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Regression Analysis With Appropriate Specification Teststc \l1 "2. Regression Analysis With Appropriate Specification Tests
2.0  Introductiontc \l2 "2.0  Introduction
The options discussed in this chapter concern testing for appropriate functional specification, ordinary least squares (OLS) models, generalized least squares (GLS) models, minimum absolute deviation (L1) models, MINIMAX models, and weighted least squares (WLS) models.  The appropriate syntax for running these options is contained in the regression, reg and robust commands of Stokes (2000b).  It is assumed that the user has entered his data in B34S and is ready to estimate his/her model.
 After a detailed discussion of the statistics available, a number of examples are shown.

2.1  Standard Regression Model With a Constant
tc \l2 "2.1  Standard Regression Model With a Constant
Assume a  set of T observations on (K) variables  denoted
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(2.1-1)

It is supposed that these variables are related by a set of stochastic equations that can be written in matrix notation as:
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(2.1-2)

where Y is the T x 1 vector of observations on the dependent variable;  X  is the T x K-1 matrix of

independent variables, corresponding to the regression coefficients;  i  is a T x 1 vector of 1's, 

corresponding to the constant, 
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, 
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 is the  K x 1 vector of fixed, but unknown, regression

coefficients; 
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is the standard deviation of the  disturbance term e;  
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 is a Tx1 vector of

 independent, identically  distributed random variables with mean (
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)  = 0 and variance (
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 is the population  residual where e is a T x 1 vector of population residuals.

The least-squares estimate of 
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 may be computed in either of two equivalent ways, the difference being in the handling of the constant term. First, we might actually consider the matrix

(X, i) and compute the regression coefficients
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(2.1-3)
where (') denotes the operation of matrix transposition.  This approach treats the constant like all other coefficients.  Second, we could use the deviation of the data from their means, get the coefficients  
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so that 
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 is the K-1  x 1  vector of means of the independent variables 
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(2.1-5)

and
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(2.1-6)

This approach takes advantage of the special structure of the last regressor, i, and requires the inversion of a (K-1 ) x (K-1)  instead of a  K  x  K matrix.  Each approach has its advantages, but rather than working both out completely (Johnston 1963, 134-135), we will use here only the first one.

For convenience we will now redefine X to include i, so we can rewrite the basic model as
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where
E(e) = 0, E(ee') = 
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and the least squares estimator of 
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Given 
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, we can compute the estimates of the sample disturbances, or the residuals
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and from them an unbiased estimate of  
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, the residual variance
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The square root of 
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 is the standard error of estimate Sy.x or the Root Mean square error.

If X is independent of e (Goldberger 1964,  164, 167, 267-268), the covariance matrix of regression coefficients is estimated by
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The square roots of the diagonal elements of the covariance matrix are the standard errors of the coefficients 
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The partial correlation between y and 
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where we assume there are K right-hand-side variables. The equivalence of this formula to the standard definition of partial correlation is given in Gustafson (1961, appendix 1, 365).  The elasticities estimated at the mean are
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The squared coefficient of multiple correlation, R2, 
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where 
[image: image38.wmf]y

v

 is the variance of the dependent variable. In a model with only one right hand side variable 
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 is the squared correlation coeffient between y and x. Theil (1971, 179)  recommends the adjusted multiple correlation coefficient 
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which is preferred to equation (2.1-15) since it is adjusted for the number of independent variables in the regression. (2.1-16) can be written as  
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The F-statistic to test the hypothesis that  
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and has (K-1, T-K) degrees of freedom.

Additional diagnostic statistics provided include -2 * ln( maximum of the likelihood function), which is defined as
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Akaike's Information Criterion (AIC) (1973), defined as
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and the  Schwartz Information Criterion (SIC) (1978), which is defined as
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Note that these "classic" formula include a degree of freedom correction for the estimation of 
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.The SIC is often called the Bayesian Information Criterion. Using these formulas, the smaller the AIC and SIC, the better the model since this means that not withstanding the added penalty for degrees of freedom, u'u declined sufficiently.  It is to be noted that the AIC and SIC increase (2.1-18) with a penalty as more variables are estimated. Many software systems such as modler, however,  use different definations and report the the log likelihood function (LLF)
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(2.1-21)
and the log of the AIC and SIC defined as
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Other software systems use variants of these formulas. For example RATS uses 
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. In view of these differences in approach, it is suggested that all reports listing a SIC or AIC be careful to indicate the formula used.
When estimating a finite distributed lag model
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 with lag q, Greene (2000, 717) suggests a slight change in the AIC formula to 
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It can be shown that the OLS estimators 
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 are in fact maximum likelihood estimators. Let f(yi) be the probability density of the left-hand variable. The maximum likelihood method of estimation attempts to select values for the estimated coefficients and 
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is maximized. Kmenta (1971, 213) cites the change of variable theorem, "If a random variable X has probability density f(x), and if a variable Z is a function of X such that there is a one-to-one correspondence between X and Z, then the probability density of Z is 
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Since from equation (2.1-7),  
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or the distribution of the left-hand variable is equal to the distribution of the error. Equation (2.1-26) implies that equation (2.1-24) can be written
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Assuming the distribution of the error term is normal,
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or taking logs,
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Maximum likelihood estimation selects values for  
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It follows from substitution of equation (2.1-29) in equation (2.1-30) that
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Differentiation of 
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  in equation (2.1-31) with respect to 
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 uses the large sample T rather than T-K. Equation (2.1-31) can be easily modified if we drop the assumption of homoskedasticity or constant variance of the error term 
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or a GARCH(1,1) process
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In both cases the log likelihood function becomes
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which must be estimated with a maximization routine, since no closed form solution is available as was the case for the OLS model in (2.1-31).
 Equation (2.1-34) is a general formula that allows both the second moment specification (equations (2.1-32) and (21.-33))  and the first moment specification (here set as 
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As noted in Enders (2004, 105-106), assuming homoskedasticity but a MA model of the form
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Using the lag operator L defined as 
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from which (2.1-31) becomes
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If there is a unit root in the error term, 
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, which implies the possibility of a spurious regression as was noted by Granger-Neubold (1974). From (2.1-37) and (2.1-38) we see that the Likelihood for such models does not exist.

Table 2.1 Model Specification Tests

Linearity

· Pena-Slate (2006) 

· Hinich (1982)
· BDS  Brock-Hsieh-LeBaron (1991)
· Tsay  (1986)
Homoskedasticity
· Pena-Slate (2006) 
· White (1980) Four variants.  
· Breucsh-Pagan (1979) Three variants

· Glesjer (1969)

· Goldfield-Quandt (1965)

· Theil (1971) BLUS

Uncorrelatedness

· Pena-Slate (2006) 

· Durbin-Watson

· Theil(1971) BLUS

Normality

· Pena-Slate (2006) 

· Hinich (1982)

· Stokes B34S Simple Test

Model Instability Detection

· Theil (1971) BLUS

· Quenouille (1949) and Effron-Tibshirani (1993) Leverage or Jackknife Estimators

· Brown-Durbin-Evans (1975) Recursive Residuals

Prediction

· Akaike (1970) Finite Prediction Error

· Craven – Wahba (1979)  Generalized cross Validation

· Hannan- Quinn (1979) HQ Criterion

· Rice (1984) Selection Criteria

· Shibata (1981) Selection Criteria

Robust Estimators of OLS Models if outliers are suspected

· L1

· Quantile

· MINIMAX

· Least Trimmed Regression (LTS)

2.2   Other model specification tests


The number of model specification  tests is large and growing. An added difficulty is that there are many variants in the way  these tests have been implemented with the result that much research needs to be done in comparing their power. In this section a subset of the availabe tests are discussed and illustrated. Table 2.1 outlines how a number of these tests fit together.
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.  These four statistics address four important OLS assumptions and will be discussed and defined below:

1. Linearity 
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3. Uncorrelatedness 
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Define the standardized residual as 
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(2.2-3) 

where 
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 is the estimated OLS coefficient vector without the constant and 
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 is a row vector of the column means of the 
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 tests for, linearity, if the data is sorted in a specific order, it is possible to see if there are ranges of the sorted variable that are fitting in a nonlinear fashion. Chapter 14 contains a discussion of a number of tests to deal with nonlinearity. In the example section of chapter 2, the Pena-Slate test is applied to the production function data to show the effect of changes in the composition of the right hand side variables.

Other related diagnostic tests available include the Akaike (1970) finite prediction error (FPE) defined as
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the Craven and Wahba (1979) generalized cross validation (GCV)
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and the Hannan and Quinn (1979) HQ criterion defined as
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Related to these measures are the Rice (1984) selection criteria
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and the Shibata (1981) selection criteria
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Ramanathan (1998, 165) gives a good non-technical overview of these closely related tests which are available under the regression command and the matrix language command OLSQ if  :diag is specified. 
Of interest is whether a model will fail a given specification test because of actual misspecification of  the model or because of outliers. L1 and MINIMAX are two alternative estimators available under the robust command and under the matrix command that are respectively less sensitive and more sensitive to outliers than OLS. The L1 estimator minimizes the value 
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 for OLS. However, inspection of the estimated coefficients will give some indication of how sensitive to alternative estimator assumptions. The robust command can produce recursive beta estimates by either adding an observation at a time or using a moving window. This feature produces OLS Beta's and SE's, L1 Beta's and MINIMAX Beta's but is substantially slower than the rr command which is documented in chapter 9. If results on sorted data are desired, the sort command can be given prior to the robust command. Good references for the L1 and MIMIMAX estimators are: Barrodale and Roberts (1973, 1974) and Barrodale and Phillips (1975). Bassett and Koenker (1978) discusses extensions to the L1 model. Unlike RATS (see page 5-11) which uses the Huber (1973) approach to get L1 estimates via weighted least squares, the b34s uses the linear programming approach. Bassett and Koenker (1992) show that the Huber approach will give poor results, especially in the presence of outliers. The robust command will be illustrated below. Bassett and Koenker (1978) propose the use of regression quantile criterion which is defined as
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which reduces to the L1 criterion when 
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 respectively.  Equation (2.2-11) has performed well in Monte Carlo studies where there are thick tails (outliers). A problem has been the selection of the appropriate value for 
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. If (2.2-11) is estimated with a nonlinear zero finder, it is possible to obtain a distribution on the parameter estimates. This is illustrated later in section 11.4 of Chapter 11.


In a limited number of research studies theory suggests both the variables to place in a regression and the exact functional form of the model, however in most situations this is not the case. In fact, even when the theoretical form of the model is explicitly known, it is important to be able to test whether in fact the date conforms with the estimation specification. The rest of this monograph is concerned with various testing protocols that can be followed to quide the researcher.  The first test to consider is whether there were influencial observations  or outliers that would unduely influence the result. The easiest test, discussed further in section 2.8, is to form 
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 and inspect the vector for values > |2| for further study.  The LTS (least trimmed squares) approach, discussed in Faraway (2005, 101), actually drops a specified percentage of data points where the absolute value of the residual is largest and tests if there are substantial changes in the coefficients. Another way to proceed, discussed in detail in chapter 9, is to estimate with a subset model and add observations and observe the changes in the fit and the estimated coefficients using the recursive residual approach. If the new observations represent a sample that is drawn from a new and thus different population, then the recursive residual technique will indicate this and the model can be adjusted accordingly.


An alternative procedure is to remove each observation from the estimation, in turn, and observe the impact on the estimated 
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, the residual, the predicted y value and the coefficients. Such "leverage" or “jackknife” approaches are useful detecting which observations poternially might contain serious data errors that can be corrected or should at least be looked at. Define the 
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 as the dependent variable vector with the ith observation removed. It follows that  
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 which is saved as the ith row of the T by K matrix of jackknife coefficients, where the ith row of data was omitted in the estimation of the coefficients for that row. Using the :outlier option on the matrix command OLSQ the following are defined:

%YHAT_I   predicted y value given X(i). 
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%HI
     What SAS reports               
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%HI_I
(What Greene (2000,263) suggests
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%STD_I
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%BETA_I
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%VAR_E_I
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Davidson and MacKinnon (1993, 36-39) approach the above calculations from the perspective of  the QR factorization which will be discussed futher in Chapter 4 and especially in Chapter 10. Their basic insight is that 
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A large 
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Quenouille (1949) first published the idea of the jackknife. Efron and Tibshirani (1993, 141-150) provides a detailed discussion of how the bootstrap relates to the jackknife and summarize and extend much of the literature on the subject.  Define 
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 or the mean of the jackknife estimate of  the jth coefficient.     The jackknife estimate of the coefficient j bias is 
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 is the OLS estimate of the jth coefficient. The jackknife estimate of the standard  error of this coefficient is 
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. These values are saved as %B_BIAS and  %SE_JACK  respectively. A matrix language program that implements some of these ideas is shown in Table 2.10 in section 2.16.

While the t  score can be used to test whether a coefficient is significant, many times a group of coefficients need to be tested to see if they are significant. Assume a model such as 
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as the sum of squared errors for the subset model and e'e as the sum of squared errors for the complete mode. Following Greene (2000, 283)(2008, 90) a joint F(J,N-K) test for J restrictions in the sample is
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were we are using 
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 to refer to the restricted sample residual and u  to refer to the unrestricted sample residual. If there is only one restriction, it can be shown that 
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 is the square of the t score of the restriction. If the White (1980) procedure is used to calculate the t score, this relationship will not work. A more general approach is provided by the Wald test. Assume a model where J restrictions  of the form 
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As an example, following Greene (2000, 275)(2008, 85),  assume a model with 5 independent variables. A joint test of 
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. A B34S matrix command subroutine WALD has been provided to make this calculation.
When it is known a priori that the constant, 
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, is zero, one often wants to impose that constraint on the estimation procedure to gain efficiency in the estimation of the other coefficients.  With 
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where 
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 is now a K-1 element vector containing only 
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 and X is the T x K matrix of regressors, not including the column of ones, i.

Under these two redefinitions, formulas (2.1-8) and (2.1-9) apply to model (2.2-27).  From equation (2.1-9) the residual variance becomes
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Using equation (2.2-28), formulas (2.1-11) to (2.1-14) carry over.

The formula for the coefficient of multiple correlation given in equation (2.1-15) must be reinterpreted as simply a measure of efficiency of estimation relative to the mean of y, in that it can now be negative.  Heuristically, without a constant, the algebra no longer guarantees that the 
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 will be less than the variance of the dependent variable times (T-1) since the mean of the residuals is no longer forced to equal zero.  If the 
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 is found to be negative, it indicates that a better prediction of  y could be obtained by using its mean and forgetting about the regression.  This might lead the user to reconsider his specification that 
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with (K-1, T-K-1) degrees of freedom (see Roy 1957, 82).

If no constant is estimated, the regression line is forced through the origin instead of the mean, i.e., the mean of the computed residuals will no longer = 0. Details concerning this calculation are contained in  Johnston (1963,  131-132).

If an OLS model is used for predictions out of sample the forecast variance can be calculated as  
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 is the vector of observations on the right hand side variables used to make the forcast 
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. The intuition of the formula is that the variance of the forecast will be proportional to the distance of the vector 
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 from  the  center of the data. If the White (1980) robust estimator of the variance covariance for of regression is used, then the term in [ ] should replaced with the White estimator. The matrix OLSQ command will produce a corrected variance-covariance matrix %VARCOV2 that can be used in the situation.
There are a large number of heteroskedastricity tests in addition to the BLUS procedure, which will be discussed in some detail in section 2.8.  A few approaches will be discussed here. Assume a model 
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 where we are assuming a time series. The value 
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is asymptotically distributed as chi-squared with  P-1 degrees of freedom where P is the number of regressors in the equation. To perform this test in actual practice requires the researcher to select the varables in 
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if there are uniqueness issues. If this is not the case, then the matrix command HET_TEST can be used. Three variants of the White (1980) test can be optionally calculated. Option "t" estimates 
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. The intuition is that if squared residual is positively (the usual case) or negatively related to the time series ordering of the data, then there is time dependent heteroskedasticity. The above test can be applied in a cross section context if the datasets is initially sorted against one variable. A positive mapping implies that for higher values of the variable used for the sort, the residual variance in increasing. This is another way to look at the Theil Heteroskedasticity test. Option "x" involves estimating 
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" places X  and squared values of all series except the constant plus X in Z. Greene (2003 224) has noted that Waldman (1983)  has proved that the White "x" option is algebracilly equivalent to the Koenker-Bassett (1982) variant of the Breusch-Pagan (1979) test that will be discussed next.

The Goldfield-Quandt (1965) heteroskedasticity test involves first sorting the data  in terms of one variable. The next step is to estimate a separate regression for two subsamples 
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. It is suggested that a number of observations be dropped from the middle to improve the power of the test. In general 
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To properly deploy this test multiple sorts have to be performed on each continuous variable in 
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The Breusch-Pagan/Godrey (see Breusch-Pagan (1979)) approach  tests 
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 implies homoscedasticity. There are three variants of the test. The test requires calculation of .5 times the explained sum of squares of 
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  and is distributed as chi-square with degrees of freedom equal to the number of columns if Z. The "t" form of the test estimates 
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  and places X  and squared values of all series except the constant plus X in Z respectively.
The Glesjer (1969) test has three variants and involves using a Wald test to investigate if all coefficients except the constant are zero in model of the form 
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 where Z is defined as in the Breusch-Pagan test. In all three variants there is a choice on how to estimate the covariance matrix prior to the Wald test step. As a first approximation OLS can be used. Greene (2000, 511) suggests that it would be more appropriate to use a White estimator to obtain the covariance matrix.
 Assuming there are 4 White estimators of the covariance matrix plus the OLS estimator and there are three specifications for Z, then there would be 15 Glesjer tests to investigate. However Z is not restricted to be the default three cases as will be shown later in the test problems.

Serial correlation is usually tested by the Durbin-Watson test statistic that only tests the hypothesis 
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 by use of the sample residual 
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. While the BLUS procedure, discussed in sections 2.9 and 2.10, attempts to improve on this test, only first order correlation is being tested. A better way to proceed would be to use the Ljung-Box (1978) or Box-Pierce (1970) tests to investigate higher order serial correlation. These tests are discussed in detail in chapter 7 along with ARCH tests and the unit root tests suggested by Dickey-Fuller (1979), Phillips-Perron (1988) and Elliott-Rothenberg-Stock (1996) and Stock-Watson(2003: 549-550) Unit root test
The Breusch-Godfrey (1978) test  for Serial Correlation involves testing for no autocorretaion for any lag against the hypothesis that 
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 with the missing values  due to lags filled in with 0.0.  The value 
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 follows a chi-square distribution with p degrees of freedom. An alternative form of the test involves dropping the missing values and testing 
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 Examples of this test will be presented below. 
2.3  Generalized Least Squarestc \l2 "2.3  Generalized Least Squares
In this section, we will consider a generalization of the specification (2.1-7), or (2.2-1), if the constant is being suppressed.  In equation (2.1-2) the disturbance term is
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(2.3-1)

so that the covariance matrix of the disturbances becomes
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(2.3-2)

where "E" denotes mathematical expectation and "I" is the T x T identity matrix.  This model is said to have a scaler covariance matrix.  The specification of a scaler covariance matrix is often felt to be too restrictive, so we will develop a linear regression model with an arbitrary covariance matrix and then consider two useful applications of it: weighted least squares and least squares with autoregressive disturbances.

Instead of equation (2.3-1), let us suppose that
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where P is an arbitrary, T x T, lower triangular, positive definite matrix that is assumed to be known up to a scale factor; then
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Since 
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 must be a positive definite symmetric matrix and any such matrix can be factored as in equation (2.3-4), it follows that allowing P to be arbitrary is sufficient to allow 
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 to be arbitrary.  The generalized linear regression model may now be written as
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(2.3-5)

which may be transformed to the standard model (2.1-1) by multiplying each side of the equation by a matrix, R, proportional to 
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We may remove the arbitrary scale of the transformation by imposing the constraint
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so that for any P we find
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This implies that
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Applying the transformation, R, to equation (2.3-5) and replacing the original data, Y and X, by the weighted data,

Y* = RY and X* = RX, 
(2.3-10)

we find that the relationship among the weighted data is
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which satisfies the standard model.  The constraint (2.3-8) is exactly what is required to preserve the equivalence of the two computational techniques outlined at the beginning of section 2.1, and using it implies that all the equations of sections 2.1 and 2.2 hold for the general model given in equation (2.3-5) after the transformation given in equation (2.3-10).  For instance, the means and variances of the weighted data are exactly the same as the weighted means and variances of the original data; similarly, the regression coefficients and standard errors are unchanged.  Weighted residuals may be computed by
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(2.3-12)

and will be estimates of random variables, 
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 which are independently and identically distributed. In practice, only relatively simple forms of P are used.  The following sections discuss two such forms.

2.4  Weighted Regression Model

For simple weighted regressions P is a diagonal matrix, the tth  element on the diagonal is 

proportional to the standard deviation of the disturbance term in the tth observation.  This yields what should really be called the heteroskedastic model:

  tc \l2 "2.4  Weighted Regression Model

[image: image243.wmf]11

11

..

.

(0),

..

.

tt

TT

yx

P

KK

yx

P

b

éùéù

éù

êúêú

êú

êúêú

êú

=+Î>

êúêú

êú

êúêú

êú

êú

êúêú

ëû

ëûëû

  




(2.4-1)

where xi is the ith row of X. The transformation R = cP-1, required to reduce this to the standard model, is fully determined by the matrix P and the constraints (2.3-7) and (2.3-8). In the language of weighted regression, the "weights" are the T variables 
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 in spite of the fact   that from (2.3-10), it is clear that the observations are weighted by 
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 . In deference to custom, we will call this last quantity the "square root of the weight."  For example, assume that  in the b34s data paragraph the weight option was specified as weight=x3. This means that for all OLS regressions run with the b34s regression command, the data have been transformed such that NEWXi = OLDXi * (X3i).5 * Z, where Z is (1/MEAN(X3)).5. The b34s WEIGHT option on the data paragraph allows quick experimentation with various weights in an attempt to remove heteroskedasticity.  

The problem with using a weighted regression as a way to correct for heteroskedasticity is that often the researcher does not know the appropriate variable to use as a weight. White 

(1980) showed that under very general conditions that it is still possible to obtain a suitable estimator for the variance of the OLS coefficient vector even in the case where the heteroskedasticity is related to the X variables. White (1980) proposed approximating the covariance estimator
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as
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and xi is the ith row of the X matrix. The acov (alias white) option on the B34S rr, reg and robust paragraphs will perform this calculation. The acov option gives the same results as the SAS acov option on proc reg and the RATS robusterrors option on the linreg command. Further detail on this approach is contained in Greene (2000, 506) and (2003, 119-201) where further results are given which can be calculated using the B34S matrix command. Davidson and MacKinnon (2004, 196-200) discuss these alternative approaches. In place  of  (2.4-3), which they characterize as HC, a proposed modification is to scale the 
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 by (N/(N-K)) a result they call HC1 and which B34S calls White1. Two other modifications involve using 
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. These are called HC2 and HC3 or White2 and White3 in the output. Greene (2003) table 11.1 reports these alternative heteroskedasticity tests on an expenditure dataset. The model,  estimated for 72 observations, was expenditure = f(age, income, home ownership and income2 . An edited version of code in matrix.mac as OLSQ8 is given next and edited output is shown. These calculations make use of the matrix command which will be discussed further in Chapter 16 and in other chapters as appropriate.

b34sexec options ginclude('greene.mac') member(a5_1); b34srun;

/$

b34sexec data set dropmiss;

build incomesq;

gen incomesq=income*income;

gen if(exp.le.0.0)exp=missing();

b34srun;

b34sexec matrix;

call loaddata;

call olsq(exp age ownrent income incomesq  :print);

call olsq(exp age ownrent income incomesq  :white :print);

call olsq(exp age ownrent income incomesq  :white1 :print);

call olsq(exp age ownrent income incomesq  :white2 :print);

call olsq(exp age ownrent income incomesq  :white3 :print);

b34srun;

Edited results are:

=>  CALL OLSQ(EXP AGE OWNRENT INCOME INCOMESQ  :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           EXP

 Centered R**2                             0.2435779168219412

 Residual Sum of Squares                   5432562.033154324

 Residual Variance                         81083.01542021379

 Sum Absolute Residuals                    11854.95082096249

 1/Condition XPX                           1.540948363697770E-05

 Maximum Absolute Residual                 1460.619751044596

 Number of Observations                    72

 Variable   Lag    Coefficient         SE               t

 AGE          0     -3.0818140           5.5147165      -0.55883453

 OWNRENT      0      27.940908           82.922324       0.33695279

 INCOME       0      234.34703           80.365950        2.9159990

 INCOMESQ     0     -14.996844           7.4693370       -2.0077879

 CONSTANT     0     -237.14651           199.35166       -1.1895888

 =>  CALL OLSQ(EXP AGE OWNRENT INCOME INCOMESQ  :WHITE :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           EXP

 Centered R**2                             0.2435779168219412

 Residual Sum of Squares                   5432562.033154324

 Residual Variance                         81083.01542021379

 Sum Absolute Residuals                    11854.95082096249

 1/Condition XPX                           1.540948363697770E-05

 Maximum Absolute Residual                 1460.619751044596

 Number of Observations                    72

 Variable   Lag    Coefficient         White  SE        t

 AGE          0     -3.0818140           3.3016612      -0.93341316

 OWNRENT      0      27.940908           92.187777       0.30308691

 INCOME       0      234.34703           88.866352        2.6370727

 INCOMESQ     0     -14.996844           6.9445635       -2.1595085

 CONSTANT     0     -237.14651           212.99053       -1.1134134

 =>  CALL OLSQ(EXP AGE OWNRENT INCOME INCOMESQ  :WHITE1 :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           EXP

 Centered R**2                             0.2435779168219412

 Residual Sum of Squares                   5432562.033154324

 Residual Variance                         81083.01542021379

 Sum Absolute Residuals                    11854.95082096249

 1/Condition XPX                           1.540948363697770E-05

 Maximum Absolute Residual                 1460.619751044596

 Number of Observations                    72

 Variable   Lag    Coefficient         White1 SE        t

 AGE          0     -3.0818140           3.4226411      -0.90041987

 OWNRENT      0      27.940908           95.565731       0.29237372

 INCOME       0      234.34703           92.122602        2.5438603

 INCOMESQ     0     -14.996844           7.1990269       -2.0831766

 CONSTANT     0     -237.14651           220.79495       -1.0740577

 =>  CALL OLSQ(EXP AGE OWNRENT INCOME INCOMESQ  :WHITE2 :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           EXP

 Centered R**2                             0.2435779168219412

 Residual Sum of Squares                   5432562.033154324

 Residual Variance                         81083.01542021379

 Sum Absolute Residuals                    11854.95082096249

 1/Condition XPX                           1.540948363697770E-05

 Maximum Absolute Residual                 1460.619751044596

 Number of Observations                    72

 Variable   Lag    Coefficient         White2 SE        t

 AGE          0     -3.0818140           3.4477148      -0.89387151

 OWNRENT      0      27.940908           95.672111       0.29204862

 INCOME       0      234.34703           92.083684        2.5449354

 INCOMESQ     0     -14.996844           7.1995375       -2.0830288

 CONSTANT     0     -237.14651           221.08893       -1.0726295

 =>  CALL OLSQ(EXP AGE OWNRENT INCOME INCOMESQ  :WHITE3 :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           EXP

 Centered R**2                             0.2435779168219412

 Residual Sum of Squares                   5432562.033154324

 Residual Variance                         81083.01542021379

 Sum Absolute Residuals                    11854.95082096249

 1/Condition XPX                           1.540948363697770E-05

 Maximum Absolute Residual                 1460.619751044596

 Number of Observations                    72

 Variable   Lag    Coefficient         White3 SE        t

 AGE          0     -3.0818140           3.6046241      -0.85496128

 OWNRENT      0      27.940908           99.314273       0.28133830

 INCOME       0      234.34703           95.481599        2.4543685

 INCOMESQ     0     -14.996844           7.4763478       -2.0059051

 CONSTANT     0     -237.14651           229.57435       -1.0329835

and should be compared to Greene (2003, page 221) table 11.1 for OLS SE, White1 SE and White2 SE. Note that Greene reports the SE for Ownrent for White2 as 95.632 in place of 95.672 which appears to be a slip. While there is no clear answer to what approach to use, perhaps the best strategy is to run all four plus OLS and see how sensitive the results are to these alternatives.

Equation (2.4-4) can be extended for a model with autoregressive disturbances using the Newey-West (1987) correction if we replace 
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The term 
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 is usually set as 1.0 but can be made larger to dampen the model as is suggested by the developers of rats. While this SE correction is quite widely used in the literature, it may in fact be over used since autocorrelation is usually an indication of a model that is not specified correctly. The B34S routine NW_SE, listed next, can be used to make these calculations.

subroutine nw_se(%names,%lag,%coef,%xpxinv,%res,

           damp,%x,%ols_se,%w_se,%nw_se,lag,nw,white,iprint);

/;

/; Implements Newey-West Correction to SE of a OLS Model

/; If Lag = 0 get White correction

/;

/; Must be called after call olsq(   :savex);

/; Must specify lag, damp & iprint.

/; damp=1.0 is rthe usual Newey-West Test

/;

/; For Detail see Greene Edition 5 page 267 and the Rats User's Guide

/; for discussion of damp.

/;

/; The program rnw_se will call nw_se and set the usual defaults.

/;

/; It is assumed that olsq has been called with :savex argument

/;

/; Arguments

/;

/; %names     =>  Variable Names. Set by OLSQ

/; %lag       =>  Variable Lags.  Set by OLSQ

/; %coef      =>  Coef.           Set by OLSQ

/; %xpxinv    =>  inv(X'X)        Set by OLSQ

/; %res       =>  Residuals.      Set by OLSQ

/; damp       =>  Adjusts Newey-West Weights. See Rats.

/;                Usual setting 1.0

/; %x         =>  Data matrix.    Set by OLSQ

/; %ols_se    =>  OLS SE          Set by OLSQ

/; %w_se      =>  White SE

/; %nw_se     =>  Newey West SE

/; lag        =>  Lag for Newey West

/; nw         =>  Newey-West Var-Covar

/; white      =>  White Var-Covar

/; iprint     =>  =1 print, =2 print nw and white also

k=nocols(%x);

n=norows(%x);

s0=kindas(%x,matrix(k,k:));

if(lag.le.0)then;

call eeprint('ERROR: LAG in call NW_SE must be > 0');

go to done;

endif;

if(nocols(%x).ne.norows(%coef))then;

call eeprint('ERROR: # cols of %x NE # rows %coef');

go to done;

endif;

/$ s0 used in White SE. For details see Greene (ed 5 eq 10-13)

do it=1,n;

xt  =transpose(submatrix(%x,it,  it,  1,k));

s0=s0+(sfam(%res(it))*sfam(%res(it))*(xt*transpose(xt)));

enddo;

s0=s0*kindas(%x,(1.0/dfloat(n)));

if(lag.gt.0)then;

nw =kindas(%x,matrix(norows(s0),nocols(s0):));

do j=1,lag;

base=kindas(%x,(1.0 - (dfloat(j)/(dfloat(lag)+1.)))**damp);

/$ xt is a col

do it=j+1,n;

xt  =transpose(submatrix(%x,it,  it,  1,k));

xt_j=transpose(submatrix(%x,it-j,it-j,1,k));

nw =nw +( ((xt*transpose(xt_j))+(xt_j*transpose(xt)))

                  *base* %res(it)*%res(it-j));

enddo;

enddo;

nw=s0+(kindas(%x,(1.0/dfloat(n)))*nw);

nw   =kindas(%x,(dfloat(n)))*%xpxinv*nw*%xpxinv;

white=kindas(%x,(dfloat(n)))*%xpxinv*s0*%xpxinv;

%w_se=dsqrt(diag(white));

%nw_se   =dsqrt(diag(nw));

if(iprint.ne.0)then;

%ols_t   =vfam(afam(%coef)/afam(%ols_se));

%w_t     =vfam(afam(%coef)/afam(%w_se  ));

%nw_t    =vfam(afam(%coef)/afam(%nw_se ));

call print('  ' :);

call print('Newey - West SE calculated using Lag ',lag:);

call print('Damp was set as                      ',damp:);

call tabulate(%names,%lag,%coef,%ols_se,%ols_t,

                          %w_se,%w_t,%nw_se,%nw_t

              :cname,:title 'Alternative SE and t scores');

if(iprint.eq.2)call print(nw,white);

endif;

endif;

done continue;

return;

end;

A test case to replicate an example in Greene using both B34S and RATS is

/$

/$ Test Problem to replicate Newey-West Test output in Greene Edition 4

/$

%b34slet dorats=1;

b34sexec options ginclude('greene.mac') member(a13_1); b34srun;

b34sexec matrix;

call loaddata;

call load(rnw_se :staging);

/$ Simple call

call olsq(realnvst realgnp realint :white :savex :print);

call echooff;

call rnw_se;

b34srun;

%b34sif(&dorats.eq.1)%then;

b34sexec options open('rats.dat') unit(28) disp=unknown$ b34srun$

b34sexec options open('rats.in') unit(29) disp=unknown$ b34srun$

b34sexec options clean(28)$ b34srun$

b34sexec options clean(29)$ b34srun$

b34sexec pgmcall$

  rats  passasts

PCOMMENTS('*  ',

          '* Data passed from B34S(r) system to RATS',

          '*  ') $

PGMCARDS$

*

linreg(robusterrors,damp=1.0,lag=4) realnvst * *

# constant realgnp realint

b34sreturn$

b34srun $

b34sexec options close(28)$ b34srun$

b34sexec options close(29)$ b34srun$

b34sexec options

/$               dodos(' rats386 rats.in rats.out ')

                 dodos('start /w /r    rats32s rats.in /run')

                 dounix('rats    rats.in rats.out')$ B34SRUN$

b34sexec options npageout

    WRITEOUT('Output from RATS',' ',' ')

    COPYFOUT('rats.out')

     dodos('ERASE  rats.in','ERASE rats.out','ERASE  rats.dat')

    dounix('rm     rats.in','rm    rats.out','rm     rats.dat')

    $

    B34SRUN$

Edited output from the test case is shown next

=>  CALL LOADDATA$

=>  CALL LOAD(RNW_SE :STAGING)$

=>  CALL OLSQ(REALNVST REALGNP REALINT :WHITE :SAVEX :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           REALNVST

Centered R**2                             0.8140619156302904

Residual Sum of Squares                   4738.626168575964

Residual Variance                         296.1641355359977

Sum Absolute Residuals                    225.7636927557699

1/Condition XPX                           1.661018572754439E-08

Maximum Absolute Residual                 34.98733299196979

Number of Observations                    19

Variable   Lag    Coefficient         White  SE        t

REALGNP      0     0.16913645          0.17511902E-01    9.6583717

REALINT      0     -1.0014380           3.5946551      -0.27859085

CONSTANT     0     -12.533601           18.746157      -0.66859572

=>  CALL ECHOOFF$

Newey - West SE calculated using Lag   4

Damp was set as                        1.000000000000000

Alternative SE and t scores

Obs         %NAMES       %LAG       %COEF      %OLS_SE      %OLS_T      %W_SE        %W_T       %NW_SE      %NW_T

     1    REALGNP              0   0.1691      0.2057E-01   8.224      0.1751E-01   9.658      0.1675E-01   10.10

     2    REALINT              0   -1.001       2.369     -0.4228       3.595     -0.2786       3.342     -0.2996

     3    CONSTANT             0   -12.53       24.92     -0.5030       18.75     -0.6686       18.96     -0.6611

B34S Matrix Command Ending. Last Command reached.

Space available in allocator    2874941, peak  space  used       5285

Number variables used                87, peak number  used         87

Number temp variables used         1673, # user temp clean          0

Output from RATS

*

* Data passed from B34S(r) system to RATS

*

CALENDAR       1965

ALLOCATE         19

OPEN DATA rats.dat

DATA(FORMAT=FREE,ORG=OBS,                   $

MISSING=   0.1000000000000000E+32       ) / $

                             YEAR           $

                            GNP             $

                            INVEST          $

                            PRICE           $

                            INTEREST        $

                            DP              $

                            REALINT         $

                            REALGNP         $

                            REALNVST        $

                            CONSTANT

SET TREND = T

TABLE

     Series        Obs       Mean        Std Error      Minimum       Maximum

YEAR                  19   1973.000000      5.627314   1964.000000   1982.000000

GNP                   19   1533.926316    784.158858    637.700000   3073.000000

INVEST                19    241.847368    123.580398     97.400000    474.900000

PRICE                 19      1.196332      0.424176      0.727700      2.068800

INTEREST              19      6.740526      2.860912      3.550000     13.420000

DP                    19      5.764801      2.452915      1.534812      9.371147

REALINT               19      0.975726      1.761835     -3.056569      5.003806

REALGNP               19   1217.576418    202.920054    876.322660   1513.836220

REALNVST              19    192.425829     37.627537    133.846365    258.842247

TREND                 19     10.000000      5.627314      1.000000     19.000000

*

linreg(robusterrors,damp=1.0,lag=4) realnvst * *

# constant realgnp realint

Linear Regression - Estimation by Least Squares

Dependent Variable REALNVST

Annual Data From 1965:01 To 1983:01

Usable Observations     19     Degrees of Freedom    16

Centered R**2     0.814062      R Bar **2   0.790820

Uncentered R**2   0.993500      T x R**2      18.876

Mean of Dependent Variable      192.42582851

Std Error of Dependent Variable  37.62753735

Standard Error of Estimate       17.20941997

Sum of Squared Residuals        4738.6261686

Durbin-Watson Statistic             1.321512

   Variable                     Coeff       Std Error      T-Stat     Signif

*******************************************************************************

1.  Constant                 -12.53360059  18.95829813     -0.66111  0.50853906

2.  REALGNP                    0.16913645   0.01675079     10.09723  0.00000000

3.  REALINT                   -1.00143801   3.34237535     -0.29962  0.76446805

The job RES_NW in  b34stest.mac shows the effect of calling the Newey-West SE correction for greater and greater lags and its effect on the SE. This job should be studied before the Newey – West procedure is used. In any case the results of this procedure shoul;d be interpreted with caution.
2.5  Autoregressive Disturbances Modeltc \l2 "2.5  Autoregressive Disturbances Model
Another simple specification for the P matrix is used to take account of autocorrelated disturbances following a stationary autoregressive process.  Suppose that instead of
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as is implied by equation (2.3-2), the disturbances are assumed to have been generated by the stationary autoregressive process
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where 
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. For standard discussions of this model, see Goldberger (1964, 236-238), and Johnston (1963, 185-187).  Both of these authors omit the above specification of 
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 and are led to a (T-1) x T transformation, which "almost completely" satisfies equation (2.3-4) for the required 
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  (Johnston 1963, 186).  Using the more complete specification (2.5-2), one can, derive the transformation under which equation (2.3-4) is satisfied exactly for all T observations.  The textbook analyses referred to can be interpreted as proceeding conditional on the observed y1, while the following analysis uses the marginal distribution for y1.  These two approaches to the problem are described more fully in Thornber (1965, 2-9). 

 
The GLS algorithm in the  regression paragraph is a variant of the more traditional two pass approach, which does not estimate 
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s jointly. The regression command allows extensive diagnostic tests that are not available in other packages.  Once the correct model is determined, the user may wish to try the ML approach, or a joint estimation approach to estimate the 
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s, which is available in  SAS proc autoreg (SAS Institute Inc. 1984), RATS or in the B34S matrix facility where the user can code custom models or use the GLS and GLS_ML matrix programs in staging2.mac.  If convergence can be achieved, the ML approach may preferred. Johnston (1984,  291-293), Maddala (1977,  277-284) and Kmenta (1986, 311-322) are basic references on possible ways to proceed. Greene (2003 , 274) notes that while there are ML specifications for AR(2) models, "for higher-order autorergressive models, maximum likelihood estimation is presently impractical, but the two-step estimators can easily be extended." Since the GLS model is a special case of the more general transfer function (TF) and VARMA models, if complex lags are found with the GLS option in the regression command, these alternative approaches should be investigated. The advantages of these approaches will be covered later in Chapters 7 and 8.  We now turn to a more indepth discussion of the GLS procedure to remove serial correlation when equation specification changes are not possible.

Equation (2.5-2) may be written in matrix form as


[image: image268.wmf]1

,

Pe

-

=Î

 
(2.5-3)

where P-1 is the TxT matrix
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To show that equation (2.5-4) gives the proper covariance matrix (see Johnston 1963, 185), use equation (2.3-4) and compute
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which is exactly what is required by Johnston.  We can now write the "autoregressive disturbances" model for an AR(1) process as
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or
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subject to
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This determines the transformation R = c P-1, which reduces the data to one of the standard models, equation (2.1-1) or (2.2-1), as was done in the earlier heteroskedastic model.

The transformation recommended by Goldberger and Johnston is
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(2.5-9) 

The exact solution embodied in equation (2.5-8) differs from that in equation (2.5-9) in that it uses the initial observation (y1, x1), giving it a weight proportional to 
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, which maintains the sample size nominally at T;  the textbook procedure takes (y1, x1) as unexplained data, giving it a weight of zero, which reduces the sample size to (T-1).  Also, while the transformation implied by equation (2.5-8) is adjusted for scale, equation (2.5-9) is not.  As T goes to
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Model (2.5-2) for the disturbance may be generalized to higher-order autoregressive processes in a straightforward way.  However, deriving the distribution of the initial values of {et} now involves the manipulation of generating functions.  These manipulations, like those of matrix inversion, are easy to do numerically, but awkward to exhibit algebraically, except in simple cases like equation (2.5-2).  No attempt will thus be made to give here the exact analyses for  higher-order processes, but it is quite feasible to do so.  The solution analogous to equation (2.5-9) for the qth-order case
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is the (T-q) x T transformation
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 which reduces the last (T-q) observations to the standard model. 

The transformation used in the b34s  regression  command uses the textbook transformation (2.5-11), with an adjustment for scale:
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while the matrix programs GLS_2P and GLS omit the scale correction, although it would be easy for the user to add. The reason the "exact" solution has not been implemented is the difficuilty in comparing the results of AR(1)  models with AR(k) models where k > 1. Users desiring the exact solution can easily modify the GLSDATA program which is used in the programs. At some future time, equation (2.5-12) may be replaced in the program by the exact solution described earlier.  In the meantime, the user who feels it important not to lose any initial observations may do the exact transformation by transforming the data prior to running GLS with the regression command.

In practice, the parameters 
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 (j=1, ..., q) are, of course, unknown and are estimated by  a two-stage procedure (Goldberger 1964, 245-246).  Stage 1 regresses y on X, giving consistent estimates of the residuals. Stage 2 fits a qth-order difference equation to these residuals, transforms the data from (y, X) to (y*,X*), using equation (2.5-12), and regresses y* on X* to get the final regression coefficients.  The second stage is executed initially with q = 1, then q = 2, etc., until the autocorrelation in the weighted residuals  falls below a specified tolerance. The procedure used does not iterate for a given q.  For a given q, the computation is exactly analogous to the second and third stages of three-stage least squares, and has the same motivation.

This two-stage procedure gives consistent estimates of the regression coefficients only  if each regression variable, 
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, in a given observation is independent of the disturbance, et, for that observation (Goldberger 1964,  278-280).  This means that X may not include lagged values of the dependent variable. The ml procedure available in SAS  and RATS (and the B34S matrix GLS_ML program)  as well as the Cochrane & Orcutt (1949) approach, which is discussed later, does not have this problem, since the 
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s and the 
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's are estimated jointly. (For a complete explanation and an example, see Goldberger 1964, 274-278.)

The two pass method of estimating the 
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's in the regression command  is slightly different from  the usual setup in that the maximum number of observations are used to estimate each 
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 while in the usual two pass method the residuals of  the first state equation are trapped and (2.5-10) is estimated. The matrix program GLS_2P listed next illustrates these differences:

 program gls2pset;

/; Internal Default Settings

%print =1;

%psteps=0;

%maxgls=1;

%doplots=0;

%doacf=0;

return;

end;

program gls_2P;

/; Calculated GLS Using Two Variants of Two Pass Method

/;

/; Method # A traps the residual vector from OLS and fits

/; e(t)=rho(1)*e(t-1)+rho(2)*e(t-2)+...+rho(k)*e(t-k)

/;

/; Data Smoothed. and adjusted model estimated

/;

/; Method # B uses the Classic B34T/B34S approach that attempts to

/; estimate each rho with the max amount of data

/;

/;

/; Use:

/;            call load(glsdata :staging);

/;            call load(gls_2p) :staging);

/;            call olsq y x1 x2 :savex :print);

/;            call gls2pset;

/;            call gls_2p;

/;

/;            Optional Switches placed after call gls2pset;

/;            %maxgls=1  ...       Default=1

/;            %print=1 or 0        Default = 1

/;            %psteps =0 or 1;     Default = 0

/;            %doplots=1           Default = 0  => Plots raw and GLS res

/;            %doacf  =0           Default = 0  => # of ACF to calculate

/;                                 Must be set if plots requested

/;

/; Settings in gls2pset

/;

/;            program gls2pset;

/;            %print =1;

/;            %psteps=0;

/;            %maxgls=1;

/;            %doacf=0;

/;            %doplots=0;

/;            return;

/;            end;

/;

/; Variables Created:

/;

/;        %coef_a            =>  GLS Coef Method A

/;        %se_a              =>  GLS SE   Method A

/;        %t_a               =>  GLS T    Method A

/;        %coef_b            =>  GLS Coef Method B

/;        %se_b              =>  GLS SE   Method B

/;        %t_b               =>  GLS T    Method B

/;        %coef              =>  OLS Coef

/;        %se                =>  OLS SE

/;        %t                 =>  OLS T

/;        %baseres           =>  OLS Residual

/;        %basey             =>  OLS Y varuable

/;        %res_a             =>  GLS Residual Method A

/;        %y_a               =>  GLS Method A  Y variable

/;        %x_a               =>  GLS Method A  X variables

/;        %res_b             =>  GLS Residual Method B

/;        %y_b               =>  GLS Method B  Y variable

/;        %x_b               =>  GLS Method A  X variables

/;        %rho_a             =>  Rho for last step using method A

/;        %rho_b             =>  Rho for last step using method B

/;

/;

call free(%acfols,%acfres_a,%acfres_b);

%basenob=%nob;

%basex=%x;

%basey=%y;

%baseres=%res;

%holdnam=%names;

%c_base=%coef;

%sebase=%se;

%tbase =%t;

xpx=matrix(%maxgls,%maxgls:);

xpy=vector(%maxgls:);

do jj=1,%maxgls;

%print2=0;

if(%psteps.eq.1 .and.%print.eq.1)%print2=1;

if(jj.eq.%maxgls.and.%print.eq.1)%print2=1;

if(%print2.eq.1)

call olsq(%baseres %baseres{1 to jj}  :noint :print :savex);

if(%print2.ne.1)

call olsq(%baseres %baseres{1 to jj}  :noint        :savex);

%xhold=%x;

%yhold=%y;

call glsdata(%coef,%basey,%y_a);

call glsdata(%coef,%basex,%x_a);

%rho_a=%coef;

if(%print2.eq.1)then;

call olsq(%y_a %x_a  :noint :print);

call print(' ':);

call print('+++++++++++++++++++++++++++++++++++++++++++++++++':);

call print('GLS Rho Coefficients for Variant A',%rho_a);

call print('+++++++++++++++++++++++++++++++++++++++++++++++++':);

call print(' ':);

endif;

if(%print2.ne.1)call olsq(%y_a %x_a :noint );

%coef_a=%coef;

%se_a  =%se;

%t_a   =%t;

%res_a=%res;

xpx2=transpose(%xhold)*%xhold;

xpy2=transpose(%xhold)*%yhold;

do kk=1,jj;

do mm=jj,jj;

xpx(kk,mm)=xpx2(kk,mm);

if(kk.ne.mm)xpx(mm,kk)=xpx2(kk,mm);

enddo;

enddo;

xpy(jj)=xpy2(jj);

/; Define sum matrix;

xpxnew=submatrix(xpx,1,jj,1,jj);

xpynew=xpy(integers(1,jj));

/; adjust vectors for DF

if(klass(xpynew).eq.0)xpynew=vector(:xpynew);

do iadj=1,jj;

do jadj= iadj,jj;

xpxnew(iadj,jadj)=

       xpxnew(iadj,jadj)*(1.0/dfloat(%basenob-jadj));

if(iadj.ne.jadj)xpxnew(jadj,iadj)=xpxnew(iadj,jadj);

enddo;

xpynew(iadj)=

       xpynew(iadj)*     (1.0/dfloat(%basenob-iadj));

enddo;

%rho_b=inv(xpxnew)*xpynew;

if(%print2.eq.1)then;

call print('GLS Rho Coefficients  using Variant # B',%rho_b);

call print('+++++++++++++++++++++++++++++++++++++++++++++++++':);

endif;

call glsdata(%rho_b,%basey,%y_b);

call glsdata(%rho_b,%basex,%x_b);

if(%print2.ne.1)call olsq(%y_b %x_b  :noint       );

if(%print2.eq.1)call olsq(%y_b %x_b  :noint :print);

%coef_b= %coef;

%se_b  = %se;

%t_b   = %t;

%res_b = %res;

%coef  = %c_base;

%se    = %sebase;

%t     = %tbase;

if(%print2.eq.1)then;

call print(' ':);

call print('GLS Using Two Pass Method Variants  A & B':);

call tabulate(%holdnam %coef   %se   %t

                       %coef_a %se_a %t_a

                       %coef_b %se_b %t_b);

endif;

enddo;

if(%doplots.eq.1.and.%doacf.ne.0)then;

call graph(%res_a,%res_b);

call character(cc,'Residuals from OLS Model');

call data_acf(%baseres,cc,%doacf);

call character(cc,'Residuals from GLS Model using Method A');

call data_acf(%res_a,cc,  %doacf);

call character(cc,'Residuals from GLS Model using Method B');

call data_acf(%res_b,cc,  %doacf);

endif;

if(%doacf.ne.0)then;

%acfols  =acf(%baseres,%doacf);

%acfresa=acf(%res_a,  %doacf);

%acfresb=acf(%res_b,  %doacf);

call tabulate(%acfols,%acfresa,%acfresb);

if(%doplots.ne.0)call graph(%acfols,%acfresa,%acfresb :nolabel);

endif;

return;

end; 


In place of a two pass approach, it is possible to estimate the coefficients 
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's and 
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' jointly as was suggested by Cochrane and Orcutt (1949) in their classic paper. This is done in the program GLS listed next:

/; GLS does a Cochrane & Orcutt (1949) estimation of AR(k) Model

/; Contains Program GLSMOD  which determines the model

/;          Program GLSSET which sets defaults

/;          Program GLS     which does the estimation.

/;

/;          Note: GLS_ML   estimated as ML AR(1) model using Rats Formula

/;

/; call glsset;           => Placed right after call olsq(   :savex);

/; call gls;              => Placed after call glsset;  but after

/;                           any custom switches

/;

/; Current glsset "defaults"

/;

/;                  %maxgls=1;

/;                  %nl2sol=0;

/;                  %plot=0;

/;                  %maxit=2000;

/;                  %flam = 1.0;

/;                  %flu  = 10.;

/;                  %eps2 = .1e-12;

/;

/;

/; Prior to call user sets

/; %maxgls=k              => Max GLS default = 1;

/; %plot=1                => get residual plots

/; %nl2sol=1              => Estimate with nl2sol in addition to NLLSQ

/;

/; Example of a simple setup:

/;  b34sexec matrix;

/;  call loaddata;

/;  call load(gls :staging);

/;  call print(gls,glsmod);

/;  nn=6;

/;  call olsq(gasout gasin{1 to nn} gasout{1 to nn}

/;                   :print :savex);

/;  call glsset;

/;  %maxgls=3;

/;  %nl2sol=0;

/;  %plot=1;

/;

/;  call gls;

/;

/;  b34srun;

/;

/; *******************************************************************

/; Command built 1 April 2004

/; Estimation is GLS using nonlinear least squares. ML estimation for

/; models is not possible for AR(k) models where k > 2. Nonlinear GLS

/; Models can be estimated for any order in theory.

/;

/; This implementation drops the first observation. This is simular to

/; the Cochrane and Orcutt approach (1949). For details see

/; Greene (2003) page 273. Users wanting this adjustment can easily

/; change the code. Most users will not require nl2sol which is provided

/; as an option. Results obtained with this procedure can be compared to

/; the REGRESSION command which does a two pass approach

/;

/; GLS test problem in staging.mac  shows RATS AR1 test cases

/; *******************************************************************

program glsmod;

/$

/$ Form Yhat if GLS of order k

/$

/$ Data in xp where each row is a series.

/$ Parms in parm. %maxglas must be set

/$

if(%maxgls.eq.0)then;

yhat =parm*xp;

endif;

if(%maxgls.gt.0)then;

p1=parm(integers(1,norows(parm)-%maxgls)               );

p2=vector(:parm(integers(  norows(parm)-%maxgls+1,norows(parm))));

yhat=p1*xp(,i);

do j=1,%maxgls;

yhat=yhat+(p2(j)* %y(i-j));

pp=p2(j)*p1;

yhat=yhat-(pp*xp(,i-j));

enddo;

endif;

glsres=glsy-yhat;

return;

end;

program gls;

call echooff;

%basex=%x;

%basey=%y;

if(kind(%maxgls).ne.-4)%maxgls=1;

i=vfam(integers(%maxgls+1,norows(%y)));

%olsres =%res;

%olscoef=%coef;

%olsse  =%se;

%olst   =%t;

if(%maxgls.gt.0)then;

do kk=1,%maxgls;

ii=norows(%olscoef)+kk;

%names(ii)=object(rho_,eval('kk'));

enddo;

endif;

parm=vector(norows(%coef)+%maxgls:)+.1;

call print(glsmod);

glsy=%y(i);

xp=transpose(%x);

/; save a copy to avoid "internal use of same name"

maxit%=%maxit;

flam%=%flam;

flu%=%flu;

eps2%=%eps2;

call nllsq(glsy yhat :name glsmod :parms parm

           :maxit maxit%

           :flam  flam%

           :flu   flu%

           :eps2  eps2%

           :print result );

call tabulate(%names %lag %olscoef %olsse %olst %coef %se %t

                     :title 'OLS and GLS Estimates using NLLSQ');

if(%plot.eq.1)call graph(%res :Heading 'GLS Residual NLLSQ');

if(%nl2sol.eq.1)then;

  parm=vector(norows(%olscoef)+%maxgls:)+.1;

  call nl2sol(glsres :name glsmod :parms parm

              :maxit maxit%

              :ivalue parm

              :print

/$            :itprint

               );

call tabulate(%names %lag %olscoef %olsse %olst %coef %se %t

                     :title 'OLS and GLS Estimates using NL2SOL');

if(%plot.eq.1)then;

call graph(%res :Heading 'GLS Residual using NL2SOL');

endif;

endif;

return;

end;

program glsset;

%maxgls=1;

%nl2sol=0;

%plot=0;

%maxit=2000;

%flam = 1.0;

%flu  = 10.;

%eps2 = .1e-12;

return;

end;

A first order ML GLS model can be estimated by maximizing the likelihood function
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The program GLS_ML listed next shows how this is done.

/; GLS_ML Maximum Likelihood estimation of AR(1) Model

/;

/; The alternative GLS does a Cochrane & Orcutt (1949)

/; estimation of an AR(k) Model

/;

/; GLS_ML Contains Program GLSMLMOD  which determines the model

/;                 Program GLSMLSET  which sets defaults

/;                 Program GLS_ML    which does the estimation.

/;

/;

/; call glsmlset;     => Placed right after call olsq(   :savex);

/; call gls_ml;       => Placed after call glsmlset;  but after

/;                           any custom switches

/;

/; Current glsml_set "defaults"

/;

/;           program glsmlset;

/;           %plot=0;

/;           _%maxf =2000;

/;           _%maxg =2000;

/;           _%maxit=2000;

/;           return;

/;           end;

/;

/;

/; Prior to call user sets

/; %plot=1                => get residual plots

/;

/; Example of a simple setup:

/;  b34sexec matrix;

/;  call loaddata;

/;  call load(gls_ML :staging);

/;  call olsq(gasout gasin{1 to nn} gasout{1 to nn}

/;                   :print :savex);

/;  call glsmlset;

/;  %plot=1;

/;

/;  call gls_mL;

/;

/;  b34srun;

/;

/; *******************************************************************

/; Command built 1 May  2004

/; Estimation is GLS using ML. 
/; ML estimation for AR(k) models where k > 2 is not possible.
/; 

/; Greene (2003, 274) notes that Beach and MacKinnon (1978) have 

/; derived an algorithm for AR(2) disturbances. Greene notes 

/; "For higher-order autoregressive models maximum likelihood 

/; estimation is presently impractical, but the two-step estimators 

/; can easily be extended."

/;

/; Nonlinear GLS  Models can  in theory be estimated for any order.

/;

/; The GLS_ML test problem in staging.mac  shows RATS AR1 test cases

/; *******************************************************************

program glsmlmod;

/$

/$ Form function for use with ML AR(1) estimation

/$

p1=parm(integers(1,norows(parm)-2));

p2=parm(norows(parm)-1);

s2=parm(norows(parm));

yhat=p1*xp(,i);

yhat=yhat+(p2* %y(i-1));

pp=p2*p1;

yhat=yhat-(pp*xp(,i-1));

glsres=glsy-yhat;

part1=.5*dlog(dmax1((1.0-(p2*p2)),.1e-8));

part2=((-.5)*(1.0-(p2*p2))*((%y(1)-xp(,1)*p1)**2.))/s2;

part3= (-.5)*dfloat(norows(yhat))*dlog(dmax1(s2,.1e-8));

func =part1+part2+part3-(.5*(sumsq(glsres))/s2);

return;

end;

program glsmlset;

%plot=0;

_%maxf =2000;

_%maxg =2000;

_%maxit=2000;

return;

end;

program gls_ml;

call echooff;

i=vfam(integers(2,norows(%y)));

%olsres =%res;

%olscoef=%coef;

%olsse  =%se;

%olst   =%t;

ii=norows(%olscoef)+1;

%names(ii)=object(rho_,1);

parm=vector(norows(%coef)+1:)+.1;

jj=norows(parm)-1;

rvec=parm;

rvec(jj)=%coef(jj);

call print(glsmlmod);

s2=%resvar;

glsy=%y(i);

xp=transpose(%x);

/; save a copy to avoid "internal use of same name"

nparms=norows(parm);

ll=array(nparms+1:)-100.0d+10;

uu=array(nparms+1:)+100.0d+10;

ll(nparms)=-.999;

uu(nparms)= .999;

npp=nparms+1;

ll(npp)=.1e-14;

parm(npp)=%resvar;

rvec(npp)=%resvar;

%names(npp)=object(s_,2);

call cmaxf2(func   :name glsmlmod

                   :parms parm

                   :ivalue rvec

                   :lower ll

                   :maxit   _%maxit

/$                 :steptol .1e-15

                   :maxfun  _%maxf

                   :maxg    _%maxg

                   :upper uu :print);

call tabulate(%names %lag %olscoef %olsse %olst %coef %se %t

                     :title 'OLS and ML_GLS Estimates using CMAXF2');

%res=glsres;

if(%plot.eq.1)then;

call graph(%res :Heading 'ML GLS AR(1) Residual using CMAX2');

endif;

return;

end;

In the examples section these alternative approached are illustrated. The remaining task is to discuss some of the options in the regression GLS which is usually used by those researchers who want an "automatic" approach.

The maximum order of the GLS regression is controlled by the parameter maxgls, which is specified in the regression sentence of the regression command. The present maximum order for GLS is 9. The parameter tolg controls whether the maximum order of GLS is reached.  Assume maxgls=n. The tolerance supplied with the tolg parameter is applied to the maximum of the absolute value of the first n autocorrelation coefficients (calculated using equation 2.8-5) of the residuals of the previous step.  If the maximum of the absolute value of the n autocorrelation coefficients is less than tolg, the calculation of GLS will be terminated.  Although the GLS stopping rule will look at the first n autocorrelation coefficients, the parameter ntac  can be used to set the maximum number calculated.  Thus, a user can check to see if there is higher-order serial correlation.  If such correlation is found, the user might consider changing methods of estimation to vector autoregressive moving-average models (see Chapter 8) or altering the variables in the GLS regression. The advantage of the regression  command design is that the user can set up for the worst case (highest-order GLS model) but only report lower-order GLS models if serial correlation is found not to be a problem. The Goldberger GLS approach is very cost-effective in comparison with the more modern ML approaches and thus facilitates experimentation to test the sensitivity of the results to the order of GLS selected.

Serial correlation only affects the distribution of the standard errors of the coefficients, not the asymptotic distribution of the coefficients. It is often erroneously thought that after correction for serial correlation, the SEs are always raised in absolute value.  This is not always the case. An example of the second-order GLS model, using the Sinai-Stokes (1972) data, is shown later in this chapter.

ADVANCE \u6     ADVANCE \d6If tolg is not specified, B34S will use T.5.  In most empirical work, where serial correlation is a potential problem, the usual practice is to set maxgls = 2 and let the software decide whether GLS is needed (i.e., whether there is sufficient serial correlation of the residual to warrant going to first- or second-order GLS).  Since the user may wish to switch off printing for some options, the options noblusplot, noglsplot and nocov can be used to save paper. If residual analysis without plots is desired, the option residuala should be used, without residualp being set, to give compact output. 

The regression allows the user to perform a grid search on 
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. Since the statistical properties of this approach are not known, its use is not recommended, except for experimental purposes. The parameter glsgrid is used to specify the number of steps in the search between pho (default=.4) and phi (default=.95). In contrast with the usual method of searching, B34S will give results for every step, allowing the user to either select the 
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desired or see how sensitive the estimated SE's are to the 
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 used.

While the purpose of GLS is clear, its implementation is varied. This suggests that a prudent researcher will try a number of methods of calculzation the GLS results to see if the findings are sensitive to the method chosen.  
The GLS model can be shown to be a special case of the more general transfer function, of which the ARIMA model is a special case. The GLS model can be thought of as one row of a VAR model. While transfer functions and ARIMM modol building is covered in more detail in Chapter 7 and VAR models are covered in Chapter 8, a quick overview is given here to set the stage for that treatment.

Define the lag operator L such that 
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(2.5-13)
if there is a simple input model and as
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otherwise.  Equation (2.5-14) is called a one-input transfer function while (2.5-13) is a GLS model if we solve 
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is simple to estimate using a variety of methods but implies implicit constraints. If 
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 is invertable, (2.5-15)  can be written as
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As has been discussed, there are a number of ways to estimate 
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[image: image308.wmf]2

12

()(1)

LpLL

rr

=--

. Expanding (2.5-16) and moving the lagged left hand side variables to the right we have
 
[image: image309.wmf]22

12112212

112211221212223

(1)(1)

(1)

ttttt

tttttt

yLyLyLLLxe

yyxxxe

rrbrrbrr

rrbrrbbrbr

-----

=++--+--+

=++--+--+
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which can be seen as a constrained form of the model
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where 
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.  At issue is whether in fact these constraints are binding.  VAR models do not impose these constraints.

2.6  Estimation Control Optionstc \l2 "2.6  Estimation Control Options
The regression command requires model specification with the model sentence in a manner similar to the SAS proc reg command. If the key word stepwise is given in the regression sentence, output will show how the results change as the variables are entered. If the order sentence is used, the user can specify variables that should be placed in the regression first. For example, assume it is desired that all equations should have the constant and X1 and X4, but that the data should select the order of the other variables in the model.  The correct setup would be:

b34sexec regression stepwise$

        order constant x1 x4$

        model y = x1 x2 x3 x4 x5 x6 x7 x8 x9 $

        b34seend$

The regression sentence options efin and fout control the minimum level of F for inclusion and exclusion, respectively. The default value for efin is .01 and for fout is .005. The default settings imply that a variable will enter a regression if the square of its t value is > .01 and will be removed if the square of its t value falls such that it is < .005.  Usually, efin  > fout. For example, a variable might enter into the model first, but when other variables enter into the model, it may be removed because it was multicollinear with these new variables.  Even if the stepwise option is not used, the regression command will always give the user a list of the order in which the variables entered the regression, and will indicate if a variable was not put in the regression because of the efin and fout values. By use of relatively high efin and fout values and the stepwise option, the user can select a model with only significant t values. While there are some philosophical problems with such "fishing" operations (Leamer 1978), such exercises may be useful.

As a  check for multicollinearity, the regression command uses the Faddeeva(1959, 99-120) algorithm to form an estimate of the error in the calculation of the regression coefficients. At the end of each subproblem, an estimate is made of the numerical error in the regression coefficients resulting from a rounding error in inverting the cross-product matrix.  These estimates are based on the second round of an iterative matrix inversion algorithm, the first round of which gives the computed matrix (X'X)-1 used to compute the regression coefficients.  The importance of this error check is not the absolute estimate, but the relative estimate of error for the different coefficients.  If there is more than two-way multicollinearity in the regression, short of a tolerance check using the TOLL command mentioned earlier, verification is impossible, since the correlation matrix of the data vectors measures only two-way relationships.  The estimate of computational error in the coefficients will determine which coefficients are being affected and will give the researcher a chance to experiment with alternative functional forms or scaling of the series.

The regression command checks all prospective variables for multicollinearity, with variables presently in the regression via inspection of the reduced diagonal element. This procedure involves running a regression  of the prospective variable against all the presently included variables on the right-hand side and recording the R2.  If (1 – R2) < toll on the regression sentence, the prospective variable will not be allowed into the regression with the all the other series. In this situation the series with the least accuracy as measured by the Faddeeva (1959) algorithm will be forced out of the regression or not allowed to enter as appropriate.  The default on toll is .00001. This indicates that if the R2 of a regression of the prospective variable against already-included variables is > .99999, then on series will be forced out of the regression. In many cases the problem is due to variable scaling.

2.7  Overview of Options Involving Computed Residualstc \l2 "2.7  Overview of Options Involving Computed Residuals
The regression command provides four basic categories of tests involving the OLS computed residuals. These are summarized below and discussed in detail in the following sections.

 
a. Residuals from the data used in the regressions may be computed, plotted, characterized with respect to their autocorrelation properties, tested for normality, and tested for heteroskedasticity. Residuals are tested if the residuala option is specified. Plots are also given if  the residualp option is used in place of the residuala option. For further detail on these tests, see section 2.8.

     
b. The computed residuals may be used to provide an estimate of the disturbance covariance matrix, which is then used to give asymptotically efficient estimators for the regression coefficients under the assumption that the true disturbances follow an autoregressive scheme. The GLS options are controlled by the parameter MAXGLS, which sets the maximum order of GLS, and the GLSGRID, PHO and PHI parameters, which control other GLS options.  For further detail, see section 2.5.

c. BLUS (Best Linear Unbiased Scaler) residuals (Theil 1971, Chap. 5) can be calculated and tested using both in-core and out-of-core BLUS procedures to provide alternative tests on the appropriateness of the equation specification. For further detail, see section 2.9.

d. Extensive functional form specification tests can be performed using the RA sentence on both BLUS and OLS residuals. For further detail, see section 2.10.

2.8  Residual Summary Statisticstc \l2 "2.8  Residual Summary Statistics
This section outlines the exact specification of the residual tests that are available if the key word residuala is added to the regression sentence.A number measures of autocorrelation are provided. The Durbin-Watson test statistic d
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provides a test of the hypothesis of no first-order serial correlation in the true disturbances.  See Goldberger (1964, 243-244) for instructions in its use.  The modified von Neumann ratio (displayed in as von Neumann ratio #1) is defined as
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(2.8-2)

where N is the effective sample size. The von Neumann ratio (displayed in b34s as von Neumann ratio #2) is defined as
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(2.8-3)

Discussion of the use of Q and Q' is given in Theil (1971, 219).   For OLS regressions Q=Q' since 
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.  For BLUS residuals, Q' will not be equal to Q since, in this case, 
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.  For OLS residuals, a very common test for autocorrelation is the Durbin- Watson test statistic d, although such a test only checks for first-order serial correlation.  When using BLUS residuals, the modified von Neumann test statistic (Q') should be used.  Tables for the former statistic can be found in most econometrics books, while tables for the latter are found in Theil (1971).

The adjusted residual is equivalent to the unit normal deviate form of the residual and is defined as the residual divided by the standard error of estimate of the regression (see equation 2.1-10), each element being 
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.  Since 95% of these adjusted residuals must lie in the range -1.96 to 1.96 for large samples, inspection of their values gives both a test for normality and a means by which to judge the probability that one residual could arise by chance.  If the error term of the OLS equation is not normal, the estimates of 
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 are no longer efficient or asymptotically efficient. The result is that F and t tests on the coefficients are not necessarily valid in finite samples, although such tests have an asymptotic justification.  (For further discussion, see Judge, Griffiths, Hill, and Lee 1980, 298-301.)

While many tests, such as the Kolmogorov-Smirnov and the Shapiro-Wilk tests, give a summary measure to test whether or not the residuals could be independent drawings from a normal distribution, these tests do not give a visual interpretation of what has caused the lack of normality.  In addition, the above tests are computationally burdensome.  An inexpensive alternative, suggested by Draper and Smith (1966), is to test the adjusted residuals directly.  B34S uses a chi-square test on the adjusted residual and reports results for grids of 5 and 10 points.  Since the cell size of a chi-square test must be at least 5, the smaller grid  should be used if the number of residuals is less than 50.  The statistic
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is distributed as chi-square with KK-2 degrees of freedom, given KK is the number of cells, Ei is the number of adjusted residuals expected to lie in cell i, and Ai is the actual number of observations in cell i.  Since a chi-square statistic with KK-2 degrees of freedom = F((KK-2),
[image: image321.wmf]¥

) * (KK-2), an F test could just as easily have been performed.  The chi-square test procedure assumes drawing from an infinite population.  An argument can be made that since the sample OLS residual has degrees of freedom (T-K), the appropriate degrees of freedom for the F statistic is not F((KK-2),
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) but F((KK-2), (T-K)).  Such a statistic is given in the output and will show a slightly higher probability of rejecting normality.

If the brtest option is supplied in the regression sentence, the sum of the adjusted residuals, the mean adjusted residual, the sum of the residuals and the mean residual will be printed.  In OLS and GLS regressions, these values should be close to machine 0.0 and thus provide a check on the program, while in BLUS analysis, these values will not be 0.0.  Depending on the basis selected for BLUS analysis (see section 2.9), the values of these means and sums can vary quite substantially.  Their inspection gives another measure of the sensitivity of the BLUS residuals to the base selected.

The autocorrelation function
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at lag k provides a measure of association among disturbances up to r periods apart. Although all attempts at basing an exact finite sample test on equation (2.8-5)  have so far failed (Thornber 1965,  2-3, 9), these autocorrelations retain an intuitive appeal and are thus presented as a heuristic summary statistic only.  The number of terms, r, of the autocorrelation function may be specified by the ntac parameter on the regression sentence.  If ntac is omitted, 4 or more p values will be calculated. The exact number of p values depends on the length of the longest lag in the data and the maximum order of the autoregressive equation, if any, assumed for the disturbances. The exact value is NTAC = MIN(MAX(4,(MAXGLS+1)),30). Many econometricians only  test for first-order serial correlation with the Durbin-Watson statistic.  This is often a serious mistake since higher orders of serial correlation may be present in the data.  Routine use of the NTAC parameter to calculate higher-order autocorrelations of the residuals will protect against accepting results that are unknowingly contaminated with higher-order serial correlation.

An F test for heteroskedasticity
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ADVANCE \l2
is given for intuitive appeal only.  The difficulty is that since the OLS (GLS) residuals are correlated (see section 2.9), the numerator and denominator of  
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 are not independent.  The middle third of the observations 
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 have been removed to partially reduce this problem.  The F test for heteroskedasticity is an appropriate procedure to use with BLUS residuals (see section 2.9-2.10), which by their construction are not correlated if the population residual is not correlated.   The final statistics given are the sum of squared residuals and the mean squared residual.  These statistics have been calculated from the residual directly and thus provide an independent check of the program code.  Because the sum of squares of the (T-K) BLUS residuals is equal to the sum of squares on the T OLS residuals, inspection of the sum of squares statistic is a very important test of whether the BLUS residual option is functioning correctly.


The Jarque-Berra (1987)  large sample residual normality test is defined  in many books as
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Where usually 
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 is a skewness measure and 
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is a kutosis measure. However rats and b34s, following Kendall and Stuart (1958), use a corrected  formula for 
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  and 
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. These formulas redefine the Jarque-Berra (1987) test, distributed as 
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in place of (2.8-7) and are available along with a number of other tests in the matrix command DESCRIBE. Other normality tests include the Hinich (1982) test which will be discussed in chapter 7. 
2.9  BLUS Specification Test Optionstc \l2 "2.9  BLUS Specification Test Options
     
B34S contains rather extensive BLUS residual testing procedures. These include the BLUS-out-of-core procedures, which are called from the regression sentence by use of the blus parameter, and the BLUS-in-core procedures, which are called with the resid parameter on the ra sentence of the regression paragraph. As a general rule, the BLUS-in-core procedures should be used, if possible, since they have additional capability, especially for cross-section data. The BLUS-out-of-core procedures can be used when the data cannot fit into the workspace. All BLUS procedures have a current limit of 20 variables on the right-hand side of the regression. This restriction may be removed later. Prior to a detailed discussion of how the BLUS procedures are called, the specification of the tests available is given.  The BLUS capability was developed to implement the tests suggested by Theil (1971, Chap. 5). The BLUS-out-of-core procedures were originally developed by Thornber (1968) and were extended by the author. The BLUS-in-core procedures were developed completely by the author. An outline of the BLUS procedure follows.

The population error e is related to the sample error u by
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where
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The implication of equations (2.9-1) and (2.9-2) is that even if the population residual e is free from problems of serial correlation and heteroskedasticity, the sample residual u will not be because of the term M.

Although from equation (2.3-2) the covariance matrix of the elements of e is 
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.  This renders any test of the null hypothesis, e. g., equation (2.3-2), inexact in finite samples if it is based on the OLS estimates, u.

The next step will be to sketch the proof of equation (2.9-1) and show how a BLUS estimate of the population residual can be calculated and used. We will redefine 
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 as the BLUS residual.

The sample residual u is defined as
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From equations (2.1-1) and (2.1-8) we obtain
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The sum of squared sample residuals u'u = e'MMe = e'Me since M is a symmetric idempotent matrix. Theil (1971, Chap. 5) has shown that it is possible to define a vector  of (T-K) BLUS residuals 
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where X0 is a K by K matrix of the K excluded observations, X1 is a (T-K) by K matrix of the (T-K) included observations, 
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ADVANCE \l4 , 
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define the characteristic vectors (eigenvectors) of the matrix  
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  and u0 and u1 are the OLS residuals corresponding to X0 and X1, respectively.  Theil has shown that within the class of linear unbiased residual vectors with a scaler covariance matrix, the BLUS residual vector 
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Theil (1971, Lemma 1, 209) has proved that the roots (eigenvalues) of [image: image354.wmf]1'
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 are positive and, at most, equal to one. The greater the sum of the square root of these roots, the more appropriate that particular set of BLUS residuals.  This criterion is particularly important where there are multiple possible bases for BLUS tests.

The sum of squares of the (T-K) BLUS residuals is equal to the sum of squares of the T  OLS residuals or
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b34s lists the sum of squares of BLUS residuals, which should be checked against the sum of squares of OLS residuals (or GLS residuals if BLUS analysis is performed after GLS) to verify that the BLUS residuals have been calculated correctly.

For every set of (T-K) BLUS residuals, there exists a BLUS implied coefficient vector 
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where 
[image: image358.wmf]b

 is the OLS coefficient vector. While 
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 that for the non-base observations contains an error term that has the BLUS property. 
Theil (1971, 232) has developed a measure of BLUS efficiency defined as
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Equation (2.9-12) indicates that as T increases relative to K, the relative performance of BLUS residuals to OLS residuals as approximations of the population disturbances declines. This is not really a serious problem since as T gets larger, both the OLS and the BLUS errors themselves get smaller. Given that b0 is the OLS coefficient vector for the base observations and b1 is the OLS coefficient vector for the other (T-K) observations, the OLS coefficient vector 
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 is a weighted sum of b0 and b1
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where
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and Y0 and Y1 are the left-hand variable vectors corresponding to X0 and X1. The BLUS implied coefficient vector (from equation 2.9-11) can be written in terms of b0 and b1 as
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For further discussion of these results and others, see Theil (1971, 234-235). The power of the BLUS residual test procedure is increased if the appropriate BLUS base is selected.  The BLUS base selection options will be discussed next.

To test for serial correlation, Theil (1971) suggests that the original ordering of the data be preserved and that the BLUS base be selected via the criterion of maximizing the sum of the square roots of the eigenvalues from the following K+1 choices: first K observations, first K-1 and last observation, first K-2 and last two observations and ,..., last K observations. Equation (2.9-9) provides the motivation for this procedure.  The serial correlation test uses the modified von Neumann statistic, defined in equation (2.8-2), for which tables are given in Theil (1971).  Unlike the Durbin-Watson test statistic, the modified von Neumann ratio test does not have an indeterminate zone.  The BLUS serial correlation procedure is relatively computer-intense in view of the many bases that have to be considered; however, it is easy to use since B34S will automatically search over the bases under consideration.  The  in-core BLUS procedure, discussed later, uses the most efficient computer routines available and is relatively cheaper than the out-of-core BLUS procedure. Its disadvantage is that it requires internal data storage.

If the original data vector is reordered with respect to an included or excluded variable prior to the selection of the appropriate BLUS base for the modified von Neumann test, a general test for nonlinearity in the functional form of the model can be performed. The above testing procedure works for both cross-section and time-series data.  If the data vector has been reordered against an included variable and serial correlation is found, the implication is that the appropriate functional form will have a nonlinear term containing the variable that was used to reorder the data.  If the data vector was reordered against an excluded variable, a finding of serial correlation indicates a missing variable difficulty.  This procedure would fail only if X0 was not full rank for some BLUS base.  This might occur if there were dummy variables in the X matrix, or if some variables in the X matrix were unchanged for a number of observations.  If B34S finds rank deficiency in X0, a message is given and the decision on the appropriate base will be made from the other alternatives.

A specific test for convexity (Theil, 1971, 226, problem 5.2) can be performed if the coefficient G of the parabola
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is tested for significance.  In equation (2.9-18), mj and vj are the mean and variance, respectively, of the (T-K) values of the j column of X (which was used to resort the X data matrix), 
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 is the BLUS residual vector and ai is the disturbance term.  Theil proves that if the null hypothesis of the standard linear model is true, with the additional specification of normality, the coefficient G will vanish.  A t ratio to test the significance of G is
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where
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The appropriate base for the BLUS heteroskedasticity test, shown in equation (2.8-6), is the middle K observations.  If (T-K) is even, this base is unique.  If (T-K) is odd, there are two possible bases.  The B34S in-core BLUS option will select, on the basis of the maximum sum of the square roots of the eigenvalues, d1...dK of the best of the two possible bases.  The motivation for this selection criterion is equation (2.9-9).

The selection of the appropriate base for the BLUS convexity test, shown in equation (2.9-19), involves first ranking the data vector against column j.  BLUS residuals are selected for the first (T-K)/4 observations in the new ranking, (T-K)/2 observations in the middle of the new ranking, and the last (T-K)/4 observations in the ranking.  If there is no one unique BLUS base, B34S will use the sum of the square roots of the eigenvalues criterion to select the most appropriate BLUS base.

ADVANCE \u6  ADVANCE \d6
The BLUS-residual-equation testing procedure, as we have seen, involves carefully tailoring the BLUS base selection criteria to the specific test desired.  For example, it is important to ignore the convexity test statistic when the base for the serial correlation test is being used.  B34S allows the user to select a battery of tests to effectively rule out certain types of equation misspecification problems.  Such tests, although easy to set up, involve substantial computation.  The in-core BLUS procedure, discussed later, is the fastest and least expensive way to proceed.  To obtain an idea of the computational difficulties, assume an equation with 20 right-hand variables in which eight variables are to be tested for convexity, heteroskedasticity, and serial correlation (general nonlinearity).  For each of eight orderings of the data, the serial correlation test involves looking at 21 BLUS bases, the heteroskedasticity test involves looking at one or two bases, and the convexity test involves looking at one or two bases.  In this example, 200 BLUS bases (25 * 8) must be inspected in order to test this regression.  The BLUS procedures use LINPACK and EISPACK code to keep computer costs down and to ensure that accuracy problems do not arise.  Nevertheless, the user should be aware of the complexity of the task.  The author's research has shown the value of carefully testing a regression.  In many cases, the OLS results indicated insignificant variables that later BLUS analysis showed were functionally misspecified.
  When the proper functional form was substituted, the formerly insignificant variables became significant. The next section contains further detail on the BLUS residuals available.

2.10  BLUS In-Core and Out-of-Core Optionstc \l2 "2.10  BLUS In-Core and Out-of-Core Options
As was mentioned in the prior section, the B34S program has two distinct sets of built-in BLUS routines. In addition there is a BLUS subroutine that is callable under the matrix command.  The original out-of-core BLUS routines do not load the residual vector into core at one time.  The blus parameter on the regression sentence selects the appropriate BLUS residual base. It should be noted that the out-of-core BLUS procedures do not provide reordering of the data vector prior to BLUS residual calculation. If reordering of the data is desired, the sort command can be called prior to the regression command. This limitation is removed in the in-core BLUS options, which are called from the ra sentence of the regression paragraph and can sort each variable in turn and perform a battery of tests. The base selection options in the out-of-core BLUS procedure include the following:

-BLUS=FIRST      

BLUS base is first K observations.

-BLUS=MIDDLE       

BLUS base is middle K observations.

-BLUS=LAST 


BLUS base is last K observations.

-BLUS=(n1,...,nK)
BLUS base is specified by the user.

-BLUS=BEST


BLUS base is selected from the K+1 
possible adjacent bases via the
criterion of maximizing the sum of the square root of the eigenvalues of X0(X'X)-1X'.

-BLUS=HET      

BLUS base is selected by choosing K observations at equal 





intervals from the middle third of the sample.

     
-BLUS=BOTH    

BLUS residuals are calculated  first using option  BLUS=BEST 






and  next using option BLUS=HET.

If the user wants a heteroskedasticity test only, set BLUS=HET. If an exact serial correlation test is required, set BLUS=BEST. If the user wants both heteroskedasticity tests and serial correlation tests, set BLUS=BOTH. This is the usual setting. The  out-of-core BLUS tests can be run on OLS and GLS models. For example, to test for heteroskedasticity on up to second-order GLS, in the regression sentence set switches  MAXGLS=2, BLUS=BOTH, and residuala. If the option residualp was supplied in place of residuala, a substantial amount of output will result, especially when there are many time periods.  The options noblusplot and noglsplot can be selectively used to turn off plotting for BLUS, GLS, and GLS-BLUS as necessary to save paper. The use of BLUS bases is discussed further in Theil (1971, Chap. 5).

 
The residuals generated by the BLUS out-of-core procedure can be passed to the RA (residual analysis) procedure, which is  discussed in section 2.11. This is not usually done because  the RA procedure itself can generate BLUS residuals with more specialized bases and sorting options.  It is important to note that unless the options BLUS=FIRST, BLUS=BEST, or BLUS=LAST are requested, out-of-core BLUS residuals contain gaps.  If BLUS residuals with gaps are passed to the ra procedure and cross correlation analysis is requested, the results would be meaningless.

The in-core blus residual option is called from the ra sentence of the regression command. The key parameters are vars, which sets a maximum of eight variables to sort against, and resid, which sets the appropriate set of residuals to use for the tests.

Options for the resid parameter include the following:

-RESID=CONVEX   
Calculate in-core BLUS residuals with a base suitable for a convexity test and perform tests.

-RESID=HET        
Calculate in-core BLUS residuals with a base suitable for

 


heteroskedasticity tests and perform tests.

-RESID=PARAB      
Calculate in-core BLUS residuals with a base usable for parabola

 


convexity test and perform test.

-RESID=ALLBLUS   
Perform convex, het, and parab options.

-RESID=OUTBLUS  
Analyze BLUS residuals from the out-of-core BLUS procedures.

-RESID=OLS        
Analyze OLS residuals. This option is used if BLUS tests are not  wanted
and is the default.

-RESID=ALL       

Analyze both OLS and OUTBLUS  residuals.

All ra sentences require that variables to test against be specified with the vars parameter.  Assume the following commands:

         b34sexec regression residuala$

              Model y=x1 x2 x5 x6 x7 x8$

              Ra vars=(x1 x2) resid=allblus$ b34seend$

The regression command will first run Y as a function of X1, X2, X5, X6, X7, and X8 and report basic tests on the OLS residuals.  Next, the ra procedures will be called and the data will be reordered against X1; three sets of BLUS residuals will be calculated and used to perform tests for convexity, heteroskedasticity and parabolic convexity as discussed in Theil (1971, Chap. 5).  Third, the data will be sorted against X2, and three more sets of BLUS residuals will be calculated and used to perform tests.  If, for example, the convexity test indicates problems when the data have been sorted against X1, then the problem is nonlinearity with respect to X1. This example shows how the RA sentence can assist in substantially narrowing down the problems of a regression. The in-core and out-of-core BLUS procedures have an upper limit of 20 variables on the right of any OLS equation. In addition, only eight variables can be mentioned in any one VARS parameter. If more than eight variables are desired, two or more regression paragraphs should be used. The RA sentence output for the aforementioned problems will be compact since the options LIST, LISTA, and GRAPH have not been supplied. Detail on the tests calculated will be given in section 2.11.

The in-core BLUS output includes the modified von Neumann ratio given in equation (2.8-2), a measure of BLUS efficiency given in equation (2.9-12), the BLUS implied coefficient vector given in equation (2.9-11), and an estimate of 1/(condition of the BLUS residual base X0) RCOND. The heteroskedasticity and convexity tests, which are defined in equations (2.8-6) and (2.9-19), respectively, the Durbin-Watson test statistic, defined in equation (2.8-1), and the correlation between the residual and the variable used to make the sort are also given. Although all statistics are calculated for every BLUS base, it is important to report only the test statistic for the most appropriate BLUS base for that test.

2.11  The Residual Analysis (RA) Optiontc \l2 "2.11  The Residual Analysis (RA) Option
The previous section discussed use of the ra card to calculate in-core BLUS residuals.  The ra card may also be used in analysis of OLS residuals to test for other types of functional form problems. For example, the correct dynamic specification of an equation is often difficult to determine.  Assuming a model of the form
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theory often will not determine whether any or all of the right-hand-side variables should be lagged, or whether, in fact, 
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 is an exogenous variable.  While specialized and more complex dynamic specification tests can be performed if prewhitened series are cross-correlated (see Chaps. 7 and 8 in which Box-Jenkins tests for Granger causality are discussed), in a multi-input model, such a procedure is difficult, owing to possible effects of other variables.  The  ra sentence supports the calculation of cross correlations between the variables listed with the vars parameter and the residual, using the formula
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where
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If significant cross correlations, 
[image: image387.wmf].5

(||2())

k

rTk

-

³-

, are found between the jth x variable (lagged k times) and the residual, the jth X variable should be lagged k times and entered into in the equation 2.11-1). 
  If significant cross correlations are observed for negative values of k for the jth variable, then the jth variable does not belong on the right-hand side of the equation since it is not exogenous. Feedback models of this type can be estimated using VAR, VMA and VARMA methods of analysis, which are discussed in Chapter 8.

Because cross correlations between autocorrelated series can produce spurious results (Box and Jenkins, 1976, 377), a simple filtering procedure via differencing can be performed. The parameter dif on the ra sentence controls the level of differencing and the parameter period controls the number of periods for cross correlation or autocorrelation analysis. Inspection of the autocorrelations will indicate in a heuristic fashion how much autocorrelation is left in the series after the simple differencing filter has been applied.  Since the 0th order correlation of the residual and any variable on the right-hand side of an OLS equation is constrained to zero, inspection of this correlation checks the program.  If the residual is being sorted against a variable not in the OLS regression, the 0th order correlation provides information concerning whether that variable would enter significantly into the regression with a zero-order lag.  Before autocorrelation tests are performed, B34S will put the data vector back in the original order. As was mentioned earlier, if BLUS residuals are being autocorrelated, it is imperative that the base used does not allow for gaps in the data. Clearly, the autocorrelation and cross correlation tests are not for cross-section data. A further discussion of the problems of cross correlating autocorrelated data is contained in Stokes and Neuburger (1979). If the series contain unit roots, highly misleading results can be obtained. How to handle unit root problems is discussed in Chapter 12.

To hold down computational costs, nonlinearity, heteroskedasticity, or convexity tests are sometimes performed on OLS, not BLUS residuals.  For OLS residuals, the Durbin-Watson test statistic, rather than the modified von Neumann ratio test statistic, should be used.  The F test and the convexity test will still be useful, although their power will not be as great as when BLUS residuals were calculated.  Experience has shown that if these tests appear "significant" with OLS residuals, the functional form should be adjusted.  The final form of the equation can be tested by the more computationally expensive BLUS procedure.

The ra procedure has been especially useful for cross-section equations with many right-hand-side variables.  In these models, there are many possible interaction effects, which, owing to multicollinearity, may not all be possible to estimate.  The best procedure is to estimate the equation first without any interaction effects and build the interaction terms as they are indicated by the tests.  Further specification tests can be made with the recursive residual approach (see Chap. 9).

As mentioned earlier, the BLUS procedures have two limits: the number of exogenous variables in the equation must not exceed 20 and the sum of the number of variables analyzed against outside the equation plus the number of variables in the equation must be  20.  If the number of observations exceeds the internal default work array, the size of b34s can be increased.  If the equation contains more than 20 variables on the right-hand side, all tests must be made on OLS, rather than BLUS, residuals.

2.12  BAYES Optiontc \l2 "2.12  BAYES Option in B34S
B34S contains a Bayesian option that is controlled from the regression sentence with the bayes parameter. Options include computing the marginal posterior distributions for the regression coefficients, the autoregressive coefficient, and an estimate of the population R square.

The output produced by the bayes option is discussed in Zellner (1971).
  When the bayes option is used, the number of variables in the data set should remain small and, if the grid sizes are small, the user must prepare to increase the time limits. The timer will give an indication of the relative costs of this option.  Calculation of the "Bayes R square" 
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 is particularly expensive.
The Bayes posterior distribution of the population value, 
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, of the sample statistic 
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 has been worked out under an "uninformative" prior density by Press and Zellner (1967). This posterior density can be listed and plotted.  The mean and higher central moments for 
[image: image391.wmf]2

P

 are printed beneath the density plot.  The plotting and listing of the posterior 
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is controlled by the parameter bayes in the regression sentence. The  number of points in the grid for 
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 is set by the parameter nrs. The larger NRS, the more expensive the option.  The output plots the distribution of the population 
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statistic and is useful in interpreting the significance of the findings.

The regression model without a constant and with autoregressive disturbances has been analyzed from the Bayesian view by Zellner and Tiao (1964).  Given the model
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the marginal posterior distributions for the elements of 
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 and 
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, under the "uninformative" prior density, can be listed and plotted.  The parameter nbe controls the number of points in the plotting grid.  As is the case with nrs, the larger nbe, the more expensive the calculation.  If the user desires only the distribution of some coefficients, the dm sentence allows suppression of the marginals of the other coefficients.

The bayes option can be run after OLS or after GLS.  In principle, the posterior plots of the 
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coefficients should be the same after OLS or after GLS; however, since the limits of integration are a function of the OLS or GLS standard errors, the horizontal scales will differ and the higher moments of the density functions will differ.  If the model contained serial correlation, the OLS standard errors are biased.  As a consequence, the posterior plots after GLS are preferred over the posterior plots after OLS.  The time required for bayes analysis of 
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 and 
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 increases with the square of the sample size.  This, together with the fact that its output seems to be well approximated by the generalized least squares, indicate that the bayes option is only efficient for relatively small samples.

2.13  Constrained Least Squares and Mixed Estimation

Theil (1971, 44) illustrates how constrained OLS differs from OLS. Using his notation we first impose a constraint
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where 
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 is the constrained OLS vector. Following Theil
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This formula is illustrated using 10,000 observations of simulated data and the matrix command. It is assumed that 
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.  As setup (2.13-1) is binding.

b34sexec matrix;

/$ Example where we use Theil (1971 page 44) to illustrate

/$ Constrained Least squares. OLS Coef should be 1.0

/$

n=10000;

k=3;

x=rn(matrix(n,k:));

beta=matrix(k,1:);

beta(,1)=1.0;

y=10.*rn(matrix(n,1:))+x*beta;

ols_b=inv(transpose(x)*x)*transpose(x)*y;

ols_e=y-x*ols_b;

/$ Constraint is where all coef sum to 1.0

/$ coef 2 = -1 * coef 1

small_r=matrix(2,1:1.0,0.0);

r  =matrix(2,3:1. 1. 1.

               1.,1. 0.);

xpxinv = inv(transpose(x)*x);

con_b  = ols_b + xpxinv*transpose(r)*inv(r*xpxinv*transpose(r))

            * (small_r-r*ols_b);

con_e=y-x*con_b;

call print(small_r r,ols_b,con_b,sumsq(ols_e),sumsq(con_e));

b34srun;

Edited output from running the above job  produces:

  SMALL_R = Matrix of        2  by       1  elements

              1

     1    1.00000

     2    0.00000

  R       = Matrix of        2  by       3  elements

              1              2              3

     1    1.00000        1.00000        1.00000

     2    1.00000        1.00000        0.00000

  OLS_B   = Matrix of        3  by       1  elements

              1

     1    1.09764

     2   0.911124

     3   0.969684

  CON_B   = Matrix of        3  by       1  elements

              1

     1   0.108547

     2  -0.108547

     3    1.00000

               978068.99

               998177.56

The constraint raises 
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 from  978,068.99 to 998,177.56 and results in the coefficients changing from  [1.09764, 0.911124, 0.969684] to [0.108547, -0.108547, 1.00000].  For inequality constraints, use the cmax2 constrained optimizer which is discussed in Chapter 11. The subroutine ols_con can be used in place of the above code as shown below for the same problem:
b34sexec matrix;

call load(ols_con :staging);

call echooff;

n=10000;

k=3;

x=rn(matrix(n,k:));

beta=matrix(k,1:);

beta(,1)=1.0;

y=10.*rn(matrix(n,1:))+x*beta;

/$ Constraint is where all coef sum to 1.0

/$ coef 2 = -1 * coef 1

call olsq(y x :noint :savex :print);

small_r=matrix(2,1:1.0,0.0);

r  =matrix(2,3:1. 1. 1.

               1.,1. 0.);

call ols_con(%y,%x,%coef,con_b,small_r,r,ols_e,con_e);

call print(con_b sumsq(ols_e),sumsq(con_e));
b34srun;

The mixed estimation model suggested by Theil (1963, 1971) proposes  a procedure whereby prior information on the value of the coefficients and their distribution can be used to modify the estimated model.  Such an approach has been used for Baysian VAR modeling applications and could be used  to update parameters of a recursively estimated forecasting model. For now the theory is presented. Assume r is the k-1 vector of prior beliefs on the coefficients of the estimated model, R is the k-1 by k matrix of known  nonstochastic elements.
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Define 
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The matrix of second-order moments of the combined error vector is
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(2-13.5)
The GLS estimator of the mixed model coefficient vector 
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 can be obtained by solving
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(2-13.6)
Equation (2-13.6) can be simplified to
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If 
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 will be unbiased. Of interest is whether given the variance-coveriance of the prior, the prior coefficient vector is compatible with the least squares sample estimator   
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From which a Chi-squared test statistic with degrees pof freedom k-1  to test for compatibility is
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The Theil mixed estimation testing procedure in implemented in the subroutine mixedest which is shown next.
subroutine mixedest(y,x,coef,se,names,varlag,rss,n,k,

                    r,prior,v,mixed_b,mixed_se,compat,compats,iprint);

/;

/; Implements Theil Mixed Regression Model.

/;

/;        y    = %y from call olsq(   )

/;        x    = %x from call olsq(   )

/;     coef    = %coef from call olsq( )

/;       se    = %SE from call olsq( )

/;    names    = %names from call olsq( )

/;    varlag   = %lag from call olsq( )

/;      rss    = %rss from call olsq()

/;        n    = %nob from call olsq( )

/;        k    = %k from call olsq( )

/;        R    = Constraint matrix. Usually set as

/;               r=catcol(vector(%k-1:),diagmat(vector(%k-1:)+1.));

/;    prior    = Vector of the prior estimates of coefficients not

/;               including the constant

/;        v    = Prior covariance matrix of Coefficients not including

/;               constant.  Can be set as v=I

/;  mixed_b    = Mixed Estimation coefficient values

/; mixed_se    = Mixed Estimation SE values

/;   compat    = Theil Compatibility Measure. Chi Square with DF k-1

/;  compats    = Significance of the Theil Compatibility Measure. A

/;               Significant value (GE .95) suggests that priors are not

/;               compatible with the OLS results.

/;   iprint    = Set = 1 to print results, =2 suppress listing of

/;               R, prior and V

/; References:

/;        Theil, H "Principles of Ecxonometrics (1971, 347-350)

/;        Theil, H "On the use of Incomplete Data Prior Information

/;                  in Regression Analysis ", JASA June 1963

/;                  Vol.58. No. 302 pp 401-414.

/;

/; Example:

/;

/;    b34sexec options ginclude('b34sdata.mac') member(theil); b34srun;

/;    b34sexec matrix;

/;    call loaddata;

/;    call echooff;

/;    call load(mixedest);

/;    call olsq(log10ct log10rpt log10ri :print :savex);

/;    prior=vector(%k-1:-.7,1.);

/;    r=catcol(vector(%k-1:),diagmat(vector(%k-1:)+1.));

/;    v=matrix(%k-1,%k-1:.0225, -.01,-.01,.0225);

/;    iprint=1;

/;    call mixedest(%y,%x,%coef,%se,%names,%lag,%rss,%nob,

/;                  %k,r,prior,v,mixed_b,mixed_se,

/;                  compat,compats,iprint);

/;    b34srun;

/;

/; Preliminary Version 18 July 2011 - arguments subject to change

/;

x=rollright(x);

resvar=rss/dfloat(n-k);

/;

/; 1963 formula used.

/;

part1=inv( ((1./resvar)*(transpose(x)*x) ) +

          (transpose(r)*inv(v)*r        ));

part2=   (  (1./resvar)*transpose(x)*y ) +

         (transpose(r) *inv(v)*prior     );

mixed_b=   part1*part2;

mixed_se = sqrt(diag(part1));

mixed_ss = sumsq(y-x*mixed_b);

mixed_b  = rollleft(mixed_b);

mixed_se = rollleft(mixed_se);

dif=vector(k-1:);

ii=integers(1,k-1);

dif(ii)=prior(ii)-coef(ii);

ols_v_c=resvar*r*inv(transpose(x)*x)*transpose(r);

compat=dif*inv(ols_v_c+v)*dif;
compats=chisqprob(compat,dfloat(k-1));

if(iprint.ne.0)then;

call print(' ':);

ols_t  =vfam(afam(coef)/afam(se));

mixed_t=vfam(afam(mixed_b)/afam(mixed_se));

call tabulate(names,varlag,coef,se,ols_t,prior,

                    mixed_b,mixed_se,mixed_t :cname

    :title 'Theil (1963, 1991) Mixed Estimation of OLS Model' );

call print(' ':);

call print('OLS Residual Sum of Squares           ',rss:);

call print('Mixed Estimation Sum of Squares       ',mixed_ss:);

call print('Theil Chi Square Compatibility Measure',compat:);

call print('Significance of Non-Compatibility     ',compats:);

if(iprint.eq.1)then;

call print('Prior covariance Matrix of Coefficients',v);

call print('Prior Restriction Matrix.              ',r);

endif;

endif;

x=rollleft(x);

return;

end;
The below listed program will use the mixedest subroutine to replicate and extend the Theil (1963, 1971) examples.
b34sexec options ginclude('b34sdata.mac') member(theil); b34srun;

b34sexec matrix;

call loaddata;

call echooff;

call load(mixedest);

call print(' ':);

call print('This will replicate OLS Theil (1971,116) Textile Case.':);

call print('------------------------------------------------------':);

call olsq(log10ct log10rpt log10ri :print :savex);

call print(' ':);

call print('This will replicate Mixed Theil (1971,350) Textile Case.':);

call print('--------------------------------------------------------':);

prior=vector(%k-1:-.7,1.);

r=catcol(vector(%k-1:),diagmat(vector(%k-1:)+1.));

v=matrix(%k-1,%k-1:.0225, -.01,-.01,.0225);

iprint=1;

call mixedest(%y,%x,%coef,%se,%names,%lag,%rss,%nob,

                 %k,r,prior,v,mixed_b,mixed_se,compat,compats,iprint);

call print(' ':);

call print('Assume Near Certainly of Prior Coefficients.':);

call print('Prior Drives Mixed results towards Prior Values.':);

call print('Compatibility Measure highly significant.':);

call print('-----------------------------------------':);

prior=vector(%k-1:-.7,1.);

r=catcol(vector(%k-1:),diagmat(vector(%k-1:)+1.));

v=matrix(%k-1,%k-1:.0002, .0, .0,.0002);

iprint=1;

call mixedest(%y,%x,%coef,%se,%names,%lag,%rss,%nob,

                 %k,r,prior,v,mixed_b,mixed_se,compat,compats,iprint);

call print(' ':);

call print('Prior not compatible with the OLS Coefficients.':);

call print('Compatibility Measure highly significant.':);

call print('-----------------------------------------':);

prior=vector(%k-1:-7.,1.);

r=catcol(vector(%k-1:),diagmat(vector(%k-1:)+1.));

v=matrix(%k-1,%k-1:.0225, .0, .0,.0225);

iprint=1;

call mixedest(%y,%x,%coef,%se,%names,%lag,%rss,%nob,

                 %k,r,prior,v,mixed_b,mixed_se,compat,compats,iprint);

b34srun;
Edited output from running the above example follows. Note that is the first problem the OLS coefficients -.8288, 1.143  become -.8205 and 1.089 due to the priors of -.7, 1. respectively.
This will replicate OLS Theil (1971,116) Textile Case.

------------------------------------------------------

Ordinary Least Squares Estimation

Dependent variable                     LOG10CT

Centered R**2                           0.974360658888331

Adjusted R**2                           0.970697895872378

Residual Sum of Squares                 2.567580622302743E-003

Residual Variance                       1.833986158787674E-004

Standard Error                          1.354247451091444E-002

Total Sum of Squares                    0.100142223277888

Log Likelihood                           50.6610836922834

Mean of the Dependent Variable           2.12213525876771

Std. Error of Dependent Variable        7.911314021619931E-002

Sum Absolute Residuals                  0.176249813660294

F( 2,       14)                          266.017936362414

F Significance                          0.999999999992716

1/Condition XPX                         9.474231625383295E-006

Maximum Absolute Residual               2.413447984837536E-002

Number of Observations                          17

Variable   Lag    Coefficient         SE               t

LOG10RPT     0    -0.82883747          0.36111358E-01   -22.952266

LOG10RI      0      1.1431562          0.15600018        7.3279158

CONSTANT     0      1.3739140          0.30609030        4.4885904

This will replicate Mixed Theil (1971,350) Textile Case.

--------------------------------------------------------

Theil (1963, 1991) Mixed Estimation of OLS Model

Obs         NAMES       VARLAG       COEF         SE        OLS_T       PRIOR      MIXED_B     MIXED_SE    MIXED_T

     1    LOG10RPT             0  -0.8288      0.3611E-01  -22.95     -0.7000     -0.8205      0.3497E-01  -23.46

     2    LOG10RI              0    1.143      0.1560       7.328       1.000       1.089      0.1034       10.54

     3    CONSTANT             0    1.374      0.3061       4.489      NA           1.467      0.2035       7.207

OLS Residual Sum of Squares              2.567580622302743E-003

Mixed Estimation Sum of Squares          2.593962596414473E-003

Theil Chi Square Compatibility Measure   0.860302830292117

Significance of Non-Compatibility        0.349589394749686

          Prior covariance Matrix of Coefficients

V       = Matrix of        2  by       2  elements

             1              2

    1   0.225000E-01  -0.100000E-01

    2  -0.100000E-01   0.225000E-01

          Prior Restriction Matrix.

R       = Matrix of        2  by       3  elements

             1              2              3

    1    0.00000        1.00000        0.00000

    2    0.00000        0.00000        1.00000

Using the same coefficient priors BUT more certainty drived the mixed estimated coefficients to -.7169 and 1.00 respectively at the cost on increasing the residual sum of squares from .00256758 to .00434045. The non-compatibility measure become significant at the 99.61%
Assume Near Certainly of Prior Coefficients.

Prior Drives Mixed results towards Prior Values.

Compatibility Measure highly significant.

-----------------------------------------

Theil (1963, 1991) Mixed Estimation of OLS Model

Obs         NAMES       VARLAG       COEF         SE        OLS_T       PRIOR      MIXED_B     MIXED_SE    MIXED_T

     1    LOG10RPT             0  -0.8288      0.3611E-01  -22.95     -0.7000     -0.7169      0.1312E-01  -54.63

     2    LOG10RI              0    1.143      0.1560       7.328       1.000       1.000      0.1408E-01   71.04

     3    CONSTANT             0    1.374      0.3061       4.489      NA           1.452      0.3751E-01   38.70

OLS Residual Sum of Squares              2.567580622302743E-003

Mixed Estimation Sum of Squares          4.340447116299890E-003

Theil Chi Square Compatibility Measure    11.0914704029652

Significance of Non-Compatibility        0.996095928130801

          Prior covariance Matrix of Coefficients

V       = Matrix of        2  by       2  elements

             1              2

    1   0.200000E-03    0.00000

    2    0.00000       0.200000E-03

          Prior Restriction Matrix.

R       = Matrix of        2  by       3  elements

             1              2              3

    1    0.00000        1.00000        0.00000

    2    0.00000        0.00000        1.00000

In this example the certainly was set back to that used in the first test case but the prior was changed to -7.0 1.0. The non-compatibility significance measure increased to 100% and 
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 rose to .00196065.

Prior not compatible with the OLS Coefficients.

Compatibility Measure highly significant.

-----------------------------------------

Theil (1963, 1991) Mixed Estimation of OLS Model

Obs         NAMES       VARLAG       COEF         SE        OLS_T       PRIOR      MIXED_B     MIXED_SE    MIXED_T

     1    LOG10RPT             0  -0.8288      0.3611E-01  -22.95      -7.000      -1.155      0.3468E-01  -33.31

     2    LOG10RI              0    1.143      0.1560       7.328       1.000       1.225      0.1081       11.34

     3    CONSTANT             0    1.374      0.3061       4.489      NA           1.820      0.2173       8.377

OLS Residual Sum of Squares              2.567580622302743E-003

Mixed Estimation Sum of Squares          1.796064920524033E-002

Theil Chi Square Compatibility Measure    1604.53962610161

Significance of Non-Compatibility         1.00000000000000

          Prior covariance Matrix of Coefficients

V       = Matrix of        2  by       2  elements

             1              2

    1   0.225000E-01    0.00000

    2    0.00000       0.225000E-01

          Prior Restriction Matrix.

R       = Matrix of        2  by       3  elements

             1              2              3

    1    0.00000        1.00000        0.00000

    2    0.00000        0.00000        1.00000

B34S Matrix Command Ending. Last Command reached.

Space available in allocator   99856655, peak  space  used       5614

Number variables used                78, peak number  used         98

Number temp variables used          375, # user temp clean          0 
2.14  Errors in Variables


A major assumption of OLS is that the right hand side variables are not correlated with the error term. Theil (1971, page 608) shows what happens if this is not the case. The problem arises due to the fact that the estimation of the OLS coefficients constrains the estimated residuals to be orthogonal with the right hand side, thus imposing a constraint that if it is not true in the population causes a predictable bias in the estimated coefficient. Following Theil assume the true model is
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and estimates
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Define 
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which is tested in the below listed code.

/;

/; Implements "Errors in Variables" Problem

/; Suggested by Helen Roberts to illustrate bias example

/;

/; Problem found especially in testing of permanent income hypothesis

/;

/; True Model      y = a +  b*x     + e

/; Estimated Model y = a + bb*xstar + ee

/; where           xstar = x + gamma

/;

/;                 gamma is a random measurement error

/;

/; Note: true      x= xstar-gamma

/;

/; Model estimated can be written in terms of xstar as

/;                 y = a+ b*(xstar-gamma) + e

/;                   = a+ b*xstar         + (e-b*gamma)

/;

/; => error (e-b*gamma) is related to xstar. But OLS

/;    constrains this correlation to be 0.0 by assumption.

/; => bias in b

/;

/;    Theil shows (in eq 2.7 on page 608)

/;

/;    plim bb(n goes to inf) = b((sigma(x)/(sigma(gamma)+sigma(x))

/;

/;    => greater the variance of gamma=> the lower the estimated b is

/;       with respect to the true beta

/;

/; See Theil (1971, Page 608-610)

/;

/; Note: Example shows a test case that uses 50000 cases to demonstrate

/;       Theil Formula

/;

b34sexec matrix;

/; nob=500;

nob=50000;

coef=1.0;

ncases=1000;

/;

/; mult controls the variance of the addition to x to form xstar

/;

mult=4.;

x=rn(array(nob:));

y=1.0+coef*x+rn(x);

xstar=x+mult*rn(x);

ystar=y+mult*rn(x);

call print('True Model':);

call olsq(y    x     :print);

call print('Estimated Model illustrating downward bias':);

call olsq(y    xstar :print);

call print('Expected bias in limit':);

bias=  (variance(x)/(variance(x)+(mult*mult)));

call print('Estimated beta should be ',coef*bias);

call print('Here both y and x measured with errors':);

call olsq(ystar xstar :print);

testcoef=array(ncases:);

call echooff;

do i=1,ncases;

xstar=x+mult*rn(x);

call olsq(y xstar);

testcoef(i)=%coef(1);

enddo;

call print('For # cases             ',ncases:);

call print('Mean Coef was           ',mean(testcoef):);

bias=  (variance(x)/(variance(x)+(mult*mult)));

call print('Expected coef should be ',coef*bias:);

call print('True coefficient was    ',coef:);

b34srun;

Output from running the above code produces

B34S(r) Matrix Command.      Version July 2003.

Date of Run d/m/y  22/ 9/03. Time of Run h:m:s    7:48:34.

=>  NOB=50000$

=>  COEF=1.0$

=>  NCASES=1000$

=>  MULT=4.$

=>  X=RN(ARRAY(NOB:))$

=>  Y=1.0+COEF*X+RN(X)$

=>  XSTAR=X+MULT*RN(X)$

=>  YSTAR=Y+MULT*RN(X)$

=>  CALL PRINT('True Model':)$

True Model

=>  CALL OLSQ(Y    X     :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           Y

Centered R**2                             0.5034876393197349

Residual Sum of Squares                   49770.33379090545

Residual Variance                         0.9954464936778562

Sum Absolute Residuals                    39773.12329671584

1/Condition XPX                           0.9950542714696163

Maximum Absolute Residual                 4.021842849871318

Number of Observations                    50000

Variable   Lag    Coefficient         SE               t

X            0      1.0065092          0.44700466E-02    225.16749

CONSTANT     0      1.0022444          0.44619479E-02    224.62037

=>  CALL PRINT('Estimated Model illustrating downward bias':)$

Estimated Model illustrating downward bias

=>  CALL OLSQ(Y    XSTAR :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           Y

Centered R**2                             2.750730641983301E-02

Residual Sum of Squares                   97482.53981509681

Residual Variance                         1.949728785453354

Sum Absolute Residuals                    55678.52292791588

1/Condition XPX                           6.202040865105091E-02

Maximum Absolute Residual                 6.253187805004822

Number of Observations                    50000

Variable   Lag    Coefficient         SE               t

XSTAR        0     0.57000689E-01      0.15157338E-02    37.606003

CONSTANT     0      1.0019850          0.62447549E-02    160.45226

=>  CALL PRINT('Expected bias in limit':)$

Expected bias in limit

=>  BIAS=  (VARIANCE(X)/(VARIANCE(X)+(MULT*MULT)))$

=>  CALL PRINT('Estimated beta should be ',COEF*BIAS)$

Estimated beta should be

             0.58624025E-01

=>  CALL PRINT('Here both y and x measured with errors':)$

Here both y and x measured with errors

=>  CALL OLSQ(YSTAR XSTAR :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           YSTAR

Centered R**2                             3.584906774143692E-03

Residual Sum of Squares                   891939.1723447724

Residual Variance                         17.83949702677652

Sum Absolute Residuals                    168293.5388802429

1/Condition XPX                           6.202040865105091E-02

Maximum Absolute Residual                 19.81083705034024

Number of Observations                    50000

Variable   Lag    Coefficient         SE               t

XSTAR        0     0.61492512E-01      0.45848711E-02    13.412048

CONSTANT     0      1.0003101          0.18889463E-01    52.955987

=>  TESTCOEF=ARRAY(NCASES:)$

=>  CALL ECHOOFF$

For # cases               1000

Mean Coef was             5.894637937954658E-02

Expected coef should be   5.862402518208210E-02

True coefficient was      1.000000000000000

B34S Matrix Command Ending. Last Command reached.

Space available in allocator    9874724, peak  space  used     803631

Number variables used                42, peak number  used         46

Number temp variables used        10047, # user temp clean          0

Note that the estimation of the population parameters for 
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 was  1.0065092 and 1.0022444 respectively when (2.14-1) was estimated,  yet when the x variable was measured with an error (2.14-2)  and (2.14-3) was estimated,  these became 0.57000689E-01 and  1.0019850. A test case with a measurement error on the left hand side variable is also shown but will not be discussed here. Errors of measurement of the left hand side variable do not bias the estimated coefficients. The expected value of 
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 using (2.14- 4) which is close to the estimated coefficient. The next part of the job generated 1000 cases each with 50,000 observations each. The mean estimate of 
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 was .5894637937954658E-01. which is quite close to what theory predicts. In this example the variance of the measurement error 
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 was set as 4.0 which makes matters worse. Readers are encouraged to experiment with other values of 
[image: image438.wmf]xx

s

 to test (2.14-4) further. The importance of this example is that it illustrates the problems of errors in right hand side variables.                      

2.15  Best Regression and Stepwise Estimation

In many cases the researcher is confronted with one dependent variable and a large number of potential right hand sides. While theory may help, in many cases a more systematic approach is needed in the model selection phase of the research. The matrix commands bestreg and stepwise can be used to illustrate what can be done and a number of potential problems. The Draper-Smith (1966) dataset that models y (Heat evolved in calories per gram cement)  as a function of four possible explanatory variables is used as an example. The commands:

b34sexec options ginclude('b34sdata.mac') member(draper_s_b);

         b34srun;

b34sexec matrix;

call loaddata;

call echooff;

call tabulate(y x1 x2 x3 x4);

call olsq(y  x1 x2 x3 x4        :print);

call stepwise(y  x1 x2 x3 x4    :print :printsteps);

call bestreg (y  x1 x2 x3 x4  :print);

call print('Using Criterion of Adjusted R^2 ':);

call print('_______________________________ ':);

call bestreg (y  x1 x2 x3 x4 :crit 2  :print );

call print('Using Criterion of Mallows C(p) ':);

call print('_______________________________ ':);

call bestreg (y  x1 x2 x3 x4 :crit 3  :print );

call stepwise(y  x1 x2 x3 x4   :backward :printsteps :print);

b34srun;
produce edited output:

 ID        1                                                 13   7.00000       3.89444       15.1667       13.0000       1.00000

 X1        2 Tricalcium Aluminate                            13   7.46154       5.88239       34.6026       21.0000       1.00000

 X2        3 Tricalcium silicate                             13   48.1538       15.5609       242.141       71.0000       26.0000

 X3        4 Tetracalcium Alumino Ferrite                    13   11.7692       6.40513       41.0256       23.0000       4.00000

 X4        5 Dicalcium Silicate                              13   30.0000       16.7382       280.167       60.0000       6.00000

 Y         6 Heat evolved in calories per gram cement        13   95.4231       15.0437       226.314       115.900       72.5000

 CONSTANT  7                                                 13   1.00000       0.00000       0.00000       1.00000       1.00000

 Number of observations in data file   13

 Current missing variable code         1.000000000000000E+31

 =>  CALL LOADDATA$

 =>  CALL ECHOOFF$

 Obs      Y           X1          X2          X3          X4

      1      78.50       7.000       26.00       6.000       60.00

      2      74.30       1.000       29.00       15.00       52.00

      3      104.3       11.00       56.00       8.000       20.00

      4      87.60       11.00       31.00       8.000       47.00

      5      95.90       7.000       52.00       6.000       33.00

      6      109.2       11.00       55.00       9.000       22.00

      7      102.7       3.000       71.00       17.00       6.000

      8      72.50       1.000       31.00       22.00       44.00

      9      93.10       2.000       54.00       18.00       22.00

     10      115.9       21.00       47.00       4.000       26.00

     11      83.80       1.000       40.00       23.00       34.00

     12      113.3       11.00       66.00       9.000       12.00

     13      109.4       10.00       68.00       8.000       12.00

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                          0.9823756204076801

 Adjusted R**2                          0.9735634306115202

 Residual Sum of Squares                47.86363935049891

 Residual Variance                      5.982954918812363

 Standard Error                         2.446007955590571

 Total Sum of Squares                   2715.763076923078

 Log Likelihood                         -26.91834489582584

 Mean of the Dependent Variable         95.42307692307692

 Std. Error of Dependent Variable       15.04372260258709

 Sum Absolute Residuals                 20.63205892854803

 F( 4,        8)                        111.4791718212613

 F Significance                         0.9999995243818255

 1/Condition XPX                        1.979339080142022E-08

 Maximum Absolute Residual              3.925442702164304

 Number of Observations                 13

 Variable   Lag    Coefficient         SE               t

 X1           0      1.5511026          0.74476987        2.0826603

 X2           0     0.51016758          0.72378800       0.70485775

 X3           0     0.10190940          0.75470905       0.13503138

 X4           0    -0.14406103          0.70905206      -0.20317412

 CONSTANT     0      62.405369           70.070959       0.89060247

The initial regression suggests that none of the variables   x2,  x3 or x4 are significant although the adjusted 
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. The stepwise option suggests that x4 and x1  are the important variables. Variable x4  first enters with a coefficient of -.738 and a t =-4.775. The table of variables not in the regression indicates that x1 is the next most impostant variable since its t=10.403. After two variables are in the model, the remaining 2 variables not in the model (x2 and x3) show t scores of 2.24 and -2.06 respectively, which are less that the PIN cut off value of 95% or better significance due to their being so few observations.
 Hence the analysis stops with out including these variables. 
 Stepwise Option called.

 Y Variable               Y

 Y Variable Mean          95.42307692307692

 Y Variable Variance      226.3135897435898

 Y Variable Number        5

 Number of observations   13

 PIN  set as              5.000000074505806E-02

 POUT set as              0.1000000014901161

 TOL  set as              2.220446049250313E-14

 Constant estimated in all models - Listed for Final Model

 X Var. # Name        Lag        Mean            Var

        1 X1            0        7.4615385        34.602564

        2 X2            0        48.153846        242.14103

        3 X3            0        11.769231        41.025641

        4 X4            0        30.000000        280.16667

  FORWARD STEPWISE SELECTION

  STEP 0:  No variables entered.

           * * * Statistics for Variables Not in the Model * * *

                   Coef.    Standard  t-statistic   Prob. of    Variance

    Variable    Estimate       Error     to enter   Larger t   Inflation

           1       1.869      0.5264        3.550     0.0046           1

           2       0.789      0.1684        4.686     0.0007           1

           3      -1.256      0.5984       -2.098     0.0598           1

           4      -0.738      0.1546       -4.775     0.0006           1

  STEP 1 :  Variable 4 entered.

  Dependent  R-squared   Adjusted  Est. Std. Dev.

  Variable   (percent)  R-squared  of Model Error

         5      67.454     64.495           8.964

                  * * * Analysis of Variance * * *

                           Sum of        Mean             Prob. of

  Source           DF     Squares      Square  Overall F  Larger F

  Regression        1      1831.9      1831.9     22.799    0.0006

  Error            11       883.9        80.4

  Total            12      2715.8

                   * * * Inference on Coefficients * * *

                    (Conditional on the Selected Model)

                   Coef.    Standard                Prob. of    Variance

    Variable    Estimate       Error  t-statistic   Larger t   Inflation

           4      -0.738      0.1546       -4.775     0.0006        1.00

           * * * Statistics for Variables Not in the Model * * *

                   Coef.    Standard  t-statistic   Prob. of    Variance

    Variable    Estimate       Error     to enter   Larger t   Inflation

           1       1.440      0.1384       10.403     0.0000        1.06

           2       0.311      0.7486        0.415     0.6867       18.74

           3      -1.200      0.1890       -6.348     0.0001        1.00

  STEP 2 :  Variable 1 entered.

  Dependent  R-squared   Adjusted  Est. Std. Dev.

  Variable   (percent)  R-squared  of Model Error

         5      97.247     96.697           2.734

                  * * * Analysis of Variance * * *

                           Sum of        Mean             Prob. of

  Source           DF     Squares      Square  Overall F  Larger F

  Regression        2      2641.0      1320.5    176.627    0.0000

  Error            10        74.8         7.5

  Total            12      2715.8

                   * * * Inference on Coefficients * * *

                    (Conditional on the Selected Model)

                   Coef.    Standard                Prob. of    Variance

    Variable    Estimate       Error  t-statistic   Larger t   Inflation

           1       1.440      0.1384       10.403     0.0000        1.06

           4      -0.614      0.0486      -12.621     0.0000        1.06

           * * * Statistics for Variables Not in the Model * * *

                   Coef.    Standard  t-statistic   Prob. of    Variance

    Variable    Estimate       Error     to enter   Larger t   Inflation

           2       0.416      0.1856        2.242     0.0517       18.78

           3      -0.410      0.1992       -2.058     0.0697        3.46

  * * * Forward Stepwise Selection Summary * * *

          Variable    Step Entered

                 1             2

                 4             1

 Intercept   103.0973816366747

 Std. error  2.123983606303383

 t Stat.     48.53963153515440

The bestreg command is used to search over a range of models and shows the best model using the criterion of 
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. Output from these options is shown next. Note that x4 is the best one variable model but that  x1 and x2 dominate x1 and x4 in all three cases. What can explain this?
 Best Regression Option called.

 Y Variable               Y

 Y Variable Mean          95.42307692307692

 Y Variable Variance      226.3135897435898

 Number of observations   13

 Constant estimated, but not listed, in all models

 X Var. # Name        Lag        Mean            Var

        1 X1            0        7.4615385        34.602564

        2 X2            0        48.153846        242.14103

        3 X3            0        11.769231        41.025641

        4 X4            0        30.000000        280.16667

 Regressions with   1 variable(s) (R-squared)

        Criterion         Variables

         67.5              4

         66.6              2

         53.4              1

         28.6              3

 Regressions with   2 variable(s) (R-squared)

        Criterion         Variables

         97.9              1  2

         97.2              1  4

         93.5              3  4

         68.0              2  4

         54.8              1  3

 Regressions with   3 variable(s) (R-squared)

        Criterion         Variables

         98.2              1  2  4

         98.2              1  2  3

         98.1              1  3  4

         97.3              2  3  4

 Regressions with   4 variable(s) (R-squared)

        Criterion         Variables

         98.2              1  2  3  4

         Best Regression with    1 variable(s) (R-squared)

 Variable  Coefficient  Standard Error  t-statistic  p-value

        4      -0.7382          0.1546       -4.775   0.0006

         Best Regression with    2 variable(s) (R-squared)

 Variable  Coefficient  Standard Error  t-statistic  p-value

        1        1.468          0.1213        12.10   0.0000

        2        0.662          0.0459        14.44   0.0000

         Best Regression with    3 variable(s) (R-squared)

 Variable  Coefficient  Standard Error  t-statistic  p-value

        1        1.452          0.1170        12.41   0.0000

        2        0.416          0.1856         2.24   0.0517

        4       -0.237          0.1733        -1.37   0.2054

         Best Regression with    4 variable(s) (R-squared)

 Variable  Coefficient  Standard Error  t-statistic  p-value

        1        1.551          0.7448        2.083   0.0708

        2        0.510          0.7238        0.705   0.5009

        3        0.102          0.7547        0.135   0.8959

        4       -0.144          0.7091       -0.203   0.8441

 Using Criterion of Adjusted R^2

 _______________________________

 Best Regression Option called.

 Y Variable               Y

 Y Variable Mean          95.42307692307692

 Y Variable Variance      226.3135897435898

 Number of observations   13

 Constant estimated, but not listed, in all models

 X Var. # Name        Lag        Mean            Var

        1 X1            0        7.4615385        34.602564

        2 X2            0        48.153846        242.14103

        3 X3            0        11.769231        41.025641

        4 X4            0        30.000000        280.16667

 Regressions with   1 variable(s) (Adjusted R-squared)

        Criterion         Variables

         64.5              4

         63.6              2

         49.2              1

         22.1              3

 Regressions with   2 variable(s) (Adjusted R-squared)

        Criterion         Variables

         97.4              1  2

         96.7              1  4

         92.2              3  4

         61.6              2  4

         45.8              1  3

 Regressions with   3 variable(s) (Adjusted R-squared)

        Criterion         Variables

         97.6              1  2  4

         97.6              1  2  3

         97.5              1  3  4

         96.4              2  3  4

 Regressions with   4 variable(s) (Adjusted R-squared)

        Criterion         Variables

         97.4              1  2  3  4

        Best Regression with    3 variable(s) (Adjusted R-squared)

    Variable  Coefficient  Standard Error  t-statistic  p-value

           1        1.452          0.1170        12.41   0.0000

           2        0.416          0.1856         2.24   0.0517

           4       -0.237          0.1733        -1.37   0.2054

 Using Criterion of Mallows C(p)

 _______________________________

 Best Regression Option called.

 Y Variable               Y

 Y Variable Mean          95.42307692307692

 Y Variable Variance      226.3135897435898

 Number of observations   13

 Constant estimated, but not listed, in all models

 X Var. # Name        Lag        Mean            Var

        1 X1            0        7.4615385        34.602564

        2 X2            0        48.153846        242.14103

        3 X3            0        11.769231        41.025641

        4 X4            0        30.000000        280.16667

 Regressions with   1 variable(s) (Mallows  CP)

        Criterion         Variables

         139.              4

         142.              2

         203.              1

         315.              3

 Regressions with   2 variable(s) (Mallows  CP)

        Criterion         Variables

         2.68              1  2

         5.50              1  4

         22.4              3  4

         138.              2  4

         198.              1  3

 Regressions with   3 variable(s) (Mallows  CP)

        Criterion         Variables

         3.02              1  2  4

         3.04              1  2  3

         3.50              1  3  4

         7.34              2  3  4

 Regressions with   4 variable(s) (Mallows  CP)

        Criterion         Variables

         5.00              1  2  3  4

         Best Regression with    2 variable(s) (Mallows CP)

 Variable  Coefficient  Standard Error  t-statistic  p-value

        1        1.468          0.1213        12.10   0.0000

        2        0.662          0.0459        14.44   0.0000

The Draper-Smith (1966) small dataset has provided a "textbook" example of some of the issues involved with the stepwise regression techique depending on whether backward or forward selection is used. As shown next, when backward selection is used the complete four variable model is estimated first. Next the stepwise procedure "prunes" the model to explain 
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, the result found with the bestreg approach.  
  BACKWARD ELIMINATION

  STEP 0:  4 variable(s) entered.

  Dependent  R-squared   Adjusted  Est. Std. Dev.

  Variable   (percent)  R-squared  of Model Error

         5      98.238     97.356           2.446

                  * * * Analysis of Variance * * *

                           Sum of        Mean             Prob. of

  Source           DF     Squares      Square  Overall F  Larger F

  Regression        4      2667.9       667.0    111.479    0.0000

  Error             8        47.9         6.0

  Total            12      2715.8

                   * * * Inference on Coefficients * * *

                    (Conditional on the Selected Model)

                   Coef.    Standard                Prob. of    Variance

    Variable    Estimate       Error  t-statistic   Larger t   Inflation

           1       1.551      0.7448        2.083     0.0708        38.5

           2       0.510      0.7238        0.705     0.5009       254.4

           3       0.102      0.7547        0.135     0.8959        46.9

           4      -0.144      0.7091       -0.203     0.8441       282.5

  STEP 1 :  Variable 3 removed.

  Dependent  R-squared   Adjusted  Est. Std. Dev.

  Variable   (percent)  R-squared  of Model Error

         5      98.234     97.645           2.309

                  * * * Analysis of Variance * * *

                           Sum of        Mean             Prob. of

  Source           DF     Squares      Square  Overall F  Larger F

  Regression        3      2667.8       889.3    166.832    0.0000

  Error             9        48.0         5.3

  Total            12      2715.8

                   * * * Inference on Coefficients * * *

                    (Conditional on the Selected Model)

                   Coef.    Standard                Prob. of    Variance

    Variable    Estimate       Error  t-statistic   Larger t   Inflation

           1       1.452      0.1170       12.410     0.0000        1.07

           2       0.416      0.1856        2.242     0.0517       18.78

           4      -0.237      0.1733       -1.365     0.2054       18.94

           * * * Statistics for Variables Not in the Model * * *

                   Coef.    Standard  t-statistic   Prob. of    Variance

    Variable    Estimate       Error     to enter   Larger t   Inflation

           3       0.102      0.7547        0.135     0.8959       46.87

  STEP 2 :  Variable 4 removed.

  Dependent  R-squared   Adjusted  Est. Std. Dev.

  Variable   (percent)  R-squared  of Model Error

         5      97.868     97.441           2.406

                  * * * Analysis of Variance * * *

                           Sum of        Mean             Prob. of

  Source           DF     Squares      Square  Overall F  Larger F

  Regression        2      2657.9      1328.9    229.504    0.0000

  Error            10        57.9         5.8

  Total            12      2715.8

                   * * * Inference on Coefficients * * *

                    (Conditional on the Selected Model)

                   Coef.    Standard                Prob. of    Variance

    Variable    Estimate       Error  t-statistic   Larger t   Inflation

           1       1.468      0.1213       12.105     0.0000        1.06

           2       0.662      0.0459       14.442     0.0000        1.06

           * * * Statistics for Variables Not in the Model * * *

                   Coef.    Standard  t-statistic   Prob. of    Variance

    Variable    Estimate       Error     to enter   Larger t   Inflation

           3       0.250      0.1847        1.354     0.2089        3.14

           4      -0.237      0.1733       -1.365     0.2054       18.94

  * * * Backward Elimination Summary * * *

          Variable    Step Removed

                 3             1

                 4             2

 Intercept   52.57734888208954

 Std. error  2.286174334503314

 t Stat.     22.99796130530540
The above example suggests that when the number of potential right hand side variables is small or when there are not serious multicollinearity issues, backward selection should be attempted. However when there are a large number of potential right hand side variables, forward selection can effectively be used to prune the variables to be used on the right hand side. Since both the bestreg and stepwise commands operate off the covariance matrix, they are quite fast.

2.16 Bagging


Hastie-Tibshirani-Friedman (2009, 282-283) introduced bagging or bootstrap aggregation as a diagnostic tool. This method of analysis is non parametric in that assumptions on the coefficient distribution are not required. Bagging is used in Random Forest models which are discussed in some detail in Chapter 17.  The basis idea of bagging is to randomly select a given percentage of the data (usually 66.66667%)  and call it the bagged dataset which will be used to estimate the model. The out of bag dataset is used to test the predictions of the model on new data. This procedure can be done many times and the resulting coefficients will provide information on the distribution of the population coefficients. Subroutine bag_mod, listed next, 
is useful in driving the bag routine where the actual calculations are done. Both these routines are listed next.

/;

/; bag_mod is driving routines. bag can be called stand alone

/;

subroutine bag_mod(y,x,xname,basedf,class_k,e,itype,ntry,iprint,iprintb,

           iprintc,iprintx,igraph,bagrss1,bagrss2,bagssq1,bagssq2,

           ccf1,ccf2,bagcoef,bagt,medbcof,meanbcof

           medbt,meanbt,coef,t);

/;

/; Implements bagging as discribed in Hastie- Tibshirani-Friedman

/;

/; Code is experimental and can change

/;

/; OLS, GAM, L1, MINIMAX, PPREG Supported

/;

/; Code is experimental and can change

/;

/; y       => left hand variable. Usually set as %y from olsq

/; x       => n by k matrix of right hand side variables

/;            set as %x from call olsq

/; xname   => Series name vector. Usually %names from call OLS

/; basedf  => Sets DF of gam smoothing. Usually set as 3.0

/;            Assume 8 series where df set to 3

/;            If first series is 0-1 can set basedf=1. and let the rest

/;            default to 3.

/;

/;            For ppreg sets switches such as

/;            :alpha   .3     => smoothing

/;            :m  k           => # trees

/;            :reg            => continuous data (default)

/;

/;            As an example  basef = ':alpha .3 :class 3';

/;

/; class_k => set = 0 for ppreg :reg models,

/;            set to number of classes for ppreg :class models

/; e       => % in bag. Usually .66667

/; itype   => =0 OLS, =1 GAM, =2 L1 =3 minimax

/;            not implemented in release # 1

/; ntry    => Number of datasets to bag

/; iprint  => =0 no printing, =1 print step data, =2 print OLS step also

/; iprintb => ne 0  prints the results for the complete dataset

/;            This is a good setting to use.

/; iprintc => ne 0  prints the correlations for bag and non bag data

/; iprintx => Prints inbag, inobs,outobs,x1, x2,y1,y2 for each try.

/;            This generates a great deal of output

/; igraph  => produce Graphs

/; bagrss1 => Residual sum of squares for bag dataset

/; bagrss2 => Residual sum of squares for out of bag dataset

/; bagssq1 => sqrt(var(residual 1)) for bag dataset

/; bagssq2 => sqrt(var(residual 2)) for out of bag dataset

/; ccf1    => Correlation y and yhat for bag dataset

/; ccf22   => Correlation y and yhat for oob dataset

/; bagcoef => ntry by nocols(x) dataset of bagged dataset coeff

/; bagt    => ntry by nocols(x) dataset of bagges dataset coef / se

/; medbcof => Median bag coefficient

/; meanbcof=> Mean bag coefficient

/; medbt   => median bag t(z)

/; meanbt  => mean bag t(z)

/; coef    => coef for complete sample

/; t       => t(z) for complete sample

/;

/; Built  5  December 2011 by Houston H. Stokes

/; Mods   18 December 2011

/; Mods   18 January 2012 to add ppreg

/;

/;

bagrss1=vector(ntry:);

bagrss2=vector(ntry:);

bagssq1=vector(ntry:);

bagssq2=vector(ntry:);

ccf1   =vector(ntry:);

ccf2   =vector(ntry:);

bagcoef=array(ntry,nocols(x):);

bagt   =array(ntry,nocols(x):);

if(kind(basedf).ne.8.and.itype.eq.1)basedf=3.;

do i=1,ntry;

call bag(y,x,y1,yhat1,res1,y2,yhat2,res2,coef1,t1,

               rss1,rss2,x1,x2,ssq1,ssq2,corr1,corr2,

               inbag,e,itype,basedf,class_k,iprint);

bagcoef(i,)=coef1;

bagt(i,)   =t1;

if(iprintx.ne.0)then;

call print(' ':);

if(itype.eq.0)call print('Bag and OOB datasets for OLS Model':);

if(itype.eq.1)call print('Bag and OOB datasets for GAM Model':);

if(itype.eq.2)call print('Bag and OOB datasets for L1 Model':);

if(itype.eq.3)call print('Bag and OOB datasets for MINIMAX Model':);

if(itype.eq.4)call print('Bag and OOB datasets for PPREG Model':);

inobs1=dfloat(integers(1,norows(y)));

outobs1=inobs1;

inobs1=afam(inbag)*afam(inobs1);

outbag= (inbag .eq. 0.0);

outobs1=afam(outbag)*afam(outobs1);

outobs=outobs1+missing();

inobs =inobs1 +missing();

where(outobs1 .gt. 0.0)outobs=outobs1;

where(inobs1  .gt. 0.0)inobs =inobs1;

outobs=goodrow(outobs);

inobs =goodrow(inobs);

call tabulate(inbag,inobs,y1,yhat1,outobs,y2,yhat2);

call print(x1,x2);

endif;

if(igraph.ne.0)then;

call graph(y1,yhat1 :nocontact :pgborder :nolabel

           :heading 'Y & Yhat for bag dataset');

call graph(y2,yhat2 :nocontact :pgborder :nolabel

           :heading 'Y & Yhat for oob dataset');

endif;

bagrss1(i)=rss1;

bagrss2(i)=rss2;

bagssq1(i) =ssq1;

bagssq2(i) =ssq2;

ccf1(i)    =corr1;

ccf2(i)    =corr2;

enddo;

meanbcof =array(nocols(x):);

 medbcof =array(nocols(x):);

meanbt   =array(nocols(x):)*missing();

 medbt   =array(nocols(x):)*missing();

do i=1,nocols(x);

meanbcof(i)=       mean(bagcoef(,i));

 medbcof(i)=     median(bagcoef(,i));

if(itype.eq.0.or.itype.eq.1)then;

  meanbt(i)=       mean(bagt(,i));

   medbt(i)=     median(bagt(,i));

endif;

enddo;

call print(' ':);

if(itype.eq.0)call print('Results of bagging OLS Model':);

if(itype.eq.1)call print('Results of bagging GAM Model':);

if(itype.eq.2)call print('Results of bagging L1 Model':);

if(itype.eq.3)call print('Results of bagging MINIMAX Model':);

if(itype.eq.4)call print('Results of bagging PPREG Model':);

call print(' ':);

call print('# of Models estimated     ',ntry:);

call print('% of data in bag sample   ',e:);

call print(' ':);

/; OLS

if(itype.eq.0)then;

if(iprintb.eq.0)call olsq(y x :noint);

if(iprintb.ne.0)call olsq(y x :noint :print);

endif;

/; gam

if(itype.eq.1)then;

xx=x;

call deletecol(xx);

if(iprintb.eq.0)call gamfit(y xx :basedf basedf);

if(iprintb.ne.0)call gamfit(y xx :basedf basedf :print);

endif;

/; L1

if(itype.eq.2)then;

if(iprintb.eq.0)call olsq(y x :noint :L1);

if(iprintb.ne.0)call olsq(y x :noint :L1 :print);

endif;

/; MINIMAX

if(itype.eq.3)then;

if(iprintb.eq.0)call olsq(y x :noint :minimax);

if(iprintb.ne.0)call olsq(y x :noint :minimax :print);

endif;

/; PPREG

if(itype.eq.4)then;

if(class_k.eq.0)then;

if(iprintb.eq.0)call ppreg(y x  argument(basedf) :reg);

if(iprintb.ne.0)call ppreg(y x  argument(basedf) :reg :print);

endif;

if(class_k.ne.0)then;

if(iprintb.eq.0)call ppreg(y x  argument(basedf) :class class_k);

if(iprintb.ne.0)call ppreg(y x  argument(basedf) :class class_k :print);

endif;

endif;

if(itype.ne.4)then;

coef=%coef;

if(itype.eq.2)coef=%l1coef;

if(itype.eq.3)coef=%mmcoef;

if(itype.ne.1)t=%t;

if(itype.eq.1)t=%z;

endif;

meanc1=mean(ccf1);

sdc1  =sqrt(variance(ccf1));

meanc2=mean(ccf2);

sdc2  =sqrt(variance(ccf2));

cc    =ccf(ccf1,ccf2);

meanr1  =mean(bagrss1);

meanr2  =mean(bagrss2);

meanssq1=mean(bagssq1);

meanssq2=mean(bagssq2);

if(itype.ne.4)then;

call tabulate(xname,coef,t,meanbcof,medbcof,meanbt,medbt);

endif;

if(iprintc.gt.0)then;

call print('Correlations for bag sample             ',ccf1);

call print('Correlations for oob sample             ',ccf2);

endif;

if(iprintc.lt.0)then;

call tabulate(bagrss1,bagrss2,bagssq1,bagssq2,ccf1,ccf2

:title 'Detailed Data for bag and OOB samples');

call print(' ');

endif;

if(iprintc.eq.0)call print(' ');

call print('Mean correlation for bag sample            ',meanc1:);

call print('Standard Deviation                         ',sdc1:);

call print('Mean correlation for oob sample            ',meanc2:);

call print('Standard Deviation                         ',sdc2:);

call print('Correlation of bag and OOB correlations    ',cc:);

call print('Mean residual sum of squares for bag sample',meanr1:);

call print('Mean residual sum of squares for oob sample',meanr2:);

call print('Mean residual SE for bag sample            ',meanssq1:);

call print('Mean residual SE for oob sample            ',meanssq2:);

return;

end;

subroutine bag(y,x,y1,yhat1,res1,y2,yhat2,res2,coef1,t1,rss1,rss2,x1,x2,

             ssq1,ssq2,corr1,corr2,inbag,e,itype,basedf,class_k,iprint);

/;

/; Implements bagging as discribed in Hastie- Tibshirani-Friedman

/;

/; Code is experimental and can change

/;

/; OLS, GAM, L1 and MINIMAX Supported

/;

/; y      => left hand variable. Usually set as %y from olsq

/; x      => n by k matrix of right hand side variables

/;           set as %x from call olsq

/; y1     => y for bag dataset

/; yhat1  => Forecasted y for bag dataset

/; res1   => Residual for bag dataset

/; y2     => y for out of bag dataset

/; yhat2  => Forecasted y for out of bag dataset

/; res2   => Residual for out of bag dataset

/; x1     => bag x matrix

/; x2     => oob x matrix

/; coef1  => Coefficients for bag dataset

/; z1     => z for bag dataset

/; rss1   => Residual sum of squares for bag dataset

/; rss2   => Residual sum of squares for out of bag dataset

/; ssq1   => sqrt(resvar1)

/; ssq2   => sqrt(resvar2)

/; corr1  => Correlation y and yhat for bag dataset

/; corr2  => Correlation y and yhat for oob dataset

/; inbag  => work vector telling what vectors in X used

/;           inbag = 1. implies that observation in

/; e      => % in bag usually .6667

/; itype  => =0 OLS, =1 GAM, =2, L1 =3 minimax, =4 ppreg

/; basedf => Sets DF of gam smoothing. Usually set as 3.0

/;           Assume 8 series where df set to 3

/;           If first series is 0-1 can set basedf=1. and test rest

/;           default

/;

/;           For ppreg sets switches such as

/;           :alpha   .3     => smoothing

/;           :m  k           => # trees

/;           :reg            => continuous data (default)

/;

/;           As an example  basef = ':alpha .3 :class 3';

/;

/; class_k => set = 0 for ppreg :reg models,

/;            set to number of classes for ppreg :class models

/; iprint => =0 no printing, =1 print step data, =2 print OLS step also

/;

/;

/; Built  5 December 2011 by Houston H. Stokes

/; Mods   18 January 2012

/;

inbag=(rec(array(norows(x):)).le.e);

outbag=(inbag.eq.0.0);

nn1=idint(sum(inbag));

nn2=norows(x)-nn1;

ndf1=nn1-nocols(x);

ndf2=nn2-nocols(x);

if(itype.eq.0)then;

if(iprint.lt.2)call olsq(y x :sample inbag :noint :savex);

if(iprint.gt.1)call olsq(y x :sample inbag :noint :savex :print);

coef1=vfam(%coef);

t1   =vfam(%t);

yhat1=%yhat;

y1=%y;

res1=%res;

ssq1=missing();

rss1=sumsq(res1);

if(ndf1.gt.1)then;

ssq1=sqrt(rss1/dfloat(ndf1));

endif;

endif;

/; gam

if(itype.eq.1)then;

xx=x;

call deletecol(xx);

if(iprint.lt.2)call gamfit(y xx :basedf basedf :sample inbag :savex);

if(iprint.gt.1)call gamfit(y xx :basedf basedf :sample inbag :savex

                                :print);

coef1=vfam(%coef);

t1   =vfam(%z);

yhat1=%yhat;

y1=%y;

res1=%res;

ssq1=missing();

rss1=sumsq(res1);

if(ndf1.gt.1)then;

ssq1=sqrt(rss1/dfloat(ndf1));

endif;

endif;

/; L1

if(itype.eq.2)then;

if(iprint.lt.2)call olsq(y x :sample inbag :noint :savex :L1);

if(iprint.gt.1)call olsq(y x :sample inbag :noint :savex :L1 :print);

coef1=vfam(%l1coef);

t1   =missing();

yhat1=%l1yhat;

y1=%y;

res1=%l1res;

ssq1=missing();

rss1=sumsq(res1);

if(ndf1.gt.1)then;

ssq1=sqrt(rss1/dfloat(ndf1));

endif;

endif;

/; MINIMAX

if(itype.eq.3)then;

if(iprint.lt.2)call olsq(y x :sample inbag :noint :savex :minimax);

if(iprint.gt.1)call olsq(y x :sample inbag :noint :minimax

                                                  :print);

coef1=vfam(%mmcoef);

t1   =missing();

yhat1=%mmyhat;

y1=%y;

res1=%mmres;

ssq1=missing();

rss1=sumsq(res1);

if(ndf1.gt.1)then;

ssq1=sqrt(rss1/dfloat(ndf1));

endif;

endif;

/; PPREG

if(itype.eq.4)then;

xx=x;

call deletecol(xx);

if(class_k.eq.0)then;

if(iprint.lt.2)call ppreg(y xx :sample inbag :savex :savemodel

                          argument(basedf) :reg);

if(iprint.gt.1)call ppreg(y xx :sample inbag :savex :savemodel

                          argument(basedf) :reg :print);

endif;

if(class_k.ne.0)then;

if(iprint.lt.2)call ppreg(y xx :sample inbag :savex :savemodel

                          argument(basedf) :class class_k);

if(iprint.gt.1)call ppreg(y xx :sample inbag :savex :savemodel

                          argument(basedf) :class class_k  :print);

endif;

coef1=missing();

t1   =missing();

yhat1=%yhat;

y1=%y;

res1=%res;

ssq1=missing();

rss1=sumsq(res1);

if(ndf1.gt.1)then;

ssq1=sqrt(rss1/dfloat(ndf1));

endif;

endif;

x1=%x;

x2=matrix(nn2,nocols(x):);

y2  =vector(nn2:);

/; This code is clear but slow

/; itest=0;

/; do j=1,norows(x);

/; if(outbag(j).ne.0.0)then;

/; itest=itest+1;

/;   y2(itest) =y(j);

/;   x2(itest,)=x(j,);

/; endif;

/; enddo;

/; This code is less clear but very much faster

ibase=afam(dfloat(integers(1,norows(x))));

ibase = ibase * afam(outbag);

ibaseout=integers(1,nn2);

r=ranker(ibase);

ibase=ibase(r);

ibase=idint(ibase);

call deleterow(ibase,1,nn1);

x2(ibaseout,)  =x(ibase,);

y2(ibaseout)   =y(ibase);

/; Get yhat for OLS, L1, MINIMAX

if(itype.eq.0.or.itype.eq.2.or.itype.eq.3)then;

yhat2=mfam(x2)*coef1;

res2=vfam(y2)-yhat2;

rss2=sumsq(res2);

ssq2=missing();

endif;

/; Get yhat for GAM

if(itype.eq.1)then;

degmod=5;

newx2=x2;

call deletecol(newx2);

call gamfore(%spline,%x,newx2,degmod,coef1,yhat2,%link,%vartype,

             %df,0);

res2=vfam(y2)-vfam(yhat2);

rss2=sumsq(res2);

ssq2=missing();

endif;

/; ppreg

if(itype.eq.4)then;

if(class_k.eq.0)then;

if(iprint.lt.2)call ppreg(:forecast x2 :reg );

if(iprint.gt.1)call ppreg(:forecast x2 :reg :print);

endif;

if(class_k.ne.0)then;

if(iprint.lt.2)call ppreg(:forecast x2 :class class_k );

if(iprint.gt.1)call ppreg(:forecast x2 :class class_k :print);

endif;

yhat2=%fore;

res2=vfam(y2)-vfam(yhat2);

rss2=sumsq(res2);

ssq2=missing();

endif;

if(ndf2.gt.0)then;

ssq2=sqrt(rss2/dfloat(ndf2));

endif;

corr1=ccf(y1,yhat1);

corr2=ccf(y2,yhat2);

if(iprint.ne.0)then;

call print(' ');

call print('Residual sum of squares for bag dataset  ',rss1:);

call print('Residual sum of squares for oob dataset  ',rss2:);

call print('Number of Observations in   bag dataset  ',nn1:);

call print('Number of Observations in   oob dataset  ',nn2:);

call print('Sigma Squared bag dataset                ',ssq1:);

call print('Sigma Squared oob dataset                ',ssq2:);

call print('Correlation y & yhat for bag dataset     ',corr1:);

call print('Correlation y & yhat for oob dataset     ',corr2:);

endif;

return;

end;
The next code listed shows how to use the bag_mod routine to study the distribution of the Sinai-Stokes (1972) real balances dataset. OLS, GAM, LI and MINIMAX models are estimated.  Note that the time variable is restricted to be linear for the GAM model.
/;

/; Implements bagging.  Shows only 10 bags but the datasets in both the

/; bag and oob datasets.

/;

b34sexec options ginclude('b34sdata.mac') member(res72); b34srun;

/;

b34sexec matrix;

call loaddata;

call load(polyfit);

call load(polyval);

call load(gamfore );

call load(bag);

call echooff;

/; itype=0 => ols

/; itype=1 => gam

/; itype=2 => l1

/; itype=3 => minimax

/; call print(catcol(y,x));

call olsq(lnq time lnl lnk lnrm2 :print :savex :minimax :l1);

call tabulate(%y %yhat %mmyhat  %l1yhat);

corrbase=ccf(%y,%yhat);

call print('Correlation of y and yhat                ',corrbase:);

ntry=10;

itype=0;

iprint=0;

iprintb=1;

iprintc=1;

iprintx=1;

igraph=0;

e=.66667;

basedf=ARRAY(: 1. 3. 3. 3.);

class_k=0;
/; basedf=':alpha 0.0';

/; do itype=4,4;
do itype=0,3;

call bag_mod(%y,%x,%names,basedf,class_k,e,itype,ntry,

iprint,iprintb,iprintc,iprintx,,igraph,
bagrss1,bagrss2,bagssq1,bagssq2,ccf1,ccf2,bagcoef,bagt,
medbcof,meanbcof,medbt,meanbt,coef,t);

call print(bagcoef);

enddo;

b34srun;
Edited and annotated output is listed next. Only 10 models were estimated. 
 B34SI 8.11F         (D:M:Y)  19/12/11 (H:M:S) 16:41:32   DATA STEP                                                      PAGE    1

 Variable    Label                                      # Cases      Mean        Std. Dev.    Variance      Maximum       Minimum

 TIME      1                                                 39   1948.00       11.4018       130.000       1967.00       1929.00

 P         2 Index of factor Prices                          39  0.707282      0.337010      0.113576       1.29200      0.254000

 K         3 Capital                                         39   133.036       52.2247       2727.42       247.900       76.0000

 L         4 Labor                                           39   217.556       45.8504       2102.26       305.000       141.600

 M1        5 Money Supply M1                                 39   94.5728       52.4285       2748.75       176.430       19.8900

 M2        6 Money Supply M2                                 39   139.720       85.6406       7334.31       330.400       32.0900

 Q         7 Real Output                                     39   325.944       143.017       20453.9       631.100       132.000

 M1DP      8 Real Money M1                                   39   125.284       29.7936       887.657       174.984       67.6396

 M2DP      9 Real Money M2                                   39   182.246       37.5234       1408.01       255.728       118.198

 LNK      10 Natural Log Capital                             39   4.81872      0.380578      0.144839       5.51303       4.33073

 LNL      11 Natural Log Labor                               39   5.35965      0.219570      0.482112E-01   5.72031       4.95301

 LNQ      12 Natural Log Output                              39   5.68745      0.460959      0.212483       6.44746       4.88280

 LNRM1    13 Natural Log Real M1                             39   4.79898      0.264094      0.697455E-01   5.16469       4.21419

 LNRM2    14 Natural Log Real M2                             39   5.18325      0.216864      0.470301E-01   5.54411       4.77236

 CONSTANT 15                                                 39   1.00000       0.00000       0.00000       1.00000       1.00000

 Number of observations in data file            39

 Current missing variable code          1.000000000000000E+031

 Data begins on (D:M:Y)  1: 1:1929  ends  1: 1:1967.   Frequency is      1

 B34SI Matrix Command. d/m/y 19/12/11. h:m:s 16:41:32.

 =>  CALL LOADDATA$

 =>  CALL LOAD(POLYFIT)$

 =>  CALL LOAD(POLYVAL)$

 =>  CALL LOAD(GAMFORE )$

 =>  CALL LOAD(BAG)$

 =>  CALL ECHOOFF$

 Ordinary Least Squares Estimation

 Dependent variable                     LNQ

 Centered R**2                           0.995396456141888

 Adjusted R**2                           0.994854862746816

 Residual Sum of Squares                 3.717069516090338E-002

 Residual Variance                       1.093255740026570E-003

 Standard Error                          3.306441803550412E-002

 Total Sum of Squares                     8.07436538166305

 Log Likelihood                           80.2994238611113

 Mean of the Dependent Variable           5.68744888249347

 Std. Error of Dependent Variable        0.460959108292101

 Sum Absolute Residuals                  0.879963303523698

 F( 4,       34)                          1837.90361034527

 F Significance                           1.00000000000000

 1/Condition XPX                         3.215818654606881E-013

 Maximum Absolute Residual               9.469906971237396E-002

 Number of Observations                          39

 Variable   Lag    Coefficient         SE               t

 TIME         0     0.43586243E-02      0.27060298E-02    1.6107082

 LNL          0      1.2986306          0.11904903        10.908368

 LNK          0     0.31945071          0.76923157E-01    4.1528550

 LNRM2        0     0.45054237E-01      0.79214166E-01   0.56876490

 CONSTANT     0     -11.536222           4.7764449       -2.4152319

 L1 (MAD) Estimation

 Dependent variable           LNQ

 Sum of Squared Residuals   L1        3.918698944385538E-002

 Sum of Absolute Error  for L1        0.848679790749931

 Maximum absolute Error for L1        0.107358609426709

 Number of Iterations d for L1                13

 MINIMAX Estimation

 Dependent variable           LNQ

 Sum of Squared Residuals   MINIMAX   5.329467967664319E-002

 Sum of Absolute Error  for MINIMAX    1.12182773261366

 Maximum absolute Error for MINIMAX   6.482111510751931E-002

 Number of Iterations   for MINIMAX           13

 Variable   Lag    OLS Coef          L1 Coef         MM Coef

 TIME         0     0.43586243E-02      0.48907537E-02   0.31778175E-03

 LNL          0      1.2986306           1.3894048       0.93869192

 LNK          0     0.31945071          0.28566367       0.55394208

 LNRM2        0     0.45054237E-01      0.20464350E-02   0.27061117

 CONSTANT     0     -11.536222          -12.677659       -4.0365973

This shows the results for OLS for the complete sample.
 Obs      %Y          %YHAT       %MMYHAT     %L1YHAT

      1      5.246       5.211       5.186       5.207

      2      5.148       5.158       5.165       5.147

      3      5.070       5.092       5.109       5.078

      4      4.910       4.932       4.975       4.910

      5      4.883       4.925       4.940       4.907

      6      4.954       4.985       4.982       4.971

      7      5.036       5.052       5.039       5.041

      8      5.145       5.139       5.116       5.131

      9      5.209       5.211       5.163       5.209

     10      5.154       5.126       5.098       5.118

     11      5.239       5.203       5.174       5.197

     12      5.325       5.292       5.275       5.284

     13      5.464       5.440       5.412       5.438

     14      5.552       5.553       5.516       5.555

     15      5.626       5.610       5.596       5.608

     16      5.674       5.605       5.609       5.599

     17      5.651       5.556       5.586       5.543

     18      5.613       5.616       5.615       5.610

     19      5.634       5.707       5.699       5.704

     20      5.696       5.757       5.744       5.756

     21      5.696       5.727       5.724       5.723

     22      5.796       5.796       5.783       5.796

     23      5.862       5.881       5.858       5.884

     24      5.887       5.914       5.897       5.916

     25      5.937       5.954       5.944       5.956

     26      5.929       5.921       5.923       5.919

     27      6.008       5.991       5.990       5.990

     28      6.031       6.041       6.040       6.042

     29      6.047       6.054       6.053       6.054

     30      6.036       6.028       6.040       6.026

     31      6.100       6.100       6.108       6.100

     32      6.125       6.139       6.141       6.140

     33      6.145       6.146       6.158       6.145

     34      6.205       6.196       6.208       6.196

     35      6.245       6.226       6.242       6.226

     36      6.299       6.281       6.303       6.280

     37      6.362       6.346       6.367       6.346

     38      6.423       6.421       6.443       6.423

     39      6.447       6.477       6.512       6.476

 Correlation of y and yhat                   0.997695572878765

The bag and OOB datasets are shown. INOBS and OUTOBS show the original observation of the data.

 Bag and OOB datasets for OLS Model

 Obs      INBAG       INOBS       Y1          YHAT1       OUTOBS      Y2          YHAT2

      1      0.000       2.000       5.148       5.152       1.000       5.246       5.194

      2      1.000       4.000       4.910       4.952       3.000       5.070       5.095

      3      0.000       6.000       4.954       5.001       5.000       4.883       4.944

      4      1.000       8.000       5.145       5.147       7.000       5.036       5.065

      5      0.000       10.00       5.154       5.140       9.000       5.209       5.214

      6      1.000       11.00       5.239       5.214       22.00       5.796       5.795

      7      0.000       12.00       5.325       5.300       24.00       5.887       5.908

      8      1.000       13.00       5.464       5.439       27.00       6.008       5.988

      9      0.000       14.00       5.552       5.545       28.00       6.031       6.037

     10      1.000       15.00       5.626       5.604       30.00       6.036       6.031

     11      1.000       16.00       5.674       5.604       32.00       6.125       6.138

     12      1.000       17.00       5.651       5.564       34.00       6.205       6.197

     13      1.000       18.00       5.613       5.620       36.00       6.299       6.282

     14      1.000       19.00       5.634       5.706      NA          NA          NA

     15      1.000       20.00       5.696       5.754      NA          NA          NA

     16      1.000       21.00       5.696       5.729      NA          NA          NA

     17      1.000       23.00       5.862       5.875      NA          NA          NA

     18      1.000       25.00       5.937       5.949      NA          NA          NA

     19      1.000       26.00       5.929       5.921      NA          NA          NA

     20      1.000       29.00       6.047       6.051      NA          NA          NA

     21      1.000       31.00       6.100       6.101      NA          NA          NA

     22      0.000       33.00       6.145       6.148      NA          NA          NA

     23      1.000       35.00       6.245       6.228      NA          NA          NA

     24      0.000       37.00       6.362       6.345      NA          NA          NA

     25      1.000       38.00       6.423       6.418      NA          NA          NA

     26      1.000       39.00       6.447       6.474      NA          NA          NA

     27      0.000      NA          NA          NA          NA          NA          NA

     28      0.000      NA          NA          NA          NA          NA          NA

     29      1.000      NA          NA          NA          NA          NA          NA

     30      0.000      NA          NA          NA          NA          NA          NA

     31      1.000      NA          NA          NA          NA          NA          NA

     32      0.000      NA          NA          NA          NA          NA          NA

     33      1.000      NA          NA          NA          NA          NA          NA

     34      0.000      NA          NA          NA          NA          NA          NA

     35      1.000      NA          NA          NA          NA          NA          NA

     36      0.000      NA          NA          NA          NA          NA          NA

     37      1.000      NA          NA          NA          NA          NA          NA

     38      1.000      NA          NA          NA          NA          NA          NA

     39      1.000      NA          NA          NA          NA          NA          NA

 X1      = Matrix of       26  by       5  elements

              1              2              3              4              5

     1    1930.00        5.10837        4.47506        4.85686        1.00000

     2    1932.00        4.95371        4.36055        4.92098        1.00000

     3    1934.00        4.99721        4.33073        4.85487        1.00000

     4    1936.00        5.09681        4.37071        4.92237        1.00000

     5    1938.00        5.08451        4.35157        4.93509        1.00000

     6    1939.00        5.12753        4.39938        4.96848        1.00000

     7    1940.00        5.17332        4.46591        5.04324        1.00000

     8    1941.00        5.25958        4.56643        5.04335        1.00000

     9    1942.00        5.32350        4.64823        5.03718        1.00000

    10    1943.00        5.34758        4.70048        5.14299        1.00000

    11    1944.00        5.34138        4.68028        5.25169        1.00000

    12    1945.00        5.30876        4.62595        5.39010        1.00000

    13    1946.00        5.36317        4.57677        5.40680        1.00000

    14    1947.00        5.40986        4.66250        5.38110        1.00000

    15    1948.00        5.43022        4.72739        5.34058        1.00000

    16    1949.00        5.39952        4.74406        5.34055        1.00000

    17    1951.00        5.47646        4.90156        5.24269        1.00000

    18    1953.00        5.50207        4.99315        5.28313        1.00000

    19    1954.00        5.46975        5.00327        5.29482        1.00000

    20    1957.00        5.52744        5.14691        5.27681        1.00000

    21    1959.00        5.54087        5.20675        5.31007        1.00000

    22    1961.00        5.55335        5.26837        5.32138        1.00000

    23    1963.00        5.59285        5.32496        5.37560        1.00000

    24    1965.00        5.65354        5.41610        5.44128        1.00000

    25    1966.00        5.69508        5.46468        5.47554        1.00000

    26    1967.00        5.72031        5.51303        5.54411        1.00000

 X2      = Matrix of       13  by       5  elements

              1              2              3              4              5

     1    1929.00        5.15502        4.47506        4.77236        1.00000

     2    1931.00        5.06386        4.43082        4.89356        1.00000

     3    1933.00        4.95301        4.33860        4.83897        1.00000

     4    1935.00        5.03955        4.35286        4.87469        1.00000

     5    1937.00        5.14749        4.38203        4.89417        1.00000

     6    1950.00        5.43285        4.82109        5.28122        1.00000

     7    1952.00        5.48770        4.93950        5.26804        1.00000

     8    1955.00        5.50492        5.06639        5.28927        1.00000

     9    1956.00        5.52784        5.11859        5.28598        1.00000

    10    1958.00        5.50167        5.15387        5.30405        1.00000

    11    1960.00        5.55914        5.24175        5.29608        1.00000

    12    1962.00        5.57822        5.30975        5.33635        1.00000

    13    1964.00        5.61822        5.37482        5.41017        1.00000

 Results of bagging OLS Model

 # of Models estimated                10

 % of data in bag sample      0.666670000000000

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                           0.995396456141888

 Adjusted R**2                           0.994854862746816

 Residual Sum of Squares                 3.717069516090338E-002

 Residual Variance                       1.093255740026570E-003

 Standard Error                          3.306441803550412E-002

 Total Sum of Squares                     8.07436538166305

 Log Likelihood                           80.2994238611113

 Mean of the Dependent Variable           5.68744888249347

 Std. Error of Dependent Variable        0.460959108292101

 Sum Absolute Residuals                  0.879963303523698

 F( 4,       34)                          1837.90361034527

 F Significance                           1.00000000000000

 1/Condition XPX                         3.215818654606881E-013

 Maximum Absolute Residual               9.469906971237396E-002

 Number of Observations                          39

 Variable   Lag    Coefficient         SE               t

 Col____1     0     0.43586243E-02      0.27060298E-02    1.6107082

 Col____2     0      1.2986306          0.11904903        10.908368

 Col____3     0     0.31945071          0.76923157E-01    4.1528550

 Col____4     0     0.45054237E-01      0.79214166E-01   0.56876490

 Col____5     0     -11.536222           4.7764449       -2.4152319

 Obs      XNAME       COEF        T           MEANBCOF    MEDBCOF     MEANBT      MEDBT

      1    TIME         0.4359E-02   1.611      0.3970E-02  0.4078E-02   1.170       1.293

      2    LNL           1.299       10.91       1.264       1.300       8.522       8.279

      3    LNK          0.3195       4.153      0.3368      0.3305       3.347       3.280

      4    LNRM2        0.4505E-01  0.5688      0.6380E-01  0.6427E-01  0.5306      0.6252

      5    CONSTANT     -11.54      -2.415      -10.77      -10.90      -1.788      -1.947

           Correlations for bag sample

 CCF1    = Vector of       10   elements

      0.996959       0.998092       0.996566       0.999041       0.996014       0.998110       0.997722       0.997966

      0.997276       0.998625

           Correlations for oob sample

 CCF2    = Vector of       10   elements

      0.998770       0.996352       0.999615       0.995222       0.998779       0.995074       0.997889       0.995776

      0.998401       0.995993

 Mean correlation for bag sample               0.997636998228814

 Standard Deviation                            9.347946421755530E-004

 Mean correlation for oob sample               0.997187220397532

 Standard Deviation                            1.678136309537938E-003

 Correlation of bag and OOB correlations      -0.879763655772734

 Mean residual sum of squares for bag sample   2.298145682136746E-002

 Mean residual sum of squares for oob sample   1.867052131634869E-002

 Mean residual SE for bag sample               3.438536839162404E-002

 Mean residual SE for oob sample               4.224877731647848E-002

This shows the coefficients of the model for each bag model.
 BAGCOEF = Matrix of       10  by       5  elements

              1              2              3              4              5

     1   0.614167E-02    1.17002       0.317500       0.710764E-01   -14.4443

     2   0.216051E-02    1.39050       0.315100       0.803713E-01   -7.90461

     3   0.364918E-02    1.26009       0.344962       0.574628E-01   -10.1329

     4   0.407067E-02    1.39145       0.364870      -0.966019E-01   -10.9637

     5   0.276321E-02   0.992380       0.453443       0.158940       -8.01606

     6   0.437452E-02    1.35024       0.297092       0.304855E-01   -11.6624

     7   0.196423E-02    1.24345       0.361398       0.131207       -7.22115

     8   0.425358E-02    1.35670       0.302038       0.323009E-01   -11.4932

     9   0.408589E-02    1.14424       0.343594       0.150646       -10.8342

    10   0.623593E-02    1.33929       0.268111       0.221058E-01   -15.0441

 Results of bagging GAM Model

 # of Models estimated                10

 % of data in bag sample      0.666670000000000

 Generalized Additive Models (GAM) Analysis

 Reference: Generalized Additive Models by Hastie andTibshirani. Chapman (1990)

 Model estimated using CRAN General Public License (GPL) routines.

 Gaussian additive model assumed

 Identity link - yhat = x*b + sum(splines)

 Response variable ....      Y

 Number of observations:              39

 Residual Sum of Squares      1.975999355424619E-002

 # iterations                          1

 # smooths/variable                   83

 Mean Squared Residual        5.066665013909280E-004

 df of deviance                27.9983027311370

 Scale Estimate               7.057568361910405E-004

 Primary   tolerence          1.000000000000000E-009

 Secondary tolerance          1.000000000000000E-009

 R square                     0.997552749644062

 Total sum of Squares          8.07436538166305

 Model  df        coef        st err     z score      nl pval      lin_res       Name     Lag

 ------------     ----        ------     -------      -------      -------       ----     ---

         1.     -11.4706       3.838      -2.989                                intcpt

 lin:    1.00   0.465476E-02  0.2174E-02   2.141       ---          0.1976E-01  COL____1   0

         3.00   0.980533      0.9565E-01   10.25        1.000       0.4699E-01  COL____2   0

         3.00   0.469336      0.6181E-01   7.594       0.5217       0.2151E-01  COL____3   0

         3.00   0.110679      0.6365E-01   1.739       0.4562       0.2127E-01  COL____4   0

        -----

         11.0

 Obs      XNAME       COEF        T           MEANBCOF    MEDBCOF     MEANBT      MEDBT

      1    TIME         -11.47      -2.989      -10.25      -10.17      -1.914      -1.892

      2    LNL          0.4655E-02   2.141      0.4023E-02  0.3940E-02   1.362       1.388

      3    LNK          0.9805       10.25      0.9241      0.9110       7.196       6.433

      4    LNRM2        0.4693       7.594      0.5047      0.4927       5.121       5.359

      5    CONSTANT     0.1107       1.739      0.1386      0.1539       1.520       1.705

           Correlations for bag sample

 CCF1    = Vector of       10   elements

      0.998726       0.998908       0.998911       0.999600       0.998929       0.998788       0.998759       0.999200

      0.998854       0.998585

           Correlations for oob sample

 CCF2    = Vector of       10   elements

      0.997702       0.997946       0.997551       0.991594       0.998863       0.998622       0.999057       0.997901

      0.997225       0.999339

 Mean correlation for bag sample               0.998925892864303

 Standard Deviation                            2.862866873866658E-004

 Mean correlation for oob sample               0.997580090677370

 Standard Deviation                            2.216479873065673E-003

 Correlation of bag and OOB correlations      -0.864100473215992

 Mean residual sum of squares for bag sample   1.026367824017201E-002

 Mean residual sum of squares for oob sample   1.388063779876309E-002

 Mean residual SE for bag sample               2.315305813280424E-002

 Mean residual SE for oob sample               3.723428238560857E-002

 BAGCOEF = Matrix of       10  by       5  elements

              1              2              3              4              5

     1   -3.93572       0.727612E-03   0.684775       0.654569       0.267608

     2   -5.04049       0.835104E-03    1.06890       0.468007       0.216560

     3   -11.9577       0.484007E-02    1.08409       0.448011       0.481637E-01

     4   -13.4090       0.540917E-02    1.34076       0.304168      -0.183275E-01

     5   -17.1990       0.835813E-02   0.623645       0.582187       0.895749E-01

     6   -2.77639      -0.201963E-03   0.924234       0.618874       0.177392

     7   -14.3076       0.646327E-02   0.839383       0.500148       0.946885E-01

     8   -5.97552       0.132818E-02    1.05967       0.485182       0.203082

     9   -19.5298       0.943156E-02   0.717566       0.448771       0.161902

    10   -8.38377       0.304059E-02   0.897743       0.536621       0.145825

 Results of bagging L1 Model

 # of Models estimated                10

 % of data in bag sample      0.666670000000000

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                           0.995396456141888

 Adjusted R**2                           0.994854862746816

 Residual Sum of Squares                 3.717069516090338E-002

 Residual Variance                       1.093255740026570E-003

 Standard Error                          3.306441803550412E-002

 Total Sum of Squares                     8.07436538166305

 Log Likelihood                           80.2994238611113

 Mean of the Dependent Variable           5.68744888249347

 Std. Error of Dependent Variable        0.460959108292101

 Sum Absolute Residuals                  0.879963303523698

 F( 4,       34)                          1837.90361034527

 F Significance                           1.00000000000000

 1/Condition XPX                         3.215818654606881E-013

 Maximum Absolute Residual               9.469906971237396E-002

 Number of Observations                          39

 Variable   Lag    Coefficient         SE               t

 Col____1     0     0.43586243E-02      0.27060298E-02    1.6107082

 Col____2     0      1.2986306          0.11904903        10.908368

 Col____3     0     0.31945071          0.76923157E-01    4.1528550

 Col____4     0     0.45054237E-01      0.79214166E-01   0.56876490

 Col____5     0     -11.536222           4.7764449       -2.4152319

 L1 (MAD) Estimation

 Dependent variable           Y

 Sum of Squared Residuals   L1        3.918698944385538E-002

 Sum of Absolute Error  for L1        0.848679790749931

 Maximum absolute Error for L1        0.107358609426709

 Number of Iterations d for L1                13

 Variable   Lag    OLS Coef          L1 Coef         MM Coef

 Col____1     0     0.43586243E-02      0.48907537E-02   NA

 Col____2     0      1.2986306           1.3894048       NA

 Col____3     0     0.31945071          0.28566367       NA

 Col____4     0     0.45054237E-01      0.20464350E-02   NA

 Col____5     0     -11.536222          -12.677659       NA

 Obs      XNAME       COEF        T           MEANBCOF    MEDBCOF     MEANBT      MEDBT

      1    TIME         0.4891E-02   1.611      0.9560E-03  0.1462E-02 Missing     Missing

      2    LNL           1.389       10.91     -0.1490E-03 -0.1042E-03 Missing     Missing

      3    LNK          0.2857       4.153      0.2261     -0.1863     Missing     Missing

      4    LNRM2        0.2046E-02  0.5688      0.2006      0.1342     Missing     Missing

      5    CONSTANT     -12.68      -2.415      0.3235      0.1366     Missing     Missing

           Correlations for bag sample

 CCF1    = Vector of       10   elements

      0.984853       0.963300       0.970811       0.908280       0.989291       0.984896       0.977671       0.975744

      0.969362       0.899509

           Correlations for oob sample

 CCF2    = Vector of       10   elements

      0.470743      -0.988838      -0.967980       0.984858       0.987145       0.989106       0.517749      -0.971394

      0.556289       0.125731

 Mean correlation for bag sample               0.962371774787736

 Standard Deviation                            3.188325130342121E-002

 Mean correlation for oob sample               0.170340945290028

 Standard Deviation                            0.837051172233502

 Correlation of bag and OOB correlations      -4.999619922135935E-002

 Mean residual sum of squares for bag sample   0.453112313018351

 Mean residual sum of squares for oob sample    146.361796826510

 Mean residual SE for bag sample               0.132908446115732

 Mean residual SE for oob sample                3.64308257373247
 BAGCOEF = Matrix of       10  by       5  elements

              1              2              3              4              5

     1   0.184606E-02   0.829348E-04  -0.447175        1.32932      -0.401905

     2   0.299297E-02  -0.367072E-03  -0.199345      -0.655923       0.842610

     3   0.233074E-02  -0.376727E-03  -0.173342      -0.658605        1.06442

     4   0.356861E-02  -0.339667E-03   0.722261      -0.208852      -0.733343

     5  -0.336735E-02  -0.945942E-04    1.74795       0.758963      -0.203217

     6  -0.241097E-02  -0.110922E-03    1.30215       0.770592      -0.897513E-01

     7   0.759339E-03  -0.123721E-03   0.312875      -0.474178        1.01163

     8   0.155164E-02  -0.564247E-04  -0.379784      -0.695566        1.57944

     9   0.915344E-03  -0.680909E-05  -0.361942        1.36288      -0.197374

    10   0.137333E-02  -0.974579E-04  -0.262702       0.477306       0.362904

 Results of bagging MINIMAX Model

 # of Models estimated                10

 % of data in bag sample      0.666670000000000

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                           0.995396456141888

 Adjusted R**2                           0.994854862746816

 Residual Sum of Squares                 3.717069516090338E-002

 Residual Variance                       1.093255740026570E-003

 Standard Error                          3.306441803550412E-002

 Total Sum of Squares                     8.07436538166305

 Log Likelihood                           80.2994238611113

 Mean of the Dependent Variable           5.68744888249347

 Std. Error of Dependent Variable        0.460959108292101

 Sum Absolute Residuals                  0.879963303523698

 F( 4,       34)                          1837.90361034527

 F Significance                           1.00000000000000

 1/Condition XPX                         3.215818654606881E-013

 Maximum Absolute Residual               9.469906971237396E-002

 Number of Observations                          39

 Variable   Lag    Coefficient         SE               t

 Col____1     0     0.43586243E-02      0.27060298E-02    1.6107082

 Col____2     0      1.2986306          0.11904903        10.908368

 Col____3     0     0.31945071          0.76923157E-01    4.1528550

 Col____4     0     0.45054237E-01      0.79214166E-01   0.56876490

 Col____5     0     -11.536222           4.7764449       -2.4152319

 MINIMAX Estimation

 Dependent variable           Y

 Sum of Squared Residuals   MINIMAX   5.329467967664319E-002

 Sum of Absolute Error  for MINIMAX    1.12182773261366

 Maximum absolute Error for MINIMAX   6.482111510751931E-002

 Number of Iterations   for MINIMAX           13

 Variable   Lag    OLS Coef          L1 Coef         MM Coef

 Col____1     0     0.43586243E-02      NA               0.31778175E-03

 Col____2     0      1.2986306          NA               0.93869192

 Col____3     0     0.31945071          NA               0.55394208

 Col____4     0     0.45054237E-01      NA               0.27061117

 Col____5     0     -11.536222          NA               -4.0365973

 Obs      XNAME       COEF        T           MEANBCOF    MEDBCOF     MEANBT      MEDBT

      1    TIME         0.3178E-03   1.611      0.2558E-02 -0.3063E-02 Missing     Missing

      2    LNL          0.9387       10.91     -0.6077E-02 -0.2259E-03 Missing     Missing

      3    LNK          0.5539       4.153       1.537       1.330     Missing     Missing

      4    LNRM2        0.2706      0.5688      0.6865      0.9291     Missing     Missing

      5    CONSTANT     -4.037      -2.415      0.1091      0.1320     Missing     Missing

           Correlations for bag sample

 CCF1    = Vector of       10   elements

      0.964615       0.941409       0.971182       0.978845       0.887717       0.988331       0.976338       0.937943

      0.983387       0.966631

           Correlations for oob sample

 CCF2    = Vector of       10   elements

      0.984023       0.929508       0.972509       0.939871       0.944237       0.983234       0.988395       0.943573

      0.983617       0.978883

 Mean correlation for bag sample               0.959639838443122

 Standard Deviation                            3.021718072151694E-002

 Mean correlation for oob sample               0.964785091625578

 Standard Deviation                            2.265271323828538E-002

 Correlation of bag and OOB correlations       0.609847350131111

 Mean residual sum of squares for bag sample   0.463623746730227

 Mean residual sum of squares for oob sample    26267.5438500982

 Mean residual SE for bag sample               0.146546962925141

 Mean residual SE for oob sample                15.1716519471243
 BAGCOEF = Matrix of       10  by       5  elements

              1              2              3              4              5

     1  -0.326097E-02  -0.221779E-03    1.65028      -0.279078       0.908053

     2  -0.686793E-03  -0.171358E-05  -0.114372        1.35377       0.199636

     3  -0.355904E-02  -0.439278E-03    2.54383      -0.344872E-01  -0.142030

     4  -0.241342E-04  -0.273557E-03   0.830770      -0.376061       0.736132

     5   0.730539E-03  -0.229960E-03   0.672915E-01   0.835153       0.115536E-01

     6  -0.286470E-02  -0.105184E-03    1.00880        1.02306       0.151522

     7  -0.660555E-02   0.123642E-03    2.73111        1.36826      -0.660935

     8  -0.909224E-02  -0.484812E-03    4.33484      -0.184331       0.205137

     9  -0.521999E-02   0.569795E-05    2.31766        1.06679      -0.430220

    10   0.561667E-01  -0.591425E-01  -0.145795E-03    2.09206       0.112510

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator   11856682, peak  space  used      58176

 Number variables used               242, peak number  used        354

 Number temp variables used        11244, # user temp clean          0

The results for the L1  model appears to be quite different from the GAM and OLS findings. Bagging is a powerful diagnostic tool since it can give insignt into the effect of different samplings. The supplied subroutines can be easily modified to support other estimators.

2.17  Examplestc \l2 "2.13  Examples

The matrix command, which is documented in Chapter 16, can be used to estimate OLS models with a higher level command olsq or with matrix notation which facilitates understanding of the theory. The below listed program first generates a matrix x with 1.0's in the first column. Next a k by 1 vector of population 
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 are generated and set to 1.0. The variable error is the population error. The term sn allows the user to expand or contract the signal to noise ratio as it is increased or decreased. Once y is built, the commands for ols_b, ols_e and ols_yhat create 
[image: image443.wmf]ˆ

ˆˆ

,,and

ey

b

. Next (2.1-10) - (2.1-12) are used to obtain 
[image: image444.wmf]2

s

 and the coefficient SE's and t's.  We first show such a command and them move to the higher level command olsq to test the logic.

b34sexec matrix;

/$

/$ All coef should be 1.0

/$

n=5000;

k=3;

sn=2.;

x=rn(matrix(n,k:));

x(,1)=1.0;

beta=matrix(k,1:);

beta(,1)=1.0;

error=sn*rn(matrix(n,1:));

y=error+x*beta;

/$

/$ This is the regression with math!!

/$

ols_b=inv(transpose(x)*x)*transpose(x)*y;

ols_e=y-x*ols_b;

ols_yhat=x*ols_b;

/$ get SE

sigmasq = sumsq(ols_e)/dfloat(n-k);

/$ se sqrt diag of sigmasq*(x'x)**-1

varcov = sigmasq*inv(transpose(x)*x);

se=dsqrt(diag(varcov));

t=array(:ols_b)/array(:se);

call tabulate(ols_b,se,t);

call print(varcov);

/$ This is the command uses :noint since constant in x

call olsq(y,x :print :noint);

b34srun;

The above commands produce edited output of:

=>  CALL TABULATE(OLS_B,SE,T)$

Obs      OLS_B       SE          T

     1      1.046      0.2799E-01   37.38

     2      1.026      0.2781E-01   36.89

     3      1.029      0.2825E-01   36.41

=>  CALL PRINT(VARCOV)$

VARCOV  = Matrix of        3  by       3  elements

             1              2              3

    1   0.783268E-03   0.813537E-05  -0.708621E-05

    2   0.813537E-05   0.773466E-03  -0.118106E-05

    3  -0.708621E-05  -0.118106E-05   0.798268E-03

=>  CALL OLSQ(Y,X :PRINT :NOINT)$

Ordinary Least Squares Estimation

Dependent variable           Y

Centered R**2                             0.3499853488662326

Residual Sum of Squares                   19566.24851992243

Residual Variance                         3.915599063422539

Sum Absolute Residuals                    7857.348473055357

1/Condition XPX                           0.9602189552181672

Maximum Absolute Residual                 7.171167586768856

Number of Observations                    5000

Variable   Lag    Coefficient         SE               t

Col____1     0      1.0460943          0.27986927E-01    37.377964

Col____2     0      1.0259457          0.27811266E-01    36.889571

Col____3     0      1.0286945          0.28253641E-01    36.409270

B34S Matrix Command Ending. Last Command reached.

Space available in allocator    2874823, peak  space  used     162011

Number variables used                44, peak number  used         44

Number temp variables used           48, # user temp clean          0

and confirm the matrix command olsq and the matrix commands produce the same coefficients, standard errors and t scores. The data is first generated with all coef = 1.0.

The commands in Table 2.2 will perform OLS estimation and BLUS analysis of the Theil (1971) data on textiles. B34S produces a log file and an output file. To save space, the log file will not be listed in this book.  The log shows if the commands were parsed without errors and the time taken for each command. As noted earlier, if each B34S paragraph ends with the sentence b34seend$, all the B34S commands will be parsed prior to any commands being run.
  If any B34S paragraph ends with the b34srun$ sentence, execution is forced so that the paragraph will run before any other paragraphs are parsed. The advantage of delayed execution of the B34S command stream is that many errors are caught before substantial time is wasted running an incomplete job.

The sample job listed in Table 2.2 is in the form of a file macro. If a dataset containing file macros is placed in the input stream on unit 3, the commands that begin with the delimiter == are stripped out automatically. On the other hand, if there are a number of B34S file macros of the form:

==NAME1

        .....  commands here

==

==NAME2

  ......  commands here

==

in a file myjobs.mac, the B34S command

b34sexec options include('myjobs.mac') macro(NAME2)$ b34seend$

will select and execute the macro NAME2. The only restriction on this feature is that the B34S macro must not call another B34S macro in the same dataset. The advantage of the design of the file macro facility is that either all or part of a file can be executed. To run all macros in the dataset, leave off macro( ) from the command.

b34sexec options include('c:\b34slm\b34sdata.mac')$ b34seend$

where fpor this example means will be obtained for all the distributed datasets. If the job listed in Table 2.2 is run, a log file (_.log on the PC where _ is the name of the file) will be produced that will indicate any errors that occurred. If there were no problems, an output file (_.out) will be produced. 

Table 2.2 BLUS Specification Tests on Data From Theil (1971)

==THEIL

b34sexec data noob=17 nohead corr setyear(1923)$

input time ct ri rpt $

build log10ct log10ri log10rpt$

label time   = 'year'

ct           = 'consumption of textiles'

       ri     = 'real income'

       rpt    = 'relative price of textiles'

       log10ct= 'log10(consumption of textiles)'

       log10ri= 'log10(real income)'

       log10rpt='log10(relative price of textiles)'$

gen log10ct  =  log10(ct)  $

gen log10ri  =  log10(ri)  $

gen log10rpt =  log10(rpt) $

comment=('textile data from theil(1971) page 102')$

  datacards$

  1923   99.2   96.7  101

  1924   99     98.1  100.1

  1925  100    100    100

  1926  111.6  104.9   90.6

  1927  122.2  104.9   86.5

  1928  117.6  109.5   89.7

  1929  121.1  110.8   90.6

  1930  136    112.3   82.8

  1931  154.2  109.3   70.1

  1932  153.6  105.3   65.4

  1933  158.5  101.7   61.3

  1934  140.6   95.4   62.5

  1935  136.2   96.4   63.6

  1936  168     97.6   52.6

  1937  154.3  102.4   59.7

  1938  149    101.6   59.5

  1939  165.5  103.8   61.3

b34sreturn$

b34seend$

b34sexec list $ var log10ct log10ri log10rpt$

b34seend$

b34sexec regression residuala blus=both$

   comment=('Theil(1971) test raw data')$

   model ct = ri rpt$

   b34seend$

b34sexec regression residuala stepwise$

   comment=('Illustrate controlled stepwise') $

   model log10ct = log10ri log10rpt$

   order constant log10ri$

   b34seend$

b34sexec regression residualp blus=both$

   comment=('Theil(1971) page 220 col 1, 3, 2 residuals')$

   model log10ct = log10ri log10rpt$

   b34seend$

b34sexec robust$

   model log10ct = log10ri log10rpt$

   b34seend$

==

The job first loads the data and builds LOG10 transforms of CT, RI, and RPT as suggested by Theil. CT is the consumption of textiles in the Netherlands per capita in the period 1923-1939, while RI and RPT are the real income per capita and relative price of textiles, respectively. The corr option on the data paragraph outputs the correlation matrix of the data, while the nohead option reduces output by deleting the B34S header. If the cov option had been used, the variance-covariance matrix would have been printed. Define 
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 as the covariance between variable i and j and 
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. The correlation matrix listed below shows that the log to the base 10 of the relative price of textiles (LOG10RPT) is significantly negatively correlated with LOG10CT (-.93596) but that log to the base 10 of relative income (LOG10RI) is only weakly positively correlated with the LOG10CT (.097862). Given that T=17, only the first correlation is significant, since  the standard error for the correlation coefficient is (1/16).5 = .25. Based just on correlation analysis, the researcher might be led to give up on attempting to model the effect of RI and conclude that only LOG10RPT matters. The edited b34s output follows.

B34S 8.10K          (D:M:Y)  13/ 4/03 (H:M:S)  8:56:51   DATA STEP                                                       PAGE     1

 Variable    Label                                      # Cases      Mean        Std. Dev.    Variance      Maximum       Minimum

 TIME      1 year                                            17   1931.00       5.04975       25.5000       1939.00       1923.00

 CT        2 consumption of textiles                         17   134.506       23.5773       555.891       168.000       99.0000

 RI        3 real income                                     17   102.982       5.30097       28.1003       112.300       95.4000

 RPT       4 relative price of textiles                      17   76.3118       16.8662       284.470       101.000       52.6000

 LOG10CT   5 log10(consumption of textiles)                  17   2.12214      0.791131E-01  0.625889E-02   2.22531       1.99564

 LOG10RI   6 log10(real income)                              17   2.01222      0.222587E-01  0.495451E-03   2.05038       1.97955

 LOG10RPT  7 log10(relative price of textiles)               17   1.87258      0.961571E-01  0.924619E-02   2.00432       1.72099

 CONSTANT  8                                                 17   1.00000       0.00000       0.00000       1.00000       1.00000

 Number of observations in data file   17

 Current missing variable code         1.000000000000000E+31

 Data begins on (D:M:Y)  1: 1:1923  ends  1: 1:1939.   Frequency is      1

B34S 8.10K          (D:M:Y)  13/ 4/03 (H:M:S)  8:56:51   DATA STEP                                                       PAGE     2

 Correlation Matrix

                       1

 CT        Var  2   0.89535

                       1             2

 RI        Var  3  -0.98763E-01   0.61769E-01

                       1             2             3

 RPT       Var  4  -0.94135      -0.94664       0.17885

                       1             2             3             4

 LOG10CT   Var  5   0.89914       0.99744       0.93936E-01  -0.94836

                       1             2             3             4             5

 LOG10RI   Var  6  -0.95011E-01   0.66213E-01   0.99973       0.17511       0.97862E-01

                       1             2             3             4             5             6

 LOG10RPT  Var  7  -0.93807      -0.93820       0.22599       0.99750      -0.93596       0.22212

                       1             2             3             4             5             6             7

 CONSTANT  Var  8    0.0000        0.0000        0.0000        0.0000        0.0000        0.0000        0.0000

 
The list command displays the transformed data. This output is not shown. The first regression command performs OLS estimation, using the raw data. BLUS residuals are calculated for heteroskedasticity and serial correlation tests but since the residuala option was selected, the BLUS residuals were not listed. The second regression command illustrates controlled stepwise estimation. The order command forces in the variables CONSTANT and LOG10RI first. Output for this paragraph, which has not been listed to save space, indicates that the t for LOG10RI is .3808 when only CONSTANT and LOG10RI are in the regression but that for the complete model the t scores for CONSTANT, LOG10RI and LOG10RPT become 4.489, 7.328, and -22.95, respectively.

The final regression command, whose output is listed below, illustrates the out-of-core BLUS option and replicates BLUS residual output given on page 220 of Theil (1971). The OLS results indicate CONSTANT, LOG10RI, and LOG10RPT and all significant predictors of LOG10CT when all variables are in the regression. The adjusted R5 of the regression is .9707. Computational error estimates of .5793E-11, .2356E-12 and .2547E-11 (.000, .3324E-11, and .5314E-13 on IBM 370 systems) indicate that multicollinearity is not a problem in this model. The number of observations in this problem is too small, even for the small sample normality test, which requires a cell size of 5 or greater.  Nevertheless, there is no indication of a lack of normality of the residuals since the probability of the F test for the small sample test is only .6174. Readers are encouraged to verify that the residuals listed are the same as given in Theil (1971). Since the BLUS=BOTH option was specified, BLUS analysis is performed for the best BLUS base for serial correlation (see output for option 5) and the best base for heteroskedasticity (see output for option 2).

The BLUS serial correlation test searches over the three admissible bases. The sum of the eigenvalues for the 1, 2, 3 base was .99; for the 1, 2, 17 base 1.138; for the 1, 16, 17 base 1.116 and for the 15, 16, 17 base  .6784. B34S automatically selected the 1, 2, 17 base since the sum  (1.138) was greatest.  Theil (1971, 221) lists these results. The modified von Neumann ratio statistic (von Neumann ratio 1) 1.04733 is a one-tailed test against positive autocorrelation. It is significant at the 1% level but not significant at the 5% level. For further details see Theil (1971, 221).

The BLUS heteroskedasticity test selects a base from the center of the observations. In this case, the base is unique and consists of 8, 9, 10.  The F statistic for heteroskedasticity is 1.398 (this is actually 1/F since F < 1.0), which is not significant. BLUS analysis of the Theil problem shows no evidence of heteroskedasticity but some evidence of serial correlation. Although the number of observations is small, it is useful as an example for the regression command since the residuals can be listed. For larger problems, the residuala option is usually used to save paper. The  regression command output follows.

The robust command resolves the problem using OLS, L1 and MINIMAX. For OLS 
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 was .0241344. For L1 and MINIMAX the same three quantities were  (.00281412, .1692798, .0241344) and (.00304469, .196803, .021736) respectively. Coefficients for the CONTANT, LOG10RI and LOF10RPT for OLS, L1 and MINIMAX were respectively (1.3739, 1.1431,-.8288), (1.19165, 1.2593, -.8551) and (.89020, 1.38294, -.82879) for this problem. Since OLS, L1 and MINIMAX are so close, it appears that outliers are not a problem with this dataset.
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 Comment     theil(1971) page 220 col 1, 3, 2 residuals

 ***************

 Problem Number                             2

 Subproblem Number                          3

 F to enter                        0.10000000E-01

 F to remove                       0.50000000E-02

 Tolerance                         0.10000000E-04

 Maximum no of steps                        3

 Dependent variable X( 5).  Variable Name  LOG10CT

 Standard Error of Y =   0.79113140E-01   for degrees of freedom  =         16.

 .............

 Step Number  3                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      6                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.987097                  Due Regression       2      0.97575E-01      0.48787E-01       266.02        1.000000

    Std Error of Y.X  0.135425E-01              Dev. from Reg.      14      0.25676E-02      0.18340E-03

    R Square          0.974361                  Total               16      0.10014          0.62589E-02

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  LOG10CT  =                                                                               Variable    Coefficient    F for selection

  LOG10RI    X- 6   1.143156      0.1560002       7.328     1.00000  0.8906    1.084

  LOG10RPT   X- 7 -0.8288375      0.3611136E-01  -22.95     1.00000 -0.9870  -0.7314

  CONSTANT   X- 9   1.373914      0.3060903       4.489     0.99949

 Adjusted R Square                        0.9706978958722704

  -2 * ln(Maximum of Likelihood Function)  -101.3221673845099

  Akaike  Information Criterion (AIC)      -93.32216738450994

  Scwartz Information Criterion (SIC)      -89.98931400828508

  Akaike (1970) Finite Prediction Error    2.157630775051539E-04

  Generalized Cross Validation             2.226983192821053E-04

  Hannan & Quinn (1979) HQ                 2.181238470239208E-04

  Shibata (1981)                           2.043403263431163E-04

  Rice (1984)                              2.334164202101211E-04

 Residual Variance                        1.833986158793808E-04

 Order of entrance (or deletion) of the variables =   9   7   6

 Estimate of computational error in coefficients =

     1 -0.5490E-11     2 -0.2375E-13     3  0.2728E-11

 Covariance Matrix of Regression Coefficients

 Row  1   Variable X- 6   LOG10RI

      0.24336056E-01

 Row  2   Variable X- 7   LOG10RPT

     -0.12513115E-02  0.13040301E-02

 Row  3   Variable X- 9   CONSTANT

     -0.46626424E-01  0.76017246E-04  0.93691270E-01

 Program terminated.  All variables put in.

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      1    1923     1.9965       1.9823      0.14202E-01   1.05                                   I         .

      2    1924     1.9956       1.9927      0.29672E-02  0.219                                   I .

      3    1925     2.0000       2.0026     -0.25514E-02 -0.188                                 . I

      4    1926     2.0477       2.0618     -0.14171E-01  -1.05                         .         I

      5    1927     2.0871       2.0785      0.85668E-02  0.633                                   I     .

      6    1928     2.0704       2.0867     -0.16328E-01  -1.21                       .           I

      7    1929     2.0831       2.0890     -0.58569E-02 -0.432                               .   I

      8    1930     2.1335       2.1281      0.54561E-02  0.403                                   I   .

      9    1931     2.1881       2.1746      0.13509E-01  0.998                                   I         .

     10    1932     2.1864       2.1810      0.53446E-02  0.395                                   I   .

     11    1933     2.2000       2.1871      0.12948E-01  0.956                                   I         .

     12    1934     2.1480       2.1484     -0.36894E-03 -0.272E-01                               .

     13    1935     2.1342       2.1473     -0.13074E-01 -0.965                         .         I

     14    1936     2.2253       2.2217      0.35609E-02  0.263                                   I  .

     15    1937     2.1884       2.2000     -0.11641E-01 -0.860                          .        I

     16    1938     2.1732       2.1973     -0.24134E-01  -1.78                 .                 I

     17    1939     2.2188       2.1972      0.21570E-01   1.59                                   I               .

 Von Neumann Ratio 1 ...             2.04710             Durbin-Watson TEST.....     1.92669

 Von Neumann Ratio 2 ...             2.04710

 For D. F.   14 t(.9999)=   5.3624, t(.999)= 4.1403, t(.99)= 2.9768, t(.95)= 2.1448, t(.90)= 1.7613, t(.80)= 1.3450

 Skewness test (Alpha 3) = -.159503    ,  Peakedness test (Alpha 4)=   1.44345

                               Normality Test -- Extended grid cell size     =        1.70

 t Stat           Infin   1.761   1.345   1.076   0.868   0.692   0.537   0.393   0.258   0.128

 Cell No.             1       1       1       5       1       1       3       1       2       1

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.941   0.882   0.824   0.529   0.471   0.412   0.235   0.176   0.059

                               Normality Test -- Small sample grid cell size =       3.40

 Cell No.             2               6               2               4               3

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.882           0.529           0.412           0.176

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   9.471     Chi Prob=  0.6958      F(8,      14)=  1.18382     F Prob =0.626481

 Small sample normality test - Large grid

 Chi=   3.294     Chi Prob=  0.6515      F(3,      14)=  1.09804     F Prob =0.617396

 Autocorrelation function of residuals

     1) -0.0990     2) -0.1061     3)  0.0862     4) -0.3157

 F(       6,       6)  =  0.5544    1/F =    1.804     Heteroskedasticity at  0.7544  level

 Sum of squared residuals   0.2568E-02 Mean squared residual   0.1510E-03
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 Residual estimates using BLUS transformation option       5

 BLUS  1      0.9900            1    2    3

 BLUS  2       1.138            1    2   17

 BLUS  3       1.116            1   16   17

 BLUS  4      0.6784           15   16   17

 Eigval  1 =   0.77557405

 Eigval  2 =   0.32705108

 Eigval  3 =   0.35341811E-01

 1/ condition of BLUS base X0 MATRIX   0.28746470E-03

 BLUS....Sum Eig. =    1.138         Obs. Deleted =     1    2   17

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      3    1925     2.0000       2.0050     -0.49588E-02 -0.366                               .   I

      4    1926     2.0477       2.0632     -0.15502E-01  -1.14                        .          I

      5    1927     2.0871       2.0802      0.68482E-02  0.506                                   I    .

      6    1928     2.0704       2.0864     -0.16039E-01  -1.18                       .           I

      7    1929     2.0831       2.0882     -0.50158E-02 -0.370                               .   I

      8    1930     2.1335       2.1275      0.60795E-02  0.449                                   I   .

      9    1931     2.1881       2.1764      0.11667E-01  0.862                                   I        .

     10    1932     2.1864       2.1849      0.14426E-02  0.107                                   I.

     11    1933     2.2000       2.1929      0.71242E-02  0.526                                   I    .

     12    1934     2.1480       2.1566     -0.85705E-02 -0.633                             .     I

     13    1935     2.1342       2.1549     -0.20716E-01  -1.53                    .              I

     14    1936     2.2253       2.2305     -0.51751E-02 -0.382                               .   I

     15    1937     2.1884       2.2058     -0.17413E-01  -1.29                      .            I

     16    1938     2.1732       2.2034     -0.30246E-01  -2.23             .                     I

 Von Neumann Ratio 1 ...             1.04733             Durbin-Watson TEST.....     0.97252

 Von Neumann Ratio 2 ...             1.35615

 Skewness test (Alpha 3) = -1.38648    ,  Peakedness test (Alpha 4)=   2.69489

                               Normality Test -- Extended grid cell size     =        1.40

 t Stat           Infin   1.761   1.345   1.076   0.868   0.692   0.537   0.393   0.258   0.128

 Cell No.             1       1       3       0       1       1       3       3       0       1

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.929   0.857   0.643   0.643   0.571   0.500   0.286   0.071   0.071

                               Normality Test -- Small sample grid cell size =       2.80

 Cell No.             2               3               2               6               1

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.857           0.643           0.500           0.071

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   8.857     Chi Prob=  0.6455      F(8,      14)=  1.10714     F Prob =0.585901

 Small sample normality test - Large grid

 Chi=   5.286     Chi Prob=  0.8480      F(3,      14)=  1.76190     F Prob =0.799491

 Autocorrelation function of residuals

     1)  0.3562     2)  0.2353     3)  0.3256     4) -0.1169

 F(       4,       5)  =  0.4071    1/F =    2.457     Heteroskedasticity at  0.7977  level

 Sum of squared residuals   0.2568E-02 Mean squared residual   0.1834E-03
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 Residual estimates using BLUS transformation option       2

 Eigval  1 =   0.67734290

 Eigval  2 =   0.22921688

 Eigval  3 =   0.38196555E-01

 1/ condition of BLUS base X0 MATRIX   0.57985535E-03

 BLUS....Sum Eig. =   0.9448         Obs. Deleted =     8    9   10

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      1    1923     1.9965       1.9777      0.18815E-01   1.39                                   I             .

      2    1924     1.9956       1.9887      0.68914E-02  0.509                                   I    .

      3    1925     2.0000       1.9995      0.54473E-03  0.402E-01                               .

      4    1926     2.0477       2.0616     -0.13944E-01  -1.03                         .         I

      5    1927     2.0871       2.0787      0.84066E-02  0.621                                   I     .

      6    1928     2.0704       2.0884     -0.18019E-01  -1.33                      .            I

      7    1929     2.0831       2.0911     -0.79685E-02 -0.588                             .     I

     11    1933     2.2000       2.1888      0.11234E-01  0.830                                   I       .

     12    1934     2.1480       2.1472      0.81170E-03  0.599E-01                               I.

     13    1935     2.1342       2.1464     -0.12193E-01 -0.900                          .        I

     14    1936     2.2253       2.2230      0.23261E-02  0.172                                   I .

     15    1937     2.1884       2.2022     -0.13869E-01  -1.02                         .         I

     16    1938     2.1732       2.1992     -0.26056E-01  -1.92                .                  I

     17    1939     2.2188       2.1998      0.18982E-01   1.40                                   I             .

 Von Neumann Ratio 1 ...             2.09200             Durbin-Watson TEST.....     1.94257

 Von Neumann Ratio 2 ...             2.12617

 Skewness test (Alpha 3) = -.442431    ,  Peakedness test (Alpha 4)=   2.00814

                               Normality Test -- Extended grid cell size     =        1.40

 t Stat           Infin   1.761   1.345   1.076   0.868   0.692   0.537   0.393   0.258   0.128

 Cell No.             1       2       1       3       1       2       1       0       1       2

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.929   0.786   0.714   0.500   0.429   0.286   0.214   0.214   0.143

                               Normality Test -- Small sample grid cell size =       2.80

 Cell No.             3               4               3               1               3

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.786           0.500           0.286           0.214

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   4.571     Chi Prob=  0.1978      F(8,      14)= 0.571429     F Prob =0.215210

 Small sample normality test - Large grid

 Chi=   1.714     Chi Prob=  0.3662      F(3,      14)= 0.571429     F Prob =0.356985

 Autocorrelation function of residuals

     1) -0.1189     2) -0.1798     3)  0.2233     4) -0.1785

 F(       6,       6)  =  0.7153    1/F =    1.398     Heteroskedasticity at  0.6528  level

 Sum of squared residuals   0.2568E-02 Mean squared residual   0.1834E-03
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 ROBUST Command. Version  1 September 1997

 Of   3000000 double precision slots in space,       169 are being used.

 Dependent variable                      LOG10CT         X- 5

 Adjusted R**2 =                         0.97069790

 Standard Error of Estimate              0.13542475E-01

 Sum of Squared Residuals                0.25675806E-02

 Model Sum of Squares                    0.97574643E-01

 Total Sum of Squares                    0.10014222

 F( 2,       14)                          266.01794

 F Significance                           1.0000000

 1/Condition of XPX                      0.94742316E-05

 Number of Observations                        17

 Durbin-Watson                            1.9266853

 Variable          Coefficient         Std. Error           t

 LOG10RI  {  0}       1.1431562          0.15600018           7.3279158

 LOG10RPT {  0}     -0.82883747          0.36111358E-01      -22.952266

 CONSTANT {  0}       1.3739140          0.30609030           4.4885904

 Dependent variable                      LOG10CT         X- 5

 OLS Adjusted R**2 =                     0.97069790

 OLS sum of squared residuals            0.25675806E-02

 1/Condition of XPX                      0.94742316E-05

 OLS sum of abs(e(t))                    0.17624981

 Magnitude of largest OLS abs(e(t))      0.24134480E-01

 Number of Observations                        17

 # if iterations to calculate L1                5

 L1 output rank                                 3

 L1 sum of squared residuals             0.28141213E-02

 L1 sum of abs(e(t))                     0.16927976

 Magnitude of largest L1 abs(e(t))       0.28313768E-01

 # if iterations to calculate Minimax           7

 Minimax output rank                            3

 Minimax sum of squared residuals        0.30446900E-02

 Minimax sum of abs(e(t))                0.19680322

 Magnitude of largest Minimax abs(e(t))  0.21736383E-01

 Variable          OLS Beta            L1 Beta             Minimax Beta

 LOG10RI  {  0}       1.1431562           1.2593089           1.3829422

 LOG10RPT {  0}     -0.82883747         -0.85513631         -0.82878923

 CONSTANT {  0}       1.3739140           1.1916549          0.89020519

The next example is based on the Sinai and Stokes (1972) analysis of the effect of real money balances on real output in a Cobb-Douglas production function. Sinai and Stokes (1972) used the Christensen and Jorgenson (1969, 1970) production data for the United States for the period 1929 through 1967.  These data are later used in Chapter 9 to illustrate equation dynamic stability tests, using recursive residuals, and in Chapter 11 to illustrate nonlinear estimation options. The control setup for this problem is listed in Table 2.3.

 
The data are first loaded and OLS and up to second-order GLS results are given for production function models. Data on real output (Q), labor (L), capital (K), nominal money defined as M1, and nominal money defined as M2 were collected for the period 1929 through 1967. The money series were deflated by an index of factor prices (P) to form real balances, which we will call m1 and m2, respectively. The Cobb-Douglas production function is defined as
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where T is a time trend. Equation (2.17-1) is usually estimated in log linear form as
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Table 2.3 Real Money Balances in the Production Function

b34sexec data noob=39 nohead setyear(1929)$

comment=('Data on q, l, k, m1 and m2 from Stokes and Sinai (1972)')$

input time p k l m1 m2 q  $

build m1dp m2dp lnk lnl lnq lnrm1 lnrm2$

gen m1dp=m1/p$

gen m2dp=m2/p$

gen lnk=log(k)$

gen lnl=log(l)$

gen lnq=log(q)$

gen lnrm1=log(m1dp)$

gen lnrm2=log(m2dp)$

datacards$

  1929   .394   87.8  173.3   26.65   46.57  189.8

  1930   .355   87.8  165.4   25.71   45.66  172.1

  1931   .318   84    158.2   24.04   42.43  159.1

  1932   .262   78.3  141.7   21.05   35.93  135.6

  1933   .254   76.6  141.6   19.89   32.09  132

  1934   .269   76    148     21.99   34.53  141.8

  1935   .3     77.7  154.4   26.07   39.28  153.9

  1936   .318   79.1  163.5   29.96   43.67  171.5

  1937   .342   80    172     30.84   45.66  183

  1938   .328   77.6  161.5   30.63   45.62  173.2

  1939   .344   81.4  168.6   34.33   49.47  188.5

  1940   .358   87    176.5   39.91   55.48  205.5

  1941   .405   96.2  192.4   46.78   62.77  236

  1942   .466  104.4  205.1   55.96   71.78  257.8

  1943   .53   110    210.1   72.95   90.75  277.5

  1944   .563  107.8  208.8   85.78  107.47  291.1

  1945   .581  102.1  202.1   99.73  127.37  284.5

  1946   .624   97.2  213.4  109.19  139.1   274

  1947   .672  105.9  223.6  111.8   146     279.9

  1948   .71   113    228.2  112.38  148.13  297.6

  1949   .707  114.9  221.3  111.15  147.5   297.7

  1950   .767  124.1  228.8  114.13  150.8   328.9

  1951   .827  134.5  239    119.2   156.45  351.4

  1952   .85   139.7  241.7  125.23  164.93  360.4

  1953   .869  147.4  245.2  128.35  171.18  378.9

  1954   .889  148.9  237.4  130.33  177.18  375.8

  1955   .927  158.6  245.9  134.45  183.73  406.7

  1956   .946  167.1  251.6  136     186.88  416.3

  1957   .98   171.9  251.5  136.7   191.83  422.8

  1958  1      173.1  245.1  138.33  201.15  418.4

  1959  1.036  182.5  254.9  142.78  209.65  445.7

  1960  1.052  189    259.6  140.9   209.93  457.3

  1961  1.078  194.1  258.1  143.13  220.63  466.3

  1962  1.122  202.3  264.6  146.18  233.1   495.3

  1963  1.15   205.4  268.5  150.63  248.48  515.5

  1964  1.18   215.9  275.4  156.35  263.93  544.1

  1965  1.234  225    285.3  162.58  284.73  579.2

  1966  1.285  236.2  297.4  169.85  306.83  615.6

  1967  1.292  247.9  305    176.43  330.4   631.1

b34sreturn$

b34seend$

b34sexec regression residuala maxgls=2 toll=.1e‑12$

  comment=('ols, gls1, gls2 versions of sinai ‑ stokes(1972) ')$

  model lnq = lnk lnl lnrm1 $  b34seend$

b34sexec regression residuala maxgls=2 toll=.1e‑12$

  comment=('ols, gls1, gls2 versions of sinai ‑ stokes(1972) with t')$

  model lnq = lnk lnl lnrm1 time$  b34seend$

Means for the data are:
Variable      # Cases       Mean           Std Deviation       Variance          Maximum           Minimum

 TIME      1        39   1948.000000       11.40175425       130.0000000       1967.000000       1929.000000

 P         2        39  0.7072820513      0.3370103816      0.1135759973       1.292000000      0.2540000000

 K         3        39   133.0358974       52.22473949       2727.423414       247.9000000       76.00000000

 L         4        39   217.5564103       45.85043646       2102.262524       305.0000000       141.6000000

 M1        5        39   94.57282051       52.42849827       2748.747431       176.4300000       19.89000000

 M2        6        39   139.7197436       85.64058548       7334.309882       330.4000000       32.09000000

 Q         7        39   325.9435897       143.0171075       20453.89305       631.1000000       132.0000000

 M1DP      8        39   125.2839057       29.79357558       887.6571456       174.9839744       67.63959391

 M2DP      9        39   182.2460244       37.52340343       1408.005805       255.7275542       118.1979695

 LNK      10        39   4.818715004      0.3805775326      0.1448392584       5.513025439       4.330733340

 LNL      11        39   5.359647375      0.2195704209      0.4821116974E-01   5.720311777       4.953006181

 LNQ      12        39   5.687448882      0.4609591083      0.2124832995       6.447464329       4.882801923

 LNRM1    13        39   4.798977997      0.2640937244      0.6974549526E-01   5.164694395       4.214193520

 LNRM2    14        39   5.183245274      0.2168642747      0.4703011363E-01   5.544112636       4.772360927

 CONSTANT 15        39   1.000000000       0.000000000       0.000000000       1.000000000       1.000000000

 Number of observations in data file   39

 Current missing variable code         1.000000000000000E+31

 Data begins on (D:M:Y)  1: 1:1929  ends  1: 1:1967.   Frequency is      1

When equation (2.17-2) is estimated for time-series data, it is important to test for serial correlation, heteroskedasticity, multicollinearity, and  normality of the residuals.
The sample job listed in Table 2.3 first builds real money balances for M1 and M2. Next, all data are logged. Two regressions are run.  The first contains LNL, LNK, and LNRM1, while the second contains LNL, LNK, LNRM1, and T. If real balances are significant in an equation not containing TIME, the question becomes do real balances just proxy for TIME.  To save space, only the second of the two equations has been listed. Since maxgls=2, the job will run  zero-order GLS (OLS), first-order GLS, and second-order GLS if needed. The parameter toll=.1e-12 was set to control for  the multicollinearity in the data. The toll option must be used with caution and the estimated error of the coefficients must be checked closely.

The results of estimating equation (2.17-2) are given below. The OLS results initially indicated that only LNK and LNL were significant (t scores of 3.65 and 7.96, respectively), but these significance tests are suspect since the Durbin-Watson test statistic was .76, which indicates substantial serial correlation. Since the maxgls option was selected, b34s automatically tries first-order GLS. The Durbin-Watson test statistic now improves to 1.0655, 
[image: image453.wmf]F

 from equation (2.5-2) is .5951 and t scores for all variables except TIME are above 2.2 in absolute value.  The problem with this equation is that the Durbin-Watson test statistic is inside the 1% bounds of 1.07 -1.52  for n=38 and K=5.

The second-order GLS output, which was reported in Table 1 of Sinai and Stokes (1972) and which is listed below, has a Durbin-Watson test statistic of 1.45, and t scores for LNK, LNL, LNRM1, and TIME of 3.68, 7.83, 2.46 and 1.47, respectively. The tentative conclusion is that the log of real money balances, defined as m1, is not a proxy for the TIME variable and should be considered as a possible input in the production function.
 Since the toll parameter was passed, there is a danger that multicollinearity might be a problem in this equation. Inspection of the estimate of the computational error of the coefficients shows    .3914E-05,      -.1252E-08,     .6648E-09,

-.6035E-09,  and  -.3015E-08 for TIME, LNK, LNL, LNRM1, and the CONSTANT, respectively, and indicates that the TIME coefficient is most affected by the multicollinearity. (Slightly different computational error numbers will be obtained on different machines. The above numbers were obtained on a P6-400 running the LF95 5.5 version of b34s.

The small-sample normality test shows  F(3,32)=1.67567, which is not significant (.8081), indicating normality is not a problem. The BLUS test is the preferred way to test for heteroskedasticity. To save space, a less powerful test is performed on the OLS residual. This F(12,12) was found to be 1.929 for the reported second-order model, which is not significant (.8653).  This brief discussion of a time series example only highlights some of the b34s regression command options. Sinai and Stokes (1989) discuss some of the literature on this problem since their earlier work (1972). 
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 Comment     ols, gls1, gls2 versions of sinai - stokes(1972) with t

 ***************

 Problem Number                             3

 Subproblem Number                          2

 F to enter                        0.10000000E-01

 F to remove                       0.50000000E-02

 Tolerance                         0.10000000E-12

 Maximum no of steps                        5

 Dependent variable X(12).  Variable Name  LNQ

 Standard Error of Y =   0.46095911       for degrees of freedom  =         38.

 .............

 Step Number  5                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering     15                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.997769                  Due Regression       4       8.0384           2.0096           1898.9        1.000000

    Std Error of Y.X  0.325312E-01              Dev. from Reg.      34      0.35981E-01      0.10583E-02

    R Square          0.995544                  Total               38       8.0744          0.21248

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  LNQ      =                                                                               Variable    Coefficient    F for selection

  TIME       X- 1  0.3042050E-02  0.2852789E-02   1.066     0.70622  0.1799    1.042

  LNK        X-10  0.4058444      0.1112006       3.650     0.99913  0.5306   0.3439

  LNL        X-11   1.196714      0.1503472       7.960     1.00000  0.8067    1.128

  LNRM1      X-13  0.7133661E-01  0.5908095E-01   1.207     0.76440  0.2028   0.6019E-01

  CONSTANT   X-15  -8.950424       5.167751      -1.732     0.90766

 Adjusted R Square                        0.9950194724556392

  -2 * ln(Maximum of Likelihood Function)  -161.8669806105222

  Akaike  Information Criterion (AIC)      -149.8669806105222

  Scwartz Information Criterion (SIC)      -139.8856107337443

  Akaike (1970) Finite Prediction Error    1.193955711343222E-03

  Generalized Cross Validation             1.213908179781444E-03

  Hannan & Quinn (1979) HQ                 1.287078690237879E-03

  Shibata (1981)                           1.159166792015040E-03

  Rice (1984)                              1.240740809750088E-03

 Residual Variance                        1.058278925963311E-03

 Order of entrance (or deletion) of the variables =  10  13   1  11  15

 Estimate of computational error in coefficients =

     1  0.3914E-05     2 -0.1252E-08     3  0.6648E-09     4 -0.6035E-09     5 -0.3015E-08

 Covariance Matrix of Regression Coefficients

 Row  1   Variable X- 1   TIME

      0.81384052E-05

 Row  2   Variable X-10   LNK

     -0.25498943E-03  0.12365577E-01

 Row  3   Variable X-11   LNL

      0.11238050E-03 -0.12792876E-01  0.22604267E-01

 Row  4   Variable X-13   LNRM1

     -0.10618865E-03  0.55519079E-02 -0.70797531E-02  0.34905587E-02

 Row  5   Variable X-15   CONSTANT

     -0.14717615E-01  0.47905504     -0.24444731      0.20129630       26.705646

 Program terminated.  All variables put in.

            Residual Statistics for...

                     Original Data

 Von Neumann Ratio 1 ...             0.78202             Durbin-Watson TEST.....     0.76197

 Von Neumann Ratio 2 ...             0.78202

 For D. F.   34 t(.9999)=   4.4050, t(.999)= 3.6007, t(.99)= 2.7284, t(.95)= 2.0322, t(.90)= 1.6909, t(.80)= 1.3070

 Skewness test (Alpha 3) = 0.281856    ,  Peakedness test (Alpha 4)=   2.80789

                               Normality Test -- Extended grid cell size     =        3.90

 t Stat           Infin   1.691   1.307   1.052   0.852   0.682   0.529   0.389   0.255   0.127

 Cell No.             4       1       4       4       2       6       3       4       5       6

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.897   0.872   0.769   0.667   0.615   0.462   0.385   0.282   0.154

                               Normality Test -- Small sample grid cell size =       7.80

 Cell No.             5               8               8               7              11

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.872           0.667           0.462           0.282

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   5.872     Chi Prob=  0.3384      F(8,      34)= 0.733974     F Prob =0.339025

 Small sample normality test - Large grid

 Chi=   2.410     Chi Prob=  0.5083      F(3,      34)= 0.803419     F Prob =0.499308

 Autocorrelation function of residuals

     1)  0.6042     2)  0.0464     3) -0.1711     4) -0.0633

 F(      13,      13)  =   3.883    1/F =   0.2575     Heteroskedasticity at  0.9898  level

 Sum of squared residuals   0.3598E-01 Mean squared residual   0.9226E-03
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 Doing Gen. Least Squares using residual Dif. Eq. of order   1.  Lag coefficients =

     1) 0.5951

 Standard Error of Y =   0.49172745       for degrees of freedom  =         37.

 .............

 Step Number  5                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      1                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.993943                  Due Regression       4       8.8384           2.2096           674.81        1.000000

    Std Error of Y.X  0.572225E-01              Dev. from Reg.      33      0.10806          0.32744E-02

    R Square          0.987922                  Total               37       8.9464          0.24180

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  LNQ      =                                                                               Variable    Coefficient    F for selection

  TIME       X- 1  0.7645990E-02  0.4200709E-02   1.820     0.92219  0.3021    2.619

  LNK        X-10  0.4110616      0.1278802       3.214     0.99708  0.4883   0.3483

  LNL        X-11  0.9084591      0.1414819       6.421     1.00000  0.7453   0.8561

  LNRM1      X-13  0.1789398      0.6537316E-01   2.737     0.99010  0.4302   0.1510

  CONSTANT   X-15  -16.92504       7.576808      -2.234     0.96761

 Adjusted R Square                        0.9864579168035235

  -2 * ln(Maximum of Likelihood Function)  -114.9430100125749

  Akaike  Information Criterion (AIC)      -102.9430100125749

  Scwartz Information Criterion (SIC)      -93.11749305421657

  Akaike (1970) Finite Prediction Error    3.705264750564731E-03

  Generalized Cross Validation             3.770544256388634E-03

  Hannan & Quinn (1979) HQ                 3.994359720339992E-03

  Shibata (1981)                           3.591884556239005E-03

  Rice (1984)                              3.859137871435359E-03

 Residual Variance                        3.274420012126972E-03

 Order of entrance (or deletion) of the variables =  10  13  15  11   1

 Covariance Matrix of Regression Coefficients

 Row  1   Variable X- 1   TIME

      0.17645959E-04

 Row  2   Variable X-10   LNK

     -0.44610245E-03  0.16353348E-01

 Row  3   Variable X-11   LNL

      0.20322181E-04 -0.98716413E-02  0.20017127E-01

 Row  4   Variable X-13   LNRM1

     -0.11287074E-03  0.48718226E-02 -0.56731474E-02  0.42736501E-02

 Row  5   Variable X-15   CONSTANT

     -0.31800506E-01  0.81987013     -0.71936862E-01  0.20624857       57.408015

 Program terminated.  All variables put in.

            Residual Statistics for...

                     Smoothed

                     Original Data

 For GLS  Y and Y estimate scaled by   0.40493418

 Von Neumann Ratio 1 ...             1.09439             Durbin-Watson TEST.....     1.06559

 Von Neumann Ratio 2 ...             1.09439

 For D. F.   33 t(.9999)=   4.4224, t(.999)= 3.6109, t(.99)= 2.7333, t(.95)= 2.0345, t(.90)= 1.6924, t(.80)= 1.3077

 Skewness test (Alpha 3) = -.639378    ,  Peakedness test (Alpha 4)=   3.00665

                               Normality Test -- Extended grid cell size     =        3.80

 t Stat           Infin   1.692   1.308   1.053   0.853   0.682   0.530   0.389   0.255   0.127

 Cell No.             3       1       3       6       3       5       4       4       5       4

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.921   0.895   0.816   0.658   0.579   0.447   0.342   0.237   0.105

                               Normality Test -- Small sample grid cell size =       7.60

 Cell No.             4               9               8               8               9

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.895           0.658           0.447           0.237

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   4.632     Chi Prob=  0.2039      F(8,      33)= 0.578947     F Prob =0.212406

 Small sample normality test - Large grid

 Chi=   2.263     Chi Prob=  0.4804      F(3,      33)= 0.754386     F Prob =0.472274

 Autocorrelation function of residuals

     1)  0.4570     2) -0.0542     3) -0.1735     4) -0.0780

 F(      13,      13)  =   2.555    1/F =   0.3915     Heteroskedasticity at  0.9485  level

 Sum of squared residuals   0.1081     Mean squared residual   0.2844E-02
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 Doing Gen. Least Squares using residual Dif. Eq. of order   2.  Lag coefficients =

     1) 0.9039     2)-0.5003

 Standard Error of Y =   0.45159660       for degrees of freedom  =         36.

 .............

 Step Number  5                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      1                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.997632                  Due Regression       4       7.3071           1.8268           1683.4        1.000000

    Std Error of Y.X  0.329419E-01              Dev. from Reg.      32      0.34725E-01      0.10852E-02

    R Square          0.995270                  Total               36       7.3418          0.20394

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  LNQ      =                                                                               Variable    Coefficient    F for selection

  TIME       X- 1  0.5815846E-02  0.3948921E-02   1.473     0.84942  0.2520    1.992

  LNK        X-10  0.4277840      0.1161821       3.682     0.99915  0.5455   0.3624

  LNL        X-11  0.9661780      0.1234269       7.828     1.00000  0.8105   0.9105

  LNRM1      X-13  0.1266514      0.5148590E-01   2.460     0.98052  0.3988   0.1069

  CONSTANT   X-15  -13.49131       7.081692      -1.905     0.93421

 Adjusted R Square                        0.9946789756543404

  -2 * ln(Maximum of Likelihood Function)  -152.9330749715932

  Akaike  Information Criterion (AIC)      -140.9330749715932

  Scwartz Information Criterion (SIC)      -131.2675674957278

  Akaike (1970) Finite Prediction Error    1.231811164102850E-03

  Generalized Cross Validation             1.254724318197025E-03

  Hannan & Quinn (1979) HQ                 1.327859996668313E-03

  Shibata (1981)                           1.192177600264277E-03

  Rice (1984)                              1.286123825659413E-03

 Residual Variance                        1.085166977900130E-03

 Order of entrance (or deletion) of the variables =  10  13  15  11   1

 Covariance Matrix of Regression Coefficients

 Row  1   Variable X- 1   TIME

      0.15593975E-04

 Row  2   Variable X-10   LNK

     -0.39902681E-03  0.13498287E-01

 Row  3   Variable X-11   LNL

     -0.24064069E-05 -0.66683681E-02  0.15234192E-01

 Row  4   Variable X-13   LNRM1

     -0.10406520E-03  0.42362966E-02 -0.41975709E-02  0.26507977E-02

 Row  5   Variable X-15   CONSTANT

     -0.27946243E-01  0.72776449     -0.24644159E-01  0.19208293       50.150362

 Program terminated.  All variables put in.

            Residual Statistics for...

                     Smoothed

                     Original Data

 For GLS  Y and Y estimate scaled by   0.59644680

 Von Neumann Ratio 1 ...             1.48757             Durbin-Watson TEST.....     1.44737

 Von Neumann Ratio 2 ...             1.48757

 For D. F.   32 t(.9999)=   4.4410, t(.999)= 3.6218, t(.99)= 2.7385, t(.95)= 2.0369, t(.90)= 1.6939, t(.80)= 1.3086

 Skewness test (Alpha 3) = 0.379678E-01,  Peakedness test (Alpha 4)=   2.43894

                               Normality Test -- Extended grid cell size     =        3.70

 t Stat           Infin   1.694   1.309   1.054   0.853   0.682   0.530   0.389   0.255   0.127

 Cell No.             2       3       5       5       2       2       3       8       2       5

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.946   0.865   0.730   0.595   0.541   0.486   0.405   0.189   0.135

                               Normality Test -- Small sample grid cell size =       7.40

 Cell No.             5              10               4              11               7

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.865           0.595           0.486           0.189

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   9.757     Chi Prob=  0.7175      F(8,      32)=  1.21959     F Prob =0.680582

 Small sample normality test - Large grid

 Chi=   5.027     Chi Prob=  0.8302      F(3,      32)=  1.67568     F Prob =0.808170

 Autocorrelation function of residuals

     1)  0.2600     2) -0.0286     3)  0.0244     4)  0.0437

 F(      12,      12)  =   1.929    1/F =   0.5185     Heteroskedasticity at  0.8653  level

 Sum of squared residuals   0.3473E-01 Mean squared residual   0.9385E-03

 Gen. Least Squares ended by max. order reached. 
By use of the matrix command further insight into GLS can be obtained. The code
==CH2_K            GLS_2PASS

b34sexec options ginclude('b34sdata.mac') macro(res72)$

         b34srun$

/; Model B option using REGRESSION Command

/; b34sexec regression maxgls=2 toll=.1e-14 ntac=7;

/; model lnq=lnk lnl lnrm1 time; b34srun;

b34sexec matrix;

call loaddata;

call load(glsdata :staging);

call load(gls_2p  :staging);

call load(data_acf);

call echooff;

call olsq(lnq lnk lnl lnrm1 time :print :savex);

call gls2pset;

%maxgls=2;

%doplots=1;

%doacf  =12;

call gls_2p;

b34srun;

==

estimates GLS models using variants of the two pass method. Edited output produces:

Ordinary Least Squares Estimation

 Dependent variable           %Y_A

 Centered R**2                             0.9948580646608232

 Residual Sum of Squares                   1.200814805641541E-02

 Residual Variance                         3.752546267629816E-04

 Mean of the Dependent Variable            3.226159340397410

 Std. Error of Dependent Variable          0.2546967839076477

 Sum Absolute Residuals                    0.5241833631829964

 1/Condition XPX                           1.572340927774521E-13

 Maximum Absolute Residual                 4.988848674662449E-02

 Number of Observations                    37

 Variable   Lag    Coefficient         SE               t

 Col____1     0     0.43614698          0.11891783        3.6676332

 Col____2     0     0.95514290          0.11903951        8.0237466

 Col____3     0     0.12910502          0.51616183E-01    2.5012509

 Col____4     0     0.56472067E-02      0.40494169E-02    1.3945728

 Col____5     0     -13.155489           7.2661703       -1.8105121

 +++++++++++++++++++++++++++++++++++++++++++++++++

 GLS Rho Coefficients for Variant A

 %RHO_A  = Vector of        2    elements

      0.983096      -0.548083

 +++++++++++++++++++++++++++++++++++++++++++++++++

 GLS Rho Coefficients  using Variant # B

 %RHO_B  = Vector of        2    elements

      0.903867      -0.500314

 +++++++++++++++++++++++++++++++++++++++++++++++++

 Ordinary Least Squares Estimation

 Dependent variable           %Y_B

 Centered R**2                             0.9952702005813403

 Residual Sum of Squares                   1.235349854185020E-02

 Residual Variance                         3.860468294328187E-04

 Mean of the Dependent Variable            3.406334063428819

 Std. Error of Dependent Variable          0.2693533442099388

 Sum Absolute Residuals                    0.5310527483048877

 1/Condition XPX                           1.528134865491029E-13

 Maximum Absolute Residual                 5.071462221659795E-02

 Number of Observations                    37

 Variable   Lag    Coefficient         SE               t

 Col____1     0     0.42778398          0.11618213        3.6820120

 Col____2     0     0.96617803          0.12342687        7.8279392

 Col____3     0     0.12665141          0.51485898E-01    2.4599243

 Col____4     0     0.58158459E-02      0.39489208E-02    1.4727684

 Col____5     0     -13.491306           7.0816920       -1.9050965

 GLS Using Two Pass Method Variants  A & B

 Obs      %HOLDNAM    %COEF       %SE         %T          %COEF_A     %SE_A       %T_A        %COEF_B     %SE_B       %T_B

      1    LNK          0.4058      0.1112       3.650      0.4361      0.1189       3.668      0.4278      0.1162       3.682

      2    LNL           1.197      0.1503       7.960      0.9551      0.1190       8.024      0.9662      0.1234       7.828

      3    LNRM1        0.7134E-01  0.5908E-01   1.207      0.1291      0.5162E-01   2.501      0.1267      0.5149E-01   2.460

      4    TIME         0.3042E-02  0.2853E-02   1.066      0.5647E-02  0.4049E-02   1.395      0.5816E-02  0.3949E-02   1.473

      5    CONSTANT     -8.950       5.168      -1.732      -13.16       7.266      -1.811      -13.49       7.082      -1.905

 Obs      %ACFOLS     %ACFRESA    %ACFRESB

      1     0.5887      0.1777      0.2530

      2     0.4403E-01 -0.7501E-01 -0.2704E-01

      3    -0.1580      0.1989E-01  0.2242E-01

      4    -0.5678E-01  0.5178E-01  0.3901E-01

      5     0.4512E-01  0.1213      0.9409E-01

      6    -0.6764E-01 -0.1942     -0.1901

      7    -0.2178     -0.1551     -0.1662

      8    -0.2788     -0.2364     -0.2473

      9    -0.1602     -0.7308E-01 -0.1030

     10    -0.1385     -0.6056E-01 -0.9285E-01

     11    -0.2348     -0.1735     -0.1940

     12    -0.2516     -0.2188     -0.2221

Note that variant B replicates the regression command for the AR(2) model. Although there are differences in the t scores, real money balances M1 is significant for both variant A and B. Joint estimation of 
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 and 
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 following Cochrane and Orcutt (1949) is shown next.  The two  B34S  nonlinear solvers are shown and AR(1) and AR(2) models are estimated. Output from RATS  for estimation of AR(1) models for various approaches validates what is being calculated. (Note that the RATS AR1 program is limited to AR1 models, althought higher order models can be coded by hand.)
==CH2_L            Joint Estimation of GLS Models

%b34slet dorats=1;

/$

/$ user must change parameters market with =>

/$

b34sexec options ginclude('b34sdata.mac') macro(res72)$

         b34srun$

b34sexec regression maxgls=1;

model lnq=lnk lnl lnrm1 time;

b34srun;

b34sexec matrix;

call loaddata;

call load(gls :staging);

call olsq(lnq lnk lnl lnrm1 time :print :savex);

call glsset;

%maxgls=1;

%nl2sol=1;

%plot=1;

call gls;

call olsq(lnq lnk lnl lnrm1 time :print :savex);

call glsset;

%maxgls=2;

%nl2sol=0;

%plot=1;

call gls;

b34srun;

%b34sif(&dorats.eq.1)%then;

B34SEXEC OPTIONS OPEN('rats.dat') UNIT(28) DISP=UNKNOWN$ B34SRUN$

B34SEXEC OPTIONS OPEN('rats.in') UNIT(29) DISP=UNKNOWN$ B34SRUN$

B34SEXEC OPTIONS CLEAN(28)$ B34SRUN$

B34SEXEC OPTIONS CLEAN(29)$ B34SRUN$

B34SEXEC PGMCALL$

  RATS  PASSASTS

PCOMMENTS('*  ',

          '* Data passed from B34S(r) system to RATS',

          '*  ') $

PGMCARDS$

*

* Various options of RATS AR1 command are tested

*

linreg lnq

# constant lnk lnl lnrm1 time

*

ar1(method=corc) lnq

# constant lnk lnl lnrm1 time

*

ar1(method=hilu) lnq

# constant lnk lnl lnrm1 time

*

ar1(method=maxl) lnq

# constant lnk lnl lnrm1 time

*

ar1(method=search) lnq

# constant lnk lnl lnrm1 time

*

B34SRETURN$

B34SRUN $

B34SEXEC OPTIONS CLOSE(28)$ B34SRUN$

B34SEXEC OPTIONS CLOSE(29)$ B34SRUN$

B34SEXEC OPTIONS

/$               dodos('start /w /r rats386 rats.in rats.out ')

                 dodos('start /w /r rats32s rats.in /run')

                dounix('rats    rats.in rats.out')$ B34SRUN$

B34SEXEC OPTIONS NPAGEOUT

    WRITEOUT('Output from RATS',' ',' ')

    COPYFOUT('rats.out')

    dodos('ERASE rats.in','ERASE rats.out','ERASE rats.dat')

   dounix('rm    rats.in','rm    rats.out','rm    rats.dat') $

    B34SRUN$

%b34sendif;

==

Edited output produces:

=>  CALL LOADDATA$

 =>  CALL LOAD(GLS :STAGING)$

 =>  CALL OLSQ(LNQ LNK LNL LNRM1 TIME :PRINT :SAVEX)$

 Ordinary Least Squares Estimation

 Dependent variable           LNQ

 Centered R**2                             0.9955437385131511

 Residual Sum of Squares                   3.598148348105073E-02

 Residual Variance                         1.058278925913257E-03

 Mean of the Dependent Variable            5.687448882493469

 Std. Error of Dependent Variable          0.4609591082921007

 Sum Absolute Residuals                    0.9023510179685283

 1/Condition XPX                           2.659741591800397E-13

 Maximum Absolute Residual                 8.681888600305232E-02

 Number of Observations                    39

 Variable   Lag    Coefficient         SE               t

 LNK          0     0.40584441          0.11120062        3.6496596

 LNL          0      1.1967143          0.15034715        7.9596740

 LNRM1        0     0.71336609E-01      0.59080950E-01    1.2074384

 TIME         0     0.30420505E-02      0.28527890E-02    1.0663426

 CONSTANT     0     -8.9504237           5.1677506       -1.7319767

 =>  CALL GLSSET$

 =>  %MAXGLS=1$

 =>  %NL2SOL=0$

 =>  %PLOT=0$

 =>  %MAXIT=2000$

 =>  %FLAM = 1.0$

 =>  %FLU  = 10.$

 =>  %EPS2 = .1E-12$

 =>  RETURN$

 =>  %MAXGLS=1$

 =>  %NL2SOL=1$

 =>  %PLOT=1$

 =>  CALL GLS$

 =>  CALL ECHOOFF$

 GLSMOD  = Program

 PROGRAM GLSMOD$

 IF(%MAXGLS.EQ.0)THEN$

 YHAT =PARM*XP$

 ENDIF$

 IF(%MAXGLS.GT.0)THEN$

 P1=PARM(INTEGERS(1,NOROWS(PARM)-%MAXGLS)               )$

 P2=VECTOR(:PARM(INTEGERS(  NOROWS(PARM)-%MAXGLS+1,NOROWS(PARM))))$

 YHAT=P1*XP(,I)$

 DO J=1,%MAXGLS$

 YHAT=YHAT+(P2(J)* %Y(I-J))$

 PP=P2(J)*P1$

 YHAT=YHAT-(PP*XP(,I-J))$

 ENDDO$

 ENDIF$

 GLSRES=GLSY-YHAT$

 RETURN$

 END$

 Nonlinear Estimation using NLLSQ

 # of observations                              38

 # parameters                                   6

 Max iterations                                 2000

 Starting Lamda (FLAM)                          1.000000000000000

 Starting FLU                                   10.00000000000000

 Maximum relative change in sum squares (eps1)  0.000000000000000E+00

 Maximum relative change in each parm.  (eps2)  1.000000000000000E-13

 Initial Parameter Values (TH)

        1           2           3           4           5           6

   0.1000      0.1000      0.1000      0.1000      0.1000      0.1000

 Proportions used in calculating difference quotients

        1           2           3           4           5           6

   0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01

 Sign restriction vector (GT 0.0 means restricted

        1           2           3           4           5           6

    0.000       0.000       0.000       0.000       0.000       0.000

 Initial sum of squares                         1120080.297092971

 Number of observations =                       38

 Iteration stops - % change in each parm. LE    1.000000000000000E-13

 Correlation Matrix of Estimated Parameters.

        1           2           3           4           5           6

    1  1.0000

    2 -0.5522      1.0000

    3  0.5727     -0.6032      1.0000

    4 -0.8438      0.0697     -0.4175      1.0000

    5  0.8578     -0.1012      0.4208     -0.9992      1.0000

    6 -0.2492      0.1063     -0.0981      0.2961     -0.3053      1.0000

 Normalizing Elements

        1           2           3           4           5           6

    5.772       6.126       2.870      0.1928       349.0       4.585

 Variance of residuals       5.533237193138151E-04

 Sum of squared residuals    1.770635901804208E-02

 Standard Error of Estimate  2.352283399834754E-02

 Adjusted R Square           0.9974000367759782

 Degrees of freedom          32

 Number of Iterations        40

 1/Conditition of Hessian    3.730675503366819E-13

 Durbin Watson               1.077002607580683

 #   Name      Coefficient         Standard Error      T Value

   1 BETA___1    0.41043314          0.13578467           3.0226765

   2 BETA___2    0.91011613          0.14409430           6.3161149

   3 BETA___3    0.18104025          0.67499708E-01       2.6820893

   4 BETA___4    0.76604988E-02      0.45347298E-02       1.6892955

   5 BETA___5    -16.969792           8.2102711          -2.0668978

   6 BETA___6    0.61124573          0.10784425           5.6678567

 Note: Confidence limits for each parameter on linear hypothesis.

 OLS and GLS Estimates using NLLSQ

 Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

      1    LNK                  0   0.4058      0.1112       3.650      0.4104      0.1358       3.023

      2    LNL                  0    1.197      0.1503       7.960      0.9101      0.1441       6.316

      3    LNRM1                0   0.7134E-01  0.5908E-01   1.207      0.1810      0.6750E-01   2.682

      4    TIME                 0   0.3042E-02  0.2853E-02   1.066      0.7660E-02  0.4535E-02   1.689

      5    CONSTANT             0   -8.950       5.168      -1.732      -16.97       8.210      -2.067

      6    RHO_1        NA          NA          NA          NA          0.6112      0.1078       5.668

 Nonlinear Estimation using NL2SNO - Analytic Jacobian

 Sum of squared Residuals      1.770635901809241E-02

 Residual Variance             5.533237193153883E-04

 Residual Standard Error       2.352283399838098E-02

 # of parameters               6

 # of residuals                38

 # of iterations               12

 # of function evaluations     43

 # of gradiant evaluations     13

 # of Covariance evaluations   0

 Relative Function Tolerance   1.000000000000000E-10

 Finite-Difference factor      1.489370874970617E-08

 Absolute Function Tolerance   9.999999999999999E-21

 False Convergence Tolerance   2.220446049260000E-14

 X-Convergence Tolerance       1.489370874970617E-08

 2-norm of scaled gradiant     7.912461386164023E-09

 2-norm of scaled step size    8.379955063542995E-05

 1. / Condition of Hessian     7.056187170652227E-04

 *** relative function convergence ***

  #  Name      Coefficient         Standard Error      T Value

   1 BETA___1    0.41043393           0.0000000          0.17976931+309

   2 BETA___2    0.91011631          0.88952017E-04       10231.542

   3 BETA___3    0.18104018          0.10500729E-05       172407.24

   4 BETA___4    0.76604639E-02      0.14052827          0.54511905E-01

   5 BETA___5    -16.969728          0.94091336E-01      -180.35378

   6 BETA___6    0.61124556          0.31622777           1.9329282

 SE calculated as sqrt |diagonal(Covariance Matrix)|

 Finite-Difference Hessian indefinite

 Gradiant Vector

     -0.477464E-07   0.943097E-08  -0.159564E-07   0.481690E-05   0.349091E-08  -0.164208E-08

 Scale Vector

       11.7126        12.9257        11.6209        4673.31        2.39644       0.258388

 OLS and GLS Estimates using NL2SOL

 Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

      1    LNK                  0   0.4058      0.1112       3.650      0.4104       0.000      0.1798+309

      2    LNL                  0    1.197      0.1503       7.960      0.9101      0.8895E-04  0.1023E+05

      3    LNRM1                0   0.7134E-01  0.5908E-01   1.207      0.1810      0.1050E-05  0.1724E+06

      4    TIME                 0   0.3042E-02  0.2853E-02   1.066      0.7660E-02  0.1405      0.5451E-01

      5    CONSTANT             0   -8.950       5.168      -1.732      -16.97      0.9409E-01  -180.4

      6    RHO_1        NA          NA          NA          NA          0.6112      0.3162       1.933

 Ordinary Least Squares Estimation

 Dependent variable           LNQ

 Centered R**2                             0.9955437385131511

 Residual Sum of Squares                   3.598148348105073E-02

 Residual Variance                         1.058278925913257E-03

 Mean of the Dependent Variable            5.687448882493469

 Std. Error of Dependent Variable          0.4609591082921007

 Sum Absolute Residuals                    0.9023510179685283

 1/Condition XPX                           2.659741591800397E-13

 Maximum Absolute Residual                 8.681888600305232E-02

 Number of Observations                    39

 Variable   Lag    Coefficient         SE               t

 LNK          0     0.40584441          0.11120062        3.6496596

 LNL          0      1.1967143          0.15034715        7.9596740

 LNRM1        0     0.71336609E-01      0.59080950E-01    1.2074384

 TIME         0     0.30420505E-02      0.28527890E-02    1.0663426

 CONSTANT     0     -8.9504237           5.1677506       -1.7319767

 GLSMOD  = Program

 PROGRAM GLSMOD$

 IF(%MAXGLS.EQ.0)THEN$

 YHAT =PARM*XP$

 ENDIF$

 IF(%MAXGLS.GT.0)THEN$

 P1=PARM(INTEGERS(1,NOROWS(PARM)-%MAXGLS)               )$

 P2=VECTOR(:PARM(INTEGERS(  NOROWS(PARM)-%MAXGLS+1,NOROWS(PARM))))$

 YHAT=P1*XP(,I)$

 DO J=1,%MAXGLS$

 YHAT=YHAT+(P2(J)* %Y(I-J))$

 PP=P2(J)*P1$

 YHAT=YHAT-(PP*XP(,I-J))$

 ENDDO$

 ENDIF$

 GLSRES=GLSY-YHAT$

 RETURN$

 END$

 Nonlinear Estimation using NLLSQ

 # of observations                              37

 # parameters                                   7

 Max iterations                                 2000

 Starting Lamda (FLAM)                          1.000000000000000

 Starting FLU                                   10.00000000000000

 Maximum relative change in sum squares (eps1)  0.000000000000000E+00

 Maximum relative change in each parm.  (eps2)  1.000000000000000E-13

 Initial Parameter Values (TH)

        1           2           3           4           5           6           7

   0.1000      0.1000      0.1000      0.1000      0.1000      0.1000      0.1000

 Proportions used in calculating difference quotients

        1           2           3           4           5           6           7

   0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01

 Sign restriction vector (GT 0.0 means restricted

        1           2           3           4           5           6           7

    0.000       0.000       0.000       0.000       0.000       0.000       0.000

 Initial sum of squares                         862225.7609397457

 Number of observations =                       37

 Iteration stops - % change in each parm. LE    1.000000000000000E-13

 Correlation Matrix of Estimated Parameters.

        1           2           3           4           5           6           7

    1  1.0000

    2 -0.4674      1.0000

    3  0.6687     -0.5284      1.0000

    4 -0.9191      0.1161     -0.6034      1.0000

    5  0.9279     -0.1418      0.6067     -0.9995      1.0000

    6  0.3792     -0.1569      0.1603     -0.3713      0.3778      1.0000

    7 -0.4194      0.0719     -0.2028      0.4503     -0.4531     -0.7372      1.0000

 Normalizing Elements

        1           2           3           4           5           6           7

    7.789       6.180       2.996      0.2700       487.0       8.244       7.518

 Variance of residuals       3.854761041609806E-04

 Sum of squared residuals    1.156428312482942E-02

 Standard Error of Estimate  1.963354537929868E-02

 Adjusted R Square           0.9981650153569461

 Degrees of freedom          30

 Number of Iterations        122

 1/Conditition of Hessian    1.559065940580027E-13

 Durbin Watson               1.833604634037272

 #   Name      Coefficient         Standard Error      T Value

   1 BETA___1    0.45612054          0.15292749           2.9825935

   2 BETA___2    0.90601842          0.12134213           7.4666435

   3 BETA___3    0.14482709          0.58824435E-01       2.4620226

   4 BETA___4    0.56128906E-02      0.53010494E-02       1.0588263

   5 BETA___5    -12.997191           9.5608377          -1.3594197

   6 BETA___6     1.0739788          0.16185145           6.6355833

   7 BETA___7   -0.51101212          0.14760742          -3.4619678

 Note: Confidence limits for each parameter on linear hypothesis.

 OLS and GLS Estimates using NLLSQ

 Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

      1    LNK                  0   0.4058      0.1112       3.650      0.4561      0.1529       2.983

      2    LNL                  0    1.197      0.1503       7.960      0.9060      0.1213       7.467

      3    LNRM1                0   0.7134E-01  0.5908E-01   1.207      0.1448      0.5882E-01   2.462

      4    TIME                 0   0.3042E-02  0.2853E-02   1.066      0.5613E-02  0.5301E-02   1.059

      5    CONSTANT             0   -8.950       5.168      -1.732      -13.00       9.561      -1.359

      6    RHO_1        NA          NA          NA          NA           1.074      0.1619       6.636

      7    RHO_2        NA          NA          NA          NA         -0.5110      0.1476      -3.462

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator    2874862, peak  space  used      12160

 Number variables used               119, peak number  used        123

 Number temp variables used        63560, # user temp clean          0
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 Output from RATS

 *

 * Data passed from B34S(r) system to RATS

 *

 CALENDAR       1929

 ALLOCATE         39

 OPEN DATA rats.dat

 DATA(FORMAT=FREE,ORG=OBS,                   $

 MISSING=   0.1000000000000000E+32       ) / $

                              TIME           $

                             P               $

                             K               $

                             L               $

                             M1              $

                             M2              $

                             Q               $

                             M1DP            $

                             M2DP            $

                             LNK             $

                             LNL             $

                             LNQ             $

                             LNRM1           $

                             LNRM2           $

                             CONSTANT

 SET TREND = T

 TABLE

      Series        Obs       Mean        Std Error      Minimum       Maximum

 TIME                  39   1948.000000     11.401754   1929.000000   1967.000000

 P                     39      0.707282      0.337010      0.254000      1.292000

 K                     39    133.035897     52.224739     76.000000    247.900000

 L                     39    217.556410     45.850436    141.600000    305.000000

 M1                    39     94.572821     52.428498     19.890000    176.430000

 M2                    39    139.719744     85.640585     32.090000    330.400000

 Q                     39    325.943590    143.017108    132.000000    631.100000

 M1DP                  39    125.283906     29.793576     67.639594    174.983974

 M2DP                  39    182.246024     37.523403    118.197970    255.727554

 LNK                   39      4.818715      0.380578      4.330733      5.513025

 LNL                   39      5.359647      0.219570      4.953006      5.720312

 LNQ                   39      5.687449      0.460959      4.882802      6.447464

 LNRM1                 39      4.798978      0.264094      4.214194      5.164694

 LNRM2                 39      5.183245      0.216864      4.772361      5.544113

 TREND                 39     20.000000     11.401754      1.000000     39.000000

 *

 * Various options of RATS AR1 command are tested

 *

 linreg lnq

 # constant lnk lnl lnrm1 time

 Linear Regression - Estimation by Least Squares

 Dependent Variable LNQ

 Annual Data From 1929:01 To 1967:01

 Usable Observations     39     Degrees of Freedom    34

 Centered R**2     0.995544      R Bar **2   0.995019

 Uncentered R**2   0.999972      T x R**2      38.999

 Mean of Dependent Variable      5.6874488825

 Std Error of Dependent Variable 0.4609591083

 Standard Error of Estimate      0.0325311993

 Sum of Squared Residuals        0.0359814835

 Regression F(4,34)                 1898.9285

 Significance Level of F           0.00000000

 Durbin-Watson Statistic             0.761971

    Variable                     Coeff       Std Error      T-Stat     Signif

 *******************************************************************************

 1.  Constant                 -8.950423674  5.167750570     -1.73198  0.09234265

 2.  LNK                       0.405844407  0.111200618      3.64966  0.00087265

 3.  LNL                       1.196714337  0.150347154      7.95967  0.00000000

 4.  LNRM1                     0.071336609  0.059080950      1.20744  0.23559614

 5.  TIME                      0.003042050  0.002852789      1.06634  0.29378263

 *

 ar1(method=corc) lnq

 # constant lnk lnl lnrm1 time

 Regression with AR1 - Estimation by Cochrane-Orcutt

 Dependent Variable LNQ

 Annual Data From 1930:01 To 1967:01

 Usable Observations     38     Degrees of Freedom    32

 Centered R**2     0.997751      R Bar **2   0.997400

 Uncentered R**2   0.999986      T x R**2      37.999

 Mean of Dependent Variable      5.6990667245

 Std Error of Dependent Variable 0.4613239918

 Standard Error of Estimate      0.0235228340

 Sum of Squared Residuals        0.0177063590

 Durbin-Watson Statistic             1.077001

 Q(9-1)                             13.230303

 Significance Level of Q           0.10416745

    Variable                     Coeff       Std Error      T-Stat     Signif

 *******************************************************************************

 1.  Constant                 -16.96978525   7.81815337     -2.17056  0.03749363

 2.  LNK                        0.41043324   0.13149910      3.12119  0.00380279

 3.  LNL                        0.91011579   0.14327745      6.35212  0.00000039

 4.  LNRM1                      0.18103986   0.06717392      2.69509  0.01111906

 5.  TIME                       0.00766050   0.00433138      1.76860  0.08649279

 *******************************************************************************

 6.  RHO                        0.61124282   0.10784450      5.66782  0.00000285

 *

 ar1(method=hilu) lnq

 # constant lnk lnl lnrm1 time

 Regression with AR1 - Estimation by Hildreth-Lu Search

 Dependent Variable LNQ

 Annual Data From 1930:01 To 1967:01

 Usable Observations     38     Degrees of Freedom    32

 Centered R**2     0.997751      R Bar **2   0.997400

 Uncentered R**2   0.999986      T x R**2      37.999

 Mean of Dependent Variable      5.6990667245

 Std Error of Dependent Variable 0.4613239918

 Standard Error of Estimate      0.0235228340

 Sum of Squared Residuals        0.0177063590

 Durbin-Watson Statistic             1.077003

 Q(9-1)                             13.230247

 Significance Level of Q           0.10416926

    Variable                     Coeff       Std Error      T-Stat     Signif

 *******************************************************************************

 1.  Constant                 -16.96979277   7.81817905     -2.17056  0.03749414

 2.  LNK                        0.41043313   0.13149944      3.12118  0.00380288

 3.  LNL                        0.91011617   0.14327738      6.35213  0.00000039

 4.  LNRM1                      0.18104030   0.06717409      2.69509  0.01111906

 5.  TIME                       0.00766050   0.00433140      1.76860  0.08649366

 *******************************************************************************

 6.  RHO                        0.61124611   0.10784403      5.66787  0.00000285

 *

 ar1(method=maxl) lnq

 # constant lnk lnl lnrm1 time

 Regression with AR1 - Estimation by Beach-MacKinnon

 Dependent Variable LNQ

 Annual Data From 1929:01 To 1967:01

 Usable Observations     39     Degrees of Freedom    33

 Centered R**2     0.997336      R Bar **2   0.996932

 Uncentered R**2   0.999983      T x R**2      38.999

 Mean of Dependent Variable      5.6874488825

 Std Error of Dependent Variable 0.4609591083

 Standard Error of Estimate      0.0255318421

 Sum of Squared Residuals        0.0215118737

 Durbin-Watson Statistic             1.309677

 Q(9-1)                             13.419298

 Significance Level of Q           0.09821419

    Variable                     Coeff       Std Error      T-Stat     Signif

 *******************************************************************************

 1.  Constant                 -4.301062120  7.178381339     -0.59917  0.55315186

 2.  LNK                       0.537717658  0.138680384      3.87739  0.00047586

 3.  LNL                       1.008311401  0.149349386      6.75136  0.00000011

 4.  LNRM1                     0.139742946  0.073427743      1.90314  0.06577674

 5.  TIME                      0.000679855  0.003983911      0.17065  0.86554095

 *******************************************************************************

 6.  RHO                       0.667740304  0.135868860      4.91459  0.00002372

 *

 ar1(method=search) lnq

 # constant lnk lnl lnrm1 time

 Regression with AR1 - Estimation by Maximum Likelihood Search

 Dependent Variable LNQ

 Annual Data From 1929:01 To 1967:01

 Usable Observations     39     Degrees of Freedom    33

 Centered R**2     0.997336      R Bar **2   0.996932

 Uncentered R**2   0.999983      T x R**2      38.999

 Mean of Dependent Variable      5.6874488825

 Std Error of Dependent Variable 0.4609591083

 Standard Error of Estimate      0.0255318414

 Sum of Squared Residuals        0.0215118726

 Durbin-Watson Statistic             1.309678

 Q(9-1)                             13.419296

 Significance Level of Q           0.09821423

    Variable                     Coeff       Std Error      T-Stat     Signif

 *******************************************************************************

 1.  Constant                 -4.301056294  7.178385398     -0.59917  0.55315261

 2.  LNK                       0.537717799  0.138680436      3.87739  0.00047586

 3.  LNL                       1.008311144  0.149349396      6.75136  0.00000011

 4.  LNRM1                     0.139743038  0.073427790      1.90314  0.06577673

 5.  TIME                      0.000679852  0.003983914      0.17065  0.86554159

 *******************************************************************************

 6.  RHO                       0.667741152  0.135868607      4.91461  0.00002372

The next program estimates the above problem using ML.

==CH2_M            GLS AR(1) Estimation using ML

%b34slet dorats=0;

b34sexec options ginclude('b34sdata.mac') macro(res72)$

         b34srun$

b34sexec regression maxgls=1;

model lnq=lnk lnl lnrm1 time;

b34srun;

b34sexec matrix;

call loaddata;

call load(gls :staging);

call load(gls_ml :staging);

call olsq(lnq lnk lnl lnrm1 time :print :savex);

call glsmlset;

_%maxf=6000;

_%maxg=6000;

_%maxit=6000;

call gls_ml;

b34srun;

%b34sif(&dorats.eq.1)%then;

B34SEXEC OPTIONS OPEN('rats.dat') UNIT(28) DISP=UNKNOWN$ B34SRUN$

B34SEXEC OPTIONS OPEN('rats.in') UNIT(29) DISP=UNKNOWN$ B34SRUN$

B34SEXEC OPTIONS CLEAN(28)$ B34SRUN$

B34SEXEC OPTIONS CLEAN(29)$ B34SRUN$

B34SEXEC PGMCALL$

  RATS  PASSASTS

PCOMMENTS('*  ',

          '* Data passed from B34S(r) system to RATS',

          '*  ') $

PGMCARDS$

*

* Various options of RATS AR1 command are tested

*

ar1(method=maxl) log_gnew

# constant log_pg log_y log_pnc log_puc

*

*

B34SRETURN$

B34SRUN $

B34SEXEC OPTIONS CLOSE(28)$ B34SRUN$

B34SEXEC OPTIONS CLOSE(29)$ B34SRUN$

B34SEXEC OPTIONS

/$               dodos('start /w /r rats386 rats.in rats.out ')

                 dodos('start /w /r rats32s rats.in /run')

                dounix('rats    rats.in rats.out')$ B34SRUN$

B34SEXEC OPTIONS NPAGEOUT

    WRITEOUT('Output from RATS',' ',' ')

    COPYFOUT('rats.out')

    dodos('ERASE rats.in','ERASE rats.out','ERASE rats.dat')

   dounix('rm    rats.in','rm    rats.out','rm    rats.dat') $

    B34SRUN$

%b34sendif;

==

Edited output follows.

GLSMLMOD= Program

 PROGRAM GLSMLMOD$

 P1=PARM(INTEGERS(1,NOROWS(PARM)-2))$

 P2=PARM(NOROWS(PARM)-1)$

 S2=PARM(NOROWS(PARM))$

 YHAT=P1*XP(,I)$

 YHAT=YHAT+(P2* %Y(I-1))$

 PP=P2*P1$

 YHAT=YHAT-(PP*XP(,I-1))$

 GLSRES=GLSY-YHAT$

 PART1=.5*DLOG(DMAX1((1.0-(P2*P2)),.1E-8))$

 PART2=((-.5)*(1.0-(P2*P2))*((%Y(1)-XP(,1)*P1)**2.))/S2$

 PART3= (-.5)*DFLOAT(NOROWS(YHAT))*DLOG(DMAX1(S2,.1E-8))$

 FUNC =PART1+PART2+PART3-(.5*(SUMSQ(GLSRES))/S2)$

 RETURN$

 END$

 ERROR: Maximum function evaluations exceeded.

 Constrained Maximum Likelihood Estimation using CMAXF2 Command

 Final Functional Value        122.7265591732849

 # of parameters               7

 # of good digits in function  15

 # of iterations               5912

 # of function evaluations     6000

 # of gradiant evaluations     5914

 Scaled Gradient Tolerance     6.055454452393343E-06

 Scaled Step Tolerance         3.666852862501036E-11

 Relative Function Tolerance   3.666852862501036E-11

 False Convergence Tolerance   2.220446049250313E-14

 Maximum allowable step size   8953.216463344466

 Size of Initial Trust region  -1.000000000000000

 1 / Cond. of Hessian Matrix   1.480050607919781E-12

 #   Name      Coefficient         Standard Error      T Value

   1 BETA___1    0.56770935          0.87339050E-01       6.5000633

   2 BETA___2    0.99542121          0.44698902E-01       22.269478

   3 BETA___3    0.15339143          0.45315566E-01       3.3849612

   4 BETA___4   -0.32646526E-03      0.28673349E-02     -0.11385669

   5 BETA___5    -2.4817463           5.1839134         -0.47873993

   6 BETA___6    0.67244984          0.30806259E-01       21.828351

   7 BETA___7    0.56701201E-03      0.12828254E-03       4.4200248

 SE calculated as sqrt |diagonal(inv(%hessian))|

 Hessian Matrix

              1              2              3              4              5              6              7

     1    156702.        170840.        151517.       0.616388E+08    31584.4        177.232       -102357.

     2    170840.        190382.        168146.       0.684481E+08    35133.1       -316.116       -113997.

     3    151517.        168146.        151374.       0.609641E+08    31279.9       -261.706       -101069.

     4   0.616388E+08   0.684481E+08   0.609640E+08   0.248910E+11   0.127799E+08   -126208.      -0.409531E+08

     5    31584.4        35133.1        31279.7       0.127799E+08    6562.80       -77.7200       -21086.6

     6    177.126       -316.095       -260.842       -126238.       -77.8555        1526.08        2227.54

     7   -102357.       -113997.       -101069.      -0.409531E+08   -21086.7        2227.59       0.609513E+08

 Gradiant Vector

      0.639477E-03  -0.294573E-03   0.288956E-03  -0.153645E-02   0.395985E-01   0.122683E-03  -0.130322E-04

 Lower vector

     -0.100000E+13  -0.100000E+13  -0.100000E+13  -0.100000E+13  -0.100000E+13  -0.999000       0.100000E-14

 Upper vector

      0.100000E+13   0.100000E+13   0.100000E+13   0.100000E+13   0.100000E+13   0.999000       0.100000E+13

 OLS and ML_GLS Estimates using CMAXF2

 Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

      1    LNK                  0   0.4058      0.1112       3.650      0.5677      0.8734E-01   6.500

      2    LNL                  0    1.197      0.1503       7.960      0.9954      0.4470E-01   22.27

      3    LNRM1                0   0.7134E-01  0.5908E-01   1.207      0.1534      0.4532E-01   3.385

      4    TIME                 0   0.3042E-02  0.2853E-02   1.066     -0.3265E-03  0.2867E-02 -0.1139

      5    CONSTANT             0   -8.950       5.168      -1.732      -2.482       5.184     -0.4787

      6    RHO_1        NA          NA          NA          NA          0.6724      0.3081E-01   21.83

      7    S_2          NA          NA          NA          NA          0.5670E-03  0.1283E-03   4.420

In the B34S implemantation 
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 is estimated jointly with 
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, unlike RATS.  The results show that 1/ cond of the Hessian 1.48E-12 is very low suggesting multicollinearity between parameters. The estimate 
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  = .6724 and is highly significant (t=21.83) and the LNRM1 coefficient .1534 is highly significant (t=3.385). The gradiant vector is not as low as desired. Compare these results with the RATS 
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 of .6677, and the RATS  coefficient and T of LNRM1 of .1397 and 1.903 respectively. In view of the estimations problems, this problem appears to be a "text book" case of the problems of ML estimation. In order to "validate the software" The GLS example in Greene (2003, 275) is studied. Details from this example will be be given here. There are five coefficients. The below listed code will estimate this problem:

b34sexec options ginclude('greene.mac')  macro(nf2_2)$

         b34srun$

b34sexec data set$

build log_gas log_pg log_y log_pnc log_puc log_ppt log_pd log_pn

      log_ps gasnew log_gnew ;

  rename g=gas;

  gen year=year-1959$

/$gen y      =y/8513.52 $

  gen log_gas =log(gas)$  gen log_pg  =log(pg)$

  gen log_y   =log(y)$    gen log_pnc =log(pnc)$

  gen log_puc =log(puc)$  gen log_ppt =log(ppt)$

  gen log_pd  =log(pd)$   gen log_pn  =log(pn)$

  gen log_ps  =log(ps)$   gen   gasnew    = gas/pop;

  label gasnew    = 'gasnew   = gas/pop';

  gen   log_gnew =   log(gasnew);

  label log_gnew = ' log_gnew=log(gasnew)';

  label log_gas ='log(gas)   '$

  label log_pg  ='log(pg)    '$

  label log_y   ='log(y)     '$

  label log_pnc ='log(pnc)   '$

  label log_puc ='log(puc)   '$

  label log_ppt ='log(ppt)   '$

  label log_pd  ='log(pd)    '$

  label log_pn  ='log(pn)    '$

  label log_ps  ='log(ps)    '$

  b34seend$

b34sexec regression maxgls=1;

         model log_gnew=log_pg log_y log_pnc log_puc; b34srun;

b34sexec matrix;

call loaddata;

call load(gls :staging);

call load(gls_ml :staging);

/$ ++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++

/$ This does Cochrane-Orcutt Method for AR(1)

/$

call olsq(log_gnew log_pg log_y log_pnc log_puc :print :savex);

call glsset;

%maxgls=1;

%plot=1;

%nl2sol=1;

call gls;

/$ ++++++++++++++++++++++++++++++++++++++++++++++++++++++++++++

/$ This does Maximum Likehood estimation of AR(1) Model

/$

call olsq(log_gnew log_pg log_y log_pnc log_puc :print :savex);

call glsmlset;

call gls_ml;

b34srun;
Results of the B34S plus RATS and what Greene (2003, 175) reports are listed next.

Greene (2003, Page 274-275) Test GLS Data

----------------------------------------------------------------------------

Method   Beta 1    Beta 2    Beta 3   Beta 4   Beta 5   p        Source     

OLS      -7.736   -0.0591    1.373    -0.127   -0.119   NA       Greene

         (.674)    (.0325)   (.0756)   (.127)   (.813)

OLS      -12.34   -0.0591    1.373    -0.127   -0.119   NA       B34S

         (.675)    (.0325)   (.0756)   (.127)   (.813)

GLS-2P   -11.88   -0.1451    1.3216   -0.7231  -0.5625  .68      B34S GLS_B

         (1.267)   (.0381)   (.1415)   (.1464)  (.07943)

C-O      -7.147   -0.149     1.307    -.0599    -.0563   .849     Greene

         (1.297)  (0.0382)  (0.144)   (.0146)   (.0789) -.0893)

C-O      -7.718    -.2237     .8710    .0842    -.0415   .940     B34S 

         (2.44)    (.0393)   (.2430)  (.2022)   (.0665) (.092)

C-O      -7.719    -.2237     .8710    .0842    -.0415   .940     RATS

         (2.01)    (.037)    (.2131)  (.126)    (.0664) (.0916)

ML-AR(1) -5.159    -.208     1.0828    .0878    0.0351   .930     Greene

         (1.132)   (.0349)   (.127)   (.125)    (.0659) (.062)

ML-AR(1) -9.759    -.2081    1.08228   .08810   -.0350   .9298    B34S

         (1.159)   (.0346)   (.1305)  (.1207)   (.0620) (.0546)  

ML-AR(1) -9.755    -.2082    1.0818    .08838   -.03495  .9304    RATS

         (1.153)   (.0355)   (.1294)  (.1268)   (.0669) (.085)

----------------------------------------------------------------------------

C-O = Cochrane-Orcutt (1949). The SE for p for Greene C-O is clearly wrong since it is negative. For the B34S ML-AR 
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=.0003184 (.00007792).     

Except for the B34S constant and SE of -12.34184 (.6749) the Greene  and B34S results are the same. The C-O results for RATS and B34S  are very close. For ML-AR(1), B34S, Greene  and RATS are close. This suggests that the prior problem of ML estimation was due to multicollinearity, not a programming problem. The B34S and RATS results will not be 100% the same since B34S estimates 
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 jointly with the other parameters. The job GLS_ML in staging.mac can be used to replicate this table and in addition show RATS, SAS and LIMDEP setups. For OLS LIMDEP priduces a coefficient of -12.34 for for ML the constant was -9.7642 with SE of 1.1335 suggesting that the Greene (2003) table is in error.
The B34S hrgraphics command, allows high resolution, two- and three- dimensional  plots of the data to be made, which can be useful in visualizing  the data and the fit of the model. Assuming 
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 in equation (2.17-2), the code listed below will estimate the model, save the results in the SCA FSAVE file _junk.fsv and plot the fitted and actual data and the residuals. The residual plot in Figure 2.1 shows the serial correlation in the residuals which was measured by the low Durbin-Watson test statistic of .8581. Recursive residual analysis of this model is shown in Chapter 9. If the B34S MACRO variable PRINT is set to 0 (1) the plots will be displayed (printed to a file). The second call to hrgraphics plots the raw data in two and three dimensions which are shown in Figure 2.2. Note that the residuals are relatively small, except between observation 15-20. The basic relationship between LNQ, LNL and LNK can be seen in the two-dimensional plot but substantial information is lost. The three-dimensional plot has been rotated 900 and is constructed by calculating the surface heights, representing estimates of LNQ,  by weighting the LNQ values that lie in a search box around each LNQ point. The Interacter (1999a, 1999b) routine IPgXYZToGRID was used with the 3D plot grid set as 100 by 100. On the right-hand axis is LNK and on the left-hand axis is LNL. The height is LNQ. Note that LNQ will rise only if both LNL and LNK rise. An increase in LNK alone will not increase LNQ. The implication is that an increase in capital alone will not increase output. This cannot be seen in the two-dimensional plot. 

%b34slet print=0$

b34sexec options include('c:\b34slm\b34sdata.mac') macro(res72)$

         b34seend$

b34sexec options open('_junk.fsv') disp(unknown) unit(44)$ b34srun$

b34sexec regression spunchres$

         model lnq = lnk lnl$  b34seend$

b34sexec options d3filloff$    b34seend$

b34sexec hrgraphics gformat(twograph)

         %b34sif(&print.eq.1)%then$

         print gport('ch2_1.wmf') display

         %b34sendif$

         scaunit=44 scafname=residual$

         plot(y yhat) plottype(obsplot) gposition(1) nokey

         Title('United States Production Function 1929‑1967')$

         plot(residual) plottype(obsplot) gposition(2) nokey

         Title('United States Production Function 1929‑1967')$

         b34seend$

b34sexec hrgraphics gformat(twograph) ngrid=100

         %b34sif(&print.eq.1)%then$

         print gport('ch2_2.wmf') display

         %b34sendif$

         d3axis d3border rotation=90$

         plot(lnl lnk lnq) plottype(obsplot) gposition(1) nokey

         Title('United States Production Function 1929‑1967')$

         plot(lnl lnk lnq) plottype(contour3) gposition(2)

         Title('United States Production Function 1929‑1967')$

         b34seend$
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Fig. 2.1 C-D Production function Y, E(Y) and residuals.

The same data plotted in 3D where the x axis is lnl and the y axis is lnk is easier to visualize. This is shown in Figure 2.2 next.
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Fig. 2.2 Two- and three-dimensional plots of data.

Section 2.2 discussed the Pena-Slate (2006) tests that can be applied to an OLS model. The below listed code performs a subset of these tests on four specifications  of the production function data 
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b34sexec options ginclude('b34sdata.mac') member(res72);

         b34srun;

b34sexec matrix;

call loaddata;

call load(g4test :staging);

call echooff;

s1=array(4:); s2=array(4:); s3=array(4:); s4=array(4:); g4=array(4:);

call olsq(lnq lnl lnk :print :savex);

call g4test;

 s1(1)=%s1;   s2(1)=%s2;   s3(1)=%s3;   s4(1)=%s4;   g4(1)=%g4;

ps1(1)=%ps1; ps2(1)=%ps2; ps3(1)=%ps3; ps4(1)=%ps4; pg4(1)=%pg4;

call olsq(lnq lnl lnk time :print :savex);

call g4test;

 s1(2)=%s1;   s2(2)=%s2;   s3(2)=%s3;   s4(2)=%s4;   g4(2)=%g4;

ps1(2)=%ps1; ps2(2)=%ps2; ps3(2)=%ps3; ps4(2)=%ps4; pg4(2)=%pg4;

call olsq(lnq lnl lnk time lnrm1 :print :savex);

call g4test;

 s1(3)=%s1;   s2(3)=%s2;   s3(3)=%s3;   s4(3)=%s4;   g4(3)=%g4;

ps1(3)=%ps1; ps2(3)=%ps2; ps3(3)=%ps3; ps4(3)=%ps4; pg4(3)=%pg4;

call olsq(lnq lnl lnk time lnrm2 :print :savex);

call g4test;

 s1(4)=%s1;   s2(4)=%s2;   s3(4)=%s3;   s4(4)=%s4;   g4(4)=%g4;

ps1(4)=%ps1; ps2(4)=%ps2; ps3(4)=%ps3; ps4(4)=%ps4; pg4(4)=%pg4;

call tabulate(s1,ps1,s2,ps2,s3,ps3,s4,ps4,g4,pg4);

b34srun;
and produces edited results for the last two equations and a summary table:

Ordinary Least Squares Estimation

 Dependent variable                     LNQ

 Centered R**2                          0.9955437385131511

 Adjusted R**2                          0.9950194724558749

 Residual Sum of Squares                3.598148348105064E-02

 Residual Variance                      1.058278925913254E-03

 Standard Error                         3.253119926952054E-02

 Total Sum of Squares                   8.074365381663048

 Log Likelihood                         80.93349030618344

 Mean of the Dependent Variable         5.687448882493469

 Std. Error of Dependent Variable       0.4609591082921007

 Sum Absolute Residuals                 0.9023510179609415

 F( 4,       34)                        1898.928463317260

 F Significance                         1.000000000000000

 1/Condition XPX                        2.659741590844835E-13

 Maximum Absolute Residual              8.681888600398491E-02

 Number of Observations                 39

 Variable   Lag    Coefficient         SE               t

 LNL          0      1.1967143          0.15034715        7.9596740

 LNK          0     0.40584441          0.11120062        3.6496596

 TIME         0     0.30420505E-02      0.28527890E-02    1.0663426

 LNRM1        0     0.71336609E-01      0.59080950E-01    1.2074384

 CONSTANT     0     -8.9504237           5.1677506       -1.7319767

 Pena - Slate (JASA March 2006) Specification Tests:

 Test                          Statistic           Probability

 S1 - Linearity                 0.7793              0.6227

 S2 - Homoscedasticity          0.7837              0.6240

 S3 - Uncorrelatedness           1.580              0.7913

 S4 - Normality Test             2.281              0.8690

 G4 - Joint Test                 5.424              0.7535

 Ordinary Least Squares Estimation

 Dependent variable                     LNQ

 Centered R**2                          0.9953964561418887

 Adjusted R**2                          0.9948548627468168

 Residual Sum of Squares                3.717069516090164E-02

 Residual Variance                      1.093255740026519E-03

 Standard Error                         3.306441803550334E-02

 Total Sum of Squares                   8.074365381663048

 Log Likelihood                         80.29942386111219

 Mean of the Dependent Variable         5.687448882493469

 Std. Error of Dependent Variable       0.4609591082921007

 Sum Absolute Residuals                 0.8799633035126151

 F( 4,       34)                        1837.903610345360

 F Significance                         1.000000000000000

 1/Condition XPX                        3.215818653173877E-13

 Maximum Absolute Residual              9.469906971529252E-02

 Number of Observations                 39

 Variable   Lag    Coefficient         SE               t

 LNL          0      1.2986306          0.11904903        10.908368

 LNK          0     0.31945071          0.76923157E-01    4.1528550

 TIME         0     0.43586243E-02      0.27060298E-02    1.6107082

 LNRM2        0     0.45054237E-01      0.79214166E-01   0.56876490

 CONSTANT     0     -11.536222           4.7764449       -2.4152319

 Pena - Slate (JASA March 2006) Specification Tests:

 Test                          Statistic           Probability

 S1 - Linearity                  1.367              0.7576

 S2 - Homoscedasticity           3.438              0.9363

 S3 - Uncorrelatedness           3.329              0.9319

 S4 - Normality Test             1.760              0.8154

 G4 - Joint Test                 9.895              0.9578

 Obs      S1          PS1         S2          PS2         S3          PS3         S4          PS4         G4          PG4

      1      4.611      0.9682       4.736      0.9705       1.035      0.6910       1.768      0.8163       12.15      0.9837

      2      3.819      0.9493       7.997      0.9953       2.968      0.9151       1.497      0.7788       16.28      0.9973

      3     0.7793      0.6227      0.7837      0.6240       1.580      0.7913       2.281      0.8690       5.424      0.7535

      4      1.367      0.7576       3.438      0.9363       3.329      0.9319       1.760      0.8154       9.895      0.9578

The first two specifications and the last specification fail the joint G4 test, suggesting the best specification of the four specifications is 
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, which fails to reject all five tests. All four specifications are not able to reject normality (S4). M1 and M2 correct the linearity problems of specification 1 and 2, suggesting that real balances were in fact an omitted variable, as suggested by Sinai-Stokes (1972).
The next problem uses generated data to illustrate equation specification testing, using the in-core BLUS options.
 Assume that the correct underlying model is
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 and X1, X2, and 
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 are independent, standardized normal variables. Instead of estimating equation (2.17-3), the model estimated was
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which has left off the squared X2 term. Not only is equation (2.17-4) incorrect and the coefficients biased, it is also highly misleading. The coefficient 
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 in  equation (2.17-4) is not  significant, leading to the reasonable (but not correct) next step of dropping X2 from consideration. The BLUS tests point to the correct model. The code in Table 2.4 will load the data, list the data, and run the incorrect model (2.17-4) and the correct model (2.17-3). The key word filef=@@ allows reading more than one observation per line. If datacards$  or parmcards$ is set and noob is not set, B34S defaults to using filef=@@ and checking each card for b34sreturn$. This slows reading of the data but allows missing data to be input. If noob is set in this situation, filef=free is assumed which is substantially faster. Hence to improve performance, it is recommended that noob be set when filef=@@ reading is not needed. In a situation where noob is set and a character sentence is present, B34S will automatically set filef=@@ if otherwise filef=free would have been used.                       

Table 2.4 Simulated Test Data for BLUS Analysis

b34sexec data noob=25 filef=@@$

comment=('sample dataset of 25 observations')$

comment=('true model y = 1   + 1   x1  + 1   x2 + .5  x3')$

comment=('x1, x2 are random normal variables. x3 = x2 * x2 ') $

comment=('problem developed for Theil(1971) revisions by H. H. Stokes')$

input y x1 x2 x3$

datacards$

   1.4602    0       .02  4e‑4     ‑2.5556   ‑2.1    ‑.33   .1089

   3.6521    2.27   ‑.21   .0441    4.8045     .27   1.83  3.3489

   3.0712    1.22    .32   .1024    1.1142    ‑.37  ‑1.22  1.4884

   1.1322     .43    .38   .1444     .7038    ‑.52   ‑.74   .5476

   1.8702    1.02    .02  4e‑4      2.3402    ‑.59   1.02  1.0404

   1.0112    ‑.89    .68   .4624    1.5065    ‑.79    .23   .0529

   1.8525     .26  ‑2.07  4.2849    ‑.0452    ‑.74    .64   .4096

   1.565    ‑1.46    .9    .81     ‑1.0642    ‑.9    ‑.54   .2916

   1.7492    ‑.74  ‑2.28  5.1984    3.1362    ‑.23   ‑.82   .6724

   1.7813     .04    .65   .4225    1.9982     .62   ‑.58   .3364

  ‑1.22       .48   ‑.4    .16      ‑.87755  ‑1.06  ‑1.43  2.0449

   1.8282    ‑.35  ‑1.58  2.4964     .2662    ‑.78    .18   .0324

   3.145     1.97   ‑.7    .49

b34sreturn $

b34seend$

b34sexec list$ var x1 x2 x3 y$ b34seend$

b34sexec regression residuala$

    comment=('model known not to be correct ‑ blus tests done')$

    model y = x1 x2$

    ra resid=allblus vars=(x1,x2)$     b34seend$

b34sexec regression residuala$

    comment=('model known to be correct ‑ blus tests done')$

    model y = x1 x2 x3$

    ra resid=allblus vars=(x1,x2,x3)$  b34seend$

 
In contrast with the Theil textile example discussed earlier, which utilized the out-of-core BLUS procedure, Table 2.4 illustrates how to use the more powerful in-core BLUS tests called from the ra sentence of the regression command to save paper, the listing of the data has been deleted. The purpose of this example is to determine whether it is possible to detect the omitted quadratic term, 
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, from the battery of BLUS tests.  Edited OLS results for equation (2.17-4), which are listed below, show 
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was not significant (t=1.318). 

 Variable           Mean           Standard Deviation          Variance               Maximum                Minimum

 Y         1   1.3690220            1.6530968                 2.7327292                4.8045000             ‑2.5556000

 X1        2 ‑0.11760000            1.0141593                 1.0285190                2.2700000             ‑2.1000000

 X2        3 ‑0.24120000           0.99029171                0.98067767                1.8300000             ‑2.2800000

 X3        4  0.99962801            1.4114106                 1.9920800                5.1984000             0.40000000E‑03

 CONSTANT  5   1.0000000           0.00000000                0.00000000                1.0000000              1.0000000

 Data file contains          25. observations on   5 variables. Current missing value code is    0.1000000000000000E+32

 Data begins on (D:M:Y)  1: 1:1929 and ends on  1: 1:1953

 Frequency is    1.

 F to enter                        0.99999998E‑02

 F to remove                       0.49999999E‑02

 Tolerance                         0.99999997E‑05

 Maximum no of steps                        3

 Dependent variable X( 1).  Variable Name  Y

 Standard Error of Y =    1.6530969       for degrees of freedom  =         24.

 .............

 Step Number  3                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      3                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.657523                  Due Regression       2       28.355           14.177           8.3777        0.998028

    Std Error of Y.X   1.30088                  Dev. from Reg.      22       37.231           1.6923

    R Square          0.432336                  Total               24       65.585           2.7327

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  Y        =                                                                               Variable    Coefficient    F for selection

  X1         X‑ 2   1.013484      0.2618358       3.871     0.99917  0.6365  ‑0.8706E‑01

  X2         X‑ 3  0.3534934      0.2681465       1.318     0.79903  0.2706  ‑0.6228E‑01

  CONSTANT   X‑ 5   1.573470      0.2698322       5.831     0.99999

 Adjusted R Square                            0.380730

 ‑2 * ln(Maximum of Likelihood Function)       80.9032596371653

 Akaike Information Criterion (AIC)            88.9032596371653

 Scwartz Information Criterion (SIC)           93.7787629366381

 Residual Variance                             1.69229685258765

BLUS tests were run on data sorted in turn against X1 and X2.  For the data sorted against X1, the modified von Neumann ratio statistic was 1.61 and the estimated t for the parabola was 

-1.07696.  These results indicate that there is no nonlinearity problem with respect to X1. The heteroskedasticity test result was 1.62551, which is not significant (.7834).  For the data sorted with respect to X2, the modified von Neumann ratio statistic was .8493, which is substantially lower, the heteroskedasticity significance was now .9123 and the result of the t test for the parabola was 3.40939, which is highly significant. These results, which  suggest  the  inclusion  of the  squared X2 term X3, follow.

         Specification test option selected

 Reciprocal of matrix condition for XPX for complete sample    0.56151989

 BLUS obs . Del     1    2    3

 BLUS....Sum eigenvalues =                          1.0369792

 BLUS obs . Del     1    2   25

 BLUS....Sum eigenvalues =                          1.2291649

 BLUS obs . Del     1   24   25

 BLUS....Sum eigenvalues =                          1.1573897

 BLUS obs . Del    23   24   25

 BLUS....Sum eigenvalues =                         0.97557429

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For MVN analysis on data sorted against X1       the optimum base selected from among   4 choices listed above is:

 BLUS obs . Del     1    2   25

        1  Eigenvalue =   0.1748

        2  Eigenvalue =   0.3647

        3  Eigenvalue =   0.6897

 BLUS....Sum eigenvalues =                          1.2291649

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.74593488

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.18600735

 X1        X‑ 2        1.013484           0.2618358            1.100858          ‑0.8737401E‑01

 X2        X‑ 3       0.3534934           0.2681465           0.6915909          ‑0.3380975

 CONSTANT  X‑ 5        1.573470           0.2698322            1.513667           0.5980299E‑01

 For residual sorted against X1       Mod Von Neumann    1.6144810     Durbin Watson    1.5410955      Correlation  ‑0.15993652

 Test against convexity, T statistic for parabola estimated using residual and X1       =  ‑0.85459201

 F(    7,    7) = 0.767810     1/F =  1.30241     For residual sorted against X1      , Heteroskedasticity at  0.631876767 level

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For data sorted against X1       the optimum base for Heteroskedasticity test is:

 BLUS obs . Del    12   13   14

        1  Eigenvalue =   0.1246E‑01

        2  Eigenvalue =   0.7777E‑01

        3  Eigenvalue =   0.5000

 BLUS....Sum eigenvalues =                         0.59022406

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.63193676

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.22241235E‑01

 X1        X‑ 2        1.013484           0.2618358            1.191471          ‑0.1779875

 X2        X‑ 3       0.3534934           0.2681465           0.2636757           0.8981773E‑01

 CONSTANT  X‑ 5        1.573470           0.2698322            1.895983          ‑0.3225126

 For residual sorted against X1       Mod Von Neumann    1.7022562     Durbin Watson    1.6248810      Correlation  ‑0.13283875

 Test against convexity, T statistic for parabola estimated using residual and X1       =  ‑0.85540214

 F(   11,   11) = 0.615192     1/F =  1.62551     For residual sorted against X1      , Heteroskedasticity at  0.783430636 level

 BLUS obs . Del     7   18   19

 BLUS....Sum eigenvalues =                         0.88634206

 BLUS obs . Del     7    8   19

 BLUS....Sum eigenvalues =                         0.67435111

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For data sorted against X1       the optimum base for convexity test using a parabola is:

 BLUS obs . Del     7   18   19

        1  Eigenvalue =   0.1322

        2  Eigenvalue =   0.2036

        3  Eigenvalue =   0.5505

 BLUS....Sum eigenvalues =                         0.88634206

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.71437753

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.18628713

 X1        X‑ 2        1.013484           0.2618358           0.9949487           0.1853510E‑01

 X2        X‑ 3       0.3534934           0.2681465           0.7306955          ‑0.3772021

 CONSTANT  X‑ 5        1.573470           0.2698322            1.458628           0.1148424

 For residual sorted against X1       Mod Von Neumann    2.1851550     Durbin Watson    2.0858298      Correlation   0.51696949E‑03

 Test against convexity, T statistic for parabola estimated using residual and X1       =   ‑1.0769545

 F(    7,    7) = 0.625139     1/F =  1.59964     For residual sorted against X1      , Heteroskedasticity at  0.724783063 level

 BLUS obs . Del     1    2    3

 BLUS....Sum eigenvalues =                         0.91038395

 BLUS obs . Del     1    2   25

 BLUS....Sum eigenvalues =                          1.1875325

 BLUS obs . Del     1   24   25

 BLUS....Sum eigenvalues =                          1.1147241

 BLUS obs . Del    23   24   25

 BLUS....Sum eigenvalues =                         0.96444088

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For MVN analysis on data sorted against X2       the optimum base selected from among   4 choices listed above is:

 BLUS obs . Del     1    2   25

        1  Eigenvalue =   0.1357

        2  Eigenvalue =   0.3302

        3  Eigenvalue =   0.7216

 BLUS....Sum eigenvalues =                          1.1875325

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.73347547

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.14580979

 X1        X‑ 2        1.013484           0.2618358           0.9227729           0.9071094E‑01

 X2        X‑ 3       0.3534934           0.2681465           0.4151396          ‑0.6164623E‑01

 CONSTANT  X‑ 5        1.573470           0.2698322            2.020678          ‑0.4472078

 For residual sorted against X2       Mod Von Neumann   0.84932302     Durbin Watson   0.81071744      Correlation  ‑0.18436051E‑01

 Test against convexity, T statistic for parabola estimated using residual and X2       =    1.9721639

 F(    7,    7) = 0.983960     1/F =  1.01630     For residual sorted against X2      , Heteroskedasticity at  0.508234620 level

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For data sorted against X2       the optimum base for Heteroskedasticity test is:

 BLUS obs . Del    12   13   14

        1  Eigenvalue =   0.4907E‑01

        2  Eigenvalue =   0.3448

        3  Eigenvalue =   0.6266

 BLUS....Sum eigenvalues =                          1.0204365

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.69764746

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.70111487E‑01

 X1        X‑ 2        1.013484           0.2618358            1.152705          ‑0.1392214

 X2        X‑ 3       0.3534934           0.2681465           0.4941380          ‑0.1406446

 CONSTANT  X‑ 5        1.573470           0.2698322            1.417654           0.1558166

 For residual sorted against X2       Mod Von Neumann   0.87768417     Durbin Watson   0.83778944      Correlation  ‑0.11780989

 Test against convexity, T statistic for parabola estimated using residual and X2       =    3.6794845

 F(   11,   11) =  2.33463     1/F = 0.428333     For residual sorted against X2      , Heteroskedasticity at  0.912311792 level

 BLUS obs . Del     7   18   19

 BLUS....Sum eigenvalues =                         0.74858718

 BLUS obs . Del     7    8   19

 BLUS....Sum eigenvalues =                         0.93613741

 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑

 For data sorted against X2       the optimum base for convexity test using a parabola is:

 BLUS obs . Del     7    8   19

        1  Eigenvalue =   0.1832

        2  Eigenvalue =   0.2456

        3  Eigenvalue =   0.5074

 BLUS....Sum eigenvalues =                         0.93613741

 Sum of squared BLUS residuals =                    37.230531

 BLUS efficiency                                   0.73038633

 BLUS implied coefficient vector

 Name              OLS Coef            OLS SE              BLUS coef           OLS ‑ BLUS

                                                                                                  1/condition X0   0.26076352

 X1        X‑ 2        1.013484           0.2618358           0.9848518           0.2863208E‑01

 X2        X‑ 3       0.3534934           0.2681465           0.2334411           0.1200523

 CONSTANT  X‑ 5        1.573470           0.2698322            1.430985           0.1424854

 For residual sorted against X2       Mod Von Neumann   0.91584552     Durbin Watson   0.87421618      Correlation   0.11191804

 Test against convexity, T statistic for parabola estimated using residual and X2       =    3.4093867

 F(    7,    7) = 0.827049     1/F =  1.20912     For residual sorted against X2      , Heteroskedasticity at  0.595703959 level

The next step is to try the power term in the model. Edited output from this step follows.

 Problem Number                             4

 Subproblem Number                          2

 F to enter                        0.99999998E‑02

 F to remove                       0.49999999E‑02

 Tolerance                         0.99999997E‑05

 Maximum no of steps                        4

 Dependent variable X( 1).  Variable Name  Y

 Standard Error of Y =    1.6530969       for degrees of freedom  =         24.

 .............

 Step Number  4                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      3                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.812623                  Due Regression       3       43.310           14.437           13.610        0.999963

    Std Error of Y.X   1.02993                  Dev. from Reg.      21       22.276           1.0607

    R Square          0.660356                  Total               24       65.585           2.7327

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  Y        =                                                                               Variable    Coefficient    F for selection

  X1         X‑ 2   1.128127      0.2095354       5.384     0.99998  0.7615  ‑0.9691E‑01

  X2         X‑ 3  0.7997628      0.2433011       3.287     0.99649  0.5829  ‑0.1409

  X3         X‑ 4  0.6463765      0.1721477       3.755     0.99883  0.6338   0.4720

  CONSTANT   X‑ 5   1.048456      0.2553211       4.106     0.99950

 Adjusted R Square                            0.611835

 ‑2 * ln(Maximum of Likelihood Function)       68.0624626709637

 Akaike Information Criterion (AIC)            78.0624626709637

 Scwartz Information Criterion (SIC)           84.1568417953047

 Residual Variance                             1.06074853878997

Now 
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 are significant (t's = 5.384, 3.287 and 3.755, respectively). Diagnostic tests on the correct model have not been listed to save space. The residuals were sorted in turn against X1, X2 and X3. The t scores for the parabola test were found to be -.337, .766, and -.777, respectively, which are all not significant. Corresponding modified von Neumann ratio statistics were 1.386, 1.399 and 1.374. When interpreting the B34S BLUS output, it is imperative that the correct base is used for each test. For example, even though the t for the parabola test is always calculated, it should only be used if the correct base for that test is selected. The B34S ra output gives many other BLUS base diagnostic tests, including the sum of the eigenvalues, a listing of the actual base selected, the BLUS efficiency, 1/(condition of X0) and the BLUS implied coefficient vector.  Since the sum of the T-K BLUS residuals must equal the T OLS residuals, the sum of squared BLUS residuals will always be the same. Calculation of this value provides a check on program accuracy.


The code in Table 2.5 illustrates how the Theil example given in Table 2.3 was generated with the B34S  random number facilities. If this code is run, there will be very minor differences from the output from the above data, which was rounded. The lista option has been selected to illustrate listing of the BLUS residuals and the corresponding X1, X2, and X3 values. Clearly, if larger data sets are generated, the graph or  hrgraphics option should be used to save paper.  The rounded data are presented since these data will be used in the revised edition of Theil (1971). The reader is encouraged to modify this code to construct other examples for experimentation with the BLUS procedures. It would be a good idea to test how sensitive the results are to the sample size and the random number generator used.

Table 2.5 Generating BLUS Test Data
b34sexec data noob=25 nohead

          heading=('Exact Rev Theil(1971) data')$

    comment=('data built by H H Stokes for Theil(1971) revisions')$

    comment=('Minor differences from using the Theil rounded data')$

    build x1 x2 y x3 absx1 absx2 $

    gen x1      = rn()                            $

    gen x2      = rn()                            $

    gen x3      = x2*x2                           $

    gen y       = 1.0 + x1 + x2  + .5*x3 + rn()   $

    gen absx1   = dabs(x1)                        $

    gen absx2   = dabs(x2)                        $

    b34seend$

b34sexec list $ var x1 x2 x3 y absx1 absx2$ b34seend$

b34sexec regression residualp$

    comment=('Model known not to be correct ‑ blus tests done')$

    model y = x1 x2$

    ra resid=allblus vars=(x1,x2) lista$

    b34seend$

b34sexec regression residualp$

    comment=('Model known to be correct ‑ blus tests done')$

    model y = x1 x2 x3$

    ra resid=allblus vars=(x1,x2,x3) lista$

    b34seend$                                                      


The next example uses the B34S matrix command to replicate the Theil (1971) Table 5.1 data. Here the population residual (act_e) is known. The model estimated, using Theil's notation, was 
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is the population error which was given by Theil. The model data was generated and the regression command was used to do a BLUS heteroskedasticity test by placing observations 10 and 11 in the base. The sum of squared residuals and BLUS residuals was found to be 20.52. Next the data was passed to the matrix command the calculation duplicated and verified by testing whether the sum of squares of the BLUS residuals was equal to the sum of squares of the OLS residuals. Note that for this problem since observations 10 and 11 were in the base then
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 refers to the estimated OLS residuals in the BLUS base and 
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 are the right hand side variables in the base. The code in Table 2.6 uses the Theil notation where e is the OLS residual and act_e is the population residual. 

Table 2.6 B34S Matrix Program to perform BLUS Residual Analysis

b34sexec data heading('Theil(1971) Table 5.1');

* For detail see pages 214-216 of Theil (1971);

* Matrix Command shows BLUS Calculation;

build x1,x2, y;

gen x1=kount();

gen x2=dsin(x1/2.0);

gen y =x1+ 10.0*dsin(x1/2.)+act_e;

input act_e;

datacards;

1.046   -.508 -1.630 -.146 -.105

-.357  -1.384   .360 -.992 -.116

-1.698 -1.339  1.827 -.959  .424

.969   -1.141 -1.041 1.041  .535

b34sreturn;

b34srun;

b34sexec list; b34srun;

b34sexec regression residualp blus=both noint;

comment('Illustrates BLUS analysis with Theil Data');

model y=x1 x2;

b34srun;

b34sexec matrix;

call loaddata;

* Get Eigen values for Het base (obs 10 11);

call olsq(y x1 x2 :noint :print);

%res=vfam(%res);

x1=vfam(x1);

x2=vfam(x2);

e0=vector(2:%res(10),%res(11));

x0=matrix(2,2:x1(10) x2(10) x1(11) x2(11));

x =catcol(x1,x2);

test=x0*inv(transpose(x)*x)*transpose(x0);

d=seig(test,q);

dd=dsqrt(d);

call print(e0,x0,test,d,dd,q);

* We now get the BLUS using Theil Eq 2.9;

* This is Stokes( ) equation 2.9-8      ;

e1=%res;

e1(10)=missing();

e1(11)=missing();

e1=goodrow(e1);

x1=x;

x1(10,)=missing();

x1(11,)=missing();

x1=goodrow(x1);

/$ Logic from here on is 100% general !!

n=norows(x0);

s=matrix(n,n:);

do i=1,n;

qq1=matrix(n,1:q(,i));

qq=qq1*transpose(qq1);

s=s+(sfam(dd(i))/(1.0+sfam(dd(i))))*qq;

enddo;

blus=e1-(x1*(inv(x0)*s)*e0);

call print('e1 and BLUS replicate Theil (1971) Col (3) and (4)':);

call tabulate(e1,blus);

call print('We test if residuals are OK',sumsq(blus),sumsq(%res));

b34srun;

Edited output from running this test problem is given next:

Variable           Mean           Standard Deviation          Variance                Maximum                Minimum

 ACT_E     1 -0.26070000            1.0172226                 1.0347419                 1.8270000             -1.6980000

 X1        2   10.500000            5.9160798                 35.000000                 20.000000              1.0000000

 X2        3  0.16645917           0.69494500                0.48294856                0.99749499            -0.97753012

 Y         4   11.903892            8.8051454                 77.530586                 26.862582             -1.7673012

 CONSTANT  5   1.0000000            0.0000000                 0.0000000                 1.0000000              1.0000000

 Number of observations in data file   20

 Current missing variable code         1.000000000000000E+31

B34S 8.10D          (D:M:Y)   7/ 2/03 (H:M:S) 21:24:23   LIST STEP                      Theil(1971) Table 5.1            PAGE     2

 Listing for observation      1 to observation      20.

 Obs        ACT_E           X1              X2              Y

       1    1.0460000       1.0000000      0.47942554       6.8402554

       2  -0.50800000       2.0000000      0.84147098       9.9067098

       3   -1.6300000       3.0000000      0.99749499       11.344950

       4  -0.14600000       4.0000000      0.90929743       12.946974

       5  -0.10500000       5.0000000      0.59847214       10.879721

       6  -0.35700000       6.0000000      0.14112001       7.0542001

       7   -1.3840000       7.0000000     -0.35078323       2.1081677

       8   0.36000000       8.0000000     -0.75680250      0.79197505

       9  -0.99200000       9.0000000     -0.97753012      -1.7673012

      10  -0.11600000       10.000000     -0.95892427      0.29475725

      11   -1.6980000       11.000000     -0.70554033       2.2465967

      12   -1.3390000       12.000000     -0.27941550       7.8668450

      13    1.8270000       13.000000      0.21511999       16.978200

      14  -0.95900000       14.000000      0.65698660       19.610866

      15   0.42400000       15.000000      0.93799998       24.804000

      16   0.96900000       16.000000      0.98935825       26.862582

      17   -1.1410000       17.000000      0.79848711       23.843871

      18   -1.0410000       18.000000      0.41211849       21.080185

      19    1.0410000       19.000000     -0.75151120E-01   19.289489

      20   0.53500000       20.000000     -0.54402111       15.094789
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 Comment     Illustrates BLUS analysis with Theil Data

 ***************

 Problem Number                             1

 Subproblem Number                          1

 F to enter                        0.99999998E-02

 F to remove                       0.49999999E-02

 Tolerance                         0.10000000E-04

 Maximum no of steps                        2

 Dependent variable X( 4).  Variable Name  Y

 Standard Error of Y =    8.8051454       for degrees of freedom  =         19.

 .............

 Step Number  2                                Analysis of Variance for reduction in SS due to variable entering

    Variable Entering      3                      Source            DF        SS               MS                F             F Sig.

    Multiple R        0.993010                  Due Regression       2       4286.6           2143.3           1879.9        1.000000

    Std Error of Y.X   1.06776                  Dev. from Reg.      18       20.522           1.1401

    R Square          0.986069                  Total               20       4307.1           215.36

      Multiple Regression Equation

   Variable      Coefficient     Std. Error      T Val.      T Sig. P. Cor. Elasticity     Partial Cor. for Var. not in equation

  Y        =                                                                               Variable    Coefficient    F for selection

  X1         X- 2  0.9870011      0.2016168E-01   48.95     1.00000  0.9963   0.8706

  X2         X- 3   10.08281      0.3462636       29.12     1.00000  0.9896   0.1410

 Adjusted R Square                        0.9852947211263575

 -2 * ln(Maximum of Likelihood Function)   57.27280651623605

 Akaike  Information Criterion (AIC)       63.27280651623605

 Scwartz Information Criterion (SIC)       66.26000333689802

 Akaike (1970) Finite Prediction Error     1.254119778588059

 Generalized Cross Validation              1.266787655139453

 Hannan & Quinn (1979) HQ                  1.277878140228844

 Shibata (1981)                            1.231317600795549

 Rice (1984)                               1.282622500828697

 Residual Variance                         1.140108889625508

 Order of entrance (or deletion) of the variables =   2   3

 Estimate of computational error in coefficients =

     1  0.1096E-15     2  0.1119E-14

 Covariance Matrix of Regression Coefficients

 Row  1   Variable X- 2   X1

      0.40649319E-03

 Row  2   Variable X- 3   X2

     -0.10527043E-02  0.11989846

 Program terminated.  All variables put in.

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      1             6.8403       5.8210       1.0193      0.955                                   I         .

      2             9.9067       10.458     -0.55169     -0.517                              .    I

      3             11.345       13.019      -1.6736      -1.57                   .               I

      4             12.947       13.116     -0.16931     -0.159                                 . I

      5             10.880       10.969     -0.89567E-01 -0.839E-01                              .I

      6             7.0542       7.3449     -0.29069     -0.272                                .  I

      7             2.1082       3.3721      -1.2640      -1.18                       .           I

      8            0.79198      0.26531      0.52666      0.493                                   I    .

      9            -1.7673     -0.97324     -0.79406     -0.744                            .      I

     10            0.29476      0.20136      0.93401E-01  0.875E-01                               I.

     11             2.2466       3.7432      -1.4966      -1.40                     .             I

     12             7.8668       9.0267      -1.1599      -1.09                        .          I

     13             16.978       15.000       1.9782       1.85                                   I                  .

     14             19.611       20.442     -0.83142     -0.779                           .       I

     15             24.804       24.263      0.54130      0.507                                   I    .

     16             26.863       25.768       1.0950       1.03                                   I         .

     17             23.844       24.830     -0.98614     -0.924                          .        I

     18             21.080       21.921     -0.84115     -0.788                           .       I

     19             19.289       17.995       1.2942       1.21                                   I           .

     20             15.095       14.255      0.84003      0.787                                   I       .

 Von Neumann Ratio 1 ...             2.27812             Durbin-Watson TEST.....     2.16421

 Von Neumann Ratio 2 ...             2.32120

 For D. F.   18 t(.9999)=   4.9657, t(.999)= 3.9216, t(.99)= 2.8784, t(.95)= 2.1009, t(.90)= 1.7341, t(.80)= 1.3304

 Skewness test (Alpha 3) = -.520788E-01,  Peakedness test (Alpha 4)=   1.57491

                               Normality Test -- Extended grid cell size     =        2.00

 t Stat           Infin   1.734   1.330   1.067   0.862   0.688   0.534   0.392   0.257   0.127

 Cell No.             1       2       3       3       4       0       3       1       1       2

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.950   0.850   0.700   0.550   0.350   0.350   0.200   0.150   0.100

                               Normality Test -- Small sample grid cell size =       4.00

 Cell No.             3               6               4               4               3

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.850           0.550           0.350           0.150

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   7.000     Chi Prob=  0.4634      F(8,      18)= 0.875000     F Prob =0.445170

 Small sample normality test - Large grid

 Chi=   1.500     Chi Prob=  0.3177      F(3,      18)= 0.500000     F Prob =0.313019

 Autocorrelation function of residuals

     1) -0.1312     2) -0.2487     3)  0.2692     4)  0.0037

 F(       7,       7)  =  0.9390    1/F =    1.065     Heteroskedasticity at  0.5320  level

 Sum of squared residuals    20.52     Mean squared residual    1.026

 Residual estimates using BLUS transformation option       5

 BLUS  1      0.3128            1    2

 BLUS  2      0.5832            1   20

 BLUS  3      0.6578           19   20

 Eigval  1 =   0.56280284

 Eigval  2 =   0.95008672E-01

 1/ condition of BLUS base X0 MATRIX   0.11418007E-01

 BLUS....Sum Eig. =   0.6578         Obs. Deleted =    19   20

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      1             6.8403       5.8415      0.99871      0.935                                   I        .

      2             9.9067       10.499     -0.59255     -0.555                             .     I

      3             11.345       13.079      -1.7342      -1.62                   .               I

      4             12.947       13.196     -0.24891     -0.233                                 . I

      5             10.880       11.067     -0.18759     -0.176                                 . I

      6             7.0542       7.4609     -0.40675     -0.381                               .   I

      7             2.1082       3.5061      -1.3979      -1.31                      .            I

      8            0.79198      0.41746      0.37451      0.351                                   I   .

      9            -1.7673     -0.80242     -0.96488     -0.904                          .        I

     10            0.29476      0.39151     -0.96754E-01 -0.906E-01                              .I

     11             2.2466       3.9533      -1.7067      -1.60                   .               I

     12             7.8668       9.2573      -1.3904      -1.30                      .            I

     13             16.978       15.251       1.7270       1.62                                   I               .

     14             19.611       20.714      -1.1031      -1.03                         .         I

     15             24.804       24.554      0.24957      0.234                                   I .

     16             26.863       26.079      0.78390      0.734                                   I      .

     17             23.844       25.160      -1.3161      -1.23                       .           I

     18             21.080       22.269      -1.1893      -1.11                        .          I

 Von Neumann Ratio 1 ...             2.04963             Durbin-Watson TEST.....     1.93576

 Von Neumann Ratio 2 ...             2.50594

 Skewness test (Alpha 3) = -.703284    ,  Peakedness test (Alpha 4)=   1.83270

                               Normality Test -- Extended grid cell size     =        1.80

 t Stat           Infin   1.734   1.330   1.067   0.862   0.688   0.534   0.392   0.257   0.127

 Cell No.             0       3       4       3       1       1       0       2       3       1

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   1.000   0.833   0.611   0.444   0.389   0.333   0.333   0.222   0.056

                               Normality Test -- Small sample grid cell size =       3.60

 Cell No.             3               7               2               2               4

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.833           0.444           0.333           0.222

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   9.778     Chi Prob=  0.7190      F(8,      18)=  1.22222     F Prob =0.658737

 Small sample normality test - Large grid

 Chi=   4.778     Chi Prob=  0.8112      F(3,      18)=  1.59259     F Prob =0.773952

 Autocorrelation function of residuals

     1) -0.0282     2) -0.0582     3)  0.3481     4)  0.0272

 F(       7,       5)  =  0.9315    1/F =    1.074     Heteroskedasticity at  0.5514  level

 Sum of squared residuals    20.52     Mean squared residual    1.140
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 Residual estimates using BLUS transformation option       2

 Eigval  1 =   0.50808961

 Eigval  2 =   0.41612287E-01

 1/ condition of BLUS base X0 MATRIX   0.14660994E-01

 BLUS....Sum Eig. =   0.5497         Obs. Deleted =    10   11

                   Table of Residuals

     Observation   Y value      Y estimate   Residual     Adjres

      1             6.8403       5.7783       1.0620      0.995                                   I         .

      2             9.9067       10.378     -0.47099     -0.441                               .   I

      3             11.345       12.908      -1.5630      -1.46                    .              I

      4             12.947       12.985     -0.38425E-01 -0.360E-01                               .

      5             10.880       10.827      0.52803E-01  0.495E-01                               .

      6             7.0542       7.1968     -0.14262     -0.134                                  .I

      7             2.1082       3.2197      -1.1115      -1.04                         .         I

      8            0.79198      0.10516      0.68682      0.643                                   I     .

      9            -1.7673      -1.1484     -0.61886     -0.580                             .     I

     12             7.8668       8.7527     -0.88588     -0.830                           .       I

     13             16.978       14.683       2.2954       2.15                                   I                    .

     14             19.611       20.084     -0.47298     -0.443                               .   I

     15             24.804       23.869      0.93459      0.875                                   I        .

     16             26.863       25.348       1.5141       1.42                                   I             .

     17             23.844       24.395     -0.55086     -0.516                              .    I

     18             21.080       21.478     -0.39736     -0.372                               .   I

     19             19.289       17.547       1.7425       1.63                                   I               .

     20             15.095       13.801       1.2936       1.21                                   I           .

 Von Neumann Ratio 1 ...             2.11705             Durbin-Watson TEST.....     1.99944

 Von Neumann Ratio 2 ...             2.18255

 Skewness test (Alpha 3) = 0.857610    ,  Peakedness test (Alpha 4)=   2.38356

                               Normality Test -- Extended grid cell size     =        1.80

 t Stat           Infin   1.734   1.330   1.067   0.862   0.688   0.534   0.392   0.257   0.127

 Cell No.             1       3       1       3       1       2       3       1       1       2

 Interval         1.000   0.900   0.800   0.700   0.600   0.500   0.400   0.300   0.200   0.100

 Act Per          1.000   0.944   0.778   0.722   0.556   0.500   0.389   0.222   0.167   0.111

                               Normality Test -- Small sample grid cell size =       3.60

 Cell No.             4               4               3               4               3

 Interval         1.000           0.800           0.600           0.400           0.200

 Act Per          1.000           0.778           0.556           0.389           0.167

 Extended grid normality test - Prob of rejecting normality assumption

 Chi=   4.222     Chi Prob=  0.1635      F(8,      18)= 0.527778     F Prob =0.179547

 Small sample normality test - Large grid

 Chi=  0.3333     Chi Prob=  0.4636E-01  F(3,      18)= 0.111111     F Prob =0.475125E-01

 Autocorrelation function of residuals

     1) -0.0720     2) -0.2170     3)  0.4468     4) -0.0224

 F(       7,       7)  =  0.5902    1/F =    1.694     Heteroskedasticity at  0.7484  level

 Sum of squared residuals    20.52     Mean squared residual    1.140

 B34S(r) Matrix Command.      Version December 2002.

 Date of Run d/m/y   7/ 2/03. Time of Run h:m:s   21:24:23.

 =>  CALL LOADDATA$

 =>  * GET EIGEN VALUES FOR HET BASE (OBS 10 11)$

 =>  CALL OLSQ(Y X1 X2 :NOINT :PRINT)$

 Ordinary Least Squares Estimation

 Dependent variable           Y

 Centered R**2                             0.9860686834283964

 Residual Sum of Squares                   20.52196001325899

 Residual Variance                         1.140108889625499

 Sum Absolute Residuals                    17.53617382973858

 1/Condition XPX                           3.294601282885112E-03

 Maximum Absolute Residual                 1.978170501542200

 Number of Observations                    20

 Variable   Lag    Coefficient         SE               t

 X1           0     0.98700112          0.20161676E-01    48.954318

 X2           0      10.082814          0.34626357        29.118900

 =>  %RES=VFAM(%RES)$

 =>  X1=VFAM(X1)$

 =>  X2=VFAM(X2)$

 =>  E0=VECTOR(2:%RES(10),%RES(11))$

 =>  X0=MATRIX(2,2:X1(10) X2(10) X1(11) X2(11))$

 =>  X =CATCOL(X1,X2)$

 =>  TEST=X0*INV(TRANSPOSE(X)*X)*TRANSPOSE(X0)$

 =>  D=SEIG(TEST,Q)$

 =>  DD=DSQRT(D)$

 =>  CALL PRINT(E0,X0,TEST,D,DD,Q)$

  E0      = Vector of        2    elements

      0.934012E-01   -1.49658

  X0      = Matrix of        2  by       2  elements

              1              2

     1    10.0000      -0.958924

     2    11.0000      -0.705540

  TEST    = Matrix of        2  by       2  elements

              1              2

     1   0.150064       0.126623

     2   0.126623       0.109822

  D       = Matrix of        2  by       1  elements

              1

     1   0.173158E-02

     2   0.258155

  DD      = Matrix of        2  by       1  elements

              1

     1   0.416123E-01

     2   0.508090

  Q       = Matrix of        2  by       2  elements

              1              2

     1   0.649255      -0.760570

     2  -0.760570      -0.649255

 =>  BLUS=E1-(X1*(INV(X0)*S)*E0)$

 =>  CALL PRINT('e1 and BLUS replicate Theil (1971) Col (3) and (4)':)$

 e1 and BLUS replicate Theil (1971) Col (3) and (4)

 =>  CALL TABULATE(E1,BLUS)$

 Obs      E1          BLUS

      1      1.019       1.062

      2    -0.5517     -0.4710

      3     -1.674      -1.563

      4    -0.1693     -0.3843E-01

      5    -0.8957E-01  0.5280E-01

      6    -0.2907     -0.1426

      7     -1.264      -1.112

      8     0.5267      0.6868

      9    -0.7941     -0.6189

     10     -1.160     -0.8859

     11      1.978       2.295

     12    -0.8314     -0.4730

     13     0.5413      0.9346

     14      1.095       1.514

     15    -0.9861     -0.5509

     16    -0.8411     -0.3974

     17      1.294       1.743

     18     0.8400       1.294

 =>  CALL PRINT('We test if residuals are OK',SUMSQ(BLUS),SUMSQ(%RES))$

 We test if residuals are OK

               20.521960

               20.521960

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator    2874601, peak  space  used       3009

 Number variables used                61, peak number  used         61

 Number temp variables used           89, # user temp clean          0

It can be seen that both approaches give the same BLUS residuals which match Theil (1971). Readers are encouraged to study the code to obtain insight into the workings of the matrix command and the calculation of the BLUS residuals. Since 
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 is symmetric, the matrix command seig is used to obtain the eigenvalues [.0416, .5081] and eigenvectors 
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. The rest of the calculations follow the formulas. Note  that the sum of squares of the BLUS residuals and the OLS residuals were found to be 20.52 which was found by Theil  (1971).  While relatively easy to use, the incore and out of core BLUS options have a limitation of LE 20 right hand side variables. The matrix command subroutine blus which generalizes the above illustration code can be used to solve problems that are bigger than what is available under the regression command. Help on the arguments to blus  are:

subroutine blus(itype,x,olse,ibase,bluse,bluse2,eigb,sumeig,sumsqb,

                  olsbeta,blusbeta,ibad,x1,teststat,iprint);

/;

/; Routine to calculate BLUS residuals tests

/; Routine mimics what is available in RA card and BLUS capability

/; in regresion command.

/;

/; Routines BLUSBASE BLUSTEST and BLUSRES are needed.

/; Except where base is known, the BLUS routine is all that needs to

/; be called.

/;

/; Routine built 25 June 2003 by Houston H. Stokes

/;

/; itype   = 0  DW  test

/; itype   = 1  MVN test

/; itype   = 2  Het Base

/; itype   = 3  Parabola base

/; x       = n by k x matrix. OLSQ command saves this if

/;           :savex is effect         (input)

/; olse    = OLS Error. usually %res  (input)

/; ibase   = Integer vector of the base for the BLUS calculation

/; bluse   = BLUS residual vector

/; bluse2  = BLUS residual vector with base marked as missing

/; eigb    = eigenvalues from blus

/; sumeig  = sum dsqrt of eigenvalues

/; sumsqb  = sum of blus residuals squared

/; olsbeta = OLS Beta (input)

/; blusbeta= BLUS Beta Note  %x*blusbeta  => blus_yhat

/;           y-blus_yhat => bluse2 where base not marked as missing
/; ibad    = 0 all ok, = 1 base singular, = 2 error on input

/;

which can be inspected.
 Use of this option is illustrated by the following job:

%b34slet dora =0;

%b34slet dobig=1;

b34sexec data heading('Theil(1971) Table 5.1');

* For detail see pages 214-216;

* Matrix Command shows BLUS Calculation;

* Code discussed in Stokes ( ) 3rd Edition ;

build x1,x2, y;

gen x1=kount();

gen x2=dsin(x1/2.0);

gen y =x1+ 10.0*dsin(x1/2.)+act_e;

input act_e;

datacards;

1.046   -.508 -1.630 -.146 -.105

-.357  -1.384   .360 -.992 -.116

-1.698 -1.339  1.827 -.959  .424

.969   -1.141 -1.041 1.041  .535

b34sreturn;

b34srun;

/$ b34sexec list; b34srun;

%b34sif(&dora.ne.0)%then;

b34sexec regression residualp blus=both noint;

comment('Illustrates BLUS analysis with Theil Data');

model y=x1 x2;

ra resid=allblus vars(x1);

b34srun;

%b34sendif;

b34sexec matrix;

call loaddata;

call load(blus);

program fulltest;

iprint=1;

call olsq(y x1 x2 :noint :print :savex);

do itype=0,3;

call blus(itype,%x,%res,ibase,bluse,bluse2,eigb,sumeig,sumsqb,

                  %coef,blusbeta,ibad,x1,teststat,iprint);

enddo;

%b34sif(&dobig.ne.0)%then;

n=3000;

k=30;

y=rn(array(n:));

x=rn(matrix(n,k:));

call olsq(y x :print :savex);

do itype=0,3;

call blus(itype,%x,%res,ibase,bluse,bluse2,eigb,sumeig,sumsqb,

                  %coef,blusbeta,ibad,x(,1),teststat,iprint);

call compress;

enddo;

%b34sendif;

return;

end;

/$ call echoon;

call echooff;

call fulltest;

b34srun;

Edited results from running this problem are:

Date of Run d/m/y  26/11/03. Time of Run h:m:s   15:15:32.

 =>  CALL LOADDATA$

 =>  CALL LOAD(BLUS)$

 =>  PROGRAM FULLTEST$

 =>  CALL ECHOOFF$

 Ordinary Least Squares Estimation

 Dependent variable           Y

 Centered R**2                             0.9860686831723389

 Residual Sum of Squares                   20.52196001325899

 Residual Variance                         1.140108889625499

 Sum Absolute Residuals                    17.53617382973858

 1/Condition XPX                           3.294601282885112E-03

 Maximum Absolute Residual                 1.978170501542200

 Number of Observations                    20

 Variable   Lag    Coefficient         SE               t

 X1           0     0.98700112          0.20161676E-01    48.954318

 X2           0      10.082814          0.34626357        29.118900

 DW     on BLUS    1.935761275411126

 Sum of squared BLUS residuals  20.52196001325898

 Sum of squared OLS  residuals  20.52196001325899

 Sum of eigenvalues              0.6578115172638107

 Base used

 IBASE   = Array  of        2    elements

       19    20

 MVN    on BLUS    2.049629585729427

 Sum of squared BLUS residuals  20.52196001325898

 Sum of squared OLS  residuals  20.52196001325899

 Sum of eigenvalues              0.6578115172638107

 Base used

 IBASE   = Array  of        2    elements

       19    20

 HET    on BLUS    0.8079638251843309

 Sum of squared BLUS residuals   20.52196001325911

 Sum of squared OLS  residuals   20.52196001325899

 Sum of eigenvalues              0.5563662482396086

 Base used

 IBASE   = Array  of        2    elements

        9    10

 Tprob  on BLUS    1.006127650986208

 Sum of squared BLUS residuals   20.52196001325899

 Sum of squared OLS  residuals   20.52196001325899

 Sum of eigenvalues              0.4501570403072835

 Base used

 IBASE   = Array  of        2    elements

        6    15

 Ordinary Least Squares Estimation

 Dependent variable           Y

 Centered R**2                             7.094490374884521E-03

 Residual Sum of Squares                   2979.443512461074

 Residual Variance                         1.003517518511645

 Sum Absolute Residuals                    2383.946296964358

 1/Condition XPX                           0.5934934110931579

 Maximum Absolute Residual                 3.940015077291801

 Number of Observations                    3000

 Variable   Lag    Coefficient         SE               t

 Col____1     0    -0.82211024E-03      0.18204766E-01  -0.45159066E-01

 Col____2     0    -0.56923758E-02      0.18432296E-01  -0.30882620

 Col____3     0    -0.12729286E-01      0.18234253E-01  -0.69809747

 Col____4     0    -0.26857899E-01      0.18573845E-01   -1.4460064

 Col____5     0    -0.11922180E-02      0.18743066E-01  -0.63608483E-01

 Col____6     0    -0.23210630E-02      0.18500320E-01  -0.12546069

 Col____7     0    -0.60893578E-03      0.18449761E-01  -0.33005078E-01

 Col____8     0     0.23345860E-01      0.18238554E-01    1.2800280

 Col____9     0     0.72253712E-02      0.18522503E-01   0.39008612

 Col___10     0     0.48878637E-01      0.18927229E-01    2.5824508

 Col___11     0     0.23305456E-02      0.18499780E-01   0.12597693

 Col___12     0    -0.29281841E-01      0.18284194E-01   -1.6014838

 Col___13     0     0.31526016E-02      0.18309214E-01   0.17218662

 Col___14     0    -0.87040467E-02      0.18188421E-01  -0.47854878

 Col___15     0     0.15361265E-01      0.18132071E-01   0.84718757

 Col___16     0     0.18796682E-01      0.18339736E-01    1.0249156

 Col___17     0    -0.14651915E-01      0.18408920E-01  -0.79591389

 Col___18     0     0.64810123E-02      0.18427322E-01   0.35170668

 Col___19     0    -0.93564904E-02      0.18391885E-01  -0.50872928

 Col___20     0    -0.48950244E-02      0.17989134E-01  -0.27211007

 Col___21     0    -0.44757702E-02      0.18737041E-01  -0.23887284

 Col___22     0    -0.36564357E-02      0.18303251E-01  -0.19976974

 Col___23     0     0.12088401E-01      0.18499851E-01   0.65343231

 Col___24     0     0.38367343E-02      0.18202815E-01   0.21077697

 Col___25     0    -0.18067006E-01      0.18471172E-01  -0.97811908

 Col___26     0    -0.61862306E-02      0.18694564E-01  -0.33091066

 Col___27     0    -0.89916301E-02      0.18174519E-01  -0.49473826

 Col___28     0    -0.24285671E-01      0.18698508E-01   -1.2988026

 Col___29     0    -0.23031482E-02      0.18362529E-01  -0.12542653

 Col___30     0    -0.82012379E-03      0.18488633E-01  -0.44358270E-01

 CONSTANT     0     0.90767235E-02      0.18390420E-01   0.49355717

 DW     on BLUS    2.020571353399192

 Sum of squared BLUS residuals  2979.443512461079

 Sum of squared OLS  residuals  2979.443512461074

 Sum of eigenvalues              2.748747475459096

 Base used

 IBASE   = Array  of       31    elements

     2970  2971  2972  2973  2974  2975  2976  2977  2978  2979  2980  2981  2982  2983  2984  2985  2986  2987  2988  2989

     2990  2991  2992  2993  2994  2995  2996  2997  2998  2999  3000

 MVN    on BLUS    2.021252138895620

 Sum of squared BLUS residuals  2979.443512461079

 Sum of squared OLS  residuals  2979.443512461074

 Sum of eigenvalues              2.748747475459096

 Base used

 IBASE   = Array  of       31    elements

     2970  2971  2972  2973  2974  2975  2976  2977  2978  2979  2980  2981  2982  2983  2984  2985  2986  2987  2988  2989

     2990  2991  2992  2993  2994  2995  2996  2997  2998  2999  3000

 HET    on BLUS    1.073191696673591

 Sum of squared BLUS residuals  2979.443512461087

 Sum of squared OLS  residuals  2979.443512461074

 Sum of eigenvalues              2.661587567877141

 Base used

 IBASE   = Array  of       31    elements

     1485  1486  1487  1488  1489  1490  1491  1492  1493  1494  1495  1496  1497  1498  1499  1500  1501  1502  1503  1504

     1505  1506  1507  1508  1509  1510  1511  1512  1513  1514  1515

 Tprob  on BLUS    2.935015242440567E-02

 Sum of squared BLUS residuals  2979.443512461081

 Sum of squared OLS  residuals  2979.443512461074

 Sum of eigenvalues              2.677664418463445

 Base used

 IBASE   = Array  of       31    elements

      744   745   746   747   748   749   750   751   752   753   754   755   756   757   758  2226  2227  2228  2229  2230

     2231  2232  2233  2234  2235  2236  2237  2238  2239  2240  2241

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator    7874780, peak  space  used    1475925

 Number variables used                52, peak number  used        176

 Number temp variables used            0, # user temp clean          0

Which replicate prior work and in additon run a problem with 3000 observations and 30 variables on the right. One major advantage of the matrix subroutine blus is that results can be customized and larger problems can be run. The downside is some speed loss and increased work on the part of the user to setup the commands to use the feature.

The final example illustrates how to use the B34S regression command's ra cross correlation facility to dynamically specify a model. Assume it is suspected that 
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Table 2.7 Dynamic Model Generation and Tests

/$ Sets up a Dynamic Model

b34sexec data noob=1000 maxlag=3$

build norm   y x z$

         gen x    = rn()$

         gen z    = rn()$

         gen norm = .2*x + .4*lag3(x) + z + rn()$

         gen y    = lp(1,1,norm) ar(.7) ma( 1.0,) values(0.0)$

         b34seend$

b34sexec regression residuala$

         model y = x z$

         ra cross vars(x z y)$

         b34seend$

b34sexec data set maxlag=3$

         build lag3x lag1y$

         gen lag3x = lag3(x)$

         gen lag1y  = lag1(y) $

         b34seend$

b34sexec rr $ model y = lag1y lag3x x z$ b34seend$

b34sexec regression residuala$

         model y = lag1y lag3x x z$

         ra cross vars(x z y)$

         b34seend$

Initial estimation gives

yt =  .0353808 + .215331xt + 1.038423zt  
(2.17-6) 

   (.613)
   (3.73)
    (17.92)

R2 = .24728, DW = .588

where t scores are listed under the coefficients. The low DW of .588 suggests  possible problems. Cross correlation diagnostic tests using the regression command ra sentence gives

Cross correlations of X        on lags of RESIDUAL  Order of differencing =    0 N =   997

Lag

 1‑12   0.011440  0.043449  0.013501  0.014561  0.028566  0.023897  ‑.012408  ‑.013804  0.022336  0.054227  0.010113  0.012647

13‑24   0.009745  ‑.008186  ‑.014220  ‑.003663  0.003732  0.013299  0.042812  0.037078  0.046561  0.038262  0.041530  0.027147

25‑36   0.055653  0.089607  0.039883  0.022522  ‑.013252  0.010380  0.038561  0.043641  0.060175  0.056931  0.062333  0.023856

37‑48   ‑.007528  ‑.021658  0.004150  ‑.011281  ‑.007937  ‑.037790  ‑.017339  ‑.003848  0.007042  ‑.005151  0.004888  0.040657

49‑60   0.022891  0.025705  0.019476  ‑.012914  ‑.006539  ‑.026988  ‑.017077  0.005563  ‑.016489  ‑.022042  ‑.014351  ‑.007237

Cross correlations of RESIDUAL on lags of X         Order of differencing =    0 N =   997

Lag

 1‑12   0.049491  ‑.002596  0.238044  0.196896  0.135739  0.136668  0.114461  0.096323  0.063425  0.080018  0.038527  0.039480

13‑24   0.002427  0.009200  ‑.005761  ‑.011946  ‑.041839  ‑.010730  ‑.000823  0.047501  0.043073  0.008009  ‑.003003  0.027470

25‑36   0.009558  ‑.028397  0.000018  0.043263  0.016258  ‑.015081  0.009734  ‑.001219  ‑.009850  ‑.007854  ‑.038325  ‑.029443

37‑48   ‑.026210  ‑.028366  ‑.022857  ‑.017150  0.037619  0.031909  0.011433  ‑.014539  0.024683  0.027571  ‑.010347  ‑.045733

49‑60   ‑.081412  ‑.030777  ‑.038708  ‑.038124  ‑.060161  ‑.053019  ‑.048160  ‑.031618  ‑.002959  0.042041  0.002694  0.029235

 At zero lag cross correlation equals     ‑0.487602E‑15

Cross correlations of Z        on lags of RESIDUAL  Order of differencing =    0 N =   997

Lag

 1‑12   0.043116  0.063453  0.011588  0.006333  0.014047  ‑.002329  ‑.034510  ‑.054515  ‑.024788  ‑.050482  ‑.009988  ‑.010237

13‑24   0.035956  0.005997  0.007935  ‑.017302  0.003181  ‑.016450  ‑.005415  0.013052  0.034064  0.028799  0.045613  ‑.016288

25‑36   ‑.000717  0.008957  ‑.031111  ‑.010996  ‑.039042  ‑.060544  ‑.033900  ‑.030939  ‑.051584  ‑.060946  0.002711  0.000588

37‑48   0.021132  0.021053  0.008533  ‑.005394  ‑.024658  ‑.066920  ‑.073187  ‑.057162  ‑.044012  ‑.020944  ‑.037012  ‑.056322

49‑60   ‑.065328  ‑.065560  0.001656  0.028021  0.016370  0.006104  0.029042  0.025082  0.009873  0.019177  ‑.010539  0.026844

Cross correlations of RESIDUAL on lags of Z         Order of differencing =    0 N =   997

Lag

 1‑12   0.376711  0.263096  0.158535  0.104550  0.095368  0.014695  0.032807  0.024537  0.028805  ‑.003657  0.011136  ‑.016901

13‑24   ‑.014047  ‑.024021  0.014940  0.000260  0.010771  ‑.014933  ‑.016542  ‑.023544  ‑.019812  ‑.023116  ‑.000766  0.014114

25‑36   0.005402  0.017506  0.021023  0.016001  0.006873  0.008713  0.012451  0.029967  0.017259  0.021951  0.014265  ‑.000904

37‑48   ‑.008733  ‑.023763  0.011155  ‑.033929  ‑.033902  ‑.020118  ‑.045194  ‑.041014  ‑.023040  ‑.027438  ‑.041190  ‑.025259

49‑60   0.005989  ‑.024922  ‑.021824  ‑.011851  0.030565  0.018734  0.021186  0.043866  0.012939  0.027903  0.000846  0.003557

 At zero lag cross correlation equals     ‑0.266128E‑15

Cross correlations of Y        on lags of RESIDUAL  Order of differencing =    0 N =   997

Lag

 1‑12   0.633601  0.488849  0.357111  0.267991  0.194505  0.136992  0.097938  0.059300  0.014676  ‑.035163  ‑.057314  ‑.047241

13‑24   0.005421  0.016809  0.042836  0.040497  0.039316  0.014536  0.005290  0.017350  0.029626  0.047346  0.072302  0.062242

25‑36   0.056807  0.022384  ‑.020626  ‑.024438  ‑.030742  ‑.040259  ‑.032981  ‑.021624  ‑.020350  ‑.045177  ‑.037644  ‑.034581

37‑48   ‑.007231  0.004757  ‑.007671  ‑.018747  ‑.057376  ‑.118472  ‑.151614  ‑.147298  ‑.140925  ‑.126503  ‑.108190  ‑.097612

49‑60   ‑.121793  ‑.143184  ‑.094760  ‑.037390  0.003611  0.034879  0.055995  0.062397  0.045837  0.039437  0.024800  0.045566

Cross correlations of RESIDUAL on lags of Y         Order of differencing =    0 N =   997

Lag

 1‑12   0.802678  0.582975  0.452752  0.335091  0.245475  0.156763  0.143844  0.109289  0.045188  ‑.009527  ‑.043948  ‑.047727

13‑24   ‑.019849  0.003835  0.047200  0.048130  0.038347  0.012712  ‑.004723  0.000423  0.002824  0.018621  0.044850  0.076971

25‑36   0.054839  0.014478  0.000906  ‑.008909  ‑.005149  ‑.008810  ‑.013078  0.003795  0.006251  ‑.010914  ‑.042149  ‑.040722

37‑48   ‑.023874  ‑.018209  ‑.009020  ‑.033692  ‑.057322  ‑.088190  ‑.134975  ‑.140419  ‑.128512  ‑.126044  ‑.111884  ‑.091368

49‑60   ‑.097338  ‑.128749  ‑.112068  ‑.059463  0.005237  0.038271  0.048883  0.068084  0.048741  0.050736  0.032062  0.037958

 At zero lag cross correlation equals      0.866723    
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. The model becomes

yt = .0080414 +.225151xt+.9978359zt+.409281xt-3+.693387yt-1 (2.17-7)

(.252)
(7.06)
 (31.03)
(12.84)
  (45.57)

R2 = .77, DW = 2.03


Further cross correlations show no further lags are needed. The reader is encouraged to change the code in Table 2.7 to experiment with more observations and different lag structures. Cross correlations of the residuals and right-hand-side variables of equation (12.3-7) show no spikes except for the feedback test where 
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 = .248. These values were probably due to yt being autocorrelated. Chapter 7, especially section 7.3, contains further discussion of how autocorrelations propagate into cross correlations. More powerful dynamic specification testing procedures involving the approach of first filtering the data to remove autocorrelation before cross correlation analysis and VAR modeling are discussed in Chapters 7 and 8, respectively. 


The Box-Jenkins (1976) gas furnace data is one of the most widely studied time series. This dataset is used and discussed through this book from many perspectives. Using the reg and robust commands a model of GASOUT on 6 lags of GASIN and GAOUT can be estimated using




b34sexec options ginclude('b34sdata.mac')

                       macro(gas)$  b34srun;

b34sexec reg;

         

model gasout = gasin{1 to 6} gasout{1 to 6};

         

test gasin{1 to 3};

         

test gasin{1};

         

test gasin{2};

         

test gasin{6};




b34srun;

 


b34sexec robust;




model gasout = gasin{1 to 6} gasout{1 to 6};




b34srun;

The reg and robust commands allow lags to be easily specified using {  } notation. The four  test sentences allow testing of whether a joint test of lags 1 to 3 of GASIN are significant and whether  lag 1, 3 and 6 are significant. The latter three tests can be performed using 3.1-34 or the individual t tests. Edited results from this command are:

REG Command. Version  1 February 1997

 Of   3000000 double precision slots in space,      2416 are being used.

 Dependent variable                      GASOUT          X- 3

 Adjusted R**2 =                         0.99443295

 Standard Error of Estimate              0.24137529

 Sum of Squared Residuals                 16.138583

 Model Sum of Squares                     3008.3944

 Total Sum of Squares                     3024.5330

 F(12,      277)                          4302.9658

 F Significance                           1.0000000

 1/Condition of XPX                      0.19299937E-07

 Number of Observations                       290

 Durbin-Watson                            1.9908793

 Variable          Coefficient         Std. Error           t

 GASIN    {  1}      0.63160860E-01      0.75989856E-01      0.83117489

 GASIN    {  2}     -0.13345763          0.16490508         -0.80929968

 GASIN    {  3}     -0.44123536          0.18869442          -2.3383593

 GASIN    {  4}      0.15200749          0.19021604          0.79913078

 GASIN    {  5}     -0.12036440          0.17941884         -0.67085705

 GASIN    {  6}      0.24930584          0.10973982           2.2717902

 GASOUT   {  1}       1.5452265          0.59808504E-01       25.836234

 GASOUT   {  2}     -0.59293307          0.11024897          -5.3781279

 GASOUT   {  3}     -0.17105674          0.11518138          -1.4851076

 GASOUT   {  4}      0.13238479          0.11465530           1.1546329

 GASOUT   {  5}      0.56869923E-01      0.10083191          0.56400722

 GASOUT   {  6}     -0.42085617E-01      0.42891891E-01     -0.98120217

 CONSTANT {  0}       3.8241094          0.85547296           4.4701698

 Test restriction #  1   Sets to zero

 Variable         Lag

 GASIN    1

 GASIN    2

 GASIN    3

 Unrestricted Error SS                    16.138583

 Restricted   Error SS                    19.147583

 F(        3,      277)                   17.215329

 Significance                             1.0000000

 Test restriction #  2   Sets to zero

 Variable         Lag

 GASIN    1

 Unrestricted Error SS                    16.138583

 Restricted   Error SS                    16.178833

 F(        1,      277)                  0.69085170

 Significance                            0.59340870

 Test restriction #  3   Sets to zero

 Variable         Lag

 GASIN    2

 Unrestricted Error SS                    16.138583

 Restricted   Error SS                    16.176743

 F(        1,      277)                  0.65496597

 Significance                            0.58096188

 Test restriction #  4   Sets to zero

 Variable         Lag

 GASIN    6

 Unrestricted Error SS                    16.138583

 Restricted   Error SS                    16.439275

 F(        1,      277)                   5.1610307

 Significance                            0.97613370

 ROBUST Command. Version  1 September 1997

 Of   3000000 double precision slots in space,      5696 are being used.

 Dependent variable                      GASOUT          X- 3

 Adjusted R**2 =                         0.99443295

 Standard Error of Estimate              0.24137529

 Sum of Squared Residuals                 16.138583

 Model Sum of Squares                     3008.3944

 Total Sum of Squares                     3024.5330

 F(12,      277)                          4302.9658

 F Significance                           1.0000000

 1/Condition of XPX                      0.19299937E-07

 Number of Observations                       290

 Durbin-Watson                            1.9908793

 Variable          Coefficient         Std. Error           t

 GASIN    {  1}      0.63160860E-01      0.75989856E-01      0.83117489

 GASIN    {  2}     -0.13345763          0.16490508         -0.80929968

 GASIN    {  3}     -0.44123536          0.18869442          -2.3383593

 GASIN    {  4}      0.15200749          0.19021604          0.79913078

 GASIN    {  5}     -0.12036440          0.17941884         -0.67085705

 GASIN    {  6}      0.24930584          0.10973982           2.2717902

 GASOUT   {  1}       1.5452265          0.59808504E-01       25.836234

 GASOUT   {  2}     -0.59293307          0.11024897          -5.3781279

 GASOUT   {  3}     -0.17105674          0.11518138          -1.4851076

 GASOUT   {  4}      0.13238479          0.11465530           1.1546329

 GASOUT   {  5}      0.56869923E-01      0.10083191          0.56400722

 GASOUT   {  6}     -0.42085617E-01      0.42891891E-01     -0.98120217

 CONSTANT {  0}       3.8241094          0.85547296           4.4701698

 Dependent variable                      GASOUT          X- 3

 OLS Adjusted R**2 =                     0.99443295

 OLS sum of squared residuals             16.138583

 1/Condition of XPX                      0.19299937E-07

 OLS sum of abs(e(t))                     48.133853

 Magnitude of largest OLS abs(e(t))       1.4308147

 Number of Observations                       290

 # if iterations to calculate L1               78

 L1 output rank                                13

 L1 sum of squared residuals              16.789319

 L1 sum of abs(e(t))                      47.057167

 Magnitude of largest L1 abs(e(t))        1.5182096

 # if iterations to calculate Minimax          37

 Minimax output rank                           13

 Minimax sum of squared residuals         40.923522

 Minimax sum of abs(e(t))                 93.349443

 Magnitude of largest Minimax abs(e(t))  0.74358182

 Variable          OLS Beta            L1 Beta             Minimax Beta

 GASIN    {  1}      0.63160860E-01      0.55500654E-01      0.16038070

 GASIN    {  2}     -0.13345763         -0.10882437         -0.21546828

 GASIN    {  3}     -0.44123536         -0.53568014         -0.23164093

 GASIN    {  4}      0.15200749          0.24229510         -0.73732125

 GASIN    {  5}     -0.12036440         -0.82017689E-01      0.50000760

 GASIN    {  6}      0.24930584          0.20056622         -0.28030143E-01

 GASOUT   {  1}       1.5452265           1.4787176           1.2123592

 GASOUT   {  2}     -0.59293307         -0.44522344         -0.42707421

 GASOUT   {  3}     -0.17105674         -0.26970701          0.16795923

 GASOUT   {  4}      0.13238479          0.19459224         -0.34614724

 GASOUT   {  5}      0.56869923E-01     -0.91371880E-02      0.25222402

 GASOUT   {  6}     -0.42085617E-01     -0.19635128E-01     -0.48850565E-01

 CONSTANT {  0}       3.8241094           3.7374573           10.359517


Since F[3,277] = 17.215329 is significant at the 1.000 level, the conclusion is that joint lags 1-3 of GASIN are significant. The unrestricted sum of squares of the error was 16.138583 while the restricted sum of squares was 19.147583. The restricted sum of squares for omitting lag 1, 2 and 6 were 16.17883, 16.176743 and 16.429275 respectively where the corresponding F tests were .69085170, .65496597 and 5.1610307. These could alternatively be calculated from the respective t's as (.83117489)2, (-.80929968)2 and (2.2717902)2. Since lag 1 and 2 of GASIN are not significant, the joint significance of the first three lags of GASIN found with the first test command appears to be driven by the high significance of lag 3 of GASIN (t score of -2.383593).


The matrix  command RGRANGER provides an alternative way to perform Granger (1969) causality tests. An example of its use is shown in table 2.8.
Table 2.8 Code to perform a Granger Causality test

/;

/; Illustrates quick way to perform Granger Tests

/;

b34sexec options ginclude('gas.b34'); b34srun;

b34sexec matrix;

call echooff;

call loaddata;

call load(granger);

call load(acf_plot);

_lag=2;

nacf=36;

iprint=1;

iplot=1;

call print('              ':);

call print('Analysis of gasout=f(gasout{1 to m} gasin{1 to m}':);

call print('              ':);

/; set time

call settime(gasout,1,1,12.);

call settime(gasin, 1,1,12.);

call rgranger(gasout,gasin,y,x,uss,rss,_lag,

           teststat,k1,k2,probf,jj,

           acft,nacf,se,pacf,mq,mq2,max_data,min_data,iprint,iplot);

call print('              ':);

call print('Analysis of gasin=f(gasout{1 to m} gasin{1 to m}':);

call print('              ':);

b34srun;
which when lag=2 produces output

Analysis of gasout=f(gasout{1 to m} gasin{1 to m}

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                          0.9934825788225659

 Adjusted R**2                          0.9933923723010789

 Residual Sum of Squares                19.71332208877524

 Residual Variance                      6.821218715839183E-02

 Standard Error                         0.2611746296223885

 Total Sum of Squares                   3024.712006802721

 Log Likelihood                         -19.93201730018565

 Mean of the Dependent Variable         53.50782312925170

 Std. Error of Dependent Variable       3.212981352260725

 Sum Absolute Residuals                 52.80177027941099

 F( 4,      289)                        11013.42300363489

 F Significance                         1.000000000000000

 1/Condition XPX                        2.971364729212655E-07

 Maximum Absolute Residual              1.580575880360158

 Number of Observations                 294

 Variable   Lag    Coefficient         SE               t

 Y            1      1.4464987          0.29866895E-01    48.431506

 Y            2    -0.58008117          0.26528168E-01   -21.866612

 X            1     0.23386582          0.54801487E-01    4.2675087

 X            2    -0.64194148          0.65033253E-01   -9.8709729

 CONSTANT     0      7.1281438          0.36799166        19.370395

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                          0.9855738209706104

 Adjusted R**2                          0.9854746719738449

 Residual Sum of Squares                43.63503692248030

 Residual Variance                      0.1499485804896230

 Standard Error                         0.3872319466284038

 Total Sum of Squares                   3024.712006802721

 Log Likelihood                         -136.7331857002729

 Mean of the Dependent Variable         53.50782312925170

 Std. Error of Dependent Variable       3.212981352260725

 Sum Absolute Residuals                 83.49326356277304

 F( 2,      291)                        9940.330745867052

 F Significance                         1.000000000000000

 1/Condition XPX                        6.102820926394589E-07

 Maximum Absolute Residual              1.821214154951001

 Number of Observations                 294

 Variable   Lag    Coefficient         SE               t

 Y            1      1.8067136          0.30364843E-01    59.500180

 Y            2    -0.85746186          0.30437768E-01   -28.170984

 CONSTANT     0      2.7161997          0.38113518        7.1266046

 Granger Test of a restriction

 Unrestricted Error SS                 19.71332208877524

 Restricted   Error SS                 43.63503692248030

 F(     2,      289)                     175.34781

 Significance                          1.000000000000000

 Analysis of gasin=f(gasout{1 to m} gasin{1 to m}

and when lag =6 
Analysis of gasout=f(gasout{1 to m} gasin{1 to m}

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                          0.9946641074363697

 Adjusted R**2                          0.9944329496357792

 Residual Sum of Squares                16.13858295915809

 Residual Variance                      5.826203234353101E-02

 Standard Error                         0.2413752935648779

 Total Sum of Squares                   3024.532965517241

 Log Likelihood                         7.364694190043447

 Mean of the Dependent Variable         53.50965517241379

 Std. Error of Dependent Variable       3.235044356946151

 Sum Absolute Residuals                 48.13385294520057

 F(12,      277)                        4302.965787421152

 F Significance                         1.000000000000000

 1/Condition XPX                        2.341548639194536E-08

 Maximum Absolute Residual              1.430814663262694

 Number of Observations                 290

 Variable   Lag    Coefficient         SE               t

 Y            1      1.5452265          0.59808504E-01    25.836234

 Y            2    -0.59293307          0.11024897       -5.3781279

 Y            3    -0.17105674          0.11518138       -1.4851076

 Y            4     0.13238479          0.11465530        1.1546329

 Y            5     0.56869923E-01      0.10083191       0.56400722

 Y            6    -0.42085617E-01      0.42891891E-01  -0.98120217

 X            1     0.63160860E-01      0.75989856E-01   0.83117489

 X            2    -0.13345763          0.16490508      -0.80929968

 X            3    -0.44123536          0.18869442       -2.3383593

 X            4     0.15200749          0.19021604       0.79913078

 X            5    -0.12036440          0.17941884      -0.67085705

 X            6     0.24930584          0.10973982        2.2717902

 CONSTANT     0      3.8241094          0.85547296        4.4701698

 Ordinary Least Squares Estimation

 Dependent variable                     Y

 Centered R**2                          0.9893324530850435

 Adjusted R**2                          0.9891062860126416

 Residual Sum of Squares                32.26434730548792

 Residual Variance                      0.1140082943656817

 Standard Error                         0.3376511429947805

 Total Sum of Squares                   3024.532965517241

 Log Likelihood                         -93.08404998755525

 Mean of the Dependent Variable         53.50965517241379

 Std. Error of Dependent Variable       3.235044356946151

 Sum Absolute Residuals                 70.88162881924359

 F( 6,      283)                        4374.343455827965

 F Significance                         1.000000000000000

 1/Condition XPX                        2.500365370803122E-07

 Maximum Absolute Residual              1.646089952308053

 Number of Observations                 290

 Variable   Lag    Coefficient         SE               t

 Y            1      2.1175204          0.59346124E-01    35.680854

 Y            2     -1.3079441          0.13917120       -9.3980941

 Y            3    -0.13615543          0.15821150      -0.86059121

 Y            4     0.32752397          0.15831378        2.0688279

 Y            5     0.33102985E-01      0.13941109       0.23744873

 Y            6    -0.57997355E-01      0.59626299E-01  -0.97268077

 CONSTANT     0      1.2854032          0.38748023        3.3173387

 Granger Test of a restriction

 Unrestricted Error SS                 16.13858295915809

 Restricted   Error SS                 32.26434730548792

 F(     6,      277)                     46.129997

 Significance                          1.000000000000000

At issue is whether the lag is sufficiently long so as to insure that there is no autocorrelation in the residual.  The above command will produce an ACF and PACF graph (see Chapter 7) to test if there is autocorrelation left in the residual.

The robust command allows testing of outliers by reporting in addition to OLS, L1 and MINIMAX results. For this problem the error sum of squares was 16.138583 for OLS, 16.789319 for L1 and a much larger 40.923522 for MIMIMAX. In this problem the OLS and L1 are very similar in terms of the sum of squares metric and in terms of the largest absolute error of 1.4308147 and 1.5182096. The MINIMAX results are able to reduce the worse case largest absolute error by 50% to .74358182 at a cost of almost a threefold increase in the sum of squares of the error term. It is up to the user to select the estimator that is most suitable for the task at hand. 

Equation (2.1-34) showed the regression quantile model which has the L1 model as a special case. The quatreg command under the matrix command allows estimation of this model using a zero finder. More detail on this is given in Chapter 11 section 11.4.

McMillen and Thorsnes (2003), building off a suggestion of Robinson (1988), outline how a model of the form
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. Such a model has been characterized as a partially linear regression model. The steps their approach are
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Note that step 4 can be done with OLS, as is illustrated next, or with some type of nonlinear procedure. This approach is illustrated with the code in Table 2.9.

Table 2.9 Code to Illustrate a Partially Linear Regression Model

b34sexec matrix;

* Example Suggested by Dan McMillen;

* Based of work by Robinson, P. (1988) ;

* 'Root-N-Consistent Semiparamatric Regression';

* Econometrica, 56, 931-954;

n=2000;

k1=3;

k2=2;

x=rn(matrix(n,k1:));

z=rn(matrix(n,k2:));

b=vector(k1:)+1.0;

g=vector(k2:)+1.0;

e=rn(vector(n:));

y=x*b+z*g +e;

call print('Model is y = x*b  + z*g + u'

           'x is n by k1.  z is n by k2.'

           '                            '

           'Step 1: regress        y  on z get U(y)'

           'Step 2: regress each   x  on z get U(x1) ,...,U(xk1)   '

           'Step 3: regress   U(y)  on catcol(U(x1),..,U(xk1) get b'

           'Step 4: regress  (y-x*b)  on z get g'

           ' '

           'Joint Estimation results' );

bigx=catcol(x,z);

call olsq(y,bigx :noint :print);

testb=%coef;

call olsq(y,z    :noint :print);

uy=%res;

ux=matrix(n,k1:);

call echooff;

do i=1,k1;

call olsq(x(,i), z :noint );

ux(,i)=%res;

enddo;

call olsq(uy ux :noint :print);

b1=%coef;

y_xb=y-x*b1;

call olsq(y_xb z :noint       :print);

/$ call mars(y_xb z :nk 20 :mi 1 :print);

b34srun;

which when run produces edited output

B34S(r) Matrix Command.      Version July 2003.

Date of Run d/m/y  22/ 1/04. Time of Run h:m:s   10:12:17.

=>  * EXAMPLE SUGGESTED BY DAN MCMILLEN$

=>  * BASED OF WORK BY ROBINSON, P. (1988) $

=>  * 'ROOT-N-CONSISTENT SEMIPARAMATRIC REGRESSION'$

=>  * ECONOMETRICA, 56, 931-954$

=>  N=2000$

=>  K1=3$

=>  K2=2$

=>  X=RN(MATRIX(N,K1:))$

=>  Z=RN(MATRIX(N,K2:))$

=>  B=VECTOR(K1:)+1.0$

=>  G=VECTOR(K2:)+1.0$

=>  E=RN(VECTOR(N:))$

=>  Y=X*B+Z*G +E$

=>  CALL PRINT('Model is y = x*b  + z*g + u'

=>             'x is n by k1.  z is n by k2.'

=>             '                            '

=>             'Step 1: regress        y  on z get U(y)'

=>             'Step 2: regress each   x  on z get U(x1) ,...,U(xk1)   '

=>             'Step 3: regress   U(y)  on catcol(U(x1),..,U(xk1) get b'

=>             'Step 4: regress  (y-x*b)  on z get g'

=>             ' '

=>             'Joint Estimation results' )$

Model is y = x*b  + z*g + u

x is n by k1.  z is n by k2.

Step 1: regress        y  on z get U(y)

Step 2: regress each   x  on z get U(x1) ,...,U(xk1)

Step 3: regress   U(y)  on catcol(U(x1),..,U(xk1) get b

Step 4: regress  (y-x*b)  on z get g

Joint Estimation results

=>  BIGX=CATCOL(X,Z)$

=>  CALL OLSQ(Y,BIGX :NOINT :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           Y

Centered R**2                             0.8303838095516703

Residual Sum of Squares                   1966.288590142657

Residual Variance                         0.9856083158609810

Sum Absolute Residuals                    1573.677084033102

1/Condition XPX                           0.8072471975503946

Maximum Absolute Residual                 3.624200540376546

Number of Observations                    2000

Variable   Lag    Coefficient         SE               t

Col____1     0     0.98830097          0.22054962E-01    44.810821

Col____2     0     0.94615923          0.22555048E-01    41.948890

Col____3     0     0.98074576          0.21838268E-01    44.909504

Col____4     0     0.97759731          0.22660348E-01    43.141319

Col____5     0     0.98715514          0.21562479E-01    45.781151

=>  TESTB=%COEF$

=>  CALL OLSQ(Y,Z    :NOINT :PRINT)$

Ordinary Least Squares Estimation

Dependent variable           Y

Centered R**2                             0.3543000160120725

Residual Sum of Squares                   7485.326181509350

Residual Variance                         3.746409500254930

Sum Absolute Residuals                    3092.910883619799

1/Condition XPX                           0.9394317066555341

Maximum Absolute Residual                 6.968356878159319

Number of Observations                    2000

Variable   Lag    Coefficient         SE               t

Col____1     0     0.99142121          0.44176953E-01    22.442046

Col____2     0      1.0208414          0.41952191E-01    24.333446

=>  UY=%RES$

=>  UX=MATRIX(N,K1:)$

=>  CALL ECHOOFF$

Ordinary Least Squares Estimation

Dependent variable           UY

Centered R**2                             0.7369285881435590

Residual Sum of Squares                   1966.288590142656

Residual Variance                         0.9846212269116956

Sum Absolute Residuals                    1573.677084033101

1/Condition XPX                           0.8863959167836487

Maximum Absolute Residual                 3.624200540376546

Number of Observations                    2000

Variable   Lag    Coefficient         SE               t

Col____1     0     0.98830097          0.22043916E-01    44.833277

Col____2     0     0.94615923          0.22543751E-01    41.969912

Col____3     0     0.98074576          0.21827329E-01    44.932009

Ordinary Least Squares Estimation

Dependent variable           Y_XB

Centered R**2                             0.6660134690079189

Residual Sum of Squares                   1966.288590142658

Residual Variance                         0.9841284234948235

Sum Absolute Residuals                    1573.677084033101

1/Condition XPX                           0.9394317066555341

Maximum Absolute Residual                 3.624200540376547

Number of Observations                    2000

Variable   Lag    Coefficient         SE               t

Col____1     0     0.97759731          0.22641960E-01    43.176355

Col____2     0     0.98715514          0.21501706E-01    45.910550

B34S Matrix Command Ending. Last Command reached.

Space available in allocator    2874655, peak  space  used      93441

Number variables used                51, peak number  used         52

Number temp variables used           65, # user temp clean          0

While only the results of steps 3 and 4 are need to obtain 
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 and 
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, the results of step 1 have been listed to show if in fact y is related to Z. The call to mars is commented out but illustrates where it might be placed to obtain a nonlinear model of the effect of Z on y. The mars procedure is discussed in Chapter 14 while the matrix command is discussed in Chapter 16. 

Section 2.2 outlined a number of outlier detection tests that can be performed to test whether one observation is unduely influencing the results. Table 2.10 shows a setup that uses the production function data that was discussed in Table 2.3, although the model has been reduced by removing the real money balances variables and time. The object it to compare B34S  and SAS  output and determine if there are any observations that need to be inspected. Both real*8 and real*16 paths are shown but only the real*8 path is turned on. The same job is run with sas and the results compared in tables of output.

Table 2.10 Implementation of an Influence Diagnostic Test for the Production Function Data
/; This job identifies that observation 19 seems to make a difference

%b34slet runsas=1;

%b34slet runr16=0;

b34sexec options ginclude('b34sdata.mac') member(res72);

         b34srun;

b34sexec matrix;

call loaddata;

call olsq(lnq lnl lnk :print :outlier );

       newt=afam(%coef)/afam(%se_jack)$

       call tabulate(%coef,%b_bias,%se,%se_jack,%t,newt)$

/; get SAS defits and std of error

%defits2=(afam(%yhat)-afam(%yhat_i))/dsqrt(afam(%resvari)*afam(%hi));

%std2_e =afam(%y-%yhat)/dsqrt(afam(%resvari)*afam(1.0-%hi));

call tabulate(%hi,%hi_i,%std_e,%std2_e,%e_i,%defits,%defits2,%e2_i,

                        %yhat_i,%resvari);

call print(%beta_i);

call graph(%hi,%hi_i :nolabel);

call graph(%std_e,%std2_e   :nolabel);

call graph(%defits %defits2 :nolabel);

call graph(%resvari         :nolabel);

call graph(%e_i %e2_i       :nolabel);

%b34sif(&runr16.eq.1)%then;

lnq=r8tor16(lnq);

lnl=r8tor16(lnl);

lnk=r8tor16(lnk);

call olsq(lnq lnl lnk :print :outlier :print);
       newt=afam(%coef)/afam(%se_jack)$

       call tabulate(%coef,%b_bias,%se,%se_jack,%t,newt)$

call tabulate(%hi,%hi_i,%std_e,%std2_e,%e_i,%defits,%defits2,%e2_i,

                        %yhat_i,%resvari);

call print(%beta_i);

%b34sendif;

b34srun;

%b34sif(&runsas.eq.1)%then;

b34sexec options open('testsas.sas') unit(29) disp=unknown$ b34srun$

b34sexec options clean(29) $ b34seend$

b34sexec pgmcall idata=29 icntrl=29$

  sas    $

* sas commands next ;

pgmcards$

proc reg; model lnq=lnk lnl/ influence; run;

b34sreturn$

b34srun $

b34sexec options close(29)$ b34srun$

b34sexec options dodos('start /w /r    sas testsas' )

                dounix('sas testsas' )

                        $ b34srun$

b34sexec options npageout noheader

 writeout('   ','output from sas',' ',' ')

 writelog('   ','output from sas',' ',' ')

 copyfout('testsas.lst')

 copyflog('testsas.log')

  dodos('erase testsas.sas','erase testsas.lst','erase testsas.log')

 dounix('rm    testsas.sas','rm    testsas.lst','rm    testsas.log')

               $ b34srun$

b34sexec options header$ b34srun$

%b34sendif;
The variables %defits2 and %std2_e have been created to replicate SAS output.

Edited output from running this script is shown next.

=>  CALL OLSQ(LNQ LNL LNK :PRINT :OUTLIER )$

 Ordinary Least Squares Estimation

 Dependent variable                     LNQ

 Centered R**2                          0.9946271561600134

 Adjusted R**2                          0.9943286648355697

 Residual Sum of Squares                4.338230430266966E-02

 Residual Variance                      1.205064008407490E-03

 Standard Error                         3.471403186619915E-02

 Total Sum of Squares                   8.074365381663048

 Log Likelihood                         77.28607059623012

 Mean of the Dependent Variable         5.687448882493469

 Std. Error of Dependent Variable       0.4609591082921007

 Sum Absolute Residuals                 0.9677875953635811

 F( 2,       36)                        3332.181121222556

 F Significance                         1.000000000000000

 1/Condition XPX                        8.100939808730943E-06

 Maximum Absolute Residual              0.1110909840115530

 Number of Observations                 39

 Variable   Lag    Coefficient         SE               t

 LNL          0      1.4507860          0.83228446E-01    17.431372

 LNK          0     0.38380813          0.48017824E-01    7.9930345

 CONSTANT     0     -3.9377145          0.23699929       -16.614879

 =>  NEWT=AFAM(%COEF)/AFAM(%SE_JACK)$

 =>  CALL TABULATE(%COEF,%B_BIAS,%SE,%SE_JACK,%T,NEWT)$

 Obs      %COEF       %B_BIAS     %SE         %SE_JACK    %T          NEWT

      1      1.451     -0.7344E-03  0.8323E-01  0.1008       17.43       14.39

      2     0.3838     -0.7892E-03  0.4802E-01  0.5815E-01   7.993       6.601

      3     -3.938      0.8254E-02  0.2370      0.2703      -16.61      -14.57

 =>  %DEFITS2=(AFAM(%YHAT)-AFAM(%YHAT_I))/DSQRT(AFAM(%RESVARI)*AFAM(%HI))$

 =>  %STD2_E =AFAM(%Y-%YHAT)/DSQRT(AFAM(%RESVARI)*AFAM(1.0-%HI))$

 =>  CALL TABULATE(%HI,%HI_I,%STD_E,%STD2_E,%E_I,%DEFITS,%DEFITS2,%E2_I,

 =>                          %YHAT_I,%RESVARI)$

 Obs      %HI         %HI_I       %STD_E      %STD2_E     %E_I        %DEFITS     %DEFITS2    %E2_I       %YHAT_I     %RESVARI

      1     0.4857E-01  0.5105E-01 -0.3760     -0.3710     -0.1337E-01 -0.8177E-01 -0.8383E-01 -0.3905       5.259      0.1235E-02

      2     0.6967E-01  0.7489E-01  -1.286      -1.294     -0.4614E-01 -0.3415     -0.3541      -1.395       5.194      0.1183E-02

      3     0.9247E-01  0.1019      -1.213      -1.215     -0.4398E-01 -0.3694     -0.3878      -1.346       5.114      0.1189E-02

      4     0.2009      0.2515     -0.4317     -0.4130     -0.1623E-01 -0.1851     -0.2071     -0.5340       4.926      0.1233E-02

      5     0.1853      0.2274     -0.9971     -0.9702     -0.3734E-01 -0.4176     -0.4626      -1.223       4.920      0.1207E-02

      6     0.1203      0.1368     -0.6178     -0.6066     -0.2265E-01 -0.2104     -0.2244     -0.6961       4.977      0.1227E-02

      7     0.8892E-01  0.9760E-01 -0.2410     -0.2367     -0.8723E-02 -0.7058E-01 -0.7394E-01 -0.2610       5.045      0.1238E-02

      8     0.6376E-01  0.6810E-01  0.3103      0.3056      0.1111E-01  0.7717E-01  0.7976E-01  0.3272       5.133      0.1236E-02

      9     0.6465E-01  0.6911E-01 -0.7672E-01 -0.7548E-01 -0.2747E-02 -0.1919E-01 -0.1984E-01 -0.8089E-01   5.212      0.1239E-02

     10     0.6731E-01  0.7217E-01   1.360       1.373      0.4875E-01  0.3561      0.3688       1.476       5.106      0.1176E-02

     11     0.5761E-01  0.6113E-01   1.467       1.489      0.5237E-01  0.3574      0.3681       1.583       5.187      0.1166E-02

     12     0.4856E-01  0.5104E-01   1.293       1.304      0.4596E-01  0.2873      0.2946       1.372       5.279      0.1182E-02

     13     0.4568E-01  0.4787E-01  0.5430      0.5370      0.1927E-01  0.1148      0.1175      0.5634       5.445      0.1229E-02

     14     0.4988E-01  0.5249E-01 -0.5145     -0.5085     -0.1830E-01 -0.1136     -0.1165     -0.5359       5.570      0.1230E-02

     15     0.4422E-01  0.4627E-01  0.3697E-01  0.3642E-01  0.1311E-02  0.7658E-02  0.7834E-02  0.3814E-01   5.625      0.1239E-02

     16     0.4827E-01  0.5072E-01   1.947       2.027      0.6920E-01  0.4453      0.4565       2.132       5.604      0.1109E-02

     17     0.4973E-01  0.5233E-01   3.287       3.867      0.1169      0.8623      0.8846       4.075       5.534      0.8684E-03

     18     0.1431      0.1670      0.4239      0.4131      0.1567E-01  0.1563      0.1688      0.4890       5.597      0.1233E-02

     19     0.1363      0.1578      -2.069      -2.142     -0.7631E-01 -0.7910     -0.8511      -2.512       5.711      0.1096E-02

     20     0.1109      0.1247      -1.818      -1.865     -0.6640E-01 -0.6209     -0.6585      -2.114       5.762      0.1127E-02

     21     0.6422E-01  0.6863E-01 -0.6136     -0.6067     -0.2197E-01 -0.1538     -0.1590     -0.6499       5.718      0.1227E-02

     22     0.5536E-01  0.5860E-01  0.3549E-01  0.3494E-01  0.1265E-02  0.8220E-02  0.8457E-02  0.3705E-01   5.794      0.1239E-02

     23     0.5615E-01  0.5949E-01 -0.7960     -0.7904     -0.2839E-01 -0.1873     -0.1928     -0.8389       5.890      0.1218E-02

     24     0.5021E-01  0.5287E-01 -0.9580     -0.9555     -0.3408E-01 -0.2141     -0.2197      -1.007       5.921      0.1208E-02

     25     0.4370E-01  0.4569E-01 -0.7006     -0.6948     -0.2484E-01 -0.1452     -0.1485     -0.7273       5.962      0.1223E-02

     26     0.3228E-01  0.3335E-01  0.3235      0.3193      0.1141E-01  0.5736E-01  0.5831E-01  0.3301       5.918      0.1236E-02

     27     0.3729E-01  0.3873E-01  0.4349      0.4296      0.1538E-01  0.8296E-01  0.8455E-01  0.4466       5.993      0.1233E-02

     28     0.4205E-01  0.4390E-01 -0.4463     -0.4409     -0.1582E-01 -0.9041E-01 -0.9238E-01 -0.4607       6.047      0.1233E-02

     29     0.4609E-01  0.4831E-01 -0.2938     -0.2897     -0.1043E-01 -0.6220E-01 -0.6368E-01 -0.3041       6.057      0.1237E-02

     30     0.5616E-01  0.5950E-01  0.4252      0.4196      0.1517E-01  0.9943E-01  0.1023      0.4453       6.021      0.1233E-02

     31     0.5879E-01  0.6247E-01  0.1038E-01  0.1022E-01  0.3708E-03  0.2478E-02  0.2554E-02  0.1088E-01   6.099      0.1239E-02

     32     0.6430E-01  0.6872E-01 -0.4148     -0.4090     -0.1485E-01 -0.1037     -0.1072     -0.4382       6.140      0.1234E-02

     33     0.7859E-01  0.8529E-01  0.1139      0.1119      0.4103E-02  0.3137E-01  0.3268E-01  0.1219       6.141      0.1239E-02

     34     0.8437E-01  0.9214E-01  0.3673      0.3613      0.1327E-01  0.1049      0.1097      0.3963       6.192      0.1235E-02

     35     0.8367E-01  0.9131E-01  0.7573      0.7495      0.2735E-01  0.2168      0.2265      0.8214       6.218      0.1220E-02

     36     0.9434E-01  0.1042      0.7033      0.6944      0.2552E-01  0.2133      0.2241      0.7710       6.274      0.1223E-02

     37     0.9712E-01  0.1076      0.5654      0.5567      0.2053E-01  0.1735      0.1826      0.6201       6.341      0.1229E-02

     38     0.1036      0.1155      0.1789E-01  0.1753E-01  0.6517E-03  0.5640E-02  0.5957E-02  0.1968E-01   6.422      0.1239E-02

     39     0.1156      0.1307     -0.9181     -0.9080     -0.3360E-01 -0.3087     -0.3283      -1.036       6.481      0.1211E-02

 =>  CALL PRINT(%BETA_I)$

 %BETA_I = Matrix of       39  by       3  elements

              1              2              3

     1    1.44956       0.383648       -3.93001

     2    1.43417       0.390048       -3.87754

     3    1.42983       0.392209       -3.86477

     4    1.43638       0.390365       -3.89168

     5    1.42006       0.397413       -3.83766

     6    1.43847       0.388560       -3.89402

     7    1.44756       0.384842       -3.92517

     8    1.45187       0.384118       -3.94529

     9    1.45122       0.383352       -3.93777

    10    1.45604       0.385063       -3.97316

    11    1.45138       0.387474       -3.95988

    12    1.44885       0.387815       -3.94784

    13    1.44653       0.387027       -3.93092

    14    1.45683       0.379926       -3.95091

    15    1.45039       0.384055       -3.93680

    16    1.42783       0.398148       -3.88555

    17    1.41388       0.408157       -3.86026

    18    1.43850       0.391238       -3.90809

    19    1.51042       0.348912       -4.08722

    20    1.49686       0.357421       -4.05577

    21    1.46099       0.377907       -3.96343

    22    1.45026       0.384095       -3.93632

    23    1.46243       0.377845       -3.97066

    24    1.46288       0.377917       -3.97328

    25    1.45745       0.380936       -3.95897

    26    1.45021       0.383742       -3.93460

    27    1.44996       0.383569       -3.93253

    28    1.45111       0.384490       -3.94235

    29    1.45005       0.384836       -3.93844

    30    1.45444       0.380878       -3.94358

    31    1.45085       0.383745       -3.93778

    32    1.44800       0.386481       -3.93526

    33    1.45204       0.382785       -3.93960

    34    1.45467       0.380492       -3.94290

    35    1.45781       0.377440       -3.94535

    36    1.45763       0.377475       -3.94452

    37    1.45480       0.379377       -3.93839

    38    1.45086       0.383692       -3.93756

    39    1.44684       0.390211       -3.94657

SAS results are shown next. 
                                        The REG Procedure

                                          Model: MODEL1

                            Dependent Variable: LNQ Natural Log Output

                                        Output Statistics

                                   Hat Diag       Cov            -----------DFBETAS-----------

        Obs   Residual   RStudent         H     Ratio    DFFITS  Intercept       LNK       LNL

          1    -0.0127    -0.3710    0.0486    1.1303   -0.0838    -0.0321    0.0033    0.0146

          2    -0.0429    -1.2938    0.0697    1.0167   -0.3541    -0.2563   -0.1312    0.2015

          3    -0.0399    -1.2149    0.0925    1.0593   -0.3878    -0.3098   -0.1761    0.2534

          4    -0.0130    -0.4130    0.2009    1.3421   -0.2071    -0.1920   -0.1350    0.1711

          5    -0.0304    -0.9702    0.1853    1.2334   -0.4626    -0.4218   -0.2831    0.3688

          6    -0.0199    -0.6066    0.1203    1.1989   -0.2244    -0.1827   -0.0981    0.1467

          7  -0.007947    -0.2367    0.0889    1.1887   -0.0739    -0.0523   -0.0213    0.0383

          8     0.0104     0.3056    0.0638    1.1530    0.0798     0.0316   -0.0064   -0.0128

          9  -0.002570    -0.0755    0.0646    1.1628   -0.0198     0.0002    0.0094   -0.0052

         10     0.0455     1.3727    0.0673    0.9969    0.3688     0.1514   -0.0265   -0.0639

         11     0.0493     1.4889    0.0576    0.9604    0.3681     0.0951   -0.0776   -0.0072

         12     0.0437     1.3039    0.0486    0.9920    0.2946     0.0431   -0.0843    0.0234

         13     0.0184     0.5370    0.0457    1.1125    0.1175    -0.0284   -0.0664    0.0506

         14    -0.0174    -0.5085    0.0499    1.1203   -0.1165     0.0551    0.0800   -0.0718

         15   0.001253     0.0364    0.0442    1.1384    0.0078    -0.0038   -0.0051    0.0047

         16     0.0659     2.0269    0.0483    0.8196    0.4565    -0.2294   -0.3113    0.2875

         17     0.1111     3.8671    0.0497    0.3939    0.8846    -0.3850   -0.5973    0.5223

         18     0.0134     0.4131    0.1431    1.2515    0.1688    -0.1235   -0.1529    0.1459

         19    -0.0659    -2.1422    0.1363    0.8706   -0.8511     0.6615    0.7621   -0.7514

         20    -0.0590    -1.8646    0.1109    0.9212   -0.6585     0.5150    0.5681   -0.5723

         21    -0.0206    -0.6067    0.0642    1.1269   -0.1590     0.1075    0.1218   -0.1216

         22   0.001195     0.0349    0.0554    1.1518    0.0085    -0.0058   -0.0059    0.0062

         23    -0.0268    -0.7904    0.0561    1.0933   -0.1928     0.1383    0.1235   -0.1392

         24    -0.0324    -0.9555    0.0502    1.0605   -0.2197     0.1499    0.1225   -0.1452

         25    -0.0238    -0.6948    0.0437    1.0921   -0.1485     0.0890    0.0594   -0.0795

         26     0.0110     0.3193    0.0323    1.1147    0.0583    -0.0130    0.0014    0.0068

         27     0.0148     0.4296    0.0373    1.1126    0.0846    -0.0216    0.0049    0.0098

         28    -0.0152    -0.4409    0.0421    1.1172   -0.0924     0.0193   -0.0140   -0.0039

         29  -0.009950    -0.2897    0.0461    1.1326   -0.0637     0.0030   -0.0211    0.0088

         30     0.0143     0.4196    0.0562    1.1357    0.1023     0.0245    0.0603   -0.0434

         31   0.000349     0.0102    0.0588    1.1562    0.0026     0.0003    0.0013   -0.0008

         32    -0.0139    -0.4090    0.0643    1.1464   -0.1072    -0.0102   -0.0550    0.0331

         33   0.003781     0.1119    0.0786    1.1797    0.0327     0.0079    0.0210   -0.0148

         34     0.0121     0.3613    0.0844    1.1753    0.1097     0.0216    0.0682   -0.0461

         35     0.0251     0.7495    0.0837    1.1322    0.2265     0.0320    0.1318   -0.0838

         36     0.0231     0.6944    0.0943    1.1532    0.2241     0.0285    0.1309   -0.0816

         37     0.0185     0.5567    0.0971    1.1738    0.1826     0.0028    0.0914   -0.0477

         38   0.000584     0.0175    0.1036    1.2139    0.0060    -0.0007    0.0024   -0.0008

         39    -0.0297    -0.9080    0.1156    1.1475   -0.3283     0.0373   -0.1330    0.0473
The B34S %HI, %STD2_E and %DEFITS2 variables match the SAS RStudent, H and DFITS variables. What can we learn from the results? Inspection of %STD2_E indicates that observation 16 (1944), 17 (1945) and 19 (1947) resulted in more than expected output in 1944  and 1945 of 291.1 and 284.5 and less than expected output of 279.9 in 1947 in the post war recession.
 A case can be made that observation 20 was also somewhat of an outlier.The influence diagnostic statistics clearly illustrate this, although inspection of 
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 is also appropriate. The B34S %BETA_I listing, unlike the sas list that present normalized coefficients, can be directly inspected to show what would have been the estimated coefficient vector had that observation been removed. Observation 16, 17 and 19 have inpact, especially on the LNL variable. For example dropping observation 18 gives a value of 1.43850 not far from the complete sample value of 1.4507860. However dropping observation 19 causes the estimated coefficient to increase to 1.51042 representing the effect of the post war recession on the estimated marginal physical product of labor.  A real question arises concerning what to do if a large outlier is detected. In cross section data, if the data point is found to have incorrect data or be "clearly" from another population, then a case can be made for dropping the data point and making a clear statement in the reported research that this has been done. In time series data its is usually not possible to drop an observation. Probably the best approach is to model before and after this data period. For example most macro models are estimated post WWII are pre WWII. The Klein-Goldburger (1955) model is an exception. Here the war years were dropped and various schemes were used to form lag values. This model has been studied by McCullough-Renfro-Stokes (2006). 


Davidson and MacKinnon (1993, 37-39) have developed an interesting small dataset that illustrates leverage effects. Table 2.11 shows an analysis:

Table 2.11 Davidson-MacKinnon Leverage  Analysis
/; Illustrates outlier effects

b34sexec data heading('Davidson-MacKinnon(1993) page 37');

input t x_1 y;

/; label x_1 = 'Corrected x ';

/; label x_2 = 'bad x ';

build x_2;

gen x_2=x_1;

gen if(t.eq.7)x_2=7.68;

datacards;

1  1.51  2.88

2  2.33  3.62

3  3.57  5.64

4  2.12  3.43

5  1.54  3.21

6  1.71  4.49

7  2.68  4.50

8  2.25  4.28

9  1.32  2.98

20 2.80  5.57

b34sreturn;

b34srun;

b34sexec matrix;

call loaddata;

call echooff;

call olsq(y x_1 :print :savex :outlier);

x1_mat=%x;

r1=qr(x1_mat,q_1);

h_1=diag(q_1*transpose(q_1));

res_1=%res;

hi_1=%hi;

hi_i_1=%hi_i;

call olsq(y x_2 :print :savex :outlier);

x2_mat=%x;

r2=qr(x2_mat,q_2);

h_2=diag(q_2*transpose(q_2));

res_2=%res;

hi_2=%hi;

hi_i_2=%hi_i;

effect_1=afam(res_1)*(afam(h_1)/(1.-afam(h_1)));

effect_2=afam(res_2)*(afam(h_2)/(1.-afam(h_2)));

call tabulate(y,x_1,x_2,res_1,h_1,effect_1,res_2,h_2,effect_2);

call print('Looking at h from two angles ':);

call tabulate(hi_1, hi_i_1, h_1,  hi_2, hi_i_2, h_2);

call print('  ':);

call print('Obtaining beta, yhat and res from QR Directly':);

yhat_2=q_2*transpose(q_2)*%y;

res_2b=to_vector(to_cmatrix(%y)-to_cmatrix(yhat_2));

call print('QR Beta  ',inv(r2)*transpose(q_2)*to_cmatrix(%y));

call tabulate(%yhat,%res,yhat_2,res_2b);

b34srun;

The correct dataset is listed in the setup. The alternative  dataset replaces the 7th observation of X1 (2.68) with 7.68.  This "small" change causes the coefficient vector to change from [1.390, 1.223] to [3.420, .238] and the 
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 to fall from .7278 to .1996. The goal is to attempt detect this problem.  Edited output from running the code in Table 2.11 follows:
Variable      # Cases       Mean           Std Deviation       Variance          Maximum           Minimum

T         1        10   6.500000000       5.400617249       29.16666667       20.00000000       1.000000000

X_1       2        10   2.183000000      0.7005085454      0.4907122222       3.570000000       1.320000000

Y         3        10   4.060000000       1.004169087       1.008355556       5.640000000       2.880000000

X_2       4        10   2.683000000       1.882268430       3.542934444       7.680000000       1.320000000

CONSTANT  5        10   1.000000000       0.000000000       0.000000000       1.000000000       1.000000000

Number of observations in data file   10

Current missing variable code         1.000000000000000E+31

B34S(r) Matrix Command. d/m/y 15/ 8/06. h:m:s 14:35:54.

=>  CALL LOADDATA$

=>  CALL ECHOOFF$

Ordinary Least Squares Estimation

Dependent variable                     Y

Centered R**2                          0.7277910038360138

Adjusted R**2                          0.6937648793155156

Residual Sum of Squares                2.470351081987408

Residual Variance                      0.3087938852484260

Standard Error                         0.5556922576826367

Total Sum of Squares                   9.075200000000001

Log Likelihood                         -7.198261262054563

Mean of the Dependent Variable         4.060000000000000

Std. Error of Dependent Variable       1.004169087134012

Sum Absolute Residuals                 3.803929300042341

F( 1,        8)                        21.38918299078029

F Significance                         0.9983005690071678

1/Condition XPX                        9.759132613132472E-03

Maximum Absolute Residual              1.008439433838797

Number of Observations                 10

Variable   Lag    Coefficient         SE               t

X_1          0      1.2229164          0.26442326        4.6248441

CONSTANT     0      1.3903736          0.60339105        2.3042662

Ordinary Least Squares Estimation

Dependent variable                     Y

Centered R**2                          0.1996494907842431

Adjusted R**2                          9.960567713227349E-02

Residual Sum of Squares                7.263340941234837

Residual Variance                      0.9079176176543546

Standard Error                         0.9528471113743037

Total Sum of Squares                   9.075200000000001

Log Likelihood                         -12.59065940571285

Mean of the Dependent Variable         4.060000000000000

Std. Error of Dependent Variable       1.004169087134012

Sum Absolute Residuals                 7.671652920476152

F( 1,        8)                        1.995620553598443

F Significance                         0.8045450837627384

1/Condition XPX                        2.216551101943893E-02

Maximum Absolute Residual              1.482110209333694

Number of Observations                 10

Variable   Lag    Coefficient         SE               t

X_2          0     0.23837428          0.16874092        1.4126643

CONSTANT     0      3.4204418          0.54383630        6.2894695

The "correct" dataset produces a significant X variable (t=4.62) that is no longer the case when the one observation is changed (t=1.41). The leverage variable H_1 
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 for the correct equation is changed markedly for the "uncorrect" model as the value for the 7th observation increases from .1559 to .8831 in series H_2. Davidson and MacKinnon (1993) stress that these leverage effects must be adjusted to take in account the error for that observation. EFFECT_i =
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 and for the 7th observation increases from a small -.031 to a large -5.674. The residuals for the 3rd and 10th observations for the "uncorrect" model were relatively large at 1.369 and 1.482 respectively but those observations did not have a big effect on the estimated coefficients in comparison to the 7th observation since their EFFECT_i was small. This example highlights the importance of looking at 
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 as a diagnostic tool.
Obs      Y           X_1         X_2         RES_1       H_1         EFFECT_1    RES_2       H_2         EFFECT_2

     1      2.880       1.510       1.510     -0.3570      0.2026     -0.9067E-01 -0.9004      0.1432     -0.1504

     2      3.620       2.330       2.330     -0.6198      0.1049     -0.7263E-01 -0.3559      0.1039     -0.4126E-01

     3      5.640       3.570       3.570     -0.1162      0.5356     -0.1340       1.369      0.1247      0.1949

     4      3.430       2.120       2.120     -0.5530      0.1009     -0.6205E-01 -0.4958      0.1099     -0.6124E-01

     5      3.210       1.540       1.540     -0.6366E-01  0.1936     -0.1529E-01 -0.5775      0.1410     -0.9478E-01

     6      4.490       1.710       1.710       1.008      0.1507      0.1789      0.6619      0.1297      0.9864E-01

     7      4.500       2.680       7.680     -0.1678      0.1559     -0.3100E-01 -0.7512      0.8831      -5.674

     8      4.280       2.250       2.250      0.1381      0.1010      0.1551E-01  0.3232      0.1059      0.3827E-01

     9      2.980       1.320       1.320     -0.2462E-01  0.2686     -0.9044E-02 -0.7551      0.1583     -0.1420

    10      5.570       2.800       2.800      0.7555      0.1862      0.1729       1.482      0.1004      0.1655

This output illustrates the alternative ways to obtain 
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 the most straight forward being 
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Looking at h from two angles

Obs      HI_1        HI_I_1      H_1         HI_2        HI_I_2      H_2

     1     0.2026      0.2540      0.2026      0.1432      0.1671      0.1432

     2     0.1049      0.1172      0.1049      0.1039      0.1160      0.1039

     3     0.5356       1.153      0.5356      0.1247      0.1424      0.1247

     4     0.1009      0.1122      0.1009      0.1099      0.1235      0.1099

     5     0.1936      0.2401      0.1936      0.1410      0.1641      0.1410

     6     0.1507      0.1774      0.1507      0.1297      0.1490      0.1297

     7     0.1559      0.1847      0.1559      0.8831       7.554      0.8831

     8     0.1010      0.1124      0.1010      0.1059      0.1184      0.1059

     9     0.2686      0.3673      0.2686      0.1583      0.1880      0.1583

    10     0.1862      0.2288      0.1862      0.1004      0.1116      0.1004

Obtaining beta, yhat and res from QR Directly

          QR Beta

          Matrix of        2  by       1  elements

             1

    1   0.238374

    2    3.42044

Obs      %YHAT       %RES        YHAT_2      RES_2B

     1      3.780     -0.9004       3.780     -0.9004

     2      3.976     -0.3559       3.976     -0.3559

     3      4.271       1.369       4.271       1.369

     4      3.926     -0.4958       3.926     -0.4958

     5      3.788     -0.5775       3.788     -0.5775

     6      3.828      0.6619       3.828      0.6619

     7      5.251     -0.7512       5.251     -0.7512

     8      3.957      0.3232       3.957      0.3232

     9      3.735     -0.7551       3.735     -0.7551

    10      4.088       1.482       4.088       1.482

The setup  listed in Table 2.11 when run illustrates a number of heteroskedasticity tests discussed in section 2.2 and in Greene (2000, 510-511).
Table 2.12 Heteroskedasticity Tests

_____________________________________________________________________________________

/;

/; Example From Greene (Edition 4) page 510

/; Example From Greene (Edition 5) page 224-225

/;

b34sexec options ginclude('greene.mac') member(a5_1);

b34srun;

b34sexec matrix;

call loaddata;

call load(g_quandt  :staging);

call load(b_g_test );

call load(het_test :staging);

call echooff;

mmm =(exp .gt. 0.0);

call olsq(exp age ownrent income incomesq

:sample mmm :print :savex);

resfull=%res;

/; call print(%y,%x);

/; Parameters for het_test

n1=36;

n2=37;

gqprint1=0;

gqprint2=1;

isort1=3;

isort2=3;

/; subroutine het_test(res,y,x,names,lag,bp1,bp2,bp3,

/;                   white1,white2,white3,

/;                   isort1,isort2,n1,n2,gqprint1,gqprint2);

/;

/;    res      =>  Residual vector usually %res

/;    y        =>  left hand side  usually %y

/;    x        =>  x matrix                %x

/;    names    =>  Used for Goldfeld-Quandt test

/;    lags     =>  Used for Goldfeld-Quandt test

/;    bp1      =>  1  do t    variant of Breusch Pagan Test

/;    bp2      =>  1  do x    variant of Breusch-Pagan Test

/;    bp3      =>  1  do x**2 variant of Breusch-Pagan Test

/;    white1   =>  1  do t    variant of White Test

/;    white2   =>  1  do x    variant of White Test

/;    white3   =>  1  do x**2 variant of White Test

/;    isort1   =>  Beginning col to sort for Goldfeld-Quandt test

/;    isort2   =>  End       col to sort for Goldfeld-Quandt test

/;                 if isort1 or isort2 = 0 => no sorting is done.

/;    n1       =>  last  obs for top of Goldfeld-Quandt test

/;    n2       =>  first obs for top of Goldfeld-Quandt test

/;    gqprint1 =>  print regressions for Goldfled-Quandt test

/;    gqprint  =>  print results of Goldfeld-Quandt test

/;

/; Breusch-Pagan (1979) Test Three variants - Hetroscedasticity

/; White Test                Three variants - Hetroscedasticity

/; Goldfeld-Quandt(1965)     Requires sort index

/;

/; Routine built December 2005. Arguments subject to change

/; This gets X

call print('Tests run on all variables on right':);

call print('This gets the Greene Goldfield Quandt value':);

call print('+++++++++++++++++++++++++++++++++++++++++++':);

call het_test(resfull,%y,%x,%names,%lag,1,1,0,1,1,0,isort1,isort2,

n1,n2,gqprint1,gqprint2);

call print('These tests restrict X as per Greene ':);

call print('Will obtain Greene Breusch-Pagan Value':);

call print('Note effect on Goldfield-Quandt and Koenker-Bassett':);

call print('+++++++++++++++++++++++++++++++++++++':);

call olsq(exp income incomesq

:sample mmm :print :savex);

isort1=1;

isort2=1;

call het_test(resfull,%y,%x,%names,%lag,1,1,0,1,1,0,isort1,isort2,

n1,n2,gqprint1,gqprint2);

b34srun;
Edited output produces

Variable    Label                                      # Cases      Mean        Std. Dev.    Variance      Maximum       Minimum

 DEROGS    1 # of derogatory reports                        100  0.360000       1.01025       1.02061       7.00000       0.00000

 CARD      2 0-1 where 1 => credit card accepted            100  0.730000      0.446196      0.199091       1.00000       0.00000

 AGE       3 Age in years+ 12ths of a year                  100   32.0800       7.82857       61.2865       55.0000       20.0000

 INCOME    4 Income, divided by 10,000                      100   3.36930       1.62901       2.65368       10.0000       1.50000

 EXP       5 Average monthly credit card expenditure        100   189.023       294.245       86579.9       1898.03       0.00000

 OWNRENT   6 individual owns (1) or rents (0) home          100  0.360000      0.482418      0.232727       1.00000       0.00000

 SELFEMPL  7 self employed (1=yes, 0=no)                    100  0.500000E-01  0.219043      0.479798E-01   1.00000       0.00000

 INCOMESQ  8 income*income                                  100   13.9793       16.4868       271.815       100.000       2.25000

 CONSTANT  9                                                100   1.00000       0.00000       0.00000       1.00000       1.00000

 Number of observations in data file   100

 Current missing variable code         1.000000000000000E+31

 B34S(r) Matrix Command. d/m/y 22/ 1/06. h:m:s 15:11:25.

 =>  CALL LOADDATA$

 =>  CALL LOAD(G_QUANDT  :STAGING)$

 =>  CALL LOAD(B_G_TEST )$

 =>  CALL LOAD(HET_TEST :STAGING)$

 =>  CALL ECHOOFF$

 Ordinary Least Squares Estimation

 Dependent variable                     EXP

 Centered R**2                          0.2435779168219412

 Adjusted R**2                          0.1984183894680272

 Residual Sum of Squares                5432562.033154324

 Residual Variance                      81083.01542021379

 Standard Error                         284.7507952933825

 Total Sum of Squares                   7181918.870387500

 Log Likelihood                         -506.4887648641374

 Mean of the Dependent Variable         262.5320833333333

 Std. Error of Dependent Variable       318.0468313108404

 Sum Absolute Residuals                 11854.95082096249

 F( 4,       67)                        5.393721570932925

 F Significance                         0.9992047759219321

 1/Condition XPX                        1.540948363697770E-05

 Maximum Absolute Residual              1460.619751044596

 Number of Observations                 72

 Number of Observations Dropped         28

 Variable   Lag    Coefficient         SE               t

 AGE          0     -3.0818140           5.5147165      -0.55883453

 OWNRENT      0      27.940908           82.922324       0.33695279

 INCOME       0      234.34703           80.365950        2.9159990

 INCOMESQ     0     -14.996844           7.4693370       -2.0077879

 CONSTANT     0     -237.14651           199.35166       -1.1895888

 Tests run on all variables on right

 This gets the Greene Goldfield Quandt value

 +++++++++++++++++++++++++++++++++++++++++++

 Breusch-Pagan Het. test using t     0.1256        Chi-Sq    1.  Probability   0.2770

 Breusch-Pagan Het. test using X      49.06        Chi-Sq    4.  Probability    1.000

 White (1980) Het.  test using t     0.1854E-01    Chi-Sq    1.  Probability   0.1083

 White (1980) Het.  test using X      7.241        Chi-Sq    4.  Probability   0.8763

 Same as Rats version of Koenker-Bassett (1982) Breusch-Pagan Test

 Data sorted by   INCOME

 Goldfeld-Quandt (1965) Heteroscedasticity Test    15.001290     Probability    1.000

 These tests restrict X as per Greene

 Will obtain Greene Breusch-Pagan Value

 Note effect on Goldfield-Quandt and Koenker-Bassett

 +++++++++++++++++++++++++++++++++++++

 Ordinary Least Squares Estimation

 Dependent variable                     EXP

 Centered R**2                          0.2397022874800996

 Adjusted R**2                          0.2176646726244503

 Residual Sum of Squares                5460396.488659124

 Residual Variance                      79136.18099505977

 Standard Error                         281.3115372590676

 Total Sum of Squares                   7181918.870387500

 Log Likelihood                         -506.6727447401435

 Mean of the Dependent Variable         262.5320833333333

 Std. Error of Dependent Variable       318.0468313108404

 Sum Absolute Residuals                 11987.05833487639

 F( 2,       69)                        10.87696146112892

 F Significance                         0.9999216683828567

 1/Condition XPX                        5.754973486218838E-05

 Maximum Absolute Residual              1447.334548926974

 Number of Observations                 72

 Number of Observations Dropped         28

 Variable   Lag    Coefficient         SE               t

 INCOME       0      225.65551           74.602867        3.0247565

 INCOMESQ     0     -14.249235           7.1852925       -1.9831113

 CONSTANT     0     -304.14861           160.70962       -1.8925352

 Breusch-Pagan Het. test using t     0.1256        Chi-Sq    1.  Probability   0.2770

 Breusch-Pagan Het. test using X      41.92        Chi-Sq    2.  Probability    1.000

 White (1980) Het.  test using t     0.1854E-01    Chi-Sq    1.  Probability   0.1083

 White (1980) Het.  test using X      6.187        Chi-Sq    2.  Probability   0.9547

 Same as Rats version of Koenker-Bassett (1982) Breusch-Pagan Test

 Data sorted by   INCOME

 Goldfeld-Quandt (1965) Heteroscedasticity Test    12.450826     Probability    1.000

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator    8856609, peak  space  used      20166

 Number variables used                58, peak number  used        181

 Number temp variables used          610, # user temp clean          0
Note that the Goldfield-Quandt test uses data sorted against INCOME and produces an answer 15.0012 that agrees with Greene. Note that the Greene test case restricts the Z matrix. If the full Z is used, the test statistic becomes 12.45.  Greene reports a customized White test which has not been used. However the three White variants have been estimated for the full and subset model. Note that the "t" form of the White test  of 6.187 for the Z containing the constant, income and income squared gets the Greene test value of 6.1869 and is in fact the Koenker-Bassett variant of the Breusch-Pagen test than does not require normality. The reported Breusch-Pagan test for the "x" variant exactly matches the Greene test value of 41.92 as shown in Greene (2012, 277).

The setup for the Glesjer test for the same problem is:

b34sexec options ginclude('greene.mac') member(a5_1);

b34srun;

b34sexec matrix;

call loaddata;

call load(g_quandt  :staging);

call load(b_g_test );

call load(het_test  :staging);

call load(wald      :staging);

call load(glesjer   :staging);

call echooff;

mmm =(exp .gt. 0.0);

call olsq(exp age ownrent income incomesq

:sample mmm :print :savex);

/; Glesjer (1969) test  See Greene(4th) Page 511

iprint1=0;

iprint2=1;

/; As per Greene we take only income and incomesq and run the test.

/; Note that %x has the sub sample data.

xdata=catcol(%x(,3),%x(,4));

call glesjer(%res,xdata,glesjer,prob,typetest,iprint1,iprint2);

b34srun;

produces edited values of

 Ordinary Least Squares Estimation

 Dependent variable                     EXP

 Centered R**2                          0.2435779168219412

 Adjusted R**2                          0.1984183894680272

 Residual Sum of Squares                5432562.033154324

 Residual Variance                      81083.01542021379

 Standard Error                         284.7507952933825

 Total Sum of Squares                   7181918.870387500

 Log Likelihood                         -506.4887648641374

 Mean of the Dependent Variable         262.5320833333333

 Std. Error of Dependent Variable       318.0468313108404

 Sum Absolute Residuals                 11854.95082096249

 F( 4,       67)                        5.393721570932925

 F Significance                         0.9992047759219321

 1/Condition XPX                        1.540948363697770E-05

 Maximum Absolute Residual              1460.619751044596

 Number of Observations                 72

 Number of Observations Dropped         28

 Variable   Lag    Coefficient         SE               t

 AGE          0     -3.0818140           5.5147165      -0.55883453

 OWNRENT      0      27.940908           82.922324       0.33695279

 INCOME       0      234.34703           80.365950        2.9159990

 INCOMESQ     0     -14.996844           7.4693370       -2.0077879

 CONSTANT     0     -237.14651           199.35166       -1.1895888

 Glesjer (1969) Heteroscedasticity Test using RES**2.     Variance-Covariance Matrix  OLS.

 Wald F(2,*) Test on Restrictions   3.2432273     Chi-Squared(2) Value   10.52    Probability     0.9549

 Glesjer (1969) Heteroscedasticity Test using RES**2.     Variance-Covariance Matrix  White.

 Wald F(2,*) Test on Restrictions   1.7881596     Chi-Squared(2) Value   3.198    Probability     0.8251

 Glesjer (1969) Heteroscedasticity Test using RES**2.     Variance-Covariance Matrix  White Variant 1.

 Wald F(2,*) Test on Restrictions   1.7136530     Chi-Squared(2) Value   2.937    Probability     0.8122

 Glesjer (1969) Heteroscedasticity Test using RES**2.     Variance-Covariance Matrix  White Variant 2.

 Wald F(2,*) Test on Restrictions   1.7096177     Chi-Squared(2) Value   2.923    Probability     0.8115

 Glesjer (1969) Heteroscedasticity Test using RES**2.     Variance-Covariance Matrix  Variant 3.

 Wald F(2,*) Test on Restrictions   1.6323235     Chi-Squared(2) Value   2.664    Probability     0.7971

 Glesjer (1969) Heteroscedasticity Test using |RES|.      Variance-Covariance Matrix  OLS.

 Wald F(2,*) Test on Restrictions   6.9345987     Chi-Squared(2) Value   48.09    Probability     0.9982

 Glesjer (1969) Heteroscedasticity Test using |RES|.      Variance-Covariance Matrix  White.

 Wald F(2,*) Test on Restrictions   6.6528322     Chi-Squared(2) Value   44.26    Probability     0.9977

 Glesjer (1969) Heteroscedasticity Test using |RES|.      Variance-Covariance Matrix  White Variant 1.

 Wald F(2,*) Test on Restrictions   6.3756308     Chi-Squared(2) Value   40.65    Probability     0.9971

 Glesjer (1969) Heteroscedasticity Test using |RES|.      Variance-Covariance Matrix  White Variant 2.

 Wald F(2,*) Test on Restrictions   6.0378804     Chi-Squared(2) Value   36.46    Probability     0.9962

 Glesjer (1969) Heteroscedasticity Test using |RES|.      Variance-Covariance Matrix  Varient 3.

 Wald F(2,*) Test on Restrictions   5.3704101     Chi-Squared(2) Value   28.84    Probability     0.9932

 Glesjer (1969) Heteroscedasticity Test using log(|RES|). Variance-Covariance Matrix  OLS.

 Wald F(2,*) Test on Restrictions   12.067695     Chi-Squared(2) Value   145.6    Probability      1.000

 Glesjer (1969) Heteroscedasticity Test using log(|RES|). Variance-Covariance Matrix  White.

 Wald F(2,*) Test on Restrictions   9.6132822     Chi-Squared(2) Value   92.42    Probability     0.9998

 Glesjer (1969) Heteroscedasticity Test using log(|RES|). Variance-Covariance Matrix  White variant 1.

 Wald F(2,*) Test on Restrictions   9.2127287     Chi-Squared(2) Value   84.87    Probability     0.9997

 Glesjer (1969) Heteroscedasticity Test using log(|RES|). Variance-Covariance Matrix  White variant 2.

 Wald F(2,*) Test on Restrictions   7.9767539     Chi-Squared(2) Value   63.63    Probability     0.9992

 Glesjer (1969) Heteroscedasticity Test using log(|RES|). Variance-Covariance Matrix  White variant 3.

 Wald F(2,*) Test on Restrictions   6.8887768     Chi-Squared(2) Value   47.46    Probability     0.9981

 B34S Matrix Command Ending. Last Command reached.

 Space available in allocator    8856861, peak  space  used      18104

 Number variables used               131, peak number  used        140

 Number temp variables used         1084, # user temp clean          0

and for the OLS covariance matrix produces answers that match Greene's test values of 3.2432, 6.9346 and 12.0677. In addition to these values, answers for the various White covariance matrix solutions are shown. For the left hand side 
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 forms of the test, both the OLS and White estimates of the covariance produce significant results indicating heteroskedasticity.

The below listed setup implements a number of variants of the Breusch-Godfrey test for serial correlation discussed in section 2.2.

/;

/; Test Case From Greene (2000) page 541

/; See Discussion in Greene (2004) page 269 concerning if the

/; 0.0 should be placed in the data matrix OR obs dropped.

/; See also Grewene (2012, 922)

b34sexec options ginclude('greene.mac') member(a13_1);

b34srun;

b34sexec matrix;

call loaddata;

call load(b_g_test);

call echooff;

call olsq(realnvst realgnp realint :print :savex);

call print(' ':);

do iorder=1,4;

call B_G_test(iorder,%x,%res,gbtest,gbprob,1,0);

enddo;

call print('Greene(2000) page 541 gives lag (4) gets',12.068:);

b34srun;

/; Test Case From Greene (2000) page 541

/; See Discussion in Greene (2004) page 269 concerning if the

/; 0.0 should be placed in the data matrix OR obs dropped.

/;

/; Shows RATS Variant

/;

b34sexec matrix;

call loaddata;

call load(b_g_alt);

call echooff;

call olsq(realnvst realgnp realint :print :savex);

call print(' ':);

do iorder=1,4;

call B_G_alt(iorder,%x,%res,gbtest,gbprob,1,0);

enddo;

b34srun;

b34sexec options open('statdata.do') unit(28) disp=unknown$ b34srun$

b34sexec options clean(28)$ b34srun$

b34sexec options open('stata.do') unit(29) disp=unknown$ b34srun$

b34sexec options clean(29)$ b34srun$

b34sexec options clean(29)$ b34srun$

b34sexec pgmcall idata=28 icntrl=29$

         stata$

pgmcards$

//       uncomment if do not use /e

//       log using stata.log, text

describe

tsset year

regress realnvst realgnp realint

estat bgodfrey,       lags(1/4)

estat bgodfrey, small lags(1/4)

b34sreturn$

b34seend$

b34sexec options close(28); b34srun;

b34sexec options close(29); b34srun;

b34sexec options

         dodos('stata /e do stata.do');

         b34srun;

b34sexec options npageout

    writeout('output from stata',' ',' ')

    copyfout('stata.log')

    dodos('erase stata.do','erase stata.log','erase statdata.do') $

    b34srun$

Edited output produces Breusch-Godfrey tests for serial correlation for lags 1-4 using both approaches to the test. See Greene (2012, 922). B34S and Stata results are shown.  
Variable    Label                                      # Cases      Mean        Std. Dev.    Variance      Maximum       Minimum

YEAR      1                                                 19   1973.00       5.62731       31.6667       1982.00       1964.00

GNP       2 Output                                          19   1533.93       784.159       614905.       3073.00       637.700

INVEST    3 Investment                                      19   241.847       123.580       15272.1       474.900       97.4000

PRICE     4 Price level                                     19   1.19633      0.424176      0.179925       2.06880      0.727700

INTEREST  5 Interest Rate                                   19   6.74053       2.86091       8.18482       13.4200       3.55000

DP        6                                                 19   5.76480       2.45291       6.01679       9.37115       1.53481

REALINT   7                                                 19  0.975726       1.76184       3.10406       5.00381      -3.05657

REALGNP   8                                                 19   1217.58       202.920       41176.5       1513.84       876.323

REALNVST  9                                                 19   192.426       37.6275       1415.83       258.842       133.846

CONSTANT 10                                                 19   1.00000       0.00000       0.00000       1.00000       1.00000

Number of observations in data file   19

Current missing variable code         1.000000000000000E+31

Data begins on (D:M:Y)  1: 1:1964  ends  1: 1:1982.   Frequency is      1

B34S  Matrix Command. d/m/y  9/10/12. h:m:s 11: 6:48.

=>  CALL LOADDATA$

=>  CALL LOAD(B_G_TEST)$

=>  CALL ECHOOFF$

Ordinary Least Squares Estimation

Dependent variable                     REALNVST

Centered R**2                          0.8140619156302904

Adjusted R**2                          0.7908196550840767

Residual Sum of Squares                4738.626168575964

Residual Variance                      296.1641355359977

Standard Error                         17.20941996512369

Total Sum of Squares                   25484.96820669577

Log Likelihood                         -79.39093590964359

Mean of the Dependent Variable         192.4258285051228

Std. Error of Dependent Variable       37.62753735017286

Sum Absolute Residuals                 225.7636927557699

F( 2,       16)                        35.02507486359393

F Significance                         0.9999985712810057

1/Condition XPX                        1.661018572754439E-08

Maximum Absolute Residual              34.98733299196979

Number of Observations                 19

Variable   Lag    Coefficient         SE               t

REALGNP      0     0.16913645          0.20566451E-01    8.2239009

REALINT      0     -1.0014380           2.3687491      -0.42277082

CONSTANT     0     -12.533601           24.915269      -0.50304898

Breusch- Godfrey(1978) Test using 0.0     1.2816308      DF    1   Probability   0.7424

Breusch- Godfrey(1978) Test using 0.0     3.9418040      DF    2   Probability   0.8607

Breusch- Godfrey(1978) Test using 0.0     10.361581      DF    3   Probability   0.9843

Breusch- Godfrey(1978) Test using 0.0     12.069677      DF    4   Probability   0.9832

Greene(2000) page 541 gives lag (4) gets  12.06800000000000

B34S Matrix Command Ending. Last Command reached.

Space available in allocator   99856907, peak  space  used       7002

Number variables used                58, peak number  used        106

Number temp variables used          269, # user temp clean          0

B34S  Matrix Command. d/m/y  9/10/12. h:m:s 11: 6:48.

=>  CALL LOADDATA$

=>  CALL LOAD(B_G_ALT)$

=>  CALL ECHOOFF$

Ordinary Least Squares Estimation

Dependent variable                     REALNVST

Centered R**2                          0.8140619156302904

Adjusted R**2                          0.7908196550840767

Residual Sum of Squares                4738.626168575964

Residual Variance                      296.1641355359977

Standard Error                         17.20941996512369

Total Sum of Squares                   25484.96820669577

Log Likelihood                         -79.39093590964359

Mean of the Dependent Variable         192.4258285051228

Std. Error of Dependent Variable       37.62753735017286

Sum Absolute Residuals                 225.7636927557699

F( 2,       16)                        35.02507486359393

F Significance                         0.9999985712810057

1/Condition XPX                        1.661018572754439E-08

Maximum Absolute Residual              34.98733299196979

Number of Observations                 19

Variable   Lag    Coefficient         SE               t

REALGNP      0     0.16913645          0.20566451E-01    8.2239009

REALINT      0     -1.0014380           2.3687491      -0.42277082

CONSTANT     0     -12.533601           24.915269      -0.50304898

Breusch-Godfrey(1978) Test dropping 0.0   1.2141214      DF    1   Probability   0.7295

Breusch-Godfrey(1978) Test dropping 0.0   3.6298926      DF    2   Probability   0.8372

Breusch-Godfrey(1978) Test dropping 0.0   8.9546681      DF    3   Probability   0.9701

Breusch-Godfrey(1978) Test dropping 0.0   9.8468648      DF    4   Probability   0.9569

B34S Matrix Command Ending. Last Command reached.

Space available in allocator   99856916, peak  space  used       7304

Number variables used                58, peak number  used        107

Number temp variables used          325, # user temp clean          0

output from stata

  ___  ____  ____  ____  ____ (R)

 /__    /   ____/   /   ____/

___/   /   /___/   /   /___/   12.1   Copyright 1985-2011 StataCorp LP

  Statistics/Data Analysis            StataCorp

                                      4905 Lakeway Drive

                                      College Station, Texas 77845 USA

                                      800-STATA-PC        http://www.stata.com

                                      979-696-4600        stata@stata.com

                                      979-696-4601 (fax)

Single-user Stata perpetual license:

       Serial number:  3012042652

         Licensed to:  Houston H. Stokes

                       U of Illinois

Notes:

      1.  Stata running in batch mode

. do stata.do

. * File built by B34S  on  9/10/12  at  11: 6:48

.  run  statdata.do

. describe

Contains data

  obs:            19

 vars:            10

 size:         1,520

-------------------------------------------------------------------------------------------------------------------------

              storage  display     value

variable name   type   format      label      variable label

-------------------------------------------------------------------------------------------------------------------------

year            double %10.0g

gnp             double %10.0g                 Output

invest          double %10.0g                 Investment

price           double %10.0g                 Price level

interest        double %10.0g                 Interest Rate

dp              double %10.0g

realint         double %10.0g

realgnp         double %10.0g

realnvst        double %10.0g

constant        double %10.0g

-------------------------------------------------------------------------------------------------------------------------

Sorted by:

     Note:  dataset has changed since last saved

. tsset year

        time variable:  year, 1964 to 1982

                delta:  1 unit

. regress realnvst realgnp realint

      Source |       SS       df       MS              Number of obs =      19

-------------+------------------------------           F(  2,    16) =   35.03

       Model |   20746.342     2   10373.171           Prob > F      =  0.0000

    Residual |  4738.62617    16  296.164136           R-squared     =  0.8141

-------------+------------------------------           Adj R-squared =  0.7908

       Total |  25484.9682    18  1415.83157           Root MSE      =  17.209

------------------------------------------------------------------------------

    realnvst |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

-------------+----------------------------------------------------------------

     realgnp |   .1691365   .0205665     8.22   0.000     .1255375    .2127354

     realint |  -1.001438   2.368749    -0.42   0.678    -6.022962    4.020086

       _cons |   -12.5336   24.91527    -0.50   0.622    -65.35161    40.28441

------------------------------------------------------------------------------

. estat bgodfrey,       lags(1/4)

Breusch-Godfrey LM test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          1.282               1                   0.2576

       2     |          3.942               2                   0.1393

       3     |         10.362               3                   0.0157

       4     |         12.070               4                   0.0168

---------------------------------------------------------------------------

                        H0: no serial correlation

. estat bgodfrey, small lags(1/4)

Breusch-Godfrey LM test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          F                  df                 Prob > F

-------------+-------------------------------------------------------------

       1     |        1.282           (  1,   15 )              0.2754

       2     |        1.971           (  2,   14 )              0.1761

       3     |        3.454           (  3,   13 )              0.0483

       4     |        3.017           (  4,   12 )              0.0616

---------------------------------------------------------------------------

                        H0: no serial correlation

.

end of do-file
Greene's test case is used and his test value for a lag 4 test of 12.068 is replicated as 12.069677 which is significant at the .9832 level. Using the alternative formula that drops the  missing lagged error terms in place of setting them to 0.0,  produces a statistic of   9.8468648  which is significant at the somewhat lower value of  0.9569.  For the use of other alternative serial correlations tests, see  the discussion in chapter 7.  Note that Stata does not use the Rats convention discussed in Greene.  However, Stata does allow for a small sample correction. The serial correlation test Box-Pierce (1970) and Ljung-Box (1979) variant, which are discussed in Chapter 7, involve tests on simple correlations. Thus, as noted in Greene (2012, 923),  they are not as powerful as the Breusch-Godfrey (1978) test that involves partial correlations, when the null hypothesis of no serial correlation is false. 

The LTS (least trimmed squares) procedure as suggested by Faraway (2005, 101) can be used to test for the sensitivity of estimates results to outlier observatioins as measured by a model using a dataset that had highest absolute errors of an OLS model removed.  Table 2.13 lists the setup to test the Sinai-Stokes (1972) dataset.

Table 2.13 LTS Analysis of the Sinai-Stokes (1972) Production Function Data
________________________________________________________________

b34sexec options ginclude('b34sdata.mac') member(res72);

         b34srun;

b34sexec matrix;

call loaddata;

call load(lts     :staging);

call echooff;

call olsq(lnq lnl lnk time :print :savex);

/; Note: Arguments to call lts must be exactly these!

iprint=0;

p=.9;

nt=12;

pp=array(nt:);

coef_L=array(nt:);

coef_K=array(nt:);

coef_T=array(nt:);

coef_c=array(nt:);

oldy = %y;

oldx=%x;

oldres=%res;

oldname=%names;

oldlag=%lag;

oldse=%se;

oldt=%t;

oldcoef=%coef;

do i=1,nt;

call lts(oldy oldx oldres oldname oldlag,

                   oldcoef,oldse,oldt,p,newy,newx,

                   ihold,iprint);

/; This step updates %coef

call olsq(newy newx :noint :holdout ihold);

coef_L(i)=%coef(1);

coef_K(i)=%coef(2);

coef_T(i)=%coef(3);

coef_C(i)=%coef(4);

/; call print(%coef,coef_l);

pp(i)=p;

p=p-.025;

enddo;

call tabulate(pp,coef_l,coef_k,coef_t,coef_c);

b34srun;
Edited output from running the code in Table 2.12 follows:

Ordinary Least Squares Estimation

Dependent variable                     LNQ

Centered R**2                          0.9953526556546335

Adjusted R**2                          0.9949543118536021

Residual Sum of Squares                3.752435629889476E-02

Residual Variance                      1.072124465682707E-03

Standard Error                         3.274331177023343E-02

Total Sum of Squares                   8.074365381663048

Log Likelihood                         80.11476788750952

Mean of the Dependent Variable         5.687448882493469

Std. Error of Dependent Variable       0.4609591082921007

Sum Absolute Residuals                 0.8764362565455395

F( 3,       35)                        2498.727614380863

F Significance                         1.000000000000000

1/Condition XPX                        4.709681284966296E-13

Maximum Absolute Residual              0.1035378657283461

Number of Observations                 39

Variable   Lag    Coefficient         SE               t

LNL          0      1.3414034          0.91392384E-01    14.677409

LNK          0     0.29237997          0.59843456E-01    4.8857467

TIME         0     0.52122298E-02      0.22298385E-02    2.3374921

CONSTANT     0     -13.064320           3.9108374       -3.3405428

Obs      PP          COEF_L      COEF_K      COEF_T      COEF_C

     1     0.9000       1.335      0.3029      0.5111E-02  -12.88

     2     0.8750       1.389      0.2690      0.5187E-02  -13.16

     3     0.8500       1.342      0.2810      0.5548E-02  -13.67

     4     0.8250       1.347      0.2922      0.5170E-02  -13.01

     5     0.8000       1.361      0.3092      0.4461E-02  -11.79

     6     0.7750       1.316      0.2709      0.6718E-02  -15.76

     7     0.7500       1.276      0.2704      0.7335E-02  -16.75

     8     0.7250       1.292      0.2498      0.7718E-02  -17.48

     9     0.7000       1.316      0.2427      0.7524E-02  -17.19

    10     0.6750       1.320      0.2518      0.7281E-02  -16.78

    11     0.6500       1.351      0.2733      0.6119E-02  -14.79

    12     0.6250       1.380      0.2655      0.5860E-02  -14.40 

In addition to the base model that had 39 observations, there were 12 subset models run that removed from 10% to 37.5% of the highest absolute errors. The listing of the coefficients show that they are remarkably stable. Hence the full model appears to be not unduely impacted by outliers in the data.  This analysis was performed on reducing the dataset given the residuals from the base model. There is another way to perform the analysis that recalculates the absolute residuals successively from each LTS estimation. Table 2.14 shows such a setup.
Table 2.14 Recursive Trimmed Squares

________________________________________________________________________

b34sexec options ginclude('b34sdata.mac') member(res72);

         b34srun;

b34sexec matrix;

call loaddata;

call load(lts      :staging);

call load(lts_rec  :staging);

call echooff;

n_recur=12;

p=.9;

iprint=0;

oldcoef=0;

call olsq(lnq lnl lnk time :print :savex);

call lts(%y,%x,%res,%names,%lag,%coef,%se,%t,p,newy,newx,

         ihold,iprint);

call lts_rec;

call print(%reccoef,%rect);

b34srun;

Edited output from code in Table 2.14 follows

Ordinary Least Squares Estimation

Dependent variable                     LNQ

Centered R**2                          0.9953526556546335

Adjusted R**2                          0.9949543118536021

Residual Sum of Squares                3.752435629889476E-02

Residual Variance                      1.072124465682707E-03

Standard Error                         3.274331177023343E-02

Total Sum of Squares                   8.074365381663048

Log Likelihood                         80.11476788750952

Mean of the Dependent Variable         5.687448882493469

Std. Error of Dependent Variable       0.4609591082921007

Sum Absolute Residuals                 0.8764362565455395

F( 3,       35)                        2498.727614380863

F Significance                         1.000000000000000

1/Condition XPX                        4.709681284966296E-13

Maximum Absolute Residual              0.1035378657283461

Number of Observations                 39

Variable   Lag    Coefficient         SE               t

LNL          0      1.3414034          0.91392384E-01    14.677409

LNK          0     0.29237997          0.59843456E-01    4.8857467

TIME         0     0.52122298E-02      0.22298385E-02    2.3374921

CONSTANT     0     -13.064320           3.9108374       -3.3405428

%RECCOEF= Matrix of       12  by       4  elements

             1              2              3              4

    1    1.39993       0.301700       0.408504E-02   -11.2307

    2    1.40140       0.285920       0.483753E-02   -12.6299

    3    1.38789       0.307460       0.460181E-02   -12.2027

    4    1.42593       0.277276       0.486302E-02   -12.7672

    5    1.44279       0.276430       0.465867E-02   -12.4535

    6    1.45322       0.289045       0.416276E-02   -11.6043

    7    1.45813       0.297707       0.392304E-02   -11.2040

    8    1.48247       0.290840       0.377746E-02   -11.0180

    9    1.48062       0.293364       0.377552E-02   -11.0160

   10    1.47342       0.297015       0.385200E-02   -11.1434

   11    1.45642       0.297642       0.416090E-02   -11.6579

   12    1.46796       0.290759       0.417443E-02   -11.7121

%RECT   = Matrix of       12  by       4  elements

             1              2              3              4

    1    24.3980        7.67383        3.07522       -4.81368

    2    26.0540        7.39104        3.14998       -4.68599

    3    29.3882        8.98261        3.43556       -5.19251

    4    32.3814        8.55953        4.02143       -6.00941

    5    36.8098        9.83058        4.43236       -6.75077

    6    42.1061        11.4830        4.44298       -7.06137

    7    48.9439        13.5563        4.83015       -7.86885

    8    50.6645        14.4531        5.11975       -8.53548

    9    53.6613        15.4248        5.43073       -9.05691

   10    57.6767        16.9516        6.03822       -9.98606

   11    57.9228        18.5213        6.84263       -10.9983

   12    59.1747        18.4424        7.27991       -11.7119

and shows that the coefficients and t scores are relatively stable.

The code for  LTS, LTS_REC and LTS_RES2 are given in  Tables 2.15, 2.16 and 2.17 respectively. Subroutine LTS does least triummed squares given the dataset passed in.  For successive trimming a question arises whether the original data should be used or whether  additional trimming should be performed against the prior trimmen dataset. The program LTS_REC allows the trimmed dataset to be used.  This program while easy to use, requires exact names be passed to the prior call to LTS.  The subroutine LTS_REC2 will give the same answers at LTS_REC but allow custom arguments to be used.  For further detail on these options see the example files in the staging.mac file and the help lines contained in the routines themselves.
Table 2.15 Least Trimmed Squares code

subroutine lts(y,x,resid,names,lags,oldcoef,oldse,oldt,p,sort_y,sort_x,

               ihold,iprint);

/;

/;  Least Trimmed Squares

/;

/;  Reference: "Linear Models with R"  By Julian Faraway (2005)

/;             Page 101

/;

/;  y       => left hand side.                   Usually %y

/;  x       => right hand side.                  Usually %x

/;  resid   => Residual from original regression Usually %res

/;  names   => Names from regression.            Usually %names

/;  lags    => lags from original regression.    Usually %lags

/;  oldceof => Coefficient for full model.       Usually %coef

/;  oldse   => SE from original Model.           Usually %se

/;  oldt    => t from original model.            Usually %t

/;  p       => % trimmed

/;  sort_y  => Y after sorting and truncation

/;  sort_x  => X after sorting and truncation

/;  ihold   => # of obs held out given p.

/;  iprint  => If > 0 => print.

/;

/;

/;  Help on how to recover coef outside of routine

/;  Assume:

/;

/;  n=6;

/;  p=.2;

/;  iprint=1;

/;  call olsq(gasout gasin{1 to n} gasout{1 to n} :print :savex);

/;  call lts(%y,%x,%res,%names,%lag,%coef,%se,%t,p,newy,newx,

/;           ihold,iprint);

/;  option # 1

/;  call olsq(newy newx :noint :print :holdout ihold);

/;  option # 2

/;  n=norows(newy);

/;  call deleterow(newy,n-ihold+1,ihold);

/;  call deleterow(newx,n-ihold+1,ihold);

/;  call print(inv(transpose(newx)*newx)*transpose(newx)*newy);

/;

/;  -------------------------------------------------------------------

/;

/;  LTS is an example of a resistent regression method. The objective is

/;  to see how sensitive the results are to outliers.

/;

/;  Built 21 June 2007 by Houston H. Stokes

/;  Mods  23 June 2007

/;

n=norows(x);

if(p.lt.0. .or. p .gt.1.)then;

call epprint('p not in range 0 lt p le 1.  Was  ',p:);

go to done;

endif;

r=afam(resid)*afam(resid);

j=ranker(r);

sort_x=x(j,);

sort_y=y(j);

ihold=idint((1.0-p)*dfloat(n));

if(iprint.eq.0)

call olsq(sort_y sort_x :noint :qr :holdout ihold);

if(iprint.ne.0)then;

call print('  ':);

call print('Least Trimmed Squares with holdout   ',ihold:);

call olsq(sort_y sort_x :noint :print :qr :holdout ihold);

call print(' ':);

call print('Least Trimmed Squares with holdout % ',(1.0-p):);

call tabulate(names lags oldcoef oldse oldt %coef %se %t :cname);

endif;

done continue;

return;

end;

Table 2.16 Program LTS_REC for Recursive Least Trimmed Squares
program lts_rec;

/;

/; Does Recursive lts. Subroutine lts must be called first

/;

/; Needs the following set:

/;

/;   oldcoef  =1;

/;   n_recur  =6;

/;

/;   oldcoef  = 0  =>  use Base Coefficients for table

/;   oldceof  = 1  =>  use prior LTS coef for table

/;   n_recur  =    =>  Sets number of recursive LTS estimates

/;

/;   Warning: 1. Call lts must be called with exactly these argument

/;               names.

/;

/;            2. newy, newx and ihold are changed

/;

/;   %reccoef   saved

/;   %rect      saved

/;   call lts_rec2(  );     is a subroutine version of this command

/;

/;   example of use;

/;

/;   b34sexec matrix;

/;   call loaddata;

/;   call load(lts     :staging);

/;   call load(lts_rec :staging);

/;   call echooff;

/;   n=6;

/;   p=.8;

/;   iprint=1;

/;   call olsq(gasout gasin{1 to n} gasout{1 to n} :print :savex);

/;   call lts(%y,%x,%res,%names,%lag,%coef,%se,%t,p,newy,newx,

/;            ihold,iprint);

/;   oldcoef=1;

/;   n_recur=6;

/;   call lts_rec;

/;   b34srun;

/;

/;   Built 23 June 2007. Inprovements 1 September 2007

/;   -----------------------------------------------------------

/;

holdname=%names;

holdlag =%lag;

holdcoef=%coef;

holdse  =%se;

holdt   =%t;

%reccoef=array(n_recur,nocols(newx):);

%rect   =array(n_recur,nocols(newx):);

do i=1,n_recur;

/; logic  .  Rerun to get %coef etc and proceed

if(i.eq.1)call olsq(newy,newx,:noint :savex :holdout ihold);

yy=newy;

xx=newx;

n_y=norows(yy);

call deleterow(yy,n_y-ihold+1,ihold);

call deleterow(xx,n_y-ihold+1,ihold);

if(oldcoef.eq.1)then;

%coef=holdcoef;

%se  =holdse;

%t   =holdt;

endif;

if(iprint.ne.0)then;

call print('    ':);

if(oldcoef.eq.0)call print('Oldcoef is Prior LTS Coef':);

if(oldcoef.eq.1)call print('Oldcoef is OLS Coef':);

call print('Recursive Trimmed Squares pass       ',i:);

endif;

call lts(yy,xx,%res,%names,%lag,%coef,%se,%t,p,newy,newx,ihold,iprint);

/; logic  .  Rerun to get %coef etc and proceed

call olsq(newy,newx,:noint :savex :holdout ihold);

%reccoef(i,)=%coef;

%rect(i,)   =%t;

enddo;

return;

end;

Table 2.17 Subroutine LTS_REC2 for custom calls.

subroutine lts_rec2(oldcoef,n_recur,p,newy,newx,

                   holdname,holdlag,holdcoef,holdse,holdt,ihold,iprint);

/;

/;   Does Recursive lts. Subroutine lts must be called first

/;   call lts_rec;  is the program version of the same command that

/;   requires exact names for call lts(  );

/;

/;   Needs the following set:

/;   oldcoef  = 0  =>  use Base Coefficients for table

/;            = 1  =>  use prior LTS coef for table

/;   n_recur  =    =>  Sets number of recursive LTS estimates

/;   p, newy and newx set from prior call lts. This is sorted data.

/;   Warning:  newy,newx and ihold are changed!!!!!!!!

/;   The next 5 arguments set base coefficients

/;   holdname=%names;

/;   holdlag =%lag;

/;   holdcoef=%coef;

/;   holdse  =%se;

/;   holdt   =%t;

/;   ihold   =>  from lts

/;

/;   iprint  =>  from lts

/;

/;   example of use;

/;

/;   b34sexec matrix;

/;   call loaddata;

/;   call load(lts     :staging);

/;   call load(lts_rec :staging);

/;   call echooff;

/;   n=6;

/;   p=.8;

/;   iprint=1;

/;   call olsq(gasout gasin{1 to n} gasout{1 to n} :print :savex);

/;   call lts(%y,%x,%res,%names,%lag,%coef,%se,%t,p,newy,newx,

/;            ihold,iprint);

/;   oldcoef=1;

/;   n_recur=6;

/;   call lts_rec2(oldcoef,n_recur,p,newy,newx,%names,%lag,%coef,
/;                 %se,%t,ihold,iprint);

/;   b34srun;

/;

/;   Built 23 June 2007 as a Program

/;   Converted to a Subroutine 1 Septeber 2007 and renamed

/;   -----------------------------------------------------------

/;

do i=1,n_recur;

/;

/; logic  .  Rerun to get %coef etc and proceed

/;

call olsq(newy,newx :noint :savex :holdout ihold);

yy=newy;

xx=newx;

n_y=norows(yy);

call deleterow(yy,n_y-ihold+1,ihold);

call deleterow(xx,n_y-ihold+1,ihold);

if(oldcoef.eq.1)then;

%coef=holdcoef;

%se  =holdse;

%t   =holdt;

endif;

call print('    ':);

if(oldcoef.eq.0)call print('Oldcoef is Prior LTS Coef':);

if(oldcoef.eq.1)call print('Oldcoef is OLS Coef':);

call print('Recursive Trimmed Squares pass       ',i:);

call lts(yy,xx,%res,%names,%lag,%coef,%se,%t,p,newy,newx,ihold,iprint);

enddo;

return;

end;

Table 2.18 shows the templaye for running OLS on the money balances data studies in Sinai-Stokes (1972)  using the matrix command.  Next the NW test is performed.  Next GLS is performed. Finally a MARSPLINE model is used test for nonlinearity. Edited output is shown below.
Table 2.18 OLS-NW test-GLS-MARSPLINE-NW test
b34sexec options ginclude('b34sdata.mac') member(res72);

b34srun;

/; b34sexec options

/; OLS

/; NE stat on the OLS

/; GLS

/; MARSPLINE

/; Do NW on the MARSPLINE coef

/; GLS on the MARSPLINE vectors

b34sexec matrix;

call loaddata;

call load(gls :staging);

call load(rnw_se :staging);

call echooff;

call olsq(lnq lnl lnk lnrm2  :print :savex);

iprint=2;

damp=1.;

lagnw=4;

call rnw_se;

call glsset;

%maxgls=2;

%nl2sol=0;

%plot=1;

call gls;

call print('Now look at MARSPLINE':);

_knots=20;

_mi=1;

_df=2.0;

call marspline(lnq lnl lnk lnrm2  :mathform :print

               :nk _knots :mi _mi   :df _df :savemodel :xx);

call olsq(lnq  %xx :print :noint :qr :savex);

iprint=2;

damp=1.;

lag=4;

call rnw_se;

call print('GLS on the MARS vectors':);

call glsset;

call gls;

b34srun;
First OLS with and without NW error correction is shown.

Ordinary Least Squares Estimation

Dependent variable                     LNQ

Centered R**2                          0.9950451812674925

Adjusted R**2                          0.9946204825189919

Residual Sum of Squares                4.000701684617350E-02

Residual Variance                      1.143057624176386E-03

Standard Error                         3.380913521781333E-02

Total Sum of Squares                   8.074365381663048

Log Likelihood                         78.86550747696380

Mean of the Dependent Variable         5.687448882493469

Std. Error of Dependent Variable       0.4609591082921007

Sum Absolute Residuals                 0.9500607703461634

F( 3,       35)                        2342.943521214525

F Significance                         1.000000000000000

1/Condition XPX                        5.145826204093798E-06

Maximum Absolute Residual              8.518983731945173E-02

Number of Observations                 39

Variable   Lag    Coefficient         SE               t

LNL          0      1.2947834          0.12170589        10.638625

LNK          0     0.41490662          0.50145688E-01    8.2740239

LNRM2        0     0.11581811          0.67399262E-01    1.7183884

CONSTANT     0     -3.8517642          0.23617856       -16.308695

Newey - West SE calculated using Lag   4

Damp was set as                        1.000000000000000

Alternative SE and t scores

Obs         %NAMES       %LAG       %COEF      %OLS_SE      %OLS_T      %W_SE        %W_T       %NW_SE      %NW_T

     1    LNL                  0    1.295      0.1217       10.64      0.1221       10.60      0.1788       7.241

     2    LNK                  0   0.4149      0.5015E-01   8.274      0.4984E-01   8.325      0.7718E-01   5.376

     3    LNRM2                0   0.1158      0.6740E-01   1.718      0.8902E-01   1.301      0.7912E-01   1.464

     4    CONSTANT             0   -3.852      0.2362      -16.31      0.2571      -14.98      0.4170      -9.237

NWCOV   = Matrix of        4  by       4  elements

             1              2              3              4

    1   0.319720E-01  -0.122870E-01  -0.879719E-02  -0.668273E-01

    2  -0.122870E-01   0.595707E-02   0.143667E-02   0.296228E-01

    3  -0.879719E-02   0.143667E-02   0.625999E-02   0.808013E-02

    4  -0.668273E-01   0.296228E-01   0.808013E-02   0.173894

WHITECOV= Matrix of        4  by       4  elements

             1              2              3              4

    1   0.149182E-01  -0.436085E-02  -0.728639E-02  -0.213477E-01

    2  -0.436085E-02   0.248377E-02  -0.524421E-04   0.116117E-01

    3  -0.728639E-02  -0.524421E-04   0.792437E-02  -0.149850E-02

    4  -0.213477E-01   0.116117E-01  -0.149850E-02   0.660876E-01

Second order GLS raises the t on LNRM2 from 1.718 to 3.715.
Nonlinear Estimation using NLLSQ

# of observations                              37

# parameters                                   6

Max iterations                                 2000

Starting Lamda (FLAM)                          1.000000000000000

Starting FLU                                   10.00000000000000

Maximum relative change in sum squares (eps1)  0.000000000000000E+00

Maximum relative change in each parm.  (eps2)  1.000000000000000E-13

Initial Parameter Values (TH)

       1           2           3           4           5           6

  0.1000      0.1000      0.1000      0.1000      0.1000      0.1000

Proportions used in calculating difference quotients

       1           2           3           4           5           6

  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01

Sign restriction vector (GT 0.0 means restricted

       1           2           3           4           5           6

   0.000       0.000       0.000       0.000       0.000       0.000

Initial sum of squares                         398.2269864203124

Number of observations =                       37

Iteration stops - % change in each parm. LE    1.000000000000000E-13

Correlation Matrix of Estimated Parameters.

       1           2           3           4           5           6

   1  1.0000

   2 -0.8356      1.0000

   3 -0.0729     -0.3329      1.0000

   4 -0.7758      0.7433     -0.4879      1.0000

   5 -0.2174      0.1947     -0.1442      0.2988      1.0000

   6  0.0077     -0.0435     -0.0206      0.0419     -0.6931      1.0000

Normalizing Elements

       1           2           3           4           5           6

   5.694       3.412       3.362       20.04       7.267       6.904

Variance of residuals       3.925618495468566E-04

Sum of squared residuals    1.216941733595256E-02

Standard Error of Estimate  1.981317363641819E-02

Adjusted R Square           0.9981312850327384

Degrees of freedom          31

Number of Iterations        23

1/Conditition of Hessian    6.560340119128971E-06

Durbin Watson               1.785835589279650

#   Name      Coefficient         Standard Error      T Value

  1 BETA___1    0.99041782          0.11281489           8.7791409

  2 BETA___2    0.49812210          0.67600860E-01       7.3685764

  3 BETA___3    0.24742837          0.66605529E-01       3.7148324

  4 BETA___4    -3.3021552          0.39695850          -8.3186408

  5 BETA___5     1.1837387          0.14397632           8.2217597

  6 BETA___6   -0.53235458          0.13678348          -3.8919509

Note: Confidence limits for each parameter on linear hypothesis.

OLS and GLS Estimates using NLLSQ

Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

     1    LNL                  0    1.295      0.1217       10.64      0.9904      0.1128       8.779

     2    LNK                  0   0.4149      0.5015E-01   8.274      0.4981      0.6760E-01   7.369

     3    LNRM2                0   0.1158      0.6740E-01   1.718      0.2474      0.6661E-01   3.715

     4    CONSTANT             0   -3.852      0.2362      -16.31      -3.302      0.3970      -8.319

     5    RHO_1        NA          NA          NA          NA           1.184      0.1440       8.222

     6    RHO_2        NA          NA          NA          NA         -0.5324      0.1368      -3.892

Note: Graphics not available with this version of B34S

Now look at MARSPLINE

Multivariate Autoregressive Splines Analysis

Model Estimated using Hastie-Tibshirani GPL routines in

CRAN General Public License (GPL) Library.

Version - 1 March 2006.

Left Hand Side Variable                         LNQ

Penalty cost per degree of freedom         2.000

Threshold for Forward stepwise Stopping   0.1000E-03

Rank Test Tolerance                       0.1000E-12

Max # of Knots  (nk)                       20

Max interaction (mi)                       1

Number of Observations                     39

Number of right hand Variables             3

tolbx    set as                            1.000000000000000E-09

stopfac  gcv/gcvnull > stopfac => stop     10.00000000000000

prevcrit set as                            10000000000.00000

Series   Lag  Mean          Max           Min

LNL       0      5.360         5.720         4.953

LNK       0      4.819         5.513         4.331

LNRM2     0      5.183         5.544         4.772

GCV with only the constant                 0.2180749652942236

Total sum of squares                       8.074365381663048

Final gcv                                  5.155108662155490E-04

Variance of Y Variable                     0.2124832995174486

R**2 (1 - (var(res)/var(y)))               0.9987165443048690

Residual Sum of Squares                    1.036309023366395E-02

Residual Variance                          2.727129008858932E-04

Residual Standard Error                    1.651402134205637E-02

Sum Absolute Residuals                     0.5168162427366489

Max Absolute Residual                      4.275530713177922E-02

# of coefficients after last fwd step      6

MARS Model Coefficients                                     SE               t       Non Zero    %    Importance  #

LNQ       =        5.7907032                         0.11618837E-01          498.      39    100.000              1

+    2.8672678*max(     LNL{  0} -    5.4098587    , 0.0)   0.19846180       14.4      19     48.718    48.200    2

    -1.6786881*max(   5.4098587  -      LNL{  0}   , 0.0)   0.56005397E-01  -29.9      19     48.718   100.000    3

    -1.9475044*max(     LNL{  0} -    5.3234977    , 0.0)   0.18735471       -10.3     24     61.538    34.680    4

   -0.31383741*max(   5.2812229  -    LNRM2{  0}   , 0.0)   0.49403069E-01   -6.35     19     48.718    21.194    5

+   0.63029845*max(     LNK{  0} -    4.6259527    , 0.0)   0.53373830E-01   11.8      24     61.538    39.398    6

MARSPLINE lowers e'e from .012169 to .010361. Finally White and NW SE and t scores are

presented and GLS is run on the MARSPLINE vectors.
Ordinary Least Squares Estimation using QR Method

Dependent variable                     LNQ

Centered R**2                          0.9987165443048690

Adjusted R**2                          0.9985220813207583

Residual Sum of Squares                1.036309023366421E-02

Residual Variance                      3.140330373837639E-04

Standard Error                         1.772097732586338E-02

Total Sum of Squares                   8.074365381663048

Log Likelihood                         105.2061929343074

Mean of the Dependent Variable         5.687448882493469

Std. Error of Dependent Variable       0.4609591082921007

Sum Absolute Residuals                 0.5168162427366454

F( 5,       33)                        5135.766834350572

F Significance                         1.000000000000000

QR Rank Check variable (eps) set as    2.220446049250313E-16

Maximum Absolute Residual              4.275530713179521E-02

Number of Observations                 39

Variable   Lag    Coefficient         SE               t

Col____1     0      5.7907032          0.11618837E-01    498.38923

Col____2     0      2.8672678          0.19846180        14.447454

Col____3     0     -1.6786881          0.56005397E-01   -29.973685

Col____4     0     -1.9475044          0.18735471       -10.394745

Col____5     0    -0.31383741          0.49403069E-01   -6.3525893

Col____6     0     0.63029845          0.53373830E-01    11.809129

Newey - West SE calculated using Lag   4

Damp was set as                        1.000000000000000

Alternative SE and t scores

Obs         %NAMES       %LAG       %COEF      %OLS_SE      %OLS_T      %W_SE        %W_T       %NW_SE      %NW_T

     1    Col____1             0    5.791      0.1162E-01   498.4      0.1442E-01   401.4      0.8775E-02   659.9

     2    Col____2             0    2.867      0.1985       14.45      0.2170       13.22      0.1767       16.23

     3    Col____3             0   -1.679      0.5601E-01  -29.97      0.7937E-01  -21.15      0.9200E-01  -18.25

     4    Col____4             0   -1.948      0.1874      -10.39      0.2000      -9.740      0.1908      -10.21

     5    Col____5             0  -0.3138      0.4940E-01  -6.353      0.8456E-01  -3.712      0.8712E-01  -3.602

     6    Col____6             0   0.6303      0.5337E-01   11.81      0.3962E-01   15.91      0.4612E-01   13.67

NWCOV   = Matrix of        6  by       6  elements

             1              2              3              4              5              6

    1   0.770028E-04   0.126249E-02  -0.128780E-04  -0.145369E-02  -0.216563E-03   0.125751E-03

    2   0.126249E-02   0.312064E-01   0.770404E-03  -0.264153E-01  -0.428630E-02   0.106085E-03

    3  -0.128780E-04   0.770404E-03   0.846380E-02  -0.116842E-02  -0.759846E-02   0.308639E-03

    4  -0.145369E-02  -0.264153E-01  -0.116842E-02   0.363959E-01   0.519696E-02  -0.545411E-02

    5  -0.216563E-03  -0.428630E-02  -0.759846E-02   0.519696E-02   0.758995E-02  -0.626336E-03

    6   0.125751E-03   0.106085E-03   0.308639E-03  -0.545411E-02  -0.626336E-03   0.212669E-02

WHITECOV= Matrix of        6  by       6  elements

             1              2              3              4              5              6

    1   0.208079E-03   0.267605E-02  -0.582186E-04  -0.254743E-02  -0.496788E-03  -0.155988E-04

    2   0.267605E-02   0.470735E-01  -0.978912E-03  -0.363099E-01  -0.613233E-02  -0.206586E-02

    3  -0.582186E-04  -0.978912E-03   0.630025E-02   0.778937E-03  -0.593933E-02   0.544896E-04

    4  -0.254743E-02  -0.363099E-01   0.778937E-03   0.399815E-01   0.604363E-02  -0.242426E-02

    5  -0.496788E-03  -0.613233E-02  -0.593933E-02   0.604363E-02   0.714967E-02  -0.316680E-04

    6  -0.155988E-04  -0.206586E-02   0.544896E-04  -0.242426E-02  -0.316680E-04   0.157005E-02

GLS on the MARS vectors

Nonlinear Estimation using NLLSQ

# of observations                              38

# parameters                                   7

Max iterations                                 2000

Starting Lamda (FLAM)                          1.000000000000000

Starting FLU                                   10.00000000000000

Maximum relative change in sum squares (eps1)  0.000000000000000E+00

Maximum relative change in each parm.  (eps2)  1.000000000000000E-13

Initial Parameter Values (TH)

       1           2           3           4           5           6           7

  0.1000      0.1000      0.1000      0.1000      0.1000      0.1000      0.1000

Proportions used in calculating difference quotients

       1           2           3           4           5           6           7

  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01  0.1000E-01

Sign restriction vector (GT 0.0 means restricted

       1           2           3           4           5           6           7

   0.000       0.000       0.000       0.000       0.000       0.000       0.000

Initial sum of squares                         948.1210438634715

Number of observations =                       38

Iteration stops - % change in each parm. LE    1.000000000000000E-13

Correlation Matrix of Estimated Parameters.

       1           2           3           4           5           6           7

   1  1.0000

   2  0.7514      1.0000

   3 -0.3076     -0.2870      1.0000

   4 -0.7361     -0.6958      0.2286      1.0000

   5 -0.2842     -0.1397     -0.7835      0.2105      1.0000

   6 -0.1017     -0.3265      0.0879     -0.4260     -0.0508      1.0000

   7 -0.1490     -0.3070      0.2275      0.0701     -0.2175      0.2641      1.0000

Normalizing Elements

       1           2           3           4           5           6           7

  0.8748       14.89       4.383       13.40       4.129       3.888       9.579

Variance of residuals       2.053475288828512E-04

Sum of squared residuals    6.365773395368386E-03

Standard Error of Estimate  1.432995215912639E-02

Adjusted R Square           0.9990351109041534

Degrees of freedom          31

Number of Iterations        21

1/Conditition of Hessian    9.258367999174164E-05

Durbin Watson               1.544195108675440

#   Name      Coefficient         Standard Error      T Value

  1 BETA___1     5.7952055          0.12536015E-01       462.28449

  2 BETA___2     2.8724528          0.21331242           13.465942

  3 BETA___3    -1.5381122          0.62807487E-01      -24.489312

  4 BETA___4    -2.0445048          0.19205740          -10.645280

  5 BETA___5   -0.47128723          0.59164601E-01      -7.9656960

  6 BETA___6    0.66081086          0.55719141E-01       11.859674

  7 BETA___7    0.29792060          0.13725993           2.1704849

Note: Confidence limits for each parameter on linear hypothesis.

OLS and GLS Estimates using NLLSQ

Obs      %NAMES      %LAG        %OLSCOEF    %OLSSE      %OLST       %COEF       %SE         %T

     1    Col____1             0    5.791      0.1162E-01   498.4       5.795      0.1254E-01   462.3

     2    Col____2             0    2.867      0.1985       14.45       2.872      0.2133       13.47

     3    Col____3             0   -1.679      0.5601E-01  -29.97      -1.538      0.6281E-01  -24.49

     4    Col____4             0   -1.948      0.1874      -10.39      -2.045      0.1921      -10.65

     5    Col____5             0  -0.3138      0.4940E-01  -6.353     -0.4713      0.5916E-01  -7.966

     6    Col____6             0   0.6303      0.5337E-01   11.81      0.6608      0.5572E-01   11.86

     7    RHO_1        NA          NA          NA          NA          0.2979      0.1373       2.170

B34S Matrix Command Ending. Last Command reached.

Space available in allocator   99856736, peak  space  used      19614

Number variables used               178, peak number  used        180

Number temp variables used        24014, # user temp clean          0

2.18  Conclusiontc \l2 "2.14  Conclusion
The B34S regression command performs OLS and GLS estimation of linear, single-equation models. A variety of specification tests, based on the BLUS residuals, and dynamic specification tests, utilizing cross correlation analysis, are optionally available and are illustrated. The RA sentence dynamic specifications tests, involving cross correlations, have been illustrated using a generated dataset. To test for possible outlier problems, L1 and MIMIMAX models can be estimated and compared with OLS models using the robust command. More powerful dynamic specification tests, using VAR models, are covered in Chapter 8. Further tests for time-series equation stability or cross-section equation specification are covered in Chapter 9, which documents the recursive residual (rr) procedure. OLS is a special case of more general estimation techniques, such as ARIMA and VARMA models, which are covered in Chapters 7 and 8.  Prior to discussing these more advanced topics, an outline of the B34S options available when there are restrictions on the range of the dependent variable will be given. These options are covered in Chapter 3.

� A brief discussion of how to enter data into B34S using the data paragraph is contained in Stokes (1996b).





� Sections of this chapter have been taken directly (with permission) from the original B34T manual (with addendums) by Hodson Thornber (1966, 1967, 1968).





� Only T-1 observations can be used since � EMBED Equation.DSMT4  ��� is outside the sample.  For further discussion see Enders (2004, 138-139)


� This brief discussion only introduces the topic of the effect of unit roots on model building strategy. 


� To remove notational clutter � EMBED Equation.DSMT4  ��� has been used in place of � EMBED Equation.DSMT4  ��� where no confusion would result.


� Note that the middle term of the denominator defining � EMBED Equation.DSMT4  ���  in (2.2-3) is raised to the power 2, which is not shown in Pena-Slate (2006) equation 7. This typo was found by looking at the R code implementing the Pena-Slate procedure that was kindly supplied to me by them. The B34S matrix language code that implements these tests is contained in G4TEST in the staging2.mac file. A number of tests are contained in the files G4TEST_1-G4TEST_8 in staging.mac


� The QR factorization writes � EMBED Equation.DSMT4  ��� where � EMBED Equation.DSMT4  ���. It will be shown later that � EMBED Equation.DSMT4  ��� and � EMBED Equation.DSMT4  ���. 


� After making this suggestion, Greene proceeded to use the OLS estimate of the covariance matrix in his test example.


� A very compact formula is available. Define � EMBED Equation.DSMT4  ���. The test statistic can be calculated as � EMBED Equation.DSMT4  ���where � EMBED Equation.DSMT4  ���


� Caution must be exercised in using Q and Q'.  If the BLUS residuals (see section 2.9) are not adjacent or have not been resorted if cross-section data is used, Q' is meaningless.  In contrast with T OLS residuals, there are T-K BLUS residuals.  Q' should only be used for BLUS residuals; it is not valid for serial- correlation tests for OLS residuals.


� A chi-square test with KK cells would have KK-J degrees of freedom, where J is the number of quantities determined from the data.  Since the data mean, the data standard deviation, and the frequency of each cell are required, J is usually equal to 3.  However, because the mean of the OLS residual is equal to zero, by assumption, in this case J=2.  The chi-square probability statistics and F probability statistics are conservative because the probability of rejecting normality is lower than would be the case if the degrees of freedom were KK-3.  I am indebted to Professor Gilbert Bassett for this point.





� A complete discussion of the BLUS tests available follows.  The eigenvalues listed in the BLUS in-core and BLUS out-of-core outputs have already been raised to the power 1/2.








� An example was prepared by Stokes for Theil to be used in the revision of Chapter 5 of his 1971 econometrics book. The estimatated model was, � EMBED Equation.DSMT4  ��� while the correct model was  � EMBED Equation.DSMT4  ���. In the first estimation run, � EMBED Equation.DSMT4  ��� was found to be insignificant. BLUS residual analysis indicated convexity that went away when � EMBED Equation.DSMT4  ��� was added to the equation. In contrast with the first equation, the coefficients � EMBED Equation.DSMT4  ��� were all significant. This example is discussed later in this chapter.








� Equation (2.11-2) is the usual cross-correlation formula.  It is not the same as the Box-Jenkins cross correlation formula (given in Chapter 7 of this book), which does not adjust the mean and the degrees of freedom as K  increases.  For a further discussion of the differences in the two formulas, see Box and Jenkins (1976, Chap. 11), and Jenkins and Watts (1968, 182).








� With the exception of increasing precision, improving the inversion routines and converting to Fortran 77, the code to implement the bayes option  has not been changed since it was built by Thornber in 1967.  It therefore should be considered an important historic econometric relic, not state of the art code. Changes have been unnecessary, because Zellner has produced a vastly improved program, BRAP, that supersedes the bayes option. In addition others have developed Bayesian software.  B34S will branch to BRAP, if desired.  For a discussion of this branch, see section C.19.1 of native command manual or the pgmcall option in the on-line help file. The BRAP program has the same data-input structure as TSP.  The BRAP program was built under Zellner's direction by John Abowd (The Bayesian Analysis Package--BRAP User's Manual, H. G. B. Alexander Research Foundation, Graduate School of Business, University of Chicago, September 1967).  The actual calculations made by the B34S bayes option are discussed in detail in Zellner (1971, Chaps. 1-4, especially p. 95).








� The bestreg and stepwise commands report 1-significance in contrast to the rest of B34S.


� The bestreg command uses the IMSL routine DR2EST. The stepwise command uses the IMSL routine DT2TEP.


� The b34s help and options commands run when given.


� On the PC, the autoexec.b34 file is usually set as ALLRUN which will make the b34seend command automatically equivalent to the b34srun command.


� The complete B34S example input code is given in the text. Only selected output is shown to save space. Readers are encouraged to run the complete example. Complete listings of these example input files, together with numerous other examples, are distributed with the B34S program in the dataset bookruns.mac.








� Another problem to consider is whether, in fact, L, K, and M1 are exogenous. This problem was discussed in Sinai and Stokes (1972, 1975, 1981, and 1989) and will not be addressed here.








� Sinai and Stokes (1972, 1975, 1981) address a number of questions that are not discussed here. These references should be consulted for further research in this area.








� This example was developed  with the help of Theil for inclusion in a revision of Theil (1971). Unfortunately this revision never occured although I have in my possesstion a draft chapter 5 for this proposed edition. 


� The matrix subroutine blus and associated routines are contained in matrix2.mac and should be consulted by interested readers. These routines show that, using a programming language, procedures formerly having to be built using Fortran can be implemented in the field. Expansion of programming capability in B34S, MATLAB, GAUSS, SAS IML and other programs has resulted in a substantial increase in the development of econometric capability. The developmnent of increasingly more powerful PC's has also played a role Stokes (2003b).


� I am in debt to Daniel McMillen for pointing me to this most important research tool. Greene (2008, 409) discusses an alternative approach that appears more restrictive.





� The model was estimated using natural logs so these raw values have to be adjusted.
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