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Introduction 

Understanding the education-earnings relationship is vital for both individual investments in schooling 
and national policy. Modelling returns to education promotes human capital growth according to Keynes’s 
theory of economic growth 1  and Ricardo’s theory of comparative advantage 2 . Furthermore, many 
empirical studies show that education indirectly reduces unemployment and increases occupational 
access for those who participate (Cohn & Addison, 1997; Psacharopoulos, 1985). 

Returns to education are affected by a variety of characteristics, such as family background, ability, or 
institutional components, rather than being a fixed parameter in the population (Card, 1999).  Using the 
NLSYM (Survey of Young Men) dataset for 1977, this literature builds on Jacob Mincer’s (1974) human 
capital earnings function (hereafter, HCEF) by exploring the use of exogenous family background 
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covariates, introduced as instrumental variables (hereafter, IVs), to decompose the causal relationship 
between education and earnings. This approach aims to provide policymakers and educators with greater 
interpretability for returns to education and inform policy decisions on how best to allocate resources to 
promote economic growth and quality of life. 

Through use of two-stage least squares (hereafter, 2SLS), the research question of this study is to test the 
effect of parental education as the IV on estimates of returns to education.  

Findings show that parental education has a significant, positive relationship with their children’s 
education outcomes, returns are 12.09%, or, relatively, 70% higher than that of the OLS methodology 
(7.59%); consistent with previous research by Shi (2016), who finds a higher estimate for the 2SLS 
estimator. The Wu-Hausman test confirms that the OLS estimator is endogenous and exhibits 
heteroskedasticity, while the 2SLS estimator is preferred, supporting the use of parental education as an 
adequate IV for future research in this area.  

 

Economic Analysis 

Model Specification 

According to Mincer’s HCEF, the log of individual earnings (y) can be broken into a linear education term 

and a quadratic experience term. 

ln(𝑦) = 𝛽0 +𝛽1𝑏 + 𝛽2𝑒 + 𝛽3𝑒
2 + 𝜀 

            (1) 

where 𝛽0 is a the expected log earnings when education and experience are both zero (constant), 𝛽1 is 
the "return to education" coefficient, 𝛽2 is the linear effect of experience on earnings, 𝛽3 is the quadratic 
effect of experience on earnings (used as the return to experience generally diminishes with age), and ε 
is the error term.   
 
Willis (1986) asserts that if the number of years of completed schooling accurately reflects an individual’s 

education, and if each additional year has a constant effect on labour market returns, then coefficient 𝛽1 

fully internalises the returns to education. The first assumption has face validity more in the United States 

than European countries with multiple education streams (Card, 1999). Accordingly, the NLSYM dataset 

provides data for United States men entering the workforce (monitoring 14-to-24-year-olds after a ten-

year-period), and a diverse set of variables relative to other census results from the time  (Perez & 

Hirschman, 2009). 

We recreate a simple HCEF variant using ordinary least-squares (OLS), estimating the log-level weekly way 
in 1976 against education, experience, and experience squared, as shown in Figure 1. Adjusted R-squared 
shows that 19.5% of the variance in earnings is explained, with the coefficient of education indicating 9.3% 
return per additional year of education, while experience has marginally weaker effect, and this 
significance is supported with t-statistic values.  
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Figure 1 

 
Card (1999) finds that simple variants of the HCEF can explain 20-35% of the observed earnings variation. 
They suggest that any significant improvements to the initial model will come from building more flexible 
interactions between education and experience. This can be done (1) by incorporating more exogenous 
variables to explain the causal relationship, and (2) by better interpreting the endogeneity in the existing 
variables.  
 

Data Analysis  
 

Appendix 1.1. shows the summary of a selection of statistics from the NLSYM dataset, which began in 

1966 with 5525 men aged 14-24. In 1976, 71% of the original sample remained (falling to 61% by 1981),  

while representing a decade of change and over a quarter reporting 15+ years of education (Card, 1999).  

Most notably, sampling bias exists in the data; the maximum years of education for all surveyed individuals 

is 18 years, leading to clustering at the maximum value (18) as some certificates take indeterminately 

longer, resulting in downward bias (Card, 1999). Moreover, Appendix 1.2. shows over-sampling for men 

in the South and the black population, relative to nationally representative samples (41% versus 32% for 

region, and 28% versus 10% for race). Stratified or random sampling techniques would ensure that the 

sample is representative of the population (Kish, 1965), and corresponding variables are used as controls 

for all models in this report. 

OLS Regression 

In Figure 2, OLS regression is implemented in three parts. Geographical components “Lived in Standard-
Metropolitan-Statistical-Area” and “Lived in South” (both 1976) are highly statistically significant, while 
“4-year college proximity” and “single-mother” variables are insignificant. Conceivably, this may be due 
to endogeneity between variables. Parts (2 & 3) are denoted as: 
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We find from Eq. (3) (see Appendix 3.1.) that the full set of family background variables aren’t jointly 

significant, though “married” has a strong relationship with earnings. Returns to education are 7.6% per 

year, consistent with Card (1993). Notably, with more variables, the unobserved error decreases with a 

greater standard error. 

 

Figure 2 

Instrumental Variable Analysis 

The HCEF assumes that education is free and that students do not simultaneously gain experience (or 
earn) while enrolled (Heckman et al., 1998). This suggests that within the existing model, components of 
educational quality are not internalised. Decomposing this part of the model can increase estimates 
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significantly (Chetty et al., 2014). To address endogeneity we use IVs to control for the correlation 
between the endogenous variables and the error term with 2SLS. During first-stage, the IVs predict the 
endogenous variables. During second-stage, the predicted values are used as regressors. 

A robust earnings-education instrument necessitates identifying a source of exogenous variation in 
education choices, uncorrelated with the dependent variable and error, but correlated with the predictor. 
Family background is a promising candidate as parental education and incomes can give their children 
better access to informed advice and more expensive opportunities (e.g. tutoring, postgraduate), afterall 
higher school quality is associated with higher earnings (Card & Krueger, 1992).  

Mazumder (1997) shows that parental education is highly correlated with schooling outcomes as families 
with high genetic “ability”, such as IQ, may be more motivated to achieve labour market success. This 
induces positive correlation between parental education (“fatheduc”, “motheduc”) and unobserved 
determinants of education3. Card (1999) shows each additional year of schooling for either parent raises 
their child’s completed education by 0.2 years, and also explains 30% of the observed variation in General 
Social Survey (GSS) data.  

Figure 3 shows negative correlation between education and experience, corresponding to Mincer's 

"potential experience" equation, which mechanically relates the variables  (visualised also in Figure 4). As 

mentioned previously, multicollinearity due to over-sampling ensures we control using race and south 

dummy variables. 

 
Figure 3 

Griliches (1979) qualifies parental education as a instrumental variable candidate, finding that parental 

education affects earnings primarily via their effect on the level of achieved schooling, suggesting 

exogeneity with wages. However, high correlation between maternal and paternal education may indicate 

multicollinearity, which may cause inflated standard errors when used as IVs. Therefore, it is important to 

assess the adequacy of these instruments with Adjusted R-squared. Alternative IVs are explored in other 

papers4. While Griliches (1977) and Becker (1964) suggest such biases could be smaller than other 
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measurement biases (up to 10% of the variance), but targeting endogeneity is still important for studies 

which build upon and improve interpretability of the HCEF framework, as emphasised by Polachek (2007) 

and Card (1999).  

A distributional analysis of family background is conducted in Figure 4, showing that modern 24-to-34-

year-old males stay in education longer than their parents. Implicitly, this suggests that returns to 

education may be diminishing longitudinally, as the existing workforce in real terms earn the same as the 

previous generation, despite better education (Denison, 1962; Mankiw, 1992). 

 

Figure 4 

 

Results 

First-stage 

We can use the first stage to discern the relative endogeneity for variables in the model. For the variables 

selected, we run an OLS regression against education in the form Eq.(4) where the parental education 

variables are the instrumental variables (Z). 
 

 

The results present parental education as a strong candidate for an IV, given strong t-statistics (above 

threshold of 2 for 5% significance level) and positive correlation with education. However, measurement 

error is a concern as “fatheduc” and “motheduc” are missing for 22.9% and 11.7% of the males surveyed, 

respectively, which reduces the usable data to only 73.1% (2,200 of 3,010 total 1976 observations) via 

sampling bias, without a corresponding variable to control with.  

Consequently, bias may exist due to heteroskedasticity, which would reduce certain estimator robustness 

if present. In Figure 5 (right), the results of the Breusch-Pagan/Cook-Weisberg test for hetero-skedasticity 

in STATA indicate that the probability of observing a significant (larger than 61.94) test statistic under the 

null hypothesis is effectively zero, so we reject the null hypothesis. This may invalidate the statistical 

inference of the OLS model.  
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Parental education has a positive and significant impact on education, with each additional year of 

parental education resulting in 0.118-0.135 years of education. The adjusted R-squared value of 48% 

indicates that parental education explains a substantial portion of the variance in earnings, and when we 

remove mechanically related variables like experience and experience squared, they account for over half 

of the explanation (see Appendix 2).  

Other research shows that using parental education as an IV in 2SLS regression can lead to stronger 

results, particularly for maternal education, as demonstrated by Shi (2016) using PSID data5. Shi finds that 

OLS estimates are downward-biased compared to IV estimates, implying parental education may be a 

strong instrumental variable6. 

 

Second-stage  

Figure 6, column 3 is a second-stage regression against lwage using these two variables as IV, where the 

output of Eq.(2) is 𝒆𝒅𝒖�̂�: 
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Figure 6 

When parental education is taken as an exogenous determinant of schooling, the implied IV estimate for 
returns to education is 12.09% with a standard error of 0.0119, corresponding to a 68.7% increase over 
the corresponding OLS estimates. This indicates that endogeneity bias was present in the OLS regression, 
corresponding to 10% returns to education for 2SLS estimator by Shi (2016), against 5.87% for OLS (70.4% 
increase). 

Comparing R-squared values for OLS (Appendix 3.1) with IV (Appendix 3.2), OLS explains 6% more of the 
relationship with a lower RMSE score, but also has 26% more datapoints. To determine whether the IV 
estimator is more efficient with smaller variance, we run the Wu-Hausman test (Figure 7), comparing the 
efficiency and consistency of the 2SLS and OLS estimators.  We reject the null hypothesis (F-
statistic=15.916, p-value=0.0001), indicating OLS is endogenous and inefficient, potentially due to 
exhibiting heteroskedasticity. Overall, parental education is an adequate IV and the 2SLS estimator is 
preferred. 
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Figure 7 

 

Conclusion 

In conclusion, evidence suggests that parental education has a significant, positive relationship with their 

children's educational outcomes, and translates into higher earnings through greater returns to 

education.  

While the 2SLS estimator produces a higher estimate for returns to education than the OLS estimator, the 

latter explains slightly more of the relationship between education and earnings. The Wu-Hausman test 

confirms that the OLS estimator is endogenous and inefficient, and the Breusch-Pagan/Cook-Weisberg 

test suggests heteroskedasticity.  

When using parental education “motheduc” and “fatheduc” as instruments for education, returns are 

12.09%, or 70% higher than that of the OLS methodology (7.59%). Shi (2016) also found a higher estimate 

for the 2SLS estimator.  

These findings support the use of parental education as an adequate instrumental variable for future 

research in this area. However, it is important to acknowledge missing data and measurement error, 

which may reduce statistical significance and increase endogeneity. Future research could address these 

gender and sampling limitations with GSS, PSID, and NSFH datasets, and further explore the implications 

of our findings for policy and practice in education and labor markets. 
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