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LABOR ECONOMICS 

Week 6 

Supply of skills – Measurement 

János Köllő 

•In order to achieve unbiased estimates of returns to education (with the Mincer equation 

or other methods) the effect of schooling must be separated from the effects of other, 

possibly correlated, variables. 

•The task is similar to what impact studies do in program evaluation and medical 

sciences: we try to identify the effect of education thought of as a ‘treatment’.  

•Let us briefly look at the first best way of identifying treatment effects, and the typical 

errors we make, when we try to infer them from cross-section comparisons and/or by 

looking at time series. 

Slides 2-8 draw from Gábor Kézdi : Az aktív foglalkoztatáspolitikai programok 

hatásvizsgálatának módszertani kérdései, Budapest Working Papers on the Labour 

Market 2004/2. Downloadable at: http://www.econ.core.hu/doc/bwp/bwp/bwp0402.pdf  

•The heart of the problem is that we would like to compare two states of the same 

person. How much she earns now, with college diploma, and how much she would earn 

without diploma, for example. 

•This is clearly impossible since the ‘counterfactual state’ is unobservable. 

•In order to identify the effect of a treatment (such as college attendence) we need 

appropriately chosen control groups and make some preliminary assumptions. 
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The problem 

Let Yt denote an outcome variable, t periods after the treatment was started:   

Y – outcome 

K – dummy for being treated (0,1)  

t – duration of the treatment 

d – dose 

 – constant 

  – time-invarying difference between treated and control 

  – trend in the control group ( 0) and the treated group without treatment ( 1) 

  – effect of the treatment 

 – residual, for which cov( ,t)=0, cov( ,K)=0 and cov( ,Kt)=0 

States before and after treatment:   

E(Y|controls before treatment) =  

E(Y|controls after treatment) =  + 0 

E(Y|treated before treatment) =  +  

E(Y|treated after the treatment period in lack of treatment) =  +  + 1 

E(Y|treated after treatment) =  +  + 1+  

Difference between treated and control after treatment:  + ( 1- 0) +  ≠  

Change of Y within the treated group: 1 +  ≠  
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Parallel trend assumption 

A part of the problem is solved if the „parallel trend assumption” holds, that is: 1– 0 = 0. 

The assumption is that in lack of treatment, the outcome variable would have changed 

similarly in the two groups.  

Difference between treated and control:  + ( 1– 0) +  ≠  

Change of Y within the treated group: 1 +  ≠  

Difference in difference (DID)   

Compare changes in the difference between treated and controls, or, the difference in 

the changes in the two groups. If the parallel trend assumption holds, a DID model 

identifies the true effect of the treatment: 

Y (controls) =  + 0 –  = 0  

Y (treated) = :  +  + 1+  –  –  = 1+   

DID = 1+  – 0 =  if the parallel trend assumption holds.   
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Back to the Mincer equation 

•Treated: had S years in school 

•Control: had S–1 years in school 

•Outcome: expected earnings 

•We usually estimate r  w/ S using cross-section earnings data. The scope for 

experiments or DID estimation is rather limited.  

•So we need to be careful with the interpretation. Let us briefly look at the major risks 

inherent in these estimates. 

1. Ability bias 

If people with higher abilities go to school longer, and higher abilities are conducive to 

higher wages per se, a part of w/ S is explained by selection effects rather than 

schooling (the treatment).  

Direct measures of abilities (like IQ measured before schooling) are seldom available. 

One way to control for abilities is to compare the earnings of identical twins with different 

levels of schooling (Bonjour 2002, Ashenfelter and Krueger 1994; Miller et al. 1995; 

Behrman and Rosenzweig 1999; Bound and Solon 1999; Isacsson, 1999) but such data 

are scarcely available, too.  

We usually do not control for abilities, which leads to what is called omitted variable 

bias 

An indirect way of solving the problem is applying an instrumental variable (IV) model.  

Generally, a properly chosen instrument affects assignment to treatment without 

affecting the outcome variable.  

In our case, we should find an instrument, which affects the level of education without 

affecting wages at given level of education.  
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How can the IV model help to achieve identification   

Well-known examples are Card (1995) using distance from colleges as an instrument, 

and Angrist–Krueger (1991, QJE) using the month of birth.  

2. Erroneous inference from cross-section data  

The cross-section age-earnings profiles do not always reflect the expected time path of 

earnings.  

At the fall of communism in Hungary, for instance, many young people expected fast-

growing earnings for university graduates, which led to a three-fold increase in the 

number of college and university students. The cross-section estimates of w/ S (as of 

1989) crucially underestimated the expected returns to education: 

• University graduates born in 1965–70 earned more by 20-25 per cent in 1998 than 

was expected on the basis of the age-earnings profile of 1989. 

• Generally, returns to education (estimated with the benchmark Mincer equation) 

increased substantially, from 5.5 per cent in 1986 to almost 15 per cent in 2009  

Returns to education ( w/ S) in 54 samples (27 countries and 2 genders, late 1990s) 

and Hungary (1986 and 2009)  
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3. Additive, separable effects? 

The „benchmark” Mincer-equation assumes that the effects of schooling and experience 

are additive and separable. More sophisticated specifications, allowing for interactive 

effects, are required to capture the existing differences in the experience-earnings 

profiles across educational levels.  

The chart shows the earnings of 

university graduates, high-school 

graduates, vocationally trained workers 

and people with primary education 

background (from top to bottom, 

respectively) in Hungary 2002. 

Reference category: 16 year olds with 

primary education.  

Source: Kézdi (2004)  

4. Measurement error 

We usually measure both school-based human capital (for which years in school serve 

as a proxy) and labor market experience (usually approximated as age-years in school-

6) with error.  

Classical measurement error leads to ‘inward biased’ coefficients, i.e. ones, which fall 

closer to zero in absolute value than the genuine parameters.   

In cases, when we have access to both imprecise and precisely measured variables, the 

bias from using the latter is easy to check. See the forthcoming slide using two 

indicators of experience    
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The chart below shows three estimates of the wage returns to experience. The upper 

curve ( ) shows the effect of actual work experience. For the second curve (O), age-

years in school-6 was used as a proxy of experience. The bottom curve ( ) shows the 

effect of years spent out of work.The data were drawn from a survey of Hungarian 

unemployment benefit recipients finding employment in April 2001 (collected by the 

National Employment Service). Wages of people with 0 years of experience = 1.  

5. Selection bias 

The decision to study is influenced by expected earnings. Not all wage offers are 

accepted so we observe only a selected subset of wage offers.  

As was discussed earlier (Week 3), self-selection implies selectivity bias, measured by 

the coefficient ( ) of the inverse Mills ratio ( ).  

To the extent the -s (correlation between unobservables affecting labor force 

participation and wages) differ by the level of education, OLS will yield biased estimates 

of w/ S.  
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