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ABSTRACT

Time Series Analysis of Macroeconomic Conditions

in Open Economies

by

Gover Barja, Doctor of Philosophy
Utah State University, 1995

Major Professor: Dr. Terrence Glover
Department: Economics

Three macroeconomic issues are examined in separate self-contained studies. The
first study tests the business cycle theory with application of an enhanced Augmented
Dickey-Fuller test on the U.S. time series of real gross national product. Unlike previous
studies, the null hypothesis of a unit root is rejected. The second study tests for IS-LM
conditions in the U.S. during the post-Bretton Woods era by combining the Johansen’s
approach to cointegration with bootstrap algorithms. The estimated model produces a
dynamic version of the IS-LM that permits short-term evaluations of fiscal and monetary
policies. The third study seeks to explain the observed persistence in the Bolivan
dollarization process. it is found that dollarization is now an irreversible process, with
the Bolivian economy in transition toward equalization with U.S. prices and interest rates.

(125 pages)
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CHAPTER 1

INTRODUCTION

The novelty of the present dissertation research is in the combination of time domain
time series methods with bootstrap techniques. The former is widely used in the
econometrics literature for estimation of dynamic models. The latter is used here for
hypothesis testing purposes. The combined technique is here used to analyze three
macroeconomic issues of current interest where accuracy in inference, rather than the lack
of macroeconomic theory, has increasingly become the central concern. Each of the three
issues is examined and discussed in a separate self-contained study.

The objective of the first study is to test the business cycle theory, which is a basic
building block of current macroeconomic theory. The test is performed using the univariate
time series of real gross national product (GNP) from the United States. Questioning the
cycle is, in practice, an issue of whether the time series of real GNP should be made
stationary by detrending or differencing. The question is empirically answered using an
enhanced unit root testing procedure that combines the classical test with robust regression
and bootstrapping techniques. These techniques improve the accuracy of the classical test.
This study is also used to develop the basic structure of the bootstrap algorithm needed for
hypothesis testing in a single equation of the autoregressive kind, and to set the ground work
for its application in a multivariate multiple equation framework.

The objective of the second study is to test for IS-LM conditions in the United States

for the post-Bretton Woods era. The most general IS-LM framework is used to identify the
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relevant macroeconomic variables allowing the time series of these variables to reveal their
own story. This is achieved by treating each variable as equally endogenous in the
estimation of a multivariate dynamic system. This is strictly a statistical-based test, and the
statistical methods that accomplish this are of the autoregression kind. These methods are
by their own nature data based and atheoretical. However, they can fit short-term dynamic
interactions with the use of vector autoregression models that are long-term equilibrium
relationships. Testing for cointegration, and short-term/long-term interactions with error
correction models are likewise carried out. Given the sample size and problems of
nonstandard distributions associated with these methods, the cointegration test and
multivariate parameter evaluation are performed by implementing the bootstrap at a
multivariate level.

The objective of the third study is to explain the observed irreversibility in the
Bolivian dollarization process. Although current theory implicitly contains an explanation
for the possibility of irreversibility, traditional empirical models fail to capture the complex
dynamics that have given rise to it. Irreversibility is first verified with use the of a test for
structural change applied to the monthly univariate time series of dollarization for the period
from 1987 to 1994. Then, a multivariate dynamic system is estimated using identified
relevant variables from a general model of currency substitution. Estimation is done in a
cointegration-error correction framework as well in order to capture the relevant short-term,
long-term, and short-term/long-term interactions among variables. Given the peculiarities
of the model, foreign variables are treated as exogenous while domestic variables are treated

as equally endogenous during estimation. The latter has the purpose of producing a data-




driven structure of the empirical model. Multivariate parameter evaluation and the

cointegration test are also performed by implementing the bootstrap at a multivariate level.




CHAPTER 2

BOOTSTRAPPING FOR UNIT ROOTS

Abstract. The Augmented Dickey-Fuller (ADF) test is used to determine if the time series
of U.S. GNP should be detrended or differenced for stationarity. The statistics of interest
and power of the test are evaluated using a nonparametric bootstrap procedure. Estimation
of the ADF equation is done by ordinary least squares and robust regression. The robust
method downweights observations at the begining and ending of the natural cycles in the
data according to their strength, and thus has the effect of decreasing the degree of bias.
Unlike the findings in the previous literature, in both cases the null of a difference stationary
process is rejected at a 5% alpha level for a one-sided test. This result is also supported by

a test power of above 80% when considering a plausible trend stationary alternative.

Introduction

One of the most interesting debates for over a decade now has been about the
existence and behavior of the business cycle, which is a basic building block of current
macroeconomic theory. Itis generally assumed that real GNP tends to grow in cycles around
a positive trend representing a long-term growth path. Growth is believed to be determined
by real variables, like capital accumulation, population growth, and technological change,
and therefore changes in these variables are a source of permanent change in the growth path.
[t is also believed that cycles are transitory deviations from the long-term growth path caused
by monetary variables and, to a lesser extent, by real variables. The empirical consequence

of this theory is that a macroeconomic time series could be regressed against a time variable
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in order to eliminate the long-term component and generate a stationary series useful for
business cycle short-term analysis. In statistical terms this is equivalent to detrending in
order to generate a trend stationary (TS) representation of the time series of real GNP.
However, ina paper by Nelson and Plosser (1982), the unit root testing procedure developed
by Dickey and Fuller (1979; 1981) showed that almost all U.S. macroeconomic variables
are random walks, and in particular that real GNP is a random walk with drift. A random
walk simply meanders without exhibiting a tendency to return to a trend line, and therefore,
real GNP is more correctly transformed into a stationary series by taking a first difference.
In statistical terms this transformation generates a difference stationary (DS) representation
of the time series of real GNP. The theoretical implication of this finding is that permanent
sources of business cycles dominate transitory sources. Therefore, real GNP in the short run
is always moving away from a previous position and never coming back to a within-cycle
long-term growth path. That is, there is no within-cycle long-term growth path to come back
to because the long-term is always changing through short-term adjustments.

Questioning the existence of the cycle involves in practice an assessment of whether
the time series of real GNP should be made stationary by detrending or differencing.
However, the Dickey-Fuller (DF) procedure, which tests the null of a DS representation, is
sensitive to how it is performed. Dickey and Fuller (1979) find that it is sensitive to whether
a nonzero mean or a time trend is assumed. Schwert (1987) finds it is sensitive to whether
a moving average or autoregressive data-generating process is assumed. Sims (1988) finds
it is sensitive to whether the test is performed using classical or Bayesian statistical

inference. Simkins (1994) finds it is sensitive to the number of breaks in the trend when
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considering a more flexible trend specification. These sensitivities are partly due to the lack
of power this test has against an alternative hypothesis of a stationary but large root.
Evidence of this sort has been provided by Phillips and Perron (1988), and by DeJong,
Nankervis, Savin, and Whiteman (1989).

These studies of power analyze the performance of the DF test in general
circumstances. However, given the macroeconomic implications of a unit root in real GNP,
it is of importance to evaluate the power of the DF test in this particular case. The work of
Rudebush (1993) goes in this direction. He evaluates the ability of the DF test to distinguish
between two data-based plausible TS and DS alternative representations of real GNP. More
specifically, within a Monte Carlo approach, Rudebush draws random values from a normal
distribution and, together with the estimated coefficients of the TS and DS representations,
generates an empirical distribution of the statistic of interest for each case. Then, by
computing the p-value of the sample statistic for the two alternative distributions, he
concludes that the existence of a unit root in real GNP is uncertain due to low test power.

The procedure used by Rudebusch is called parametric bootstrap by Efron and
Tibshirani (1986), and its main advantage is that it takes into account the sample size and the
nonstandard distribution problem associated with the DF test. However, instead of
substituting the actual residuals with random draws from a normal distribution, another
method would be to draw random values from the residuals themselves to obtain an
approximation to the true distribution of the statistics of interest. This approach is called the
nonparametric bootstrap by the same authors. The bootstrap was introduced by Efron (1979)

and applications to stationary autoregressive processes were implicitly introduced by




Freedman (1981) and Freedman and Peters (1984). One aspect of bootstrap applications to
regression equations, emphasized by Freedman and Peters (1984), is that the fitted regression
equation and its estimated parameters are the true model of the phenomena of interest. In
the context of unit root testing, however, neither the Dickey-Fuller (DF) equation nor
Rudebush’s TS and DS representations constitute models of real GNP. The TS and DS
representations are simply two alternative transformations of real GNP, and the DF equation
is a way to decide which transformation is correct. A model of real GNP could contain many
other macroeconomic variables, probably within a dynamic system of equations. However,
it is these characteristics of the TS, DS, and DF equations that justify the use of the
nonparametric bootstrap based on observed residuals since these residuals retain historic
distributional information from the other variables not included in these equations. This is
a further advantage of the nonparametric bootstrap, in addition to taking into account the
sample size and nonstandard distribution problems.

The purpose of this study is to use the nonparametric bootstrap to evaluate the
performance of the Dickey-Fuller (DF) test in a near unit root case. The data used are the
quarterly time series of real GNP for the period 1948.3-1989.4. The DF equation is
estimated by ordinary least squares and robust regression. This latter procedure is used to
improve accuracy in estimation. The evaluation itself is done in three ways; first, by
building critical values from the estimated empirical distributions of the statistics of interest
and comparing them with the usual DF critical values; second, by determining the
contribution of squared bias and variance to total mean square error in the estimated

parameters resulting from ordinary least squares and robust regression estimation; third, by




assessing the power of the DF test against a plausible TS alternative.

Classical Procedures, the Bootstrap, and

Robust Regression

To fix the idea of a unit root, consider the following model for a time series y,:
Vo= o et + (1)
u, =pu,, + ¢, 2)

where ¢, is a zero mean white noise process. The reduced form of model (1)-(2) yields the

following equation:

Y=y +ottoy, te, (3)
where y = [ey(1-p) + «,p] and & = «,(1-p). Equation (3) and y, are said to have a “unit root”
when p = | (which in turn implies 8 = 0). In this case, y, is nonstationary, but the process is
said to be difference stationary (DS) because stationarity is induced by first differencing: Ay,
=Y,- Y. =Yt €. Alternatively, when p <1 and « ,#0, y , is stationary about the linear trend
ayte,t, and hence is said to be trend stationary (TS). The case when p <1 and «,=0 implies
y, is stationary itself.

Unit root tests based on equation (3) were pioneered by Dickey and Fuller (1979),
and the most common procedure is to test the null hypothesis Hy:p =1 based on the statistics
©=(p-1)/se(p), and F(0,1). Here, p is the ordinary least squares (OLS) estimator of p, se(p)
is the standard error of p, and F(0,1) is the usual F-statistic for tesing Hy: =0, p=1. Dickey
and Fuller have shown that these statistics do not have the traditional t and F distributions
but, rather, some nonstandard distributions. However, they tabulated critical values for the

asymptotic case based on Monte Carlo simulation.
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I'he above Dickey-Fuller (DF) test requires the error term ¢, to be white noise. Said

and Dickey (1984) further developed the test to accommodate AR serial correlation in the
error term and introduced the “augmented” Dickey-Fuller (ADF) test, which involves

estimating t(tau) and F using

8
y= ¥+ 8t + py_+ Y BAy + e, (4)
=1

where A is the first difference operator and with the number of lags, g, taking into account
the presence of AR serial correlation. Said and Dickey also showed that the “augmentation”
of the ADF test leaves the statistics asymptotically distributed according to the Dickey-Fuller
tables even when the errors are ARMA processes of unknown order.

Subtracting y,, from both sides produces the following equation:
8
Ay = y+ 8t + By + ZGIAyVﬁ € (5)
i=1

where B=p-1. The null hypothesis for the DF test now changes to the more convenient form
of H, :B= 0 for the t-test, and H,: 6=0, p=0 for the F-test. When the null hypothesis is true,

equation (5) becomes a random walk with drift plus g short-term dynamic components. The
present study uses this last equation.

The bootstrap is a computer-intensive method used to establish the accuracy of a
parameter estimate. To illustrate the bootstrap in autoregressive time series models, assume
the following second order autoregressive model:

Vi= ot oy t ey, te (6)
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where the sample size for y, is n, the « are unknown parameters and the errors are identified
with an unknown distribution having a zero mean. Assume it is of interest to test Hy:e, = 0
and let t(e;) be any measure of statistical accuracy, say the t-statistic. Following the work of
Freedman and Peters (1984), and Hall and Wilson (1991), the bootstrap algorithm for
hypothesis testing in a time series context would be the following:

Algorithm 1:

1. Begin by obtaining an estimate & of the parameters, say by least squares, and

compute the original t(e;)=( & - 0)/se(&,).

2 Compute the observed residuals é= y - & - &y,_ - &y,_,.

3. Take a random sample of size n drawn with replacement from e, to generate new
residuals e*.

4. Construct new values y* using the residuals €*, and the estimated dependence
mechanism from step 1, y,"= &+ &y ,+ &y ,+ €, withy *=y, and y,*= y,.

S Use the new values y* to estimate equation (6) and generate bootstrap estimates o;*.

6. Compute bootstrapped t(e;*) = (¢;*- & )/se(e;*) to approximate the null distribution
of t(e;) = (&- 0)/se(&,). Go back to step 3 and repeat the process enough times (say
1,000) to obtain the empirical distribution function (df) for the statistic t(e;).

7. Finally, based on this df evaluate the significance of the original t(e;) estimated in

step 1 by computing its (bootstrapped) p-value.
An alternative to the OLS estimates found in Steps 1 to 5 are these found using robust
regression. Robust regression is a method useful in the presence of contamination in the

data. To explain how robust regression operates, we begin with the classical regression
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problem: Y = XB + ¢, where Y(n x 1) is a vector of observations, X (n x p) is a design matrix
of full rank p, B(p x 1) is a vector of unknown parameters, and e is a vector of errors which
satisfy E[e]=0 and Cov[e]=c’l. The method of least squares obtains an estimate of f that
minimizes Ye?. The possibility of outliers in the observations or the design are handled by
estimating weights for those outliers, then using the weights to obtain an estimate of § that
minimizes Y n(e; /s). This is the classical M-estimation approach, where n(-) is a symmetric
loss function and s is a scale parameter. The derivative respect to p produces the following

system of nonlinear equations:

o y-x"P
g =0
n y.-x"B

LR ——] =0

i=1 S

where (-) is the derivative of n(-). The computational procedure is the following:

1 Obtain an initial estimate g° of p.

[

Find residuals €J =y, - x,"p’ associated with the jth estimate and compute

an estimate of scale s'.

3 Compute weights to be used in the next weighted least squares estimate
 Y(efs)
I e/s’
4. Use the weights obtained in 3 to solve the following weighted least squares equations

for B!




Y % w, = 0

RN S
5 Return to 2, unless the estimates differ from ' by less than a desired accuracy.

Bootstrapping the ADF Test
Figure 2-1 presents plots describing some statistical properties of the first difference
of the log of real GNP (Ignp). Plot (a) is lgnp before differencing. Plot (b) is the first
difference of Ignp, called dgnp. Taking logs has a double objective. First, it decreases the
magnitude of observed values of GNP. Second, its first difference expresses GNP in its
growth rate form. Plots (c¢) and (d) show that the growth rate of GNP has a distribution close
to normal and there are no obvious outliers. Plots (e) and (f) are the autocorrelation and
partial autocorrelation functions (ACF and PACF) of the growth rate of GNP. These show
first order autocorrelation, which suggests the following ADF equation':
Algnp, =y + 8t + Blgnp,, + 6Algnp, , + ¢, (7)
Equation (7) is the same as equation (5) but with g=1. If =0 and p = 0 then (7)
reduces to the null representation of Ignp suggested by the data, that is, a random walk with
drift and first order autocorrelation. Following algorithm 1, the bootstrap procedure starts
by estimating (7) (instead of (6)) using OLS and robust regression (RREG). The numbers

in parentheses are the estimated coefficients which are subsequently divided by their

! Notice that the first difference of Ignp = Algnp (used in equations) = growth rate of
GNP = dgnp (used in plots).
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Fig. 2-1.—Some statistical properties of differenced log GNP.




standard errors:

OLS: Algnp,=0.384 +0.0004 t - 0.0535 Ignp, , + 0.389 Algnp,, + ¢, 8)
(2.810) (2.664) (-2.766) (5.334)

F-test = 4.08; Q=9.75 (0.46); Q*=7.40(0.68); VN=10.759 (0.77)

RREG: Algnp, = 0.387 + 0.0004 t - 0.0538 Ignp,., + 0.406 Algnp, , + ¢, 9)
(3.364) (3.219) (-3.312) (6.676)

F-test=5.67; Q=10.86 (0.36): Q*=9.97 (0.44); VN=1.00 (0.84)

Although plots (c¢) and (d) show no obvious outliers, it is worth noting that robust
regression improves the accuracy of the estimated parameters. The best way to see this is
by comparing the computed weights with the differenced and detrended series of lgnp. Plot
(a) in Figure 2-2 is the detrended series, (b) is a plot of the weights, and (c) is the differenced
series that produces the weights. The weights are values between zero and one, and they
indicate the proportion by which the original values are downwighted in order to achieve the
most robust fit. What is interesting to note is that the downweighted values correspond to
the beginning or ending of the natural cycles in the data. That is, what robust regression
achieved is similar to a regression with dummy variables at the beginning or ending of cycles
with the difference that each dummy is not weighted equally, but rather according to the
initial or ending strength of each cycle.

The estimated coefficients in both regressions do not show much difference, but in
all cases the RREG statistics are greater in magnitude. The t-statistics are taug ;= -2.766 and
tauggeg = -3.312, which are generally evaluated using the DF critical values. The F-statistics

are F =4.08 and Fypr=5.67, which are also evaluated using their DF critical values. The
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Fig. 2-2.—Comparing weights with detrended and differenced Ignp.
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statistics Q. Q°, and VN where computed with the objective of verifying if the residuals
from both equations are in fact independent before continuing with the bootstrap algorithm.
The first is the Box-Ljung Q-statistic designed to test the null of zero autocorrelation at all
lags in the residuals. The second, Q? is also the Box-Ljung Q-statistic but this time it is used
to test the null of zero autocorrelation at all lags in the squared residuals. This last test is

used to identify possible heteroskedasticity. The Q-statistic is given by

r?
i

Q = n(n+2) i .
=1 (n-j)

where r; is the jth autocorrelation and n is the number of observations. Under the null, Q has
a x’-distribution with degrees of freedom equal to the number of autocorrelations, p. For
p=10, the 5% critical value for the x>-distribution is 18.3, which is above the computed
values for Q and Q? in both regressions. Values of p > 10 were not considered given that
they reduce the power of the Q-test. The numbers in parentheses beside the computed values
for this statistics are p-values. In all cases we fail to reject the null of independence. The
third statistic, VN, is the Rank von Neumann Ratio designed to test the null of independence
of the residuals with a nonparametric approach. The VN statistic is given below, where v
is the Neumann ration and r; is the rank associated with the ith residual. For large n and
under the null, v is approximately distributed N(2, 20/(5n+7)), and therefore VN ~ N(0,1).

The numbers in parentheses beside the computed values for VN are p-values. In both




Z [§ o B

n(n?-1)/12

Y =

v-2

VA = s
V(20/(5n+7))

regressions we fail to reject the null of independence of the residuals.

Having parameter estimates and independent residuals, a new bootstrap algorithm
was developed to account for the requirements of the unit root testing procedure, but
following the main structure of algorithm 1. It is of interest to test two hypotheses. First,
H,:3=0, for which the statistic tau is computed. Second, H,:5=0 and =0, for which the F-test
is computed. The original values of tau are shown in the above estimated ADF equations (8)
and (9). The following algorithm describes the steps followed in bootstrapping residuals
from the OLS regression:?

Algorithm 2:
il Take a random sample of size n drawn with replacement from the standardized

residuals &, of the original regression, to generate new residuals e*,.

2. Construct new values Ignp*, using the residuals e*,, together with the estimated

ADF structure and dependence mechanism from the OLS regression (8),

Algnp* = ¢+ 8t+ f lgnp*,, + 6Algnp* | +e*,

with Ignp*, = Ignp, and lgnp*, = Ignp,.

’All computations for estimation and bootstrap hypothesis testing were programmed in
Splus, version 3.2 release 1 for Sun SPARC, SunOS 5.x: 1993. Computer programs are
presented in appendix A.




18

Use Ignp*, to estimate equation (7) and generate bootstrapped parameter estimates.

W

4. Also compute bootstrapped tau* = (p*- B)/se(p*) and F*(0,0) to approximate

the distribution of tau = (- 0)/se() and F(0,0).

5 Go to step 1 and replicate 1000 times.
6. Finally, use the 1000 values of tau* and F* to build their empirical distribution

functions (df’s) to evaluate the significance of the original tau and F.

The algorithm used for bootstrapping residuals from the RREG regression follows
the same steps as algorithm 2 (see Shorack, 1982) except that at step 1 it samples from the
standardized weighed residuals, and at step 3 it estimates a robust regression to produce
bootstrapped parameter estimates.

Plots (a) and (c) in Figure 2-3 present the estimated empirical df’s for the tau-test
under OLS and RREG, respectively. In both cases the distribution of tau appears not much
different from a normal distribution. However, the range of values tau can take does suggest
important differences compared to the Dickey-Fuller (DF) critical values, as can be seen in
Table 2-1. The DF critical values are shifted to the left compared to the bootstrap RREG and
bootstrap OLS critical values. By using the estimated tau statistics from equations (8) and
(9), a one-sided test of the null hypothesis of p=0 can be rejected at a 5% alpha level for
tauy, ¢ = -2.766, but cannot be rejected at a 2.5% level. In the RREG case, the conclusion is
exactly the same for tauggeg=-3.312. However, the DF test fails to reject the null at even a
10% alpha level when considering the value of tau,, g, and it rejects the null at a 10% alpha

level for taugggg.
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Fig. 2-3.—Empirical distributions of tau and F under OLS and RREG.
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TABLE 2-1
CRITICAL VALUES FOR TAU-TEST

0.01 0.025 005 0.0 090 095 0975 099

Bootstrapped ~ -3.15  -2.78 -241 206 032 0.69  0.96 1.22
Taug,s

Bootstrapped ~ -3.88 -3.36 296 247 048 0.94 1.35 1.74
Tauggeg

Dickey-Fuller -3.99  -3.69 -343  -3.13  -123  -092 -0.64 -0.31

TABLE 2-2
CRITICAL VALUES FOR F-TEST

0.01 0.025 0.05 0.10 0.90 0.95 0.975 0.99

Bootstrapped 0.01 0.03 007 « 015  3.00 3.89 4.90 592
FOI.S

Bootstrapped 001 0:03 010 021 429 5.43 6.65 8.63
Frreo

Dickey-Fuller 0.76  0.94 1134 139 539 6.34 7.25 8.43

Plots (b) and (d) in Figures 2-3 present the estimated empirical df’s for the F-test
under OLS and RREG. Once again the range of values of these distributions suggest
important differences compared to the DF critical values, as can be seen in Table 2-2.

By using the computed F-statistics from equations (8) and (9), the null hypothesis of
5=0 and p=0 can be rejected at a 5% alpha level for bootstrapped F; s=4.08 and bootstrapped
Frreg=3.67, but it cannot be rejected for a 2.5% alpha level. This result is consistent with
the findings above. When using the DF critical values, the value of F,  cannot be rejected

while Fyge can be rejected at a 10% alpha level. This result is also consistent with the

findings above.
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Failure to reject the null is the stylized fact that has emerged from applications of the
DF test, but as found here, the small sample results in a nonparametric bootstrap context are
somewhat different. These results suggest that US real GNP is a trend stationary series (at
a 5% alpha level and if we are willing to accept a one sided test) which grows in cycles
around a positive time trend. By using the estimated equations (8) and (9), and the
definitions given in (1)-(5), the estimated time trends are 7.045 + 0.00747t for the OLS case,
and 7.062 + 0.00743t for the RREG case.

Figure 2-4 shows the distribution of the bootstrapped parameters of interest. Plots
(a) and (b) correspond to the distributions of B* and se(B*), respectively, and under OLS.
Plots (c¢) and (d) are their RREG counterparts. In all of the plots there is some degree of
skewness either toward the right or left tail. This degree of skewness is more accentuated
in the distribution of the parameters rather than on their standard errors. It is interesting to
note, however, that dividing parameters by standard errors produces symmetric distributions
as in the distribution for tau. One useful aspect of these distributions is that they can help
establish the contributions of squared bias and variance to total mean squared error (MSE).
Table 2-3 shows the proportions of squared bias and variance to MSE, plus a measure of
relative bias for all OLS parameter estimates. Table 2-4 presents the same for all RREG
parameter estimates. The definitions used were variance =var(b*), bias = E(b*)-b, and
relative bias = bias/se(b*) for b=(y,,B,0).

In comparing the tables, OLS produces smaller MSE for y and 6, but RREG produces
smaller MSE for p and especially for 6. If an estimator is unbiased, then its variance should

equal its MSE. This does not happen with the OLS estimates where squared
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Fig. 2-4 —Empirical distributions of the parameters beta under OLS and RREG.
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