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Abstract: This paper investigates the impact of education on individual wages, aiming to provide 
empirical evidence on the causal effect of schooling. The theoretical framework is based on Mincer's 
human capital model, which is extended to account for health status. The methods involve OLS and IV 
estimation using recent nationwide survey data. The key results indicate that each additional year of 
schooling has a positive and significant effect on wages. The magnitudes of OLS and IV estimates are 
similar, suggesting that ability bias may not be severe. The findings confirm human capital theory that 
education improves labor market outcomes and drives wage inequality. The conclusion is that 
expanded access to education, especially for disadvantaged groups, can help reduce income disparities. 
Implications are discussed for education policy. The paper contributes additional empirical evidence to 
the literature on the returns to schooling. 
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1. Introduction 

A capstone model of wage equation is proposed in Mincer (1958; 1974)[13][14]. The model pays 
attention to the importance of human capital accumulation and distinguishes between two forms of 
human capital: education and working experience. The model is presented as: 

                                       𝑙𝑙𝑙𝑙𝑙𝑙 = 𝑙𝑙𝑙𝑙𝑤𝑤0 + 𝜌𝜌𝜌𝜌 + 𝛽𝛽1𝑥𝑥 + 𝛽𝛽2𝑥𝑥2                                                  (1) 
Where dependent variable is wage in log form, and independent variables are years of school 

education, experience, and quadratic term of experience. The model assumes a constant return to 
education and a diminishing return to working experience. 

Later, the model is extended to by Schultz (1961) and Becker (1964)[2][17], in which health status is 
introduced as an additional form of human capital. The wage equation is extended to the following 
form, where the last term is a function of health condition. 

                                   𝑙𝑙𝑙𝑙𝑙𝑙 = 𝑙𝑙𝑙𝑙𝑤𝑤0 + 𝜌𝜌𝜌𝜌 + 𝛽𝛽1𝑥𝑥 + 𝛽𝛽2𝑥𝑥2 + 𝑓𝑓(𝜃𝜃,ℎ)                                       (2) 
With the general form of wage equation settled, efforts are then taken to identify the source of wage 

differentials. A widely adopted framework is introduced by Blinder (1973) and Oaxaca (1973)[7][16], 
which proposes the decomposition of gender wage gap into difference in productivity, difference in 
return to human capital, and unexplained difference representing gender discrimination. The model can 
be denoted as: 

                     𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑔𝑔𝑔𝑔𝑔𝑔 = 𝛽𝛽𝐴𝐴(𝑋𝑋𝐴𝐴��� − 𝑋𝑋𝐵𝐵����) + 𝑋𝑋𝐵𝐵����(𝛽𝛽𝐴𝐴 − 𝛽𝛽𝐵𝐵) + 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢                  (3) 
This study focuses on the relationship between wage and education background of workers. It is 

established upon early studies that distinguish between the signaling effect of education and the 
improvement of productivity from education [4][8][15].    

There are four important implications from previous studies. Firstly, education enhances labor 
market outcomes of workers [11]. Secondly, the impact of education is heterogeneous over the 
population [5]. Thirdly, education-wage profile is a crucial source of wage inequality in labor market [10]. 
Lastly, regardless of the possible endogeneity of education due to omitting ability in wage equation, 
OLS estimation and TSLS estimation are comparable, which suggests that bias of estimation with a 
simple OLS model is tolerable[4].    
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The study utilizes data from UK labor survey to detect the effect of university education on labor 
market outcomes. The rest of the study is divided into seven sections in accordance with the 
instruction. 

2. Model description 

Following the tradition of wage equation introduced above, the study determines to adopt a semi-
log form, in which the response variable is hourly wage in log transformation. The decision is based on 
the distribution of hourly wage in its level and log forms presented in Figure 1, since the level term is 
highly skewed while log transformation mitigates the problem. 

 
Figure 1: Histogram of hourly wage and log transformation 

For the choice of independent variables, the study considers the framework proposed by Schultz 
(1961) and Becker (1964), in which education, working experience (and its quadratic term), and health 
status play the crucial roles. However, while the Mincer equation utilizes a continuous measurement of 
education by years, the data set contains only categorical variables for education level. The study takes 
“none” as the reference group and includes the binary variables for other three levels of education 
background. Meanwhile, the study adds in control variables for gender, location, firm type, and 
position of the worker. The baseline model can be written as: 

ln(𝑤𝑤𝑤𝑤𝑤𝑤𝑒𝑒𝑖𝑖) = 𝛽𝛽0 + 𝛽𝛽1𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑒𝑒𝑖𝑖 + 𝛽𝛽2𝑔𝑔𝑔𝑔𝑔𝑔𝑒𝑒𝑖𝑖 + 𝛽𝛽3𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙𝑖𝑖 + 𝛽𝛽4𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒𝑖𝑖 +
𝛽𝛽5𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 +𝛽𝛽6𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖2 +𝛽𝛽7ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑦𝑦𝑖𝑖 + 𝜃𝜃𝑋𝑋𝑖𝑖 + 𝜂𝜂𝑖𝑖                                                      (4) 

Where Xi contains the dummy variables for company location, firm type, and position respectively. 

Apart from the baseline estimation, the study digs further into the possible interaction effect of 
education with other explanatory variables. In detail, the study is interested in whether a college degree 
affects gender wage gap as well as the return to health and working experience. The framework of 
Chow break test is adopted for the analysis, where estimation is separated for two subsamples by 
completion of college education.  

3. Hypothesis statement 

Then central goal of the study is to check whether there is a positive return to education. The return 
to different levels of education in comparison with illiterate workers is performed with t test of single 
coefficient: 

                                             𝐻𝐻0: 𝛽𝛽𝑗𝑗 = 0 𝐻𝐻1: 𝛽𝛽𝑗𝑗 > 0 (𝑗𝑗 = 2,3,4)                                         (5) 

In addition, a joint hypothesis test with F statistics is conducted to examine the overall effect of 
education. 

  𝐻𝐻0: 𝛽𝛽2 = 𝛽𝛽3 = 𝛽𝛽4 = 0 𝐻𝐻1:𝐴𝐴𝐴𝐴 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜 𝑡𝑡ℎ𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑛𝑛 − 𝑧𝑧𝑧𝑧𝑧𝑧𝑧𝑧.  (6) 
Moreover, the study examines whether college degree affects the impact of gender, experience, and 

health condition in wage equation. The hypothesis test is achieved with a Chow break test comparing 
the estimation between workers with and without a university degree. The associated hypothesis 
statement is: 
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𝐻𝐻0:𝛽𝛽𝑗𝑗
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 𝛽𝛽𝑗𝑗

𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑒𝑒𝑒𝑒 (𝑗𝑗 = 0,1, … , 𝑘𝑘) 𝐻𝐻1:𝐴𝐴𝐴𝐴 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑜𝑜𝑜𝑜𝑜𝑜 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑖𝑖𝑖𝑖 𝑛𝑛𝑛𝑛𝑛𝑛 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒.      (7) 

4. Data issues 

Quality of data is critical to the internal validity of estimation. From the aspect of Gauss-Markov 
estimation assumptions [19], the study identifies the following issues of the raw data.  

The first problem is sample selection problem. As is reported in the summary statistics, hourly wage 
ranges from 7.7 to 144.23, which does not include zero or missing values. It indicates that the sample is 
based on employed workers only. However, as is previously studied, poor education also contributes to 
a lower labor for participation and a higher unemployment rate [6]. Then the focus on employed sample 
alone may lead to an underestimation of the educational return. 

The second problem is measurement error. The study could suffer from two types of measurement 
error problems. For one thing, hourly wage could contain measurement error due to rounding and 
misreport. Specially, for workers whose salary are paid by month or year, the estimated level of hourly 
payment could be noisy. In addition, the rounding error for data collection also introduces error in 
measurement. However, as long as the measurement error is random, the issue only leads to a higher 
variance of estimation while does not affect the unbiasedness of estimators. For the other, measurement 
error in independent variables such as working experience can be fatal. The variable definition section 
indicates that experience is derived from age and education level, which does not take into 
consideration the interim of working due to issues like pregnancy or unemployment. Such a 
measurement error would bring in the attenuation bias if it is in the form of classical measurement error 
in regressor.  

The third problem is perfect collinearity in regressors. By definition, age, education, and working 
experience are perfectly collinear, and the same issue is present for the four education indicators and 
the four location indicators as well. The solution is to leave one out when forming the regression 
model. 

Lastly, the distribution of hourly wage after log transformation still deviates from a normal 
distribution. The remaining issue of positive skewness could lead to heteroscedasticity, which is 
handled with the adoption of robust standard error in statistical tests. 

5. Model specification test 

The estimated baseline model is: 

ln(𝑤𝑤𝑤𝑤𝑤𝑤𝑒𝑒𝚤𝚤)� = 2.1 − 0.20𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑒𝑒𝑖𝑖 + 0.11𝑔𝑔𝑔𝑔𝑔𝑔𝑒𝑒𝑖𝑖 + 0.18𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙𝑖𝑖 + 0.54𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒𝑖𝑖 +
0.038𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 −0.00067 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖2 +0.06ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑦𝑦𝑖𝑖                                                         (8) 

The change in estimated coefficient is not substantial when control variables are included: 

ln(𝑤𝑤𝑤𝑤𝑤𝑤𝑒𝑒𝚤𝚤)� = 2.06 − 0.14𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑒𝑒𝑖𝑖 + 0.10𝑔𝑔𝑔𝑔𝑔𝑔𝑒𝑒𝑖𝑖 + 0.16𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙𝑖𝑖 + 0.46𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑒𝑒𝑖𝑖 +
0.03𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖 −0.00054 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖2 +0.06ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒ℎ𝑦𝑦𝑖𝑖 + 𝜃𝜃�𝑋𝑋𝑖𝑖                                                (9) 

The study considers three sets of post estimation diagnostic tests for modeling assumptions. The 
first is Ramsey RESET test(See Figure 2), which checks whether the model has missing non-linearity 
by including the power terms of fitted values back into the regression model. The second is White test 
of heteroscedasticity(See Figure 3), which checks whether constant variance assumption is violated by 
regressing the squared terms of residual on explanatory variables, quadratic forms, and their interaction 
terms. The last is VIF test(See Figure 4), which checks whether the model suffers from high 
multicollinearity problem.  

The relevance of these specification tests lies in that violation of linearity assumptioin renders 
estimators to be biased. In addition, non-constant variance leads to the failure of hypothesis test, while 
the problem of multicollinearity leads to imprecise estimators and insignificant t test statistics. 

The stata output below reports the three test statistics. The RESET test indicates the issue of omitted 
variables (p value=0.00), which should be solved with the introduction of higher order terms like 
quadratic or interaction terms. The White test indicates the problem of heteroscedasticity (p 
value=0.00), which is solved by reporting the robust standard errors for hypothesis test instead. The 
VIF statistics is less than 10, which refuses the problem of high multicollinearity. 
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Figure 2: Ramsey RESET test 

 
Figure 3: White test of heteroscedasticity 

                                                                              
       _cons       2.1001   .0275489    76.23   0.000     2.046095    2.154105
     healthy     .0611429   .0117366     5.21   0.000     .0381352    .0841506
     potexp2    -.0006728   .0000385   -17.46   0.000    -.0007484   -.0005973
      potexp     .0377676   .0017817    21.20   0.000     .0342749    .0412604
      degree     .5351117   .0209506    25.54   0.000     .4940412    .5761821
      alevel     .1819002   .0220757     8.24   0.000     .1386243    .2251762
        gcse     .1085474   .0224158     4.84   0.000     .0646048    .1524901
      female    -.2018245   .0108294   -18.64   0.000    -.2230538   -.1805952
                                                                              
  lnhourwage        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]
                             Robust
                                                                              

                                                Root MSE          =     .42456
                                                R-squared         =     0.2497
                                                Prob > F          =     0.0000
                                                F(7, 6246)        =     308.63
Linear regression                               Number of obs     =      6,254

. reg lnhourwage female gcse alevel degree potexp potexp2 healthy,r
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Figure 4: VIF test 

6. Research findings 

Table 1 illustrates baseline estimation, with first column considering only key explanatory variables 
and second column including full set of control variables. 

Table 1: Baseline estimation 

 (1) 
Inhourwage 

(2) 
Inhourwage 

female -0.20*** 
(0.011) 

-0.14*** 
(0.011) 

gcse 0.11*** 
(0.022) 

0.099*** 
(0.021) 

alevel 0.18*** 
(0.022) 

0.16*** 
(0.020) 

degree 0.54*** 
(0.021) 

0.46*** 
(0.020) 

potexp 0.038*** 
(0.0018) 

0.031*** 
(0.0017) 

potexp2 -0.00067*** 
(0.000039) 

-0.00054*** 
(0.000036) 

healthy 0.061*** 
(0.012) 

0.059*** 
(0.011) 

_cons 2.10*** 
(0.028) 

2.06** 
(0.028) 

Control variables 
N 6254 6254 
R2 0.25 0.37 
white 184.35 374.59 
RESET 8.14 23.3 
vif 7.08 3.96 

Standard errors in parentheses;*p<0.05,**p<0.01,***P<0.001 
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For the key research question regarding educational return, the estimation suggests an increase of 
earnings with education. In detail, compared with illiterate workers, GCSE qualification increases wage 
by a tenth, A level qualification increases wage by a sixth, and college degree increase wage by more 
than a half. The effect is statistically significant at 1% level for single variable t test, and jointly 
significant at the level of 1% as well. 

In terms of other key explanatory variables in the wage equation, table 1 yields the following 
conclusions. Firstly, there is a gender wage difference after considering the level of productivity. 
Ceteris paribus, a female worker earns 14% to 20% lower than her male counterparts and the gap is 
statistically significant at 1% level. Secondly, health status is associated with a wage differential in 
labor market. Ceteris paribus, healthy workers earn 6% more and the effect is statistically significant at 
1% level. Lastly, earnings increase with working experience at a diminishing speed. For a freshman 
with no working experience, the first year of experience improves hourly earnings by 3.1% to 3.8%. 
The effect is statistically significant at 1% level. However, the gain from working experience decays 
over time. Holding all else equal, hourly wage peaks with 28 years of working experience, after which 
salary begins to decrease with additional experience accumulation. 

Besides, for joint hypothesis test, the study finds evidence for wage inequality over location, firm 
type, and position of workers separately. In detail, the location dummy variables (three regional dummy 
plus one dummy indicator for London) have an F statistics of 44.42 (p value=0.00), which indicates 
geographical inequality in UK labor market. Meanwhile, small companies offer a lower wage by 12.6% 
while private companies offer a higher wage by 7.58%, both individually significant at 1% level. The 
two are jointly significant at 1% level as well (F statistics=70.07), suggesting the earnings differential 
across firm types. Lastly, part time workers are found to earn a lower wage by 7.18% and managers are 
found to outperform others by 27.33%. The two are statistically significant at 1% level in both single 
variable t test and joint test, indicating the effect of job type on earnings.  

For overall model fitness, the first column explains only a fourth of the variation in hourly wage, 
while the proportion increases to 37% in the second column. It suggests that the control variables are 
jointly significant in the wage equation and cannot be excluded from estimation.  

Then Table 2 reports the estimation for non-degree workers and degree holders. The estimation 
suggests an expanded gender gap among degree holders. Meanwhile, the return to experience as well as 
health is lower for non-degree workers. In addition, the intercept term suggests a college premium by 
23% after accounting for the changed marginal effect by other explanatory variables with a college 
degree.  

The chow break test statistics is 89.32, which is statistically significant at 1% level. Therefore, at 
the significance level of 1%, there is sufficient evidence for a structural break of wage equation 
between non-degree workers and college (or above) graduates. 

                                            𝐹𝐹 =
1110.8−579.69−368.02

12
579.69+368.02

6228
= 89.32                                       (10) 

Table 2: Subsample estimation 

 (1) 
degree-0 

(2) 
degree-1 

female -0.11*** 
(0.016) 

-0.16*** 
(0.015) 

potexp 0.024*** 
(0.0027) 

0.037*** 
(0.0023) 

potexp2 -0.00039*** 
(0.000055) 

-0.00070*** 
(0.000053) 

healthy 0.058*** 
(0.015) 

0.016*** 
(0.015) 

_cons 2.26*** 
(0.034) 

2.49*** 
(0.027) 

Control variables 
N 2715 3539 
R2 0.203 0.294 

Standard errors in parentheses;*p<0.05,**p<0.01,***p<0.001 
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7. Discussion 

Ethnical groups would be important regressors to include in the model. For one thing, previous 
studies have provided evidence for racial inequality in labor market [1][3]. It indicates that race is a 
crucial explanator variable in wage equation. Specially, race is associated with education attainment as 
well [12]. Since being black is found to be associated with a lower wage and a poorer education 
achievement simultaneously, omitting racial groups from the estimation could lead to an overestimation 
of education return. For the other, racial groups could be related with a structural break in wage 
equation as well. In detail, return to education as well as gender wage gap is found to differ over racial 
groups [9]. Therefore, no only the level term of racial groups but also the interaction term of race 
indicators with other explanatory variables should be included in the analysis.  

However, I find the survey question poorly designed as it contains potentially overlapping groups 
such as Chinese and Asian, Black and Mixed. It has too many categories which could lead the 
comparison between different ethnical groups to be unclear. Instead of creating a binary indicator for 
each of the seven categories, I would include only a binary variable of white to distinguish those 
privileged and potentially discriminated ethnical groups in job market. Such a design makes possible 
and convenient the identification as well as statistical inference with a chow break test framework. 

8. Project Extension 

There are two potential extensions to conduct. The first caters for the issue of sample selection 
discussed in the third section. Instead of collecting data only from those employed workers, the 
extension should be a population census data that covers inactive and unemployed workers as well. 
Then through a probit/logit model, an extension analysis can reveal how health status affects the 
opportunity of getting a job. In addition, by estimating a tobit model, the extension analysis can reveal 
the true causal effect of being unhealthy on wage income, which accounts for the loss of job 
opportunities as well. The second extension will involve the usage of a panel data set. In the current 
cross-sectional data set, the estimation is rather descriptive rather than causal due to the possible 
endogeneity of education and the issue of cohort effect [18]. If a pooled cross sectional data set with a 
possible policy shock (eg. staggered expansion of college enrollment in China) is available, a two way 
fixed effect estimation could be useful. 

9. Conclusion 

The study estimates wage equation using UK labor force survey.  

The baseline estimation indicates a rise of earning with education attainment. Specially, education 
return gets higher with increased years of education. Further analysis with subsample estimation 
suggests that college degree affects wage both in level form and in its interaction with other regressors. 
In detail, while there is a pure college premium by 23%, the effect of college degree is also illustrated 
by an expanded gender gap as well as a higher return to experience and health. Besides, the study 
points out the limitations due to truncation, measurement error, and endogeneity, while proposes 
associated solutions to be performed in future studies. 
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