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Abstract: This paper investigates how to test for nonresponse selection bias in wage functions induced 
by missing income information. We suggest an “easy-to-implement” approach which requires 
information on interviewer IDs and the interview date rather than hard to get interviewer characteristics. 
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1. Introduction 

 
It is well known that item nonresponse is particularly high when income and wage information is 
surveyed. If the response inclination is systematically related to wages, the estimates of wage equations 
could suffer from serious biases (Zweimüller 1992). Missing wages are still a rather neglected problem 
in empirical studies. A common way to deal with nonresponse is to eliminate missing cases. However, 
such a procedure assumes implicitly that wages are missing at random which seems to be at odds with 
the finding that item nonresponse on wage questions is more common in the tails of the income 
distribution (see e.g. Biewen 2001, Lillard et al. 1986). 
 
The Heckman model is an appropriate framework to test for selection bias induced by missing 
information. One crucial requirement when applying this model is to find a valid exclusion restriction. 
A possible candidate could be taken from the interview situation, i.e. from the characteristics of the 
interview. For instance, Bollinger and Hirsch (2010) present two exclusion restrictions based on 
information on whether oral or telephone interviews were conducted and when interview performance 
was evaluated that both varied by calendar month of the survey. However, such variation in the interview 
situation by survey month might be a rather seldom case.  
 
Another possibility is using interviewer characteristics because they are related to the response 
inclination (see e.g. Riphahn and Serfling 2005, Sousa-Poza and Henneberger 2000). Unfortunately, 
interviewer characteristics are often unobservable due to data protection regulations. Therefore, we 
suggest an exclusion restriction that only requires information on interviewer IDs and the date of the 
interview. Another advantage of our approach is that interviewer IDs and the date of the interview are 
observable for all observations, while interviewer characteristics are unavailable if some interviewers 
have refused to provide this information. 
 
2. Data and empirical strategy  
 
The empirical investigation is based on the German data set “WeLL” that was designed to analyze 
continuous training activities of individuals. The first wave covers 6,404 employees who were 
interviewed by telephone between October 2007 and January 2008.3 In addition to information on 
continuous training activities, the data covers socio-demographic characteristics, education and job 
characteristics. For the analysis, individuals with no job and with no information on core variables were 
excluded (reducing the sample size by 3% and by 2%, respectively). The final sample consists of 6,054 
observations. 
 
A specific feature of the data is that additional information can be merged from administrative records 
of the social security system (which covers approximately 80% of the German workforce). The 
administrative data contains, amongst others, exact information on wages. However, German data 
protection regulations do not allow merging data from different sources without the respondent’s 
approval. Therefore, in the WeLL questionnaire, respondents were asked to declare their agreement to 
link administrative data to their survey information. In the WeLL data, wages are missing for those 9% 
of respondents who did not agree.4 

                                                            
3 For more information on the data set, see Bender et al. (2009).  
4 In many countries (including the UK and US), record linkage became a common tool in survey data, not only in 

health surveys but also in individual or household surveys (Jenkins et al. 2006, Sala et al. 2012).   
 



 
To investigate whether missing wages induce a bias in a wage regression, a selection model is estimated 
(Heckman 1979). The outcome equation is a Mincer earnings function (Mincer 1974). The Probit 
selection equation indicates whether individuals agreed to merge data. The logarithm of the gross 
monthly wage is not observed for individuals who denied merging. The set of explanatory variables 
contains individual and job characteristics. In addition, the selection equation needs to include at least 
one variable that is related to the decision to declare agreement but unrelated to wages. To construct 
such an exclusion restriction, we suggest exploiting information on interviewer IDs (presented in more 
detail in the next paragraphs). The error terms are assumed to follow a bivariate normal distribution. If 

they are correlated with each other missing wage information cannot simply be ignored and a sample 
selection correction needs to be incorporated in the wage regression. Estimation is carried out by 
Maximum likelihood (ML) as well as by the two step procedure. 
  
As an exclusion restriction, a possible choice would be to use interviewer fixed effects. In our case, 
however, the selection equation cannot be estimated properly since 107 interviewers had an agreement 
rate of 100%. Thus, the 762 corresponding respondents had to be omitted from the Probit regression. In 
other settings, such an approach might be applicable, in particular, when missing wages occur more 
frequently or when the number of interviews per interviewer is large. Instead we construct an exclusion 
restriction based on information on interviewer IDs in addition to the date of the interview. The time 
period between the first and the last interview was 102 days. For each interviewer, we observe the day 
of each interview. These days are coded 1 for interviews on the first day, 2 for the second day […] and 
102 for the last day. The exclusion restriction is generated by calculating the standard deviation of the 
interviewer-specific days.  
 
The idea behind this measure is that interviewers being more intensely engaged in the survey (indicated 
by a low standard deviation) are more able to concentrate on the specific issues of the questionnaire. 
The question on record linkage is by no means standard to interviewers and it can induce further requests 
from respondents. More concentrated and focused interviewers might have higher agreement rates as 
they respond more adequately to queries or as they are perceived as being more sensitive or trustworthy. 
Those 18 interviewers having conducted only one interview were set to zero for the analysis. Since the 
assignment of interviewers to respondents is random and since it is the interviewer’s choice to conduct 
the survey more or less intensely, we consider this exclusion restriction to be valid. In addition, when 
inserting this exclusion restriction in the wage equation, the coefficient becomes statistically 
insignificant which is interpreted as descriptive evidence of a valid exclusion restriction. Table 1 
contains the description of all variables and sample means.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
Table 1: Variable description and summary statistics 

 
 
3. Results 
 
Table 2 documents the main results showing that the coefficient of the exclusion restriction is 
statistically significant in the selection equation.5 A higher standard deviation of days conducting the 
interviews is negatively related to the individual’s likelihood to declare their agreement. This holds 

regardless of using the ML approach or the two-step procedure. The insignificant indicates that there 
is no statistically significant correlation between the error terms of the wage and the selection equation. 
Thus, in our data, ignoring observations with missing wage information yields unbiased results (see also 
the coefficients of an OLS model estimated on the non-missing observations; Table 2, column 3).  
 
Our result contrasts with the findings of Zweimüller (1992) who identifies a serious bias from ignoring 
missing cases. It is, however, similar to the conclusion drawn by Sousa-Poza and Henneberger (2000). 
Even though these studies directly investigate refusing wages which is different to our case of not 
declaring agreement to merge data, we still suggest that differences in the missing-wage rate could 
explain different results. Zweimüller (1992) is confronted with a missing-wage rate of almost 40%, 
Sousa-Poza and Henneberger (2000) face 14% and we have 9%.  
 
 
 
 
 
 
 
 
 
 

                                                            
5 Among the other covariates, children, training and working full time are positively associated with declaring 
agreement on a statistically significant level. The coefficient of the interaction between child and male has a 
negative sign. 

Variable Description Mean

ln(wage) Logarithm of gross monthly wages (in Euro) 7.92
Male Dummy: 1 for males, 0 otherwise 0.63
Married Dummy: 1 for married employees, 0 otherwise 0.73
Children Dummy: 1 for having children aged <=18 years, 0 otherwise 0.38
Male ×

 
Children Interaction term between male and child 0.25

Years of schooling Years of schooling 12.98
Potential experience Age-years of schooling-6 26.17
Training incidence Dummy: 1 for training participation in last two year, 0 otherwise 0.65
Tenure Tenure in current job (months) 207.48
White collar employee Dummy: 1 for white collar workers, 0 otherwise 0.65
Full time job Dummy: 1 for full-time job, 0 otherwise 0.84
Temporary contract Dummy: 1 for temporary contract, 0 otherwise 0.06
Agreement to merge wages Dummy: 1 for agreement to merge data, 0 otherwise 0.91
Standard deviation of days 
conducting the interviews

Standard deviation of the days when interviewers have conducted their 
interviews 13.48

Notes:  6,054 observations (wages: 5,538 observations).



Table 2: Estimation results 

 
 
4. Conclusion 
 
This study shows that deleting missing wages is a valid way to deal with item nonresponse when using 
the WeLL data. Even though this result is not directly transferable to other data sets, our approach to 
test for selectivity is widely applicable. Especially when the number of missing cases is high, testing for 
selection bias (and if necessary correcting for it) is important and can be implemented by our approach. 
Furthermore, we suppose that its applicability is not only limited to the case of selectivity induced by 
merging data but also to cases in which wage questions are directly refused. This is because the 
necessary assumptions for the exclusion restriction are similar in either case.  
 
Having access to interviewer IDs and information on the date of the interview enlarges the set of methods 
to test for selection bias due to missing information and, hence, helps to improve the quality of empirical 
work. Furthermore, with respect to data protection regulations both pieces of information are by far less 
problematic than interviewer characteristics. Survey administrators should, therefore, provide 
interviewer IDs in survey data.  
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Std. Err. Std. Err. Std. Err.
Selection equation

Standard deviation of days conducting the 
interviews -0.012 *** 0.004 -0.012 *** 0.004
Covariates from wage equation

Wald test (p-value)
Bootstrapped std. errors (p-value)
Wage equation

Male 0.206 *** 0.014 0.206 *** 0.014 0.206 *** 0.014
Married -0.008 0.011 -0.008 0.011 -0.008 0.011
Children (y/n) -0.081 *** 0.025 -0.082 *** 0.027 -0.081 *** 0.025
Male ×

 
Children 0.149 *** 0.028 0.150 *** 0.032 0.149 *** 0.028

Years of schooling 0.046 *** 0.003 0.046 *** 0.003 0.046 *** 0.003
Potential experience 0.014 *** 0.003 0.014 *** 0.003 0.014 *** 0.003
Potential experience squared -0.0003 *** 0.000 -0.0003 *** 0.000 -0.0003 *** 0.000
Training incidence 0.121 *** 0.012 0.120 *** 0.020 0.121 *** 0.012
Tenure 0.001 *** 0.000 0.001 *** 0.000 0.001 *** 0.000
White collar employee 0.181 *** 0.014 0.182 *** 0.016 0.181 *** 0.014
Full time contract 0.642 *** 0.030 0.641 *** 0.033 0.642 *** 0.030
Temporary contract -0.123 *** 0.026 -0.123 *** 0.026 -0.123 *** 0.026
Observations
Censored Observations
Uncensored Observations 5,538 5,538
Notes: Standard errors are clustered at the interviewer level (287 clusters). Significance level: *** 1%, ** 5%.

6,054
516

6,054
516

0.97
-0.04

0.96

Yes Yes

Heckman Selection Model

Coeff.

OLS Model,
Missing Wages Deleted

Coeff.
Maximum Likelihood Two-step Model

Coeff.

-0.001

5,538
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