
Trends in the Labor Market 
Claude Berrebi, Kyrill Shraberman and Shirley Yarin 
 

Econometric Appendix 

Gini regression 

In this study, the semi-parametric estimation method known as Gini regression was chosen to assess 
the explanatory variables' impact on hourly wage. Gini regressions are very similar to quantile 
regressions. In quantile regressions, however, unique coefficients are calculated for every 
distribution range/percentile, whereas Gini regressions calculate the slopes between two points, and 
an average slope that is weighted based on the distance between the points, which is actually a 
cumulative distribution function. 

The weighting of slopes per cumulative probability gives this method several advantages over the 
least squares methods. These advantages are particularly evident when estimating relationships 
between different variables in situations where a contradiction exists between the assumptions 
required for effective estimation via least squares and the empirical findings (Yitzhaki, 1995; 2015). 
The advantages of Gini regressions over OLS regressions do not replace or cancel the latter, but rather 
enhance researchers' ability to "find" estimates in cases where the OLS method does not allow them 
to obtain answers to their questions. If the data used for the regression create a linear relationship 
and error is distributed independently of the explanatory variables – then OLS is the most effective 
regression. By contrast, if one of the assumptions behind the least squares regression is violated, then 
Gini regression can "handle" the assumption's violation better than OLS, as its properties make it 
possible to uncover more information on the estimates than those of the least squares method. 

One property of Gini regression that facilitates data discovery is that it has two correlation 
coefficients between every two random variables – a known phenomenon for many years in the field 
of econometrics (Yitzhaki, 2015). Moreover, imposing a symmetrical correlation in a case where the 
data violate the assumption of symmetry may lead to a change in the sign of the regression 
correlation, given an appropriate linear transformation of the explained variable. 

To illustrate the differences between the least squares and Gini estimates, the estimation of a linear 
relationship between an explained and an explanatory variable or several explanatory variables – i.e., 
finding the coefficients – is presented below. 

A researcher wishing to estimate a relationship via OLS regression –  
(1) Y = α + βx + ε 

has to make all sorts of limiting assumptions about the data, such as independence between Error ε 
and Explanatory Variable X and, at a later stage, the distribution form of the errors. Given the joint 
variation and the assumptions of independence between errors and an explanatory variable, one 
obtains an unbiased linear estimate that minimizes error variance: 

(2) β =
𝑐𝑜𝑣(𝑌,𝑋)

𝑐𝑜𝑣(𝑋,𝑋)
 

 

More simply put, the best linear unbiased estimate that minimizes error variance is a ratio of the 
joint variation between explained [dependent] and explanatory variables, and of explanatory variable 
variance. By contrast, in Gini regression the above estimate takes the following functional form: 

(3) β =
𝑐𝑜𝑣(𝑌,𝐹(𝑋))

𝑐𝑜𝑣(𝑋,𝐹(𝑋))
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One should note that the Gini estimate is a function of the explanatory variable's cumulative 
distribution, not only of the variable's level, meaning that the assumption of estimate symmetry, 
necessary in least squares, does not exist in Gini regression. Formally, the symmetry of the estimates 
is defined as: 

(4) 𝑐𝑜𝑣(𝑌, 𝑋) = 𝑐𝑜𝑣(𝑋, 𝑌) 

In the least squares method, symmetry can be achieved only if the explanatory variable 
distribution is symmetrical, while in Gini regression no such assumption is necessary. Essentially, the 
property of independence in the level of the explanatory variable makes it possible to overcome cases 
where the data contradict the theoretical assumptions on which the model is based (for example, in 
financial economics typically one assumes the existence of  decreased marginal utility of income, and 
income distribution is usually logistic or log-normal distribution). Therefore, independence of the 
level of explanatory variables makes it possible to give more equal weight to observations at the 
extremes of the variable’s distribution, as opposed to overweighting observations at the extremes, in 
a case where where the cumulative distribution is skewed toward one extreme, or in any other case 
of asymmetrical distribution (Yitzhaki, 1996). 

Another Gini regression method is called "extended Gini regression." In order to explain the 
difference between regular and extended Gini regression, one must look at the functional form of the 
weights used to weight the slopes between the points. Explicitly, the Gini coefficients are as follows: 

(5) β(ν) = ∫𝑤(𝑥, 𝜈)𝑔′(𝑥)𝑑𝑥 

 

g' (x) are the slopes of the relevant regression line, and w(x, v) are the weights used to weight the 
slopes between the various values, weights take the following form: 

(6) 𝑤(𝑥, 𝜈) =
[1−𝐹(𝑥)]−[(1−𝐹(𝑥)]𝜈

∫ {[1−𝐹𝑥(𝑡)]−[1−𝐹𝑥(𝑡)]
𝜈}𝑑𝑡

∞

−∞

 

The estimators in the expanded Gini regression get the following functional form: 

(7) β =
𝑐𝑜𝑣(𝑌,(1−𝐹(𝑋))𝜈−1)

𝑐𝑜𝑣(𝑋,(1−𝐹(𝑋))𝜈−1)
 

As the formula shows, arbitrarily-determined Parameter v makes it possible to emphasize different 
parts of the explanatory variable distribution. If v = 2 one obtains a regular Gini estimator, in which 
the weight of each slope is precisely weighted in a cumulative probability of the points. When v>2 the 
center of the distribution moves to the lower end of the distribution, and when v<2 the upper portion 
of the distribution is emphasized. Thus, choosing the size of Parameter v makes it possible to "divert" 
the coefficients to the part of the distribution of the relevant explanatory variable. In this way the 
researcher can analyze the relationships and contexts between variables based on his/her social 
outlook. Determining the size of Parameter v determines what portion of the explanatory variable 
distribution will be emphasized in the results. For example, if the researcher wishes to examine 
income elasticity in the consumption of a particular good, he/she must estimate expenditures on that 
good as a function of household income. If the researcher attaches greater importance to finding the 
income elasticity among lower income individuals, then he/she must choose v>2. If, on the other 
hand, the researcher wants to know how a change in the capital gains tax will affect "heavy 
investors," he/she should choose v<2. 

If the assumptions behind the least squares regression are fulfilled, then the regression method 
employed is not important for identifying the model, but only for comparing the rapidity of 
convergence, refining the estimates, etc. By contrast, if the linearity assumption is violated, Gini is 
better suited. 
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Wage comparison 

Hereby we present the wage comparison used to calculate trends in the returns to education between 
2003 and 2011 and 2014, but before looking at the estimation results, we would do well to expand a 
little on the implications of the proposed analysis. 

Acemoglu and Autor (2011) (Figures 5A and B and Figures 6A and B) analyzed the education 
gradient of US wage-earners for the years 1973, 1989 and 2009. The years of schooling gradient was 
computed based on a wage equation, and the functional form chosen was the log of the hourly wages 
as a function of a quadratic polynomial of education and a fourth-degree polynomial of potential 
experience. Also, the equation was assessed for men and women, both together and separately, with 
the introduction of a dummy variable controlling for gender and its interaction with a polynomial of 
potential experience, in the joint equation for both genders. As evidence of functional form 
independence, wage equations were assessed that contained dummy variables for the various 
educational levels, rather than a years-of-schooling polynomial.1 The goal of their analysis was to 
investigate changes in relative hourly wage disparities by years of formal schooling, i.e., to identify 
the hourly wage gap between a worker with a given number of years of schooling and a worker with 
basic education and a basic number of years of potential experience (7 years of schooling and 25 years 
of potential experience). Controlling only for worker potential experience and gender gives the 
education gradient the meaning of return on a year of general education, regardless of the type of 
education or study discipline, and including, of course, effects of other variables that did not enter 
into the estimation of that wage equation. 

In this study the wage equation was estimated to include other variables besides education and 
potential experience, such as occupation group variables and minority variables: Arab Israelis and 
immigrants.2 This is the result of an elimination process in which we estimated various functional 
forms of the wage equation and various explanatory variables that were introduced into the model, 
as shall be seen below. 

To illustrate and clarify, only results of the estimation for 2014 will be presented (Table 1A and B). 
All of the stages to be shown below were carried out for each of the years in question – 2003, 2011 and 
2014. Model 1 contains the variables of the Acemoglu and Autor (2011) model, which are a quadratic 
polynomial of years of schooling and a fourth-degree polynomial of potential experience. 
Additionally, at first we introduced variables to control for distinct population groups such as Jews,3 
Arab Israelis and immigrants, this enabled us to control for hourly wage variation arising from worker 
population-group affiliation. In the OLS estimate of the natural log of hourly wage, very different 
coefficients were obtained for women and men (Model 1 in the table), in terms of both sign and level 
of significance, for terms of the polynomial of education coefficients, and especially for the potential-
experience polynomial coefficients.  
 

                                                           
1 The educational levels proposed in Acemoglu and Autor (2011) also included intermediate levels. Besides high 
school and academic degrees, there were also levels denoting partial high school and partial academic education. 
This, in turn, was possible thanks to the data employed by the researchers. 
2 A periphery dummy variable was introduced into the model as part of the search for optimal explanatory variables, 
but was omitted in the final model. The reason for this was that there is a high correlation between the periphery 
variable and the Arab Israeli variable, as most of the population belonging to the Arab Israeli population lives in the 
periphery, particularly the northern periphery. 
3 Because this is the largest population group, the dummy variable controlling for it was omitted. 
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In light of our results of Model 1, we additionally tried controlling for worker occupations, in order 
to control for hourly wage variance stemming from worker occupation.4 As can be seen in the Model 
2 results (Tables 1A and 1B), Model 2's explanatory level improved in comparison with that of Model 
1, and the coefficients of the education and potential-experience polynomials became smaller 

                                                           
4 The reasons for choosing occupation as an additional explanatory variable are given in the study's Returns to 
Education section. The occupation used as reference category is the academic occupations group. 

ln_hourly 
MODEL 1 MODEL 2 MODEL 3 GINI GINI ( ? =1.038) 

sh_lim 0.1515** 0.0811** 0.0318** 0.0476** 0.0317** 
sh_lim2 -0.0022** -0.0012** 
exp 0.1200** 0.0956** 0.0126** 0.0143** 0.0133** 
exp2 -0.0050** -0.0038* 
exp3 0.0001** 0.000100 
exp4 0.0000 0.000000 
M2 -0.2436** -0.1500** -0.1545** -0.1319** -0.1531** 
M3 -0.2746** -0.1780** -0.1714** -0.1694** -0.1709** 
managers -0.0373 -0.0341 -0.0111 -0.0379 
tech -0.2415** -0.2619** -0.2229** -0.2655** 
clercks -0.5156** -0.5775** -0.5334** -0.5805** 
services -0.6385** -0.6883** -0.6363** -0.6921** 
skilled -0.5392** -0.5837** -0.5224** -0.5899** 
unskilled -0.8115** -0.8977** -0.8227** -0.9045** 
_cons 1.4330** 2.6377** 3.621** 3.3184** 3.6101** 

R² 0.2598 0.3766 0.3482 0.4083 0.3844 

MALES 

ln_hourly 
MODEL 1 MODEL 2 MODEL 3 GINI GINI ( ? =0.84) 

sh_lim 0.0925** 0.0425** 0.0497** 0.0560** 0.0497** 
sh_lim2 0.0002000 0.0002 
exp 0.0646** 0.0620** 0.0114** 0.0123** 0.0119** 
exp2 -0.0022 -0.0021* 
exp3 0.0000 0.0000 
exp4 0.0000 0.0000 
M2 -0.1933** -0.1615** -0.1576** -0.1523** -0.1557** 
M3 -0.2849** -0.1540** -0.1516** -0.1537** -0.1506** 
managers -0.0154 -0.0058 0.0006 -0.0065 
tech -0.2657** -0.2646** -0.2496** -0.2660** 
clercks -0.3802** -0.3761** -0.3571** -0.3770** 
services -0.6732** -0.6729** -0.6499** -0.6758** 
skilled -0.6498** -0.6532** -0.6326** -0.6580** 
unskilled -0.6483** -0.6454** -0.6161** -0.6509** 
_cons 1.9266** 2.9151** 3.1805** 3.0578** 3.1698** 

R² 0.3106 0.4427 0.4317 0.4830 0.4733 

FEMALES 

*  p < 0.10; **  p < 0.05; ***  p < 0.01. 
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compared with their size in Model 1. Adding occupations to the model did not alter the significance 
level of the polynomial coefficients of potential experience, or of the coefficient of the quadratic term 
of education in the women's wage equation (Table 1B). Accordingly, the potential-experience 
polynomial coefficients suggest that the relationship between hourly wage and experience is not 
represented by a fourth-degree polynomial, even when occupation is not controlled for. 

In Model 3 the assumption of non-linear relationship between education and hourly wage, and 
experience was abandoned in order to ensure optimal congruence of the wage equation's functional 
form, and facilitate investigation of the male-female differences in the coefficients expressing 
relationship between education and wage. As can be seen, the coefficient signs and significance level 
in Model 3 are identical for men and women. The wage equation's explanatory level declines in 
relation to Model 2, but is still higher than in Model 1. 

A look at the probability density function of the natural log of hourly wage (Figures A2.1, A2.2) with 
a CDF of normal distribution indicates that the form is not exactly symmetrical. Additionally, the 
years-of-schooling distribution is not at all consistent with the normal distribution, raising concerns 
that the assumptions necessary for effective least squares estimation are not fulfilled in the case at 
issue (in particular the fulfillment of [4]). Another way to examine the fit of the dependent variable’s 
distribution to the normal distribution was to run a fourth model (Model 4) which replicated the 
specification of Model 3, but was estimated via Gini regression. We then could compare the relevant 
coefficients, and in case of disparities run a fifth model (Model 5) using an expanded Gini regression.  

As can be seen in the results table, the level of the coefficient in Model 4 indicating a relationship 
between education and hourly wage is lower than in Model 3, which employed least squares 
regression, and the value of dummy variables – both population groups and occupations – is also 
lower relative to the Model 3 coefficients. Due to in the disparities between the least squares and Gini 
regression coefficients, the wage equation was estimated again via expanded Gini regression, in order 
to determine which part of the hourly wage distribution causes deviation of the least squares 
coefficients. 

Figure A1.2.  Natural log distribution of hourly wages versus the 
normal distribution 
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Figure A2.2.  Distribution of years of schooling versus the normal 
distribution 

 

The far-right column in Table 1 (Model 5) shows the expanded Gini regression coefficient, and at 
the top of the column the value of Parameter v appears as well. The parameter's size was chosen to 
ensure equality in the level of the education-wage relationship coefficient between the Gini and OLS 
regressions. In the male wage equation, such equality is achieved when v=1.2. This means that the 
upper portion of the distribution causes deviation of the least squares coefficients. In the female wage 
equation, the expanded Gini and least squares coefficients are equal when v=0.81. The conclusion is 
that in the case of the female wage equation as well, the deviation of the least squares estimates is 
due to the upper part of the women's wage distribution. These two results (v being different than 2) 
indicate that estimates obtained via least square regression are likely to deviate because the 
assumption of normal distribution of the explained variable are unlikely to be met. Therefore, when 
analyzing the relationship between hourly wage and formal education, one should rather rely on the 
Gini regression estimates. 
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