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PAD 705 Handout: Diagnosing Output from 
Maximum Likelihood Estimations 

 
Some students who use maximum likelihood techniques assume that most of the issues that must be 
addressed in ordinary least squares regressions are no longer a problem. That is not correct. We are still 
concerned about the same issues; in some cases they will be studied or diagnosed in new ways. 
 
1. Statistical significance of coefficients: Stata reports a Z score instead of t score for technical reasons. 

However, we use the same process to determine whether a coefficient is statistically significant: 
calculate a P value. Stata reports a P value. If you must calculate one by hand, use the Z table (which 
has no degrees of freedom dimension) instead of the t table. 

2. Joint significance of coefficients: Joint signficance can be calculated and tested, but we use a different 
statistic. Instead of using an F score, we will use a log-likelihood calculation. The procedure is 
similar. For instance, if we want to test whether two variables are jointly not equal to zero, we would: 

a. Run an unrestricted regression that includes all of the variables. Record the log-likelihood that 
Stata reports for this regression. 

b. Run a restricted regression – one that excludes the two variables you wish to evaluate for joint 
significance. Record the log-likelihood. 

c. Calculate the following statistic, called a “likelihood ratio”: 

-2(Log-LikelihoodR – Log-LikelihoodUR) 

d. This likelihood ratio has a chi-squared (χ2) distribution. The degrees of freedom are the number 
of restrictions in the equation. 

Example: From our teen pregnancy example, lets see if seasia (South East Asian) and natam 
(Native American) are jointly significant. 
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Unrestricted: 

. probit  chld black natam seasia welf medinc married other hdmarr femh, robust 
 
Iteration 0:   log likelihood =  -886.7591 
Iteration 1:   log likelihood = -708.30172 
Iteration 2:   log likelihood = -703.91581 
Iteration 3:   log likelihood = -703.89278 
Iteration 4:   log likelihood = -703.89278 
 
Probit estimates                                  Number of obs   =       4065 
                                                  Wald chi2(9)    =     330.56 
                                                  Prob > chi2     =     0.0000 
Log likelihood = -703.89278                       Pseudo R2       =     0.2062 
 
------------------------------------------------------------------------------ 
             |               Robust 
        chld |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       black |    .506125   .0859219     5.89   0.000     .3377212    .6745288 
       natam |   .3662242   .3574489     1.02   0.306    -.3343628    1.066811 
      seasia |   .1090145   .3170013     0.34   0.731    -.5122967    .7303257 
        welf |   .4640981    .095293     4.87   0.000     .2773272     .650869 
      medinc |  -9.34e-06   5.43e-06    -1.72   0.086      -.00002    1.31e-06 
     married |   1.983818   .1340636    14.80   0.000     1.721058    2.246578 
       other |   .2117702   .4495982     0.47   0.638     -.669426    1.092966 
      hdmarr |  -.1507379    .113095    -1.33   0.183    -.3723999    .0709242 
        femh |   .3146778   .1063204     2.96   0.003     .1062937     .523062 
       _cons |   -1.64446   .2351367    -6.99   0.000     -2.10532   -1.183601 
------------------------------------------------------------------------------ 
 

Restricted 

. probit  chld black welf medinc married other hdmarr femh, robust 
 
Iteration 0:   log likelihood =  -886.7591 
Iteration 1:   log likelihood = -708.69076 
Iteration 2:   log likelihood = -704.37718 
Iteration 3:   log likelihood =  -704.3556 
Iteration 4:   log likelihood =  -704.3556 
 
Probit estimates                                  Number of obs   =       4065 
                                                  Wald chi2(7)    =     329.79 
                                                  Prob > chi2     =     0.0000 
Log likelihood =  -704.3556                       Pseudo R2       =     0.2057 
 
------------------------------------------------------------------------------ 
             |               Robust 
        chld |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       black |   .4983765   .0853467     5.84   0.000     .3311001    .6656529 
        welf |   .4688128   .0959013     4.89   0.000     .2808498    .6567759 
      medinc |  -9.11e-06   5.45e-06    -1.67   0.095    -.0000198    1.57e-06 
     married |   1.977608   .1336766    14.79   0.000     1.715606    2.239609 
       other |   .2065414   .4499964     0.46   0.646    -.6754353    1.088518 
      hdmarr |  -.1461701   .1129952    -1.29   0.196    -.3676366    .0752963 
        femh |   .3177469   .1060782     3.00   0.003     .1098374    .5256563 
       _cons |  -1.650175   .2352761    -7.01   0.000    -2.111308   -1.189043 
------------------------------------------------------------------------------ 
 
The log-likelihoods are bolded above. The likelihood ratio statistic is: 
 

-2(-704.3556 – (-703.89278)) = .92564 
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According to the χ2 table on page 604-605 of Pindyck and Rubinfeld, the cut-off value for 95% 
confidence (e.g., a P value of 5% or less) is 5.99 for two degrees of freedom. For this example, we 
have two degrees of freedom because we are using two restrictions. We cannot reject the null 
hypothesis: seasia and natam are not jointly significant. You may also use the Stata command 
test.  
 
. test  seasia natam 
 
 ( 1)  seasia = 0.0 
 ( 2)  natam = 0.0 
 
           chi2(  2) =    1.16 
         Prob > chi2 =    0.5607 
 
The differences are probably due to rounding. You may also test more complex questions (like 
whether seasia and natam are equal to one another) using the manual transformations of variables 
that we used for OLS regressions. 

 
3. Functional form. We must be concerned about functional form in maximum likelihood. It may be the 

that the “index” is affected in some non-linear way by age, experience, and other independent 
variables that tend to have quadratic or logarithmic forms in OLS regressions. Maximum likelihood 
techniques usually produce a “pseudo” R2 measure that may be interpreted like the regular R2 
calculated in OLS. The better functional form yields a higher R2. Another way to tell if one function 
form seems to be better than another is to see how well different functional forms predict actual 
behavior. If we were looking at a vote on a referendum, we could predict a probability for each 
person in the data set based on a logit or probit estimation. For each person, where the predicted 
probability of voting “yes” is 0.5 or greater and where the person actually voted yes, code the 
observation as having been correctly predicted. Similarly, if the predicted probability of voting “yes” 
is less than 0.5 and the person actually voted no, code the observations as having been correctly 
predicted. Then see what proportion of the observations in the data set are actually predicted 
correctly. Choose the functional form that predicts best.  

4. Perfect Collinearity/Multicollinearity: As in OLS, this is a potential problem. When using dummy 
variables, you must leave out one category. Highly correlated independent variables are likely to have 
large standard errors. 

5. Hetereoskedasticity: As in OLS, hetereoskedasticity affects calculation of the standard errors. The 
most-often used correction is robust standard errors, which in Stata are calculated by putting  
“, robust” at the end of the logit or probit statement (see the example above). Diagnosing 
hetereoskedasiticity in maximum likelihood estimations is not as easy. For instance, there is no 
hettest for maximum likelihood estimation. Graphing residuals is not always useful, and Stata 
does not have commands like rvpplot to help with this analysis. Often, analysts will run the probit 
and logit estimations with and without robust standard errors to see if it makes much difference. 

6. Serial correlation: Maximum likelihood estimations are subject to serial correlation problems. We 
will not deal with time-series data that uses qualitative dependent variables, so I will defer this issue 
for coverage in an advanced course. 

7. Omitted variables bias: Like OLS, maximum likelihood estimations are subject to bias if variables 
are omitted that are correlated to the dependent and one or more independents. The solution to this 
problem is the same as in OLS: find data for the omitted variable or use an instrumental variable. 
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8. Simultaneous equations: Like OLS, maximum likelihood estimations are biased and inconsistent if 
they are executed on an equation that includes more than one endogenous variable. (Remember: every 
equation has at least one endogenous variable; when there is only one endogenous variable, we call it 
the dependent variable.) One may use a modified version of the instrumentation and two-stage least 
squares process that we discussed earlier in the course. There are different variants of this process, 
depending on whether the endogenous variables are all dummies or a mix of dummies and continuous 
variables. However, those methods are beyond the scope of this course. You should remember, 
however, that you cannot simply run logit or probit on an equation that contains two or more 
endogenous variables. 


