
 
 

 

 

 

 

Heteroscedasticity-Consistent Standard Error Estimates for the Linear Regression Model: 

SPSS and SAS Implementation 

 

 

Andrew F. Hayes1 

The Ohio State University 

Columbus, Ohio 

hayes.338@osu.edu 

 

 

 

 

Draft: January 5, 2003 

                                                 
1 Andrew Hayes is an Assistant Professor in the School of Journalism and Communication at The Ohio 
State University, Columbus OH 43210 (email: hayes.338@osu.edu) 



Abstract 

In a recent The American Statistician article, Long and Ervin (2000) provide a convincing 

case for the routine use of heteroscedasticity-consistent standard error estimates described 

by MacKinnon and White (1985) when testing hypotheses about regression weights in 

ordinary least squares regression.  However, popular statistics programs such as SPSS 

and SAS have not implemented most or any of the methods of computing these estimates.  

In this article I describe a short and easy-to-use macro for SPSS and SAS that produces 

heteroscedasticity-consistent standard error estimates of ordinary least squares regression 

coefficients using the HC0, HC1, HC2, and HC3 methods advocated by Long and Erwin 

(2000).   
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1.  INTRODUCTION 

The ordinary least-squares (OLS) linear regression model is widely-used 

throughout the physical, natural, and social sciences.  In OLS linear regression, a vector 

of regression coefficients, β, in a model of the form  

y = X β +  e 

is estimated, where y is a column vector of criterion variable values to be estimated, X is 

a matrix of predictor variable values, and e is a vector of errors.  The elements in β 

provide information about a predictor variable’s unique or partial relationship with the 

criterion variable, controlling for the other predictor variables.  Researchers often are 

interested in testing the null hypothesis that a specific element in β is zero, or forming a 

confidence interval around the estimate, and information  necessary to conduct such 

inferences is routinely printed by most statistical programs.   

It is well known that such inferential methods assume homoscedasticity in the 

errors.  Violations of homoscedasticity can yield hypothesis tests that fail to keep false 

rejections at the nominal level, or confidence intervals that are either too narrow or too 

wide.  Given that homoscedasticity is often an unrealistic assumption or clearly violated 

based on the data available, the researcher should be sensitive to if and how his or her 

results may be affected by heteroscedasticity.   In spite of the existence of methods of 

estimating the variance of the elements of β that are less susceptible to the adverse effects 

of heteroscedasticity, few statistical programs in wide use by researchers offer such so-

called “heteroscedasticity-consistent” (HC) estimates (Long and Erwin, 2000).  The 

purpose of this article is to remedy this undesirable state of affairs by providing a macro 



for SPSS and SAS that will produce HC standard error estimates for the linear regression 

model.   

Based on the work of MacKinnon and White (1985), Long and Erwin (2000) 

recently described several HC methods of estimating the standard error of a regression 

coefficient that can be used if the researcher is concerned about the effects of 

heteroscedasticity on hypothesis tests and confidence intervals.  All of the HC methods 

described are based on an approximation of the variance-covariance matrix of the 

estimated regression coefficients using the square of the residuals (ei
2, where ei = yi-xiβ) 

from an OLS linear regression.  The four HC methods, HC0, HC1, HC2, and HC3 differ 

in how those squared residuals are used in the estimation processes.  HC0 and HC1 

estimate the conditional variance of the error for each pattern of Xi rather than relying on 

an average squared error as when homoscedasticity is assumed (see equations 2, 3, and 4 

in Long and Erwin, 2000).  HC2 and HC3 adjust each ei
2 by a function of how atypical 

the case’s pattern of predictors is, or how much the case affects the regression coefficient 

estimates (see, for example, Darlington, 1990, chap. 14, for this interpretation of hii used 

in equation 4 of Long and Erwin, 2000).  Computational details of these methods are 

provided in MacKinnon and White (1985) and Long and Erwin (2000) and thus are not 

discussed in detail here.   

Once the heteroscedasticity-consistent covariance matrix (HCCM) is estimated, 

the standard errors for the regression coefficients are simply the square root of the 

diagonal elements of the HCCM.   When testing the hypothesis that a regression 

coefficient equals zero, simulation studies (Long and Erwin, 2000; MacKinnon and 

White, 1985) have shown that HC standard error estimates tend to maintain test size 



closer to the nominal level in the presence of heteroscedasticity than OLS standard error 

estimates that assume homoscedasticity.   HC2 and HC3 tend to perform best in the 

presence of heteroscedasticity using the maintaining of test size as the performance 

criterion.  Interestingly, even when the homoscedasticity assumption in OLS regression is 

met, correcting for heteroscedasticity using any of the methods has only marginal effects 

on power of the test, with the slight power advantage of the use of OLS standard error 

estimates disappearing as sample size increases above 200 or so.  Based on these 

findings, Long and Erwin (2000) recommend that HC standard error estimates should be 

routinely used and favor HC3 for sample sizes less than 250. 

2.  SPSS AND SAS IMPLEMENTATION OF HC METHODS 

 Long and Erwin (2000) note that SPSS and SAS offer few (only HC0 in the case 

of SAS) or no (in the case of SPSS) methods of generating the HCCM or HC standard 

error estimates in OLS regression.  This is unfortunate given the tremendous popularity 

of these programs throughout the scientific community and the importance of correcting 

OLS standard error estimates for the possible effects of heteroscedasticity.  Although it is 

true that unlike some statistical programs, SPSS provides no means for the user to 

generate these estimates through either the command syntax or the “point-and-click” 

graphical interface, SPSS does have a powerful matrix algebra-based set of commands 

much like SAS’s PROC IML and similar (though rudimentary in comparison) in its 

features to such programming languages as GAUSS, R, and MATLAB. This matrix 

language, combined with the ability to generate new command syntax through the macro 

procedure DEFINE…!END DEFINE, allows the user to add tremendous functionality to 

SPSS.  In the Appendix I provide a short SPSS macro using these features of SPSS that 



implements the methods described in MacKinnon and White (1985) for computing a 

HCCM and HC standard error estimates in OLS regression.  An equivalent macro using 

SAS PROC IML is also provided in the Appendix.  These macros will allow the many 

researchers who prefer the SPSS or SAS computing environment to implement the 

recommendation of Long and Erwin (2000) that HC methods be routinely used. 

 An example output from the SPSS macro using the HC3 method can be found in 

Table 1.  As can be seen, the macro produces the OLS regression weights along with the 

HC standard error estimates and the corresponding t and p values for the null hypothesis 

that the coefficient equals zero.   The HCCM is also provided in the output.  Observe that 

the macro does not produce all regression statistics that might be of interest to the 

researcher.  The ordinary SPSS regression procedure should be executed to the multiple 

correlation and other information that the user would typically look for in regression 

output.  Instead, it is assumed that the user of the HCREG macro would have already 

obtained OLS regression output through the standard SPSS regression command (or 

would have no interest in that information) and wants to supplement the standard 

regression output with HC estimates and hypothesis tests. 

2.1 Using the Macros 

  Each time a new SPSS session is started, the macro must first be activated by 

running the program in the Appendix.  Once the program is run, a new command, 

HCREG, will be added to the SPSS syntax command set.   Once the macro is activated, 

HCREG will remain a part of the syntax command set until the SPSS session is 

terminated by quitting SPSS.  However, the macro must be reactivated each time SPSS is 

executed.  The syntax of the HCREG command is HCREG method yvar xvarlist, where 



method is an integer between 0 and 3, yvar is the name of the criterion variable in the 

active SPSS data file, and xvarlist is a list of one or more predictor variables in the SPSS 

file.  There is no limit to the number of predictor variables that can be listed in xvarlist.  

The method argument, specified as 0, 1, 2, or 3, will produce HC standard error estimates 

for the variables listed in xvarlist based on HC0, HC1, HC2, and HC3, respectively.  For 

example, assuming the criterion variable is DEP and the two predictor variables are 

named IV1 and IV2 in the data file, the command HCREG 3 dep iv1 iv2 produces the 

output in Table 1 for a hypothetical data file. 

 The macro has no error handling procedures, so it is important that the data first be 

screened for such problems as singularities in the predictors and missing data.  The presence of a 

singularity can be easily identified by seeing if the SPSS regression procedure rejects one or 

more of the predictors.  The macro can handle system missing data represented with the period 

character (“.”) through listwise deletion, but it does not recognize user missing values, so user-

defined missing data should be deleted manually prior to the execution of the HCREG macro.  

Problems during computation will show up with a string of largely unintelligible errors.  If any 

errors appear, do not interpret the output.   With large sample sizes, SPSS may produce an “out 

of memory” error.  If this occurs, increase the workspace size with SET WORKSPACE.  (See 

the SPSS documentation for details on the SET command).  Finally, as written the appendix, the 

regression will include a constant term and there is no option provided for executing a no-

constant regression.  However, it is easy to modify the program to do a regression without the 

constant term.  To do so, change line 6 to read COMPUTE iv = t(dv(1,2:ncol(dv)))., and delete 

line 10.    



 The SAS version of the macro functions identically, although the syntax is 

slightly different.  After the macro is activated, the new command is 

%HCREG(data=filename, m=method, y=yvar, iv=xvarlist); where filename is the name 

of a SAS data file and the other parameters are defined as described above.  The SAS 

version of the macro also has no error handling and assumes that missing data are entered 

as “.”  To modify the macro to do regression without a constant, change line 5 to 

nms={&iv}; and delete line 13. 

 Potential users who would prefer not to type in the macros can request an 

electronic copy by sending an email to hayes.338@osu.edu.  Alternatively, they can be 

downloaded from my homepage at the School of Journalism and Communication at The 

Ohio State University (http://www.jcomm.ohio-state.edu). 



APPENDIX: SPSS and SAS Macros for HC Standard Error Estimation 
 
 

SPSS Version 
 
DEFINE HCREG (!POS !TOKEN(1)/!POS !CMDEND). 
MATRIX. 
GET x/file = */variables = !2/names = dv/missing = omit. 
compute y=x(:,1). 
compute x=x(:,2:ncol(x)). 
compute iv = t({"Constant", dv(1,2:ncol(dv))}). 
compute dv=dv(1,1). 
compute n = nrow(x). 
compute con = make(n,1,1). 
compute x={con,x}. 
compute xm=csum(x)&/n. 
compute b = inv(t(x)*x)*t(x)*y). 
compute h=diag(x*inv(t(x)*x)*t(x)). 
compute resid = (y-(x*b)). 
compute resid2 = resid&*resid. 
compute hc = inv(t(x)*x)*t(x)*mdiag(resid2&/((1-h)&*(1-h)))*x*inv(t(x)*x). 
do if (!1 = 1). 
  compute hc = (n/(n-nrow(b)))*inv(t(x)*x)*t(x)*mdiag(resid2)*x*inv(t(x)*x). 
  print/title = "Method = HC1". 
 else if (!1 = 2). 
  compute hc = inv(t(x)*x)*t(x)*mdiag(resid2&/(1-h))*x*inv(t(x)*x). 
  print/title = "Method = HC2". 
 else if (!1 = 0). 
  compute hc = inv(t(x)*x)*t(x)*mdiag(resid2)*x*inv(t(x)*x). 
  print/title = "Method = HC0". 
 else. 
  print/title = "Method = HC3". 
end if. 
print dv/title = "Criterion variable is:"/format A8. 
print n/title = "Sample size is:". 
compute sebhc = sqrt(diag(hc)). 
compute te = b&/sebhc. 
compute p = 2*(1-tcdf(abs(te), n-nrow(b))). 
compute oput = {b,sebhc, te, p}. 
print oput/title = 'Heteroscedasticity-Consistent Regression Results'/clabels  
 = "B" "S.E." "t" "P>|t|"/rnames = iv/format f8.4. 
compute iv2 = t(iv). 
print hc/title = 'Heteroscedasticity-Consistent Covariance Matrix'/cnames =  
      iv/rnames = iv2/format f8.4. 
END MATRIX. 
!END DEFINE. 
 
 
 

SAS Version 
 
%macro hcreg(data=,m=,y=,iv=); 
proc iml; 
use &data; 
read all var{&y &iv} into x; 
nms={constant}||{&iv}; 
xx=(x = .);xx=xx[,+]; 
j=1;do i=1 to nrow(x);if xx[i,1]=0 then;do;x[j,]=x[i,];j=j+1;end;end; 
x=x[1:j-1,]; 
y=x[,1]; 
x=x[,2:ncol(x)]; 



n=nrow(x); 
con=j(n,1,1); 
x=con||x; 
xm=x[+,]/n; 
b=inv(x`*x)*x`*y; 
h=vecdiag(x*inv(x`*x)*x`); 
resid=(y-(x*b)); 
resid2=resid#resid;  
hc=inv(x`*x)*x`*diag(resid2/((1-h)#(1-h)))*x*inv(x`*x); 
if (&m = 2) then; 
  do; 
  hc=inv(x`*x)*x`*diag(resid2/(1-h))*x*inv(x`*x); 
  print "Method = HC2"; 
  end; 
if (&m = 1) then; 
  do; 
  hc=(n/(n-nrow(b)))*inv(x`*x)*x`*diag(resid2)*x*inv(x`*x); 
  print "Method = HC1"; 
  end; 
if (&m = 0) then; 
  do; 
  hc=inv(x`*x)*x`*diag(resid2)*x*inv(x`*x); 
  print "Method = HC0"; 
  end; 
if (&m = 3) then; 
  do; 
  print "Method = HC3"; 
  end; 
sebhc=sqrt(vecdiag(hc)); 
te=b/sebhc; 
p=2*(1-probt(abs(te),n-nrow(b))); 
oput=b||sebhc||te||p; 
cn={"B" "S.E." "t" "P>|t|"}; 
nmst=nms`; 
print "Sample Size:" n; 
print "Heteroscedasticity-Consistent Regression Results"; 
print oput [colname = cn rowname = nmst format=8.4]; 
print "Heteroscedasticity-Consistent Covariance Matrix"; 
print hc [colname = nms rowname = nmst format=8.4]; 
quit; 
%mend hcreg; 
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Table 1.  Example SPSS Output from the HCREG Macro. 

hcreg 3 dep iv1 iv2. 

 
Run MATRIX procedure: 
 
Method = HC3 
 
Dependent variable is: 
 DEP 
 
Sample size is: 
 345 
 
Heteroscedasticity-Consistent Regression Results 
                B     S.E.        t    P>|t| 
Constant    .2478   1.7799    .1392    .8920 
IV1         .0575    .3075    .1869    .8555 
IV2         .7902    .2367   3.3390    .0075 
 
Heteroscedasticity-Consistent Covariance Matrix 
         Constant      IV1      IV2 
Constant   3.1679   -.3725   -.2698 
IV1        -.3725    .0946   -.0064 
IV2        -.2698   -.0064    .0560 
 
------ END MATRIX ----- 

 


