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Abstract

The wage return to education has been studied for a long time. Acemoglu and Autor (2010)
connect the decrease of medium-level job opportunities in the U.S. with technological advances. Their
theoretical model predicts that if technology replaces routine jobs, workers with medium-level skills will
experience decreases in wages relative to both high-skill workers (who become more productive with
the improved technology) and low-skill workers (who can less easily be replaced since their work is not
routine). Moreover, their theoretical model predicts that if medium-skill workers are closer substitutes
for low-skill workers than they are for high-skill workers, the relative return of high-skill workers to
low-skill workers should increase. Using education as proxy of skill (Acemoglu & Autor, 2012), this
paper checks if these three predictions about relative wage returns to education also hold in Brazil. This
paper finds that the impact of technological change on the Brazilian formal labor market between 1986
and 2010 is consistent with predicted changes in the return to education for medium-skill workers
relative to both low and high skill workers. The impact is consistent with predicted changes in the return
to education for high-skill workers relative to low-skill workers when Lula’s presidency is considered in
the model.

JEL classification: 124;J31; 033
Keywords: education; skill premium; income inequality; occupation; technology



1. Introduction

The wage return to education has been discussed for a long time since Mincer constructed a
function to explain income with schooling and experiences. Just like the prices of goods, the return to
education is determined by demand and supply. In the US, there has been both an increase in relative
supply of college educated workers, and an increase in relative wage return of a college degree to all
other workers (Acemoglu & Autor, 2010). This suggests something in the labor market is pushing the
demand of highly educated workers upward. Studies have argued that skill-biased technology is the
factor that is shaping the labor market demand and bringing skill premiums to workers with high
education levels (Acemoglu & Autor, 2010; Berman et al., 1998). Moreover, observations from the US
suggest that technology is replacing routine jobs generally filled by people with medium education
levels. This has caused job polarization where the opportunities for mid-wage workers are decreasing,
while opportunities for workers at the two ends of the job market (low-wage and high-wage) are
increasing (Keller & Utar, 2016). Decreased demand for these medium-skill-level jobs further pushes
people with medium education levels — who are already working to shift to jobs with lower education
requirements (Acemoglu & Autor, 2010). All these trends suggest that technology changes in the US are
differentially impacting the return to different education levels. According to Acemoglu and Autor
(2010), the technology improvements started in the 1970s is primarily harming people with medium-
level educations.

Data from the Brazilian RAIS dataset, which is an individual-level panel data documenting
detailed information about workers in the Brazilian formal labor market, further indicates that this
employment trend is not unique to developed countries. According to Figure 1, the employment shares
of unskilled white-collar and skilled blue-collar jobs in the Brazilian formal labor market shrank from
1986 to 2010, especially after 1996, while the employment shares of professional and managerial,
skilled white-collar, and unskilled blue-collar jobs increased. I consider professional and managerial,
and skilled white-collar jobs as high-skill jobs, unskilled white-collar and skilled blue-collar jobs as
medium-skill jobs, and unskilled blue-collar jobs as low-skill jobs. This observation shows that jobs that
require medium level of skills are losing their shares in the Brazilian labor market, which is similar to

what people observed in the US.

Figure 1: Employment shares by major occupation groups, Brazil 1986-2010
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According to Figures 2, from 1986 to 2010, all occupations in the formal labor market have
increase in their share of workers with higher education credentials. This can be explained by two
factors. First, as will be shown later in section IV, the education levels of workers in the formal labor
market generally increases across time. Still, this does not fully explain what Figures 2 is showing. For
example, the relative amount of workers who completed 8" grade decreased from 2000 to 2010.
However, within unskilled blue-collar occupations, workers who completed 8™ grade had a steady

increase in proportion during that time period, which suggests they are shifting to jobs which require

lower skills.



Figure 2: Occupational employment shares by worker education, Brazil 1986-2010
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This tendency demonstrates that when original jobs are no longer available, workers with a
particular education level are closer substitutes for workers employed in occupations that require lower
skills (education levels) than they are for workers employed in occupations that require higher skills
(education levels). That is, in Brazil’s case, when the employment shares of unskilled white-collar and
skilled blue-collar jobs are shrinking, workers that originally worked or would have worked in these
occupations are more likely to shift to unskilled blue-collar jobs, rather than professional and managerial

jobs.



With the tendencies mentioned above, the employment share changes, and study from Acemoglu
and Autor (2010), it is reasonable to predict that in Brazil the relative wage return of medium-level
educations should decrease relative to both low and high education levels and the relative wage return of
high-level educations to low-level educations should increase because of technological improvements.

This paper first demonstrates that technological improvements (proxied by high tech imports as a
share of GDP) in Brazil are indeed harming workers with medium-level educations the most in relative
terms. Given this premise, this paper then checks if the wage inequalities between high and low
education workers shifts in the same directions as Acemoglu and Autor predicted. The results are
consistent with their predictions about changes in relative wage between low-skill and medium-skill
workers, and changes in relative wage between medium-skill and high-skill workers. However, the
results suggest the wage gap between low-skill and high-skill workers in Brazil decreases with
technology improvements. This may be biased by Lula’s presidency during 2003-2010 since Lula
conducted many economic reforms to reduce overall inequality at that period. After I add a dummy
variable indicating Lula’s presidency to regressions, the results suggest the wage gap between low-skill
and high-skill workers in Brazil increases with technology improvements. All other findings remain the
same. In the end, the paper discusses the possibility that job polarization can be transferred from
developed countries to developing countries as technological advances are adopted in Brazil.

Section II of this paper goes through the previous studies of returns to education and a more
detailed explanation of Acemoglu and Autor’s theory. Section III presents the construction of my
empirical model based on Mincer’s function. Section IV descripts my data. Section V and VI presents

and discusses my findings. Section VII concludes.

II. Literature Review

A. Studies on Returns to Education

Returns to education have different meanings in microeconomic and macroeconomic contexts.
From the macro perspective, returns to education represents the impact of education on national
economic growth (Sianesi & Reenen, 2003). From the micro perspective, education is a private

investment in “human capital” and the return is reflected through individual earnings (Harmon et al.,



2003). The return to education in this paper is consistent with the definition of the microeconomic
perspective.

When education is viewed as an investment, its return is related with its risk. However, it is
noticed that the return of education is higher than other investments with similar risks (Harmon et al.,
2003). This implies there exist barriers which keep people from receiving their optimal amount of
education, such as from high school to college (Harmon et al., 2003). Moreover, school quality can
impact returns to the same education level, while technology changes can impact returns to different
education levels (Berman et al., 1998; Card & Krueger, 1992; Goldin & Katz, 2010).

Perceived returns to education also affect people’s schooling decisions (Harmon et al., 2003;
Jensen, 2010; Sianesi & Reenen, 2003). That is, people decide whether they continue their study or not
based on the amount of return they think they will get after graduation. While their estimated return can
be wrong, students with a higher estimated return from schooling generally intend to continue their

study for a longer time (Jensen, 2010).

B. The Canonical Model and Improvements

The traditional Canonical Model on technology and returns to education assumes that there are
two skill groups, low-skill and high-skill. Technology is assumed to be complementary to either high-
skill workers or low-skill workers. The model predicts that when technology is “skill-biased” and
resulting demand increases faster than the supply of high-skill workers, inequality between low-skill and
high-skill workers rises, and vice versa if supply increases faster than demand (Acemoglu & Autor,
2012).

Acemoglu and Autor extend this model by adding medium-skill workers and follow the
traditional model assumption that technology can both be used to complement workers and replace
workers depending on type (Acemoglu & Autor, 2010). They suggest that recent technological change
has been able to replace routine tasks: tasks previously fulfilled by medium-skilled workers. For
example, travel agents are replaced by online reservations. But that change does not replace non-routine
tasks previously fulfilled by low-skill and high-skill workers, such as cleaning and managerial positions
respectively. Hence the relative wage of medium-skilled workers to low-skill workers decreases and the
relative wage of high-skill workers to medium-skill workers increases. Moreover, if medium-skill
workers are closer substitutes to low-skill workers than high-skill workers, the wage inequality between

high-skill workers and low-skill workers rises, all else equal (Acemoglu & Autor, 2010). Their model is



driven by observations of the US labor market. Observing if this pattern also holds in a developing

country is a good way to see how well their model can be applied to different labor markets.

II1. Empirical Framework

The common way to estimate the return of education is using the Mincer’s human capital

earnings function (Mincer, 1974):

logw; = a4+ X;8+rS; + 0E; + YE? + u; (1)

Where w is an earning measure for individual i. S is a measure of education, that is, the number of years
an individual spent in school. E is work experience in years. The equation also contains a quadratic form
for the work experience measure in order to reflect the concavity of returns to experience. Mincer also
suggests a proxy for work experience when direct information on experience is unavailable. Assuming
an individual of age A4 started school at age 7, finished S years of schooling in exactly S years (no early
or late graduation), and began working immediately after the graduation from school, then the years he
or she spent working can be expressed as Ei = A- S -T. X is a set of other variables besides education
and job experience that is assumed to affect earnings and u is the random disturbance term assumed to
be independent of X and S.

Mincer’s original education variable is measured in years. However, the RAIS dataset used in
this paper documents education in credentials, such as high school complete and college complete. The
measure in credentials is better than the measure in years as the return of schooling is not linear.
Fulfilling a particular year of schooling, such as the last year in high school or college can bring extra
wage premium (Hungerford & Solon, 1987; Park, 1996). As a result, the way education is documented
in the RAIS dataset can be an advantage. Hence, here the education variable documents an individual’s
highest credential, which can be 4" grade incomplete, 4t grade complete, high school complete, and
college complete. Workers who completed 8™ grade (medium-level education) are used as the reference
group in order to easily track the change in their wage returns relative to higher and lower education
groups across time. The RAIS dataset contains data from 1986 to 2010. Since children began school at
age 7 before 2010, work experience can be calculated as Ei = A-S-7 (Stanek 2013). It is assumed that for

workers who completed 4" grade, S = 4. Similarly, S = 8 for workers who completed 8™ grade, S= 11
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for workers who completed high school (high school in Brazil takes 3 years), and S = 16 for workers
who completed college (as Bachelor programs in Brazil are usually 4-6 years).

Besides education and work experience, previous studies have shown many other factors that are
related with earning outcomes which can be considered in terms of variables in X — the set of additional
traits related to earnings. Wage gaps by gender are well documented and have had much research done
attempting to explain the reasons for this gap. Regional income disparities are observed over the period
1985-2001 in Brazil (Silveira-Neto & Azzoni, 2006). As a result, I include gender and region as
variables in X. [ would also like to include race and nationality in X because previous studies suggest the
lack of qualifications and incomplete assimilation generate a wage gap between immigrants and native
workers (Nielsen et al., 2004). Racial income differences are also observed. However, the RAIS dataset
does not include a race variable until 2004, and most of the workers in the formal labor market are
Brazilians. So, the regression here does not include race in order to see the changes of return to
education through a longer time period and does not include nationality given the data is very
unbalanced in this variable.

Since the study aims to show the impacts of technology improvements to workers with different
education levels, technology is also an important component of earnings outcomes. We can view the
impacts of technology in two ways: the first is the general impact of technology improvements to all the
workers in the formal labor market, and the second is specific impacts to workers with different
education credentials. As a result, I include one variable proxying the general impact of technology and
further interact this term with different education levels to see its impacts on different education groups.
I use values of high-tech imports to Brazil as a share of total GDP each year as a proxy for the
inflow/impact of technology from abroad, which is inspired by Connolly (2003)!. Also, since the job
market needs time to respond to the technology change, I use a one-year lag when studying relationship
between wage and technology change.

Brazil’s economy was not very stable during my period of study. I therefore also include Brazil’s
annual real GDP per capita in my empirical model to capture the influence of general macro-economic
conditions in Brazil.

Taking my research goal, previous studies, and available data together, the final empirical model

1s shown below.

I Since most innovation occurs in developed countries, technology must diffuse to developing countries. This can occur through multiple
channels, including multinational, worker migration, international trade in capital goods embodying tech, etc. Here I just consider one
channel because of available data, which is high-tech imports to Brazil as a share of total GDP each year.

11
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W is real December monthly wage in year ¢ for worker i in year ¢. I use log of real wage to reduce
skewness of it. S is the education measure as k level dummies, including 4" grade incomplete, 4t grade
complete, 8" grade complete, high-school complete, and college complete, with workers who completed
8t grade as the reference group. E is work experience in years. Technology is represented by the value
of high-tech imports as a share of total GDP in each year. G is the gender dummy variable which equals
to 1 for female workers. GCAP is the annual real GDP per capita. L is the location measure as / level
dummies, including Northeast, Southeast, South, and Center West. Workers who work in plants in the
Center West belong to the reference group. Again, the benchmark for this regression are male workers in

Center West who have completed the 8 grade.
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I will run both fixed-effect regression (equation (3)) and random-effect regression (equation (4)),
which are constructed based on empirical model of equation (2). Random-effect regression is the most
powerful regression because it will not drop time-invariant variables that I am interested in. But
coefficients from it can be biased if there exist latent individual fixed effects that are not included in my
regression. A fixed-effect regression can control for latent individual effects so the coefficients from it
can be less biased. However, it cannot estimate coefficients on any time-invariant variables, such as a
worker’s education level. So, running both is an optimal way to capture coefficients I want and detect
possible bias in estimations. To the extent that there may be a time trend, like a general increase in

technology over time, I add a time index to each regression.
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IV. Data

The dataset that is used for studying wage returns to education is the RAIS dataset from the
Brazilian Ministry of Labor. To proxy for technological change, I include trade information from the
United Nations Comtrade Database and GDP information from the CEPII Gravity Database. I use real

GDP per capita data from the World Bank to capture the general macro-economic conditions in Brazil.

A. Education and Formal Labor Market

The study uses the RAIS dataset as the primary data source given it allows the study to track
individual workers across time by using the unique PIS IDs in the dataset. The RAIS dataset contains
detailed information about 103 million individual employees in the Brazilian formal labor market within
period 1986-2010, excluding interns, domestic workers, and other minor employment categories, along
with those without signed work cards, including self-employed. Based on the trends observed in the
introduction, the employment share of medium-skill occupations started to shrink around late 1990s and
early 2000s.

The dataset documents individual wages in two ways. The first one is wage of the worker in
December, which is written as multiple of the minimum wage in December of that year. The second one
is average wage of the worker over the year or over the employment spell within the plant, which is also
written as multiple of the minimum wage in December of that year. This paper uses the first method to
represent wages as this ensures that workers’ formal employment status and earnings are measured at
the same time point, thus avoiding the potential confounding effects on average yearly earnings which
may from, for example, different job starting time in a year.

For data summary, I derive a random sample which contains information of 3% of workers who
had wage in December documented in RAIS from 1986 to 2010 at least once. I use sampling data here
because first the number of observations of RAIS in each year is 30-67 million, which makes tracking
individual workers in the whole formal labor market population across time difficult. Second, some of
the workers with a high education credential (college or high school complete) have multiple jobs in the
formal labor market, and these jobs usually have very different skill requirements. For example, a person
who completed college is CEO of a company, while at the same time he may also do an unskilled blue-
collar job because he has time and is interested in it. As a result, including all these observations in the

study can blur the results. A way to solve this problem is to only consider the job with the highest

13



payment as the observed job for the study. This process requires a lot of computation power so applying
it to the whole dataset is not feasible here. After a few rounds of tests and comparisons, I am confident
that a random sample of 3% of workers who had wage in December documented in RAIS from 1986 to
2010 at least once (2.6 million) is big enough to represent the population properly.

I observe inconsistencies sometimes happen in the data for gender, age, and education levels.
Since RALIS is a panel dataset, it allows me to detect and correct some of these inconsistencies by
comparing values across time and using frequency to determine the correct data. I especially highlight
the way I correct education levels here. Since children in Brazil began school at age 7 before 2010 and it
takes 16 or 17 years of education in total for an individual in Brazil to get a college degree, an
individual’s education level can keep changing before age 25 and usually remains the same afterwards.
If a worker’s education level suddenly switches after age 25, it is highly likely that there is a
documentation error. In Acemoglu and Autor’s model, skill level is a fixed property for each worker
(2010). Hence, I consider each worker’s most common education level in the dataset after age 25 as
his/her ultimate education level and use it in later regressions.

As aresult, I drop workers who never exceed 25 and workers who do not have documented
education levels after age 25 in the dataset. This step removes data of 0.47 million unique workers (1
million observations without other missing values) from the sample. In order to avoid negative values
for work experience, I drop observations where a worker’s age is smaller than number of years required
to achieve his/her ultimate education level. For example, if I observe a worker aged 17 in 1986 and
he/she got a college degree after age 25, I know this worker pursued higher education after 1986 and I
delete this observation. That is, the observations I keep are ones where workers achieved their ultimate
education levels and would not have further education improvements. This step does not change the
number of unique workers in the sample.

After all the cleaning, there are 2.2 million unique workers (18 million observations without
missing values) in the sample. I am confident that the cleaning will not bias my research results because
the formal labor market employment distributions from my cleaned sample (Table A3 in appendix) is
consistent with the population distributions I show in section I: employment share of medium-level jobs
shrinks across time. Hence, the research context remains the same.

Below I provide distribution of education levels and summary statistics of real wage in year
1986, 1990, 1995, 2000, 2005, and 2010 grouped by education levels. These statistics are derived from

my cleaned sample.
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Table 1: Education Distribution (in percentage)

Education Level 1986 1990 1995 2000 2005 2010
4th Grade Incomplete 13.23 13.03 11.61 8.77 6.92 6.08
4th Grade Complete 33.38 32.24 29.24 24.34 20.31 18.77
8th Grade Complete 20.68 21.28 22.14 22.76 22.68 22.76
High School Complete 22.31 23.13 26.35 32.44 37.99 39.68
College Complete 10.38 10.32 10.65 11.69 12.10 12.71
Total Observations 650,930 762,303 824,107 878,125 1,086,342 1,232,365
Resource: Random Sample from RAIS Dataset
Table 2: Summary Statistics of Real Wage (in 2005R$)Grouped by Education Level
Education Level 1986 1990 1995 2000 2005 2010
4th Grade Incomplete 621.47 397.09 473.62 478.84 484.29 603.50
(778.24)  (676.53)  (733.53)  (706.81) (694.23) (747.22)
4th Grade Complete 773.56 500.46 613.28 605.90 582.91 695.36
(1002.92) (728.94) (876.15) (818.42) (771.55) (857.00)
8th Grade Complete 919.30 595.43 722.53 701.04 664.72 790.07
(1332.5)  (943.10) (1113.22) (989.86) (904.98)  (1026.54)
High School Complete  1364.39 910.71 1030.36 1027.93 926.28 1151.80
(1837.47) (1308.20) (1700.50) (1557.08) (1380.48) (1607.42)
College Complete 2041.13 2106.86 2853.66 2982.74 2877.22 3497.81
(3046.53) (2353.08) (3308.20) (3442.13) (3660.42) (4229.10)
Total Observations 650,930 762,303 824,107 878,125 1,086,342 1,232,365

Resource: Random Sample from RAIS Dataset

Note: numbers inside (.) are standard deviations and numbers above are means.

Table 1 shows that relatively more and more workers in the formal labor market complete high

school and college across time. The median of education levels gradually shifted from 8™ grade to high

school around early 2000s. For consistency, I consider 8" grade complete as the medium education level

for later regressions based on data in Table 1. According to Table 2, the average real wage of workers

who completed 8t grade experienced a decrease between 1995 and 2005, which corresponds to the

period when employment share of medium-skill occupations experienced a shrink. Workers who

completed high school and 4™ grade, which are not the two ends of the education credentials, also

experienced a real wage decrease in that period. All education levels besides 4™ grade incomplete

experienced a decrease in average real wage in 2005 and a recover in 2010. These may be explained by

the economic downturn happened in early 2000s and later economic reforms which stabilized the
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economy. The number of observations increases across time because the RAIS dataset has more

observations over time.

B. Change of High-tech Imports and GDP

The UN Comtrade Database contains annual and monthly trade statistics by trading partners and
commodity types. It covers about 99% trade activities across about 200 countries. In this study, I use
annual values of imports reported as Commodity Codes 7, 86, and 89 in the Standard International
Trade Classes (SITC) to represent annual values of high-tech imports, as these three codes stand for
machinery and transport equipment, scientific and control instruments, photographic goods, clocks, and
miscellaneous manufactured goods (such as office equipment, including computers in later years), which
are most likely to contain goods involving technology and used by high-tech industries (Connolly,
2003).

I get Brazil’s annual total GDP from 1986-2010 from the CEPII Gravity Database to weight the
values of high-tech imports as share of total GDP to get rid of inflation problems. The information about
annual real GDP per capita in Brazil is from Word Bank.

Figure 3 shows the change of values of high-tech imports as share of total GDP in Brazil from
1986 to 2010. The values started to have a significant increase during the middle of trade liberalization
in Brazil (around 1990s). The values experienced a decrease during 2001-2003 and later stabilized. The
decrease may be related to the economic downturn in Brazil during that time because of high inflation
and currency issues.

Figure 4 shows the change of real GDP per capita in Brazil from 1986 to 2010. It experienced a
drop around late 1980s. This is possibly because of the unstable economy and high inflation during that
period. The real GDP per capita started to increase rapidly from 2003, the year when Lula became the
president of Brazil. His presidency involved many economic reforms to stabilize the economy and

reduce inflation, and that may explain the rapid increase during his ruling period.
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Figure 3: Values of High-tech Imports as Share of Total GDP 1986-2010
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Figure 4: Real GDP Per Capita of Brazil 1986-2010
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V. Results

Table 3: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.399*** 3.997
(0.004) (0.004)
High Tech Imports/GDP 9.902*** 9.954***
(0.060) (0.058)
4th Grade Incomplete - —0.678***
(0.003)
dth Grade Complete - —0.320**
(0.002)
High School Complete - 0.375***
(0.003)
College Complete - 1.163***
(0.004)
4th Grade Incomplete x High Tech Imports/GDP 6.305%** 6.615***
(0.102) (0.093)
4th Grade Complete x High Tech Imports/GDP 1.663*** 2.027**
(0.076) (0.071)
High School Complete x High Tech Imports/GDP 1.513** 1.135%**
(0.080) (0.076)
College Complete x High Tech Imports/GDP 5.313*** 5.420%**
(0.109) (0.105)
GDP Per Capita 0.0003*** 0.0003***
(0.000) (0.000)
Experience - 0.050***
(0.000)
Experience? —0.0006*** —0.0006***
(0.000) (0.000)
Women - —0.372*%*
(0.001)
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Table 3: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010

Dependent Variable: Log December Real Wage (2005 RS) (1) (2)
Fixed Effects Random Effects
North —0.061** —0.119**
(0.005) (0.003)
Northeast —0.324*** —0.325**
(0.004) (0.002)
South —0.158*** —0.041***
(0.004) (0.002)
Southeast —0.026*** 0.053***
(0.003) (0.002)
Year Trend 0.021*** —0.030%**
(0.000) (0.000)
Observations 18,350, 847 18, 350, 847
R? 0.234 0.356
F-statistic 102852.18
Wald y? 2.09 x 108

Note: Standard errors in parentheses. * p < 0.03; ** p < 0.01; *** p < 0.001.

Men in center west who completed their 8th grade are treated as the base level.

First, I apply empirical models (equation (3) and equation (4)) specified in the empirical
framework to the whole dataset to see how technology improvements are correlated with different
education levels generally. The random-effects regression suffers from bias due to omitted individual
traits. However, since fixed-effects regression looks only at deviations of a variable over time, it cannot
give estimates for any time invariant variables. I therefore present results from both fixed-effects
regression and random-effects regression. In the fixed-effects regression, gender and education level do
not have estimates because they are time invariant. Experience is also dropped because for each
individual, his/her work experience change strictly follows the year trend, so experience has been
captured by the time index. In the random-effects regression, the estimate of year trend is negative,
which could reflect level trend in technological impact on workers who completed 8™ grade.

The coefficients of high-tech imports in both regressions are positive. This makes sense because
intuitively technology improvements can cause increase in productivity and thus increase in wage. For

each regression, combining the coefficient of high-tech imports as share of total GDP with the
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coefficients of the interaction terms can give us the correlations between high-tech imports as share of
total GDP and different education levels’ wage returns. Both regressions show that workers who
completed 8™ grade (medium skill) in the Brazilian formal labor market receive the least benefits from
technology improvements comparing with workers with other education levels. Least educated workers
and most educated workers benefit more in their wage returns as technology improved. These suggest
that as technology improves, the relative wage return of medium-level educations to low-level
educations decreases, the relative wage return of high-level educations to medium-level educations
increases, which corresponds to Acemoglu and Autor’s prediction.

What worth noticing is that both regressions suggest workers who did not complete 4 grade
benefits the most under technology improvements, instead of workers who completed college. As a
result, the relative wage return of high-level educations to low-level educations decreases under
technology improvements, which contradicts Acemoglu and Autor’s prediction.

Previous data section suggests that the contradiction may be caused by the omitted consideration
of Lula’s presidency, given his economic reforms had significant impact on Brazil’s general economic
conditions, especially on reducing income inequality. Hence, I add a dummy variable indicating Lula’s
presidency to both regressions and the results are shown in Table A4 in the appendix. After including
the presidency of Lula, the results still suggest workers who completed 8" grade (medium skill) in the
Brazilian formal labor market receive the least benefits from technology improvements comparing with
workers with other education levels. Right now in both regressions, workers who completed college
receive the most benefits from technology improvements, instead of workers who did not complete 4t
grade. So, in this case, technology improvements suggest an increase in wage inequality between
workers with high-level education and workers with low-level education, just as Acemoglu and Autor
predicted. Also, according to Table A4, Lula’s presidency benefited people who did not complete 4
grade the most, which further confirmed the unexpected changes in wage inequality between workers
with high-level education and workers with low-level education observed in Table 3 can be caused by
omitted variable bias.

The unexpected decrease in wage gap between workers who did not complete 4" grade and
workers who completed college observed in Table 3 can also be an equilibrium outcome based on
market demand and supply in Brazil, which is different from the market in U.S. Table 1 in Section IV
shows that workers’ education levels in the formal labor market generally increased from 1986 to 2010.

Hence, if the demand of low skill jobs remains stable (as shown in Table A3), and the decrease in supply
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of workers with low education is greater than the increase of workers with medium education shifting to
low skill jobs, the wage of workers with low education should increase. If the increase in demand of
high skill jobs is less than the increase in supply of highly educated workers, the wage of workers with

high education may still decrease even with the skill premium from technology.

VI. Discussions

A. The Role of Trade

Acemoglu and Autor observed the job polarization in the U.S. labor market in the 1970s and I
observed similar changes in Brazil started to happen in the 1990s. Given Brazil’s trade liberalization
ends at the mid 1990s and U.S. is one of the main trade partners of Brazil who provides high-tech
exports, it is reasonable to suggest that technology improvements in the past decades first caused job
polarization in developed countries and this trend spread to developing countries through multiple
channels of technology diffusion, especially through international trade in capital goods embodying
high-tech. In my study, I only use this channel as a proxy to technological changes, so I cannot say
anything about the significance of its contributions to overall technological changes in Brazil. Future
studies can explore other channels such as worker migrations and factory reallocations together with
international trade of capital goods to see which channel plays a more important role in technology

diffusion and improvements.

B. Concerns and Future Plans

The main limitation of my current study is that [ only used data from the formal labor market in
Brazil, which can cause bias in my results given informal labor market is also an important part in
Brazil. Moreover, the available variables in my dataset do not include all the things that can affect the
wage return to different education levels, such as school quality measures. For future research, I should
add informal labor market data to my empirical test and try to add more variables that can be correlated
with education return into my model to decrease the bias of my findings.

The current measurement of technological progress only considers aggregate imports of high-
tech goods, which is limited. For future research, I should consider other possible measurements as well,

such as immigration of technological talent.
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Moreover, it is reasonable to infer that besides having different impacts on wage returns for
workers with different education levels, technology changes may also have different impacts when we
change the grouping method.

According to Tables A5 and A6, when the data is grouped by gender, women in the Brazilian
formal labor market benefit more from the increase of high-tech imports. Another interesting thing to
notice is that, for women, technological improvements increase the wage gap between college complete
workers and 4™ grade incomplete workers, just as Acemoglu and Autor (2010) predict. However, for
men, technological improvements decrease the wage gap between college complete workers and 4t
grade incomplete workers, just as Table 3 shows. Moreover, for men, both regressions suggest that male
workers who completed high school receive relatively the least benefits from technological
improvements, instead of those who completed 8™ grade. For women, the fixed effects regression
suggests that female workers who completed 4™ grade receive relatively the least benefits from
technological improvements, although the result is not statistically significant. There are many possible
explanations for the observed different impacts of technology improvements on men and women. For
example, the total fertility rate in Brazil has fallen by nearly one-half (from 3.5 in 1980 to 1.8 in 2010),
which implies significant changes in the nature of work (and hours) women are likely to do. Future
studies can focus more on measuring such changes and how technology plays its role in them.

Table A2 shows large divergences in wage trends by region. As a result, I also reapplied my
model region by region (from Table A7 to Table A11). The results show that impacts of technological
improvements are not the same across regions. For people in the northeast, workers who completed
college benefit the most from technological improvements, just as Acemoglu and Autor (2010) predict.
In center west, workers who completed high school receive relatively the least benefits from
technological improvements according to the random effects regression. In northeast, workers who
completed 4t grade receive relatively the least benefits from technological improvements according to
the fixed effects regression, although the result is statistically insignificant.

As discussions above show, further research about how technology interacts with different
properties of workers can help us see the whole picture of the impacts of technology improvements and
can help determine and winners and losers, which is important for designing future policies.

Finally, as Akerlof (1970) points out, educational attainment is an important signaling device.
That is, as overall schooling availability rises, more abled people will be forced to demonstrate their

ability by acquiring higher education, especially for white-collar jobs, thereby creating and important
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selection effect. As Figures A3 and A4 show, the proportion of workers who completed high school and
college in white-collar jobs increased rapidly from 1986 to 2010. The selection effect plays a role in it

but is out of this paper’s concern. Future research can try to address this problem.

VII. Conclusion

Inspired by Acemoglu and Autor’s study of the U.S. labor market under technology changes, I
use this study to check if the trends they observed in U.S. is also observable in Brazil and whether the
predictions they made about changes in relative wage among workers with different education levels
still hold in the Brazilian labor market.

With values of high-tech imports as share of GDP as the proxy of technology changes, I find
technology improvements indeed relatively harms people with medium-level education (8t grade
complete) the most in the Brazilian formal labor market when aggregate genders and regions together.
As a result, holding all else constant, the empirical test suggest technology improvements will cause
relative return of medium-level education to low-level education to decrease and relative return of high-
level education to medium-level education to increase during 1986-2010 in the Brazilian formal labor
market, which are consistent with Acemoglu and Autor’s predictions.

However, in the Brazil formal labor market, workers who benefited the most from technology
improvements are not workers who completed college, but those who did not finish 4" grade. This can
be a biased result since after including Lula’s presidency into my empirical model, the new coefficients
of interaction terms suggest workers who completed college benefit the most from technology
improvements, all else remain the same. It is also possible that workers who did not finish 4™ grade
indeed benefit the most because market demand and supply of labor with different education levels in
Brazil is different from U.S., and thus lead to a different equilibrium outcome.

Despite there are still improvements I can do to my datasets and empirical model, my current
results suggest that technological changes indeed impact workers with different education levels
differently and workers with medium-level skills are the ones who face the most challenges in the

Brazilian formal labor market.
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Appendix
1. Introduction

Figure Al: Employment shares by major occupation groups, Brazil 1986-2010 (Men)
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Figure A2: Employment shares by major occupation groups, Brazil 1986-2010 (Women)
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Figure A3: Occupational employment shares by worker education, Brazil 1986-2010 (Men)
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Figure A4: Occupational employment shares by worker education, Brazil 1986-2010 (Women)

Professional and Managerial Skilled White-collar

T

o

\

o
=1

Employment Share (%)
=
-
Employment Share (%)
8

[
S

i — ]
1985 1990 1995 2000 2005 2010 985 1980 1995 2000 2005 2010
Year Year

Unskilled White-collar Skilled Blue-collar

V

education
4th grade incomplete
4th grade complete

8th grade complete

[
=1

')

S

high school complete

t ottt

- =

1985 1990 1995 2000 2005 2010 1985 1890 1995 2000 2005 2010
Year Year

college complete

o

Employment Share (%)
8 3

Employment Share (%)
Y =2
b

o

Unskilled Blue-collar

g

® 60

5]

]

D a0

£

Lt

§. 20

k)

=3

§ol_= '

1985 1990 1995 2000 2005 2010

Year

Source: RAIS for years 1986, 1990, 1995, 2000, 2005, and 2010.

26



II. Data

Table Al: Summary Statistics of Real Wage (in 2005R$) Grouped by Gender

Gender 1986 1990 1995 2000 2005 2010

men 1244.36  829.22  1066.08  1077.28  1058.23  1325.21
(1879.66) (1383.37) (1852.17) (1886.37) (1948.65) (2301.03)

women 920.47  646.36  867.86  954.11 919.61 1136.49

(1268.48) (1014.70) (1431.88) (1561.08) (1497.59) (1812.22)
Total Observations 650,930 762,303 824,107 878,125 1,086,342 1,232,365

Table A2: Summary Statistics of Real Wage (in 20056R$) Grouped by Region

Region 1986 1990 1995 2000 2005 2010
Center West 1152.88  900.74  1167.95 113291  1147.57  1523.48
(1861.40) (1528.31) (2134.87) (2154.82) (2300.96)  (2697.56)
North 93532  680.87  991.08  912.63  893.99  1170.05
(1478.22) (1188.58) (1740.54) (1570.45) (1600.18)  (1993.86)
Northeast 912.21 59217  721.68  751.70 744.67 985.56
(1562.20) (1106.89) (1405.03) (1436.39) (1362.06) (1710.77)
South 1016.28  698.92  908.84  933.46  931.03  1154.36
(1484.70) (1130.13) (1570.13) (1533.63) (1524.32) (1782.60)
Southeast 1247.51  827.30  1079.93 114320  1099.90  1336.67

(1802.81) (1327.59) (1775.32) (1880.26) (1904.77) (2242.72)
Total Observations 650,930 762,303 824,107 878,125 1,086,342 1,232,365

Resource: Random Sample from RAIS Dataset

Note: numbers inside (.) are standard deviations and numbers above are means.

Table A3: Occupation Distribution (in percentage)

Occupation 1986 1990 1995 2000 2005 2010
Professional and Managerial 15.40 16.15 14.86 15.01 16.88 18.41
Skilled White-collar 25.25 24.59 22.65 23.69 28.32 28.05
Unskilled White-collar 16.46 17.09 16.73 16.68 13.62 13.65
Skilled Blue-collar 36.52 35.64 32.41 30.79 27.62 27.08
Unskilled Blue-collar 6.37 6.53 13.35 13.83 13.56 12.81
Total Observations 561,907 652,490 796,504 854,610 1,076,643 1,224,600

Resource: Random Sample from RAIS Dataset
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I11.

Results
Table A4: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010, including con-
sideration of Lula’s Presidency
Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.389%** 3.979%+
(0.004) (0.004)
High Tech Imports/GDP 9.901*** 10.02***
(0.060) (0.058)
4th Grade Incomplete - —0.658***
(0.003)
4th Grade Complete - —0.319*
(0.002)
High School Complete - 0.381%
(0.003)
College Complete - 1.170"
(0.004)
4th Grade Incomplete x High Tech Imports/GDP 4 426*** 4 467***
(0.096) (0.089)
4th Grade Complete x High Tech Imports/GDP 1.328"* 1.552**
(0.072) (0.068)
High School Complete x High Tech Imports/GDP 0.945%* 0.707*
(0.075) (0.072)
College Complete x High Tech Imports/GDP 4.634*** 4. 734
(0.103) (0.099)
GDP Per Capita 0.0003*** 0.0003***
(0.000) (0.000)
Experience - 0.051*
(0.000)
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Table A4: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010, including con-

sideration of Lula’s Presidency

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Experience? —0.0006%** —0.0006***
(0.000) (0.000)
Women - —0.3727
(0.001)
Lula’s Presidency —0.048*** —0.044==*
(0.001) (0.001)
4th Grade Incomplete xLula’s Presidency 0.118** 0.126*
(0.002) (0.002)
4th Grade Complete xLula’s Presidency 0.023*** 0.029***
(0.001) (0.001)
High School Complete xLula’s Presidency 0.029** 0.0207*
(0.001) (0.001)
College Complete x Lula's Presidency 0.034*** 0.033**
(0.002) (0.002)
North —0.061**" —0.119***
(0.005) (0.003)
Northeast —0.323**" —0.325"*
(0.004) (0.002)
South —0.158*** —0.041***
(0.004) (0.002)
Southeast —0.026"** 0.054***
(0.003) (0.002)
Year Trend 0.023** —0.028%**
(0.000) (0.000)
Observations 18, 350, 847 18, 350, 847
R? 0.234 0.356
F-statistic 82192.67
Wald y? 2.23 x 10°

Note: Standard errors in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001.
Men in center west who completed their 8th grade

and not in Lula’s ruling period are treated as the base level.



IV. Discussions

Table A5: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Men)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.566%** 3.978%
(0.005) (0.005)
High Tech Imports/GDP 9.309*** 9.377*
(0.073) (0.071)
4th Grade Incomplete - —0.7577*
(0.004)
4th Grade Complete - —0.364
(0.003)
High School Complete - 0.447*
(0.003)
College Complete - 1.302***
(0.005)
4th Grade Incomplete x High Tech Imports/GDP 7.932%** 8.103*
(0.118) (0.109)
4th Grade Complete x High Tech Imports/GDP 2.755%* 3.027%
(0.091) (0.086)
High School Complete x High Tech Imports/GDP —0.188 —0.685"
(0.106) (0.101)
College Complete x High Tech Imports/GDP 3.601** 3.705%
(0.161) (0.154)
GDP Per Capita 0.0003"* 0.0003***
(0.000) (0.000)
Experience - 0.059***
(0.000)
Experience? —0.0007*** —0.0007***
(0.000) (0.000)
North —0.072%** —0.124***
(0.006) (0.003)
Northeast —0.337"" —0.325"
(0.004) (0.003)
South —0.167*** —0.045%**
(0.005) (0.003)
Southeast —0.029*** 0.058*
(0.004) (0.002)

Year Trend 0.027*** —0.032%**



Table A5: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Men)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
(0.000) (0.000)
Observations 11,374, 281 11,374,281
R? 0.221 0.356
F-statistic 64472.7
Wald 2 1.26 x 106

Note: Standard errors in parentheses. *p < 0.05; **p < 0.01; *** p < 0.001.
Only men are considered in these regressions.

Workers in center west who completed their 8th grade are treated as the base level.

Table A6: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Women)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.158%** 3.697%
(0.008) (0.007)
High Tech Imports/GDP 10.347** 10.407*
(0.102) (0.097)
4th Grade Incomplete - —0.595***
(0.006)
4th Grade Complete - —0.2747*
(0.004)
High School Complete - 0.281%**
(0.004)
College Complete - 0.996***
(0.005)
4th Grade Incomplete x High Tech Imports/GDP 4.931%** 5.673%*
(0.202) (0.183)
4th Grade Complete x High Tech Imports/GDP —0.022 0.694*~
(0.135) (0.125)
High School Complete x High Tech Imports/GDP 3.2717* 2967
(0.122) (0.116)
College Complete x High Tech Imports/GDP 7.065%** 7.171%*
(0.155) (0.147)
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Table A6: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Women)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
GDP Per Capita 0.0003** 0.0003***
(0.000) (0.000)
Experience - 0.035**
(0.000)
Experience® —0.0003*** —0.0004***
(0.000) (0.000)
North —0.038*** —0.1117
(0.010) (0.004)
Northeast —0.288*** —0.328***
(0.008) (0.003)
South —0.142%** —0.043**
(0.008) (0.003)
Southeast —0.028*** 0.035%**
(0.006) (0.003)
Year Trend 0.010%** —0.025***
(0.000) (0.000)
Observations 6,976, 566 6,976, 566
R? 0.262 0.350
F-statistic 40842.71
Wald 2 0.84 x 106

Note: Standard errors in parentheses. *p < 0.05; **p < 0.01; *** p < 0.001.
Only women are considered in these regressions.

Workers in center west who completed their 8th grade are treated as the base level.
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Table AT: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Center West)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.153*** 3.752%**
(0.013) (0.014)
High Tech Imports/GDP 9.348%*+ 9.512%**
(0.226) (0.214)
4th Grade Incomplete - —0.581***
(0.012)
4th Grade Complete - —0.328***
(0.009)
High School Complete - 0.488***
(0.010)
College Complete - 1.465%**
(0.013)
4th Grade Incomplete x High Tech Imports/GDP 3.116%* 3.923**
(0.385) (0.347)
4th Grade Complete x High Tech Imports/GDP 0.207 1.074%**
(0.302) (0.278)
High School Complete x High Tech Imports/GDP 0.092*** —0.617"
(0.311) (0.290)
College Complete x High Tech Imports/GDP 3.252** 3.290"**
(0.389) (0.365)
GDP Per Capita 0.0003* 0.0003**
(0.000) (0.000)
Experience - 0.051***
(0.000)
Experience? —0.00057** —0.0004***
(0.000) (0.000)
Women - —0.354**
(0.003)
Year Trend 0.030"** —0.021***
(0.001) (0.000)
Observations 1,304,674 1,304,674
R? 0.292 0.385
F-statistic 13933.16
Wald x2 0.20 x 106

Note: Standard errors in parentheses. * p < 0.05; **p < 0.01; *** p < 0.001.

Only workers in center west are considered in these regressions.

Men who completed their 8th grade are treated as the base level.



Table A8: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (North)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 3.815%** 3.479*
(0.017) (0.019)
High Tech Imports/GDP 10.52%** 10.71%*
(0.320) (0.302)
4th Grade Incomplete - —0.656"**
(0.016)
4th Grade Complete - —0.272***
(0.013)
High School Complete - 0.420***
(0.013)
College Complete - 1.330%**
(0.021)
4th Grade Incomplete x High Tech Imports/GDP 5.191%+* 6.052%**
(0.529) (0.472)
4th Grade Complete x High Tech Imports/GDP 0.313 1.065%**
(0.424) (0.387)
High School Complete x High Tech Imports/GDP 0.305"** 0.024
(0.395) (0.370)
College Complete x High Tech Imports/GDP 4.324*** 4.176%**
(0.638) (0.600)
GDP Per Capita 0.0003* 0.0003"*~
(0.000) (0.000)
Experience - 0.046%**
(0.000)
Experience? —0.0004*** —0.0005**

(0.000) (0.000)



Table A8: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (North)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
‘Women - —0.332***
(0.004)

Year Trend 0.018*** —0.029%**

(0.001) (0.000)
Observations 789,279 789,279
R? 0.277 0.326
F-statistic 8198.81
Wald 2 0.11 x 106

Note: Standard errors in parentheses. *p < 0.05; ** p < 0.01; *** p < 0.001.
Only workers in north are considered in these regressions.

Men who completed their 8th grade are treated as the base level.

Table A9: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Northeast)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 3.407* 3.103***
(0.008) (0.010)
High Tech Imports/GDP 11.33*** 11.19**
(0.163) (0.155)
4th Grade Incomplete - —0.594***
(0.007)
4th Grade Complete - —0.237%*
(0.007)
High School Complete - 0.352%**
(0.007)
College Complete - 1.164%**
(0.010)
4th Grade Incomplete x High Tech Imports/GDP 2.209"** 3.329"*
(0.222) (0.204)
4th Grade Complete x High Tech Imports/GDP —0.348 0.221
(0.213) (0.198)

High School Complete x High Tech Imports/GDP 0.425* 0.128



Table A9: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Northeast)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
(0.202) (0.191)
College Complete x High Tech Imports/GDP 4.173%+* 4.223**
(0.284) (0.272)
GDP Per Capita 0.0004%** 0.0004+*
(0.000) (0.000)
Experience - 0.043***
(0.000)
Experience? —0.0004*** —0.00047**
(0.000) (0.000)
Women - —0.348**
(0.002)
Year Trend 0.010*** —0.032%**
(0.000) (0.000)
Observations 3,055, 684 3,055, 684
R? 0.280 0.317
F-statistic 32264.79
Wald x? 0.38 x 10°

Note: Standard errors in parentheses. *p < 0.05; **p < 0.01; *** p < 0.001.
Only workers in northeast are considered in these regressions.

Men who completed their 8th grade are treated as the base level.

Table A10: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (South)

Dependent Variable: Log December Real Wage (2005 R$) (1) (2)
Fixed Effects Random Effects
Constant 4.540%** 4.2767**
(0.007) (0.008)
High Tech Imports/GDP 7.444%%+ 7.620%**
(0.129) (0.124)
4th Grade Incomplete - —0.718**
(0.007)
4th Grade Complete - —0.345***
(0.005)
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Table A10: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (South)

Dependent Variable: Log December Real Wage (2005 RS$) (1) (2)
Fixed Effects Random Effects
High School Complete - 0.382%**
(0.006)
College Complete - 1.070"
(0.008)
4th Grade Incomplete x High Tech Imports/GDP 8.364™* 8.654™
(0.248) (0.227)
4th Grade Complete x High Tech Imports/GDP 2.729%* 3.162***
(0.161) (0.152)
High School Complete x High Tech Imports/GDP 1.587*** 0.947***
(0.180) (0.171)
College Complete x High Tech Imports/GDP 6.113"* 6.016™
(0.258) (0.246)
GDP Per Capita 0.0002%** 0.0002%*
(0.000) (0.000)
Experience - 0.048***
(0.000)
Experience? —0.0006%** —0.00067**
(0.000) (0.000)
Women - —0.380*
(0.002)
Year Trend 0.026™** —0.022***
(0.000) (0.000)
Observations 3,232,260 3,232,260
R? 0.242 0.344
F-statistic 29410.50
Wald 2 0.37 x 106

Note: Standard errors in parentheses. *p < 0.05; **p < 0.01; *** p < 0.001.
Only workers in south are considered in these regressions.

Men who completed their 8th grade are treated as the base level.



Table A11: General Regressions with Fixed Effects, Random
Effects, and Year Trend Controls, 1986-2010 (Southeast)

Dependent Variable: Log December Real Wage (2005 RS) (1) (2)
Fixed Effects Random Effects
Constant 4.564** 4.196***
(0.004) (0.005)
High Tech Imports/GDP 10.68*** 10.76%**
(0.081) (0.0776)
4th Grade Incomplete - —0.695***
(0.004)
4th Grade Complete - —0.352***
(0.003)
High School Complete - 0.393***
(0.003)
College Complete - 1.188"*
(0.005)
4th Grade Incomplete x High Tech Imports/GDP 7.215%* 7.240%**
(0.145) (0.133)
4th Grade Complete x High Tech Imports/GDP 2.516"* 2.736%*
(0.101) (0.095)
High School Complete x High Tech Imports/GDP 1.608*** 1.274%*
(0.108) (0.103)
College Complete x High Tech Imports/GDP 5.136%** 5.327**
(0.146) (0.140)
GDP Per Capita 0.0003%** 0.0003**
(0.000) (0.000)
Experience - 0.054=*
(0.000)
Experience? —0.0007*** —0.0007***
(0.000) (0.000)
Women - —0.398**
(0.001)
Year Trend 0.022*** —0.032***
(0.000) (0.000)
Observations 9,968, 950 9,968,950
R? 0.211 0.339
F-statistic 73654.76
Wald y2 1.06 x 106

Note: Standard errors in parentheses. *p < 0.05; **p < 0.01; *** p < 0.001.

Only workers in southeast are considered in these regressions.

Men who completed their 8th grade are treated as the base level.



