Bootstrap 

Wu (1986) proposed the idea of wild bootstrap. It is a specially developed version of the 

original bootstrap which is suitable for models showing heteroskedasticity. This method is also, 

like the residual bootstrap, performed by resampling the residuals and leaving the regressors at 

their sample values. The residual bootstrap in 2.2 cannot mimic the heteroskedasticity of 

unknown form, though the wild bootstrap gets around the problem in the following way: The 

initial steps are the same as in residual bootstrap, but after having performed the regression and 

predicted the residual the two methods deviates from each other. The general idea of wild 

bootstrap is instead of just using the predicted residuals as above, we are multiplying the 

predicted residuals with a random variable,  , with mean 0 and variance 1. The new wild 

bootstrap error term will then look like this    
   ̂   . As in the residual bootstrap the wild 

bootstrap will also be used in random order, i is an index created for this purpose and is 

described in the Monte Carlo section (3.4).   can be chosen in different ways, some common 

choices are the standard normal distribution, Mammen distribution and the Rademacher 

distribution. In this study the Rademacher distribution is used, that is 

   {
                
               

. 
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Wu (1986) noted that    
  is mean independent of both the independent- and dependent 

variables and also manage to capture any possible heteroskedasticity pattern in the original 

sample. This enables the wild bootstrap to be consistent in the presence of heteroskedasticity.  

When this is done we are ready to create the new wild bootstrap time series using our newly 

created error terms,    
 .  

With the wild bootstrap time series complete we can refit the model using the wild 

bootstrap time series and save the statistic of interest. The statistic of interest is once again the 

Dickey-Fuller test statistic. 

 

2.4 Monte Carlo 

In order to evaluate the size and power for the different methods under different cases a Monte 

Carlo experiment was conducted. For both models, specified below, we performed 10000 

simulations for the size of the test and 1000 simulations for the power. The results are based on 

600, 1100 and 2100 observations on the time series. Since the data is generated we drop the first 

100 observations to avoid any initial values effect. We start off by making a simple regression 

so we can conduct a Dickey-Fuller test, the value of the test statistic,  , is saved. We then use the 

regression made for the Dickey-Fuller test to predict our error terms, often called residuals. The 

predicted residuals are used to create the bootstrap and wild bootstrap time series. Instead of just 

using our predicted residuals straight forward we are randomly choosing what predicted 

residuals to use and in what order to use them in the creation of the new time series. For the 

bootstrap time series this is made by generating an index for the predicted residuals; the index is 

random integers from the interval [1, N-100]. N-100 since we have neglected the first 100 

observation before we made the initial regression. The index can contain the same integer more 

than once, which means that all predicted residuals are not sure to be included. We now let the 

index decide which of the N-100 predicted residuals to use. For example, if the first three 

integer of the index is 243, 82 and 161, respectively. We are then sorting our predicted residuals, 

  
 , in that order, 243rd observation as observation one, 82nd as observation two and 161st 

observation as observation three and so forth. Keep in mind, as said, the index can contain the 

same integer more than once so one value of the predicted residuals can occur more than once in 
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the newly created error term.   
  is then used instead of the original error term,  , to create the 

bootstrap time series. Once the bootstrap time series is created we make a new regression on this 

time series and perform a Dickey-Fuller test and save the value of the statistic, called   
 . We 

repeat the creation of the bootstrap time series and the Dickey-Fuller test 199 times, this yields 

us 199 different values of   
 . A new index is created for each bootstrap replica in order to 

prevent the bootstrap time series from being identical every time. The values are then ordered 

from lowest to highest value. From this set we can observe what value the first-, the fifth- and 

the tenth percentile has and use them as the bootstrap critical values on 1%, 5% and 10%. We 

call these values   
     ,   

      and   
       respectively.  

The wild bootstrap in this study is performed as follows: 

The predicted residuals are multiplied with  , which follows a Rademacher distribution, that is 

   {
                
               

. 

We take the index we created in the original bootstrap and use them to randomly sort the   

variable in the same way we did with   
 . We need the index to prevent the wild bootstrap time 

series to be identical each replica. Our new wild bootstrap error term will then look like this 

   
   ̂    

Letting the index integer be denoted by  . Now we use    
  to create the wild bootstrap time 

series, then perform the regression, the Dickey-Fuller test and save the value of the test statistic, 

   
 . This is also repeated 199 times so we obtain 199 values of    

 . In the same way as before 

we order the values of    
  in increasing order and pick the first-, the fifth- and the tenth 

percentile and use them as the wild bootstrap critical values on 1%, 5% and 10%. We call these 

values    
     ,    

      and    
       respectively. 

In the next part it will be clear what process is used to generate the bootstrap time series 

and what initial regression is performed.   

 

The data generating processes we used is displayed below and the parameter values of the 

generated processes are based on a previous study by Mantalos (2012). 
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To determine the size of the test for Model 1 we generated data using  

          . 

For the power of the test the data was generated using 

                  . 

 To determine the size of the test for Model 2 we generated data using 

              . 

 For the power of the test, this process was used 

                           

We are interested in study the performance of the different critical values under the following 

three conditions 

1) White noise, error terms are identical independent distributed N(0,1)  

2) When we let the error terms follow a GARCH(1,1) model with generated data from  

                  
            

                

     √  . 

3) Break in the variance. These error terms was generated using the same GARCH(1,1) 

model as in 2) for the 
     

 
 first observations and for the rest of the observations we let  

               . 

 

In all three cases a Dickey-Fuller test is conducted by the data generated, its statistic,    is 

then compared with the three critical values (1%, 5% and 10%) obtained by the Dickey-Fuller-, 

the estimated bootstrap- and the estimated wild bootstrap distribution. If   is less than the critical 

value we reject the null hypothesis on the given significant level.  

The size of the test is estimated by counting how many times we reject the null hypothesis when 

it is true. For the power of the test, we count each time we reject the null hypothesis when it is 

false. We get a size- and power estimate on each significant level for each distribution. This is 

done so we can use the result to compare which method is working best under our three cases of 

error terms. 
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Model 1 

The regression for the first model is 

              

where we have three different cases for the error term, i.i.d. N(0, 1), GARCH effect and break in 

the variance. The hypotheses we are testing are 

        

       . 

 

Model 2 

The second regression model is 

                 

We have the same three different cases of the error term as we had in model 1. The hypotheses 

we are testing here are also the same as model 1.  
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3 Results 
 

In this chapter we are presenting the results of the study, which are the size as well as the power 

of the unit root test using the standard Dickey-Fuller critical values and the critical values 

estimated by bootstrapping and wild bootstrapping. We present results for time series with 500-, 

1000- and 2000 observations. The complete and detailed results for all cases can be found in the 

appendix in forms of tables. 

3.1 White noise case 

In 3.1 we are studying how the test behaves under the simple case of white noise errors. This 

means that we have no heteroskedasticity here. 

As expected, the unit root test is behaving well with the standard Dickey-Fuller critical 

values as well as for the estimated once. The size is close to the nominal scale for all critical 

values and for all sample sizes. For all the three different methods the results for size and power 

are the same. They are equally good and are all reliable to use under these circumstances.  We 

can see clear evidence of sample effect in the power of the test; larger samples mean higher 

power, which is what we can expect. All the stated above holds for both models so there is no 

reason to comment on them separately. The results are displayed tables in the appendix chapter 

under section 6.1. 

 

3.2 GARCH case 

3.2.1 The size of the tests  

From what we can learn from previously studies on the critical values of the Dickey-Fuller, we 

would think that they would suffer from a distortion. Wu showed that the bootstrap method is 

not doing well in the case of present conditional heteroskedasticity and proposed wild bootstrap 

as a method for those cases. Our results emphasize this, it is clear that the Dickey-Fuller- and 

bootstrap critical values is constantly over rejecting the null hypothesis for all sample sizes 

while the wild bootstraps actual size is really close to the nominal ones . This is the case for both 
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models. For model 1, the actual size with a sample size of 1000 looks like this. In table 1 we see 

that the Dickey-Fuller critical values are over rejecting the null hypothesis about three times too 

much on the 5%-level, the same goes for the bootstrapped values while the wild bootstrapped 

values shows correct size. 

 

Table 1: Test size in the GARCH case for 1000 observations 

Significant level Dickey Fuller Bootstrap Wild bootstrap 

1% .0683 .0652 .0117 

5% .1434 .1421 .0535 

10% .2099 .2065 .1032 

 

The result for model 2 is very similar. 

 

3.2.2 The power of the tests  

The Dickey-Fuller- and bootstrap critical values are very alike here as well and have higher 

power than the ones obtained by wild bootstrap; but at the same time as we the Dickey-Fuller 

and bootstrap values is over rejects the null hypothesis here as well. Once again we display the 

results for model 1, with 1000 observations. The result for model 2 is similar but with higher 

powers. 

 

Table 2: Test power in the GARCH case for 1000 observations 

Significant level Dickey Fuller Bootstrap Wild bootstrap 

1% .2280 .2010 .0980 

5% .4340 .4230 .2740 

10% .6060 .5880 .4230 

 

3.3 Break case 

3.3.1 The size of the tests  
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In the case of a break in the variance of the errors all of the three methods work fairly well in 

our simulations. This finding is interesting; we would think that the results in this part were 

going to be similar to the once obtained under the GARCH case. The break in the variance 

makes the GARCH effect disappears and instead the results here are more like the results in the 

white noise case. We have estimated size near to the nominal size for all tests. Wild bootstrap 

seems to be slightly better than the other two. It holds for both models. This is the result for 

1000 observations for model 1.  

 

Table 3: Test size in the break case for 1000 observations 

Significant level Dickey Fuller Bootstrap Wild bootstrap 

1% .0201 .0184 .0119 

5% .0572 .0559 .0512 

10% .0933 .0932 .1008 

 

3.3.2 The power of the tests  

The Dickey-Fuller and bootstrap power is higher than the wild bootstraps on lower significant 

levels but as the significant level is increasing the wild bootstrap seems to get better. At the 

10%-level the wild bootstrap already got higher power. The result for model 1 on 1000 

observations is shown in the table below. The result for model 2 is similar but with higher 

powers. 

 

Table 4: Test power in the break case for1000 observations. 

Significant level Dickey Fuller Bootstrap Wild bootstrap 

1% .1460 .118 .088 

5% .3360 .3420 .2990 

10% .4850 .4800 .5050 
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4 Discussion 
 

The purpose as said in the introduction has been to study the behavior and performance of the 

unit root test in the case of conditional heteroskedasticity errors using Dickey-Fuller, bootstrap 

and wild bootstrap critical values. We can summarize the result by saying that the critical values 

obtained by wild bootstrap are robust and works either with or without the presence of 

conditional heteroskedasticity. The Dickey-Fuller and the bootstrap critical values did not 

handle the presence of conditional heteroskedasticity well; they systematically over rejected the 

null hypothesis. The actual size of the wild bootstraps values lies closer to the nominal size than 

the others in that case. The study convinces us that it is better to use the critical values you 

obtain by applying the wild bootstrap method when you have or suspects conditional 

heteroskedasticity in the errors.  

 We examined both size and power for the test. It was very clear that the power 

estimations were dependent on the sample size. That is what we can expect since the more 

observations you got the better estimations your regression will do. The sample size dependency 

was not as clear when investigating the size, it handled the lower sample sizes better. The  

 The subject is open for further studies; one example could be performing the same study 

but take the serial correlations into account. That will probably be a big project though.  

 Because the wild bootstrap has correct sizes in all cases and fair powers it produces more 

robust critical values than the two other methods, for that reason the wild bootstrap are 

preferred.   



15 

 

5 Refrences 
 

Dickey, D. A, and Fuller W.A (1979). Distribution of the Estimators for Autoregressive 

Time Series with a Unit Root.‖ J. Amer. Statist. Assoc. 74, 427–431. 

 

Dimitris N. Politis & Dimitrios D. Thomakosy, Financial Time Series and Volatility Prediction 

using NoVaS Transformations, Department of Mathematics and Department of Economics, 

University of California, San Diego, December 21, 2006 

 

Efron, B (1979), Bootstrap Methods: Another Look at the Jackknife, The annals of statistics, 

vol. 7, no. 1 (Jan., 1979), 1-26.  

 

Kew, H & Harris, D, Fractional Dickey-Fuller tests under heteroskedasticity, Department of 

Economics University of Melbourne, May 29, 2007. 

 

Mantalos, P  (2012). Robust critical values for unit root tests for series with conditional 

heteroscedasticity errors: An application of the simple NoVaS transformation distribution of the 

Estimators for Autoregressive. Örebro Universitet. 

 

Simon, jl (1969), Basic Research Methods in Social Science, New York: Random House.  

 

Wu, C. F. J. Jackknife, Bootstrap and Other Resampling Methods in Regression Analysis, The 

Annals of Statistics, Vol. 14, No. 4 (Dec., 1986), pp. 1261-1295, Institute of Mathematical 

Statistics. 

 

Hamori, S. and A. Tokihisa (1997) Testing for a unit root in the presence of a variance 

shift. Economics Letters, 57, 245-253. 

 

  



16 

 

6 Appendix 
 

6.1 Result tables for model 1 with white noise errors 

Table 5: Test size in the white noise case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0110 .0104 .0117 

5% .0513 .0513 .0532 

10% .0977 .0962 .0982 

N=1000    

1% .0102 .0108 .0107 

5% .0513 .0507 .0511 

10% .1030 .1020 .1028 

N=2000    

1% .0087 .0086 .0094 

5% .0506 .0500 .0490 

10% .0985 .0982 .0972 

 

Table 6: Test power in the white noise case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0250 .0270 .0290 

5% .1230 .1290 .1310 

10% .2350 .2370 .2300 

N=1000    

1% .1040 .0800 .1010 

5% .3380 .3210 .3250 
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10% .5190 .5120 .5180 

N=2000    

1% .5030 .4450 .4520 

5% .8770 .8610 .8590 

10% .9600 .9600 .9560 

 

6.2 Result tables for model 2 with white noise errors 

Table 7: Test size in the white noise case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0117 .0102 .0107 

5% .0515 .0516 .0509 

10% .1018 .0997 .1000 

N=1000    

1% .0102 .0100 .0095 

5% .0517 .0509 .0509 

10% .1064 .1015 .1036 

N=2000    

1% .0099 .0093 .0101 

5% .0509 .0509 .0511 

10% .1001 .1015 .0987 

 

Table 8: Test power in the white noise case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .2770 .2440 .2420 

5% .617 .5950 .6020 

10% .8050 .7820 .7790 
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N=1000    

1% .9490 .9190 .9010 

5% .9970 .9970 .9980 

10% 1 1 1 

N=2000    

1% 1 1 1 

5% 1 1 1 

10% 1 1 1 

 

6.3 Result tables for model 1 with GARCH errors 

Table 9: Test size in the GARCH case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0687 .0642 .0115 

5% .1398 .1385 .0502 

10% .2001 .1994 .0976 

N=1000    

1% .0683 .0652 .0117 

5% .1434 .1421 .0535 

10% .2099 .2065 .1032 

N=2000    

1% .0673 .0625 .0096 

5% .1323 .1304 .0476 

10% .1907 .1920 .0993 

 

Table 10: Test power in the white GARCH case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  
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1% .0980 .0820 .0370 

5% .2300 .2350 .1350 

10% .3460 .3400 .2250 

N=1000    

1% .2280 .2010 .0980 

5% .4340 .4230 .2740 

10% .6060 .5880 .4230 

N=2000    

1% .5970 .5560 .3190 

5% .8310 .8380 .6210 

10% .9090 .9020 .7750 

 

6.4 Result tables for model 2 with GARCH errors 

Table 11: Test size in the GARCH case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0713 .0660 .0110 

5% .1508 .1443 .0525 

10% .2167 .2131 .1016 

N=1000    

1% .0823 .0751 .0117 

5% .1601 .1562 .0558 

10% .2227 .2207 .1072 

N=2000    

1% .0831 .0784 .0115 

5% .1579 .1543 .0509 

10% .2248 .2233 .1025 
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Table 12: Test power in the GARCH case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .4150 .3650 .1730 

5% .6900 .6770 .4670 

10% .8070 .7980 .6350 

N=1000    

1% .8960 .8660 .6170 

5% .9680 .9660 .8390 

10% .9860 .9830 .9000 

N=2000    

1% .9940 .9900 .8950 

5% .9990 .9990 .9460 

10% 1 1 .9730 

 

6.5 Result tables for model 1 with break in the errors 

Table 13: Test size in the break case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0203 .0181 .0100 

5% .0574 .0552 .0503 

10% .0919 .0100 .0992 

N=1000    

1% .0201 .0184 .0119 

5% .0572 .0559 .0512 

10% .0933 .0932 .1008 

N=2000    

1% .0190 .0178 .0100 
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5% .0571 .0568 .0503 

10% .0908 .0912 .0995 

 

Table 14: Test power in the break case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0550 .0450 .0380 

5% .1700 .1610 .1560 

10% .2680 .2660 .2830 

N=1000    

1% .1460 .118 .088 

5% .3360 .3420 .2990 

10% .4850 .4800 .5050 

N=2000    

1% 1 0.9990 .9950 

5% 1 1 .9990 

10% 1 1 .9990 

 

6.6 Result tables for model 1 with break in the errors 

Table 15: Test size in the break case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500  

1% .0205 .0194 .0105 

5% .0634 .0613 .0521 

10% .1048 .1038 .1015 

N=1000    

1% .0212 .0185 .0107 

5% .0604 .0597 .0488 
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10% .1020 .1019 .1017 

N=2000    

1% .0207 .0201 .0108 

5% .0626 .0608 .0520 

10% .1076 .1072 .1046 

 

Table 16: Test power in the break case. 

Obs. Numbers 

Significant level 

Dickey Fuller Bootstrap Wild bootstrap 

N=500   

1% .3240 .3110 2110 

5% .6040 .5950 .5420 

10% .7510 .7390 .7360 

N=1000    

1% .8950 .8460 .7370 

5% .9830 .9780 .9760 

10% .9950 .9550 .9910 

N=2000    

1% 1 .9990 .9950 

5% 1 1 .9990 

10% 1 1 .9990 

 


