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ABSTRACT 

The vast majority of the empirical literature on income distribution is based on household 

surveys. More recently, there was a series of papers based on Personal Income Tax (PIT) 

records and also mixing these two types of data sources. However, Brazil also has a long 

series of establishment level administrative records seldom used in distributive studies. The 

best example of these microdata sets is RAIS (Registro Anual de Informações Sociais) 

source collected by the Labour Ministry with an average of 30 million observations per 

year in the last two decades. 

This note documents the evolution and the main close determinants of earnings inequality 

in the Brazilian formal sector from 1994 and 2015 using RAIS. First, we show that earnings 

distribution changes observed in RAIS share some of the trends observed in household 

surveys. In particular, there is a marked inequality fall occurred between 2001 and 

2014. Second, schooling explains 31.6% of inequality 2015 level and 26.1% of observed 

fall between 1994 and 2015. These same statistics for individual firm effects are 57.8% and 

80.2%, respectively. Meaning that the gross explanatory power of firm effects to explain 

inequality in the Brazilian formal labor market surpasses all other variables considered 

taken together. Third, RAIS unlike other data sources does not have top coding which 

permits to measure top earnings.  The paper applies J-Divergence analysis to show that in 

spite of overall inequality fall, the monotonic decrease of earnings growth goes only until 

the 90 percentile above this point the trend is reverted, especially in the top 0.1%. 

Mimicking some of the trends found in PITs data. Similarly, in spite of a fall of mean 

education returns, the share of inequality explained by university graduates also rises 43.7% 

in the same period.  

Keywords: 1. Earnings Inequality; 2. Linked Employer-Employee Data, 3. Firm and 

Worker Heterogeneity;  4. Brazilian Inequality.  

                                                           
1 This note is part of the Brazilian chapter of the “Inequality in the Giants” project supported by 

UNU-Wider.  
2 FGV EPGE. 
3 FGV Social and FGV EPGE. 
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Background of RAIS based Distributive Studies 

Most of the analyses on Brazilian income distribution is based on household surveys in 

particular Pesquisa Nacional de Amostras a Domicílio (PNAD – IBGE), the main Brazilian 

National Household Survey). However, RAIS has a few advantages. First, it allows combining 

workers and firms information to understand formal wage inequality determinants. In 

particular, the incorporation of individual firms fixed effects explains the bulk of earnings 

distribution levels and changes (Alvarez et all 2017; Machado et all 2017). Second, it is the 

only nationwide data source available with long spells of panel data. This longitudinal aspect 

allows studying the mobility of workers across sectors and individual firms as well as the life-

cycle profile of these characteristics (Machado et all 2017). Third, RAIS also offers the 

possibility of analyzing short run employment and wage dynamics because it contains 

information on a monthly basis that allows aggregation to higher time measurement periods. 

This may facilitate international data comparisons since the measurement unit varies across 

countries. Fourth, RAIS provides a unique perspective on certain policy related issues. The 

evaluation of legal employment quotas for People With Disabilities (PWD), and for the youth 

that requires certain shares of firms employment allocated for these groups is only possible 

using the establishment as the unit of information and unit of analysis (Neri et all 2003). RAIS 

also allows to measure how biding are minimum wages in the bottom of formal employment 

earnings distribution (Engbom and Moser 2017). On the other extreme, RAIS unlike other data 

sources does not have top coding which permits to measure wages at the very upper tail of 

earnings distribution. And last, and perhaps most importantly, it allows to check the robustness 

of other types of data sources mentioned. In spite of all these advantages, RAIS was very little 

used up to know on understanding levels and changes in Brazilian income distribution. 

Formal Employment Generation and Income Distribution 

Earnings Mean and Earnings – 1994-2015 

 

Source: Author’s calculation over RAIS microdata. 
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Growth Incidence of Positive Earnings 

Cumulative Growth Curve Across Percentiles -1994 - 2015 

 

Cumulative Growth Curve Across Lower Percentiles -1994 - 2015 

 

Cumulative Growth Curve Across Top Percentiles -1994 - 2015 
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Lorenz Curves in Five-Year Intervals 

 

Lorenz Curves Differences in Five-Year Intervals 

 

Lorenz Curves Differences Between 1995 and 2015 
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Various Inequality Measures Trends 1994 - 2015 

 

Source: Author’s calculation over RAIS microdata. 

Inequality Close Determinants  

Gross Contribution of Variables 

Levels - We implement an analysis of the gross contribution to the J-Divergence inequality 

measure. That is, we take into account each variable, one at the time. First, we report here the 

results found for levels of gross contribution to total earnings inequality in 2015, the final year 

available. Starting with socio-demographics and then moving to occupational, sectoral and 

individual firms attributes: gender (0.96%), race (4.35%), age (7.65%), education 3 levels 

(29.88%), education 9 levels (31.61%), macro-region (1.67%), sector of activity (8.08%), 

nature of the firm (6.18%), firm size (13.11%) and individual firms (57.8%)4. It is noteworthy 

the fact that the firm-effect explains 82. per cent more of 2015’s inequality levels than the 

disaggregated education criteria. 

Changes - When we look at the 1994 to 2015 period, the explanatory power of these different 

dimensions to explain the sharp fall of inequality is: gender (2.25%), race (7.84%), age 

(11.5%), education 3 levels (21.94%), education 9 levels (26.05%), macro-region (0.63%), 

sector of activity (1.56%), nature of the firm (-8.17%), firm size (-3.51%) and individual firms 

(80.2%).  

The firm-effect explains 207 per cent times more of 1994 to 2015’s inequality fall than the 

disaggregated education criteria. Nature of the firm, that is if a firm is public, private, NGO or 

international, contributes against the fall of inequality observed. 

 

                                                           
4  We report also the Theil T gross contribution to total earnings inequality for 2015: individual firms (62.79%), 

gender (0.85%), race (10.11%), age (9.16%), education 3 categories (30.8%), macro-region (1.55%), sector of 

activity (7.4%), nature of the firm (7.55%) and firm size (11.9%). 
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Gross Contribution of Categories 

The main variables that explain formal earnings inequality fall in Brazil during the 1994 to 

2015 period are individual firms, schooling, and age.  

One key advantage of the J-Divergence is to go beyond the between/within groups dichotomy, 

allowing to evaluate the role of a specific group (or category) in overall inequality. To be sure, 

by variable we mean, for example, schooling, and by category we mean those with completed 

college. In our previous example, the impact of education premiums paid those with college 

degree but also the inequality within this category5. 

The group with college degree explained by itself, in 2015, 45.9 per cent of total inequality 

while in 1994 it amounted to 33.4 per cent. A relative rise of 37.4 per cent in this period. 

One application of this J-Divergence property is allowing to assess the role played by income 

brackets (or individual income of a single person for that matter) in total inequality. The top 

10% rose their share in total inequality from 41.4 per cent to 52.2 per cent between 1994 and 

2015, while the top 0.1% share rose from 3.74 per cent to 7.13 per cent in the same period. 

Decomposition of Categories Contribution to J-Divergence Inequality 

Income Brackets - Categories Contribution to J-Divergence Inequality 

 CAT_1 CAT_2 CAT_3 CAT_4 CAT_5 CAT_6 CAT_7 CAT_8  

1994 10,13% 29,56% 3,80% 6,60% 8,55% 22,09% 15,54% 3,74% 100,00% 

2001 7,15% 26,42% 3,55% 5,46% 7,05% 23,41% 20,17% 6,78% 100,00% 

2015 6,96% 24,06% 3,30% 5,71% 7,76% 24,64% 20,44% 7,13% 100,00% 

Earnings brackets: 1- (0% to 5%], 2- (5% to 40%], 3- (40 to 50%], 4- (50% to 90%], 5- (90 to 

95%], 6- (95% to 99%], 7- (99% to 99,9%] e 8- >99,9%. 
Changes          

2001-14pp -0,18% -2,18% -0,19% 0,27% 0,68% 1,15% 0,18% 0,27%  

94-2015pp -3,17% -5,50% -0,50% -0,89% -0,80% 2,56% 4,90% 3,40%  

 

Schooling (Disaggregated) - Categories Contribution to J-Divergence Inequality 

 CAT_1 CAT_2 CAT_3 CAT_4 CAT_5 CAT_6 CAT_7 CAT_8 CAT_9 

1994 4,20% 9,52% 9,36% 9,39% 9,37% 4,47% 16,22% 4,09% 33,39% 

2001 2,64% 7,20% 6,46% 7,50% 8,82% 4,05% 14,28% 6,08% 42,98% 

2015 0,45% 3,10% 3,12% 5,25% 8,17% 4,88% 26,58% 2,57% 45,88% 
Schooling: More Disaggregated: 1-Illiterate, 2-Incomplete Elementary School, 3-Complete Elementary 
School, 4-Incomplete Middle School, 5-Complete Middle School, 6- Incomplete High School, 7-Complete High 
School, 8-Incomplete Higher Education and 9- Complete Higher Education, Master or Doctorade (PhD). 

Changes          

2001-4pp -2,19% -3,76% -2,93% -1,77% 0,06% 0,93% 11,77% -3,53% 1,44% 

94-015pp -3,75% -6,42% -6,24% -4,13% -1,19% 0,40% 10,36% -1,52% 12,50% 

Source: Authors calculation over RAIS microdata. 

                                                           
5 If we are interested only in contributions of groups situated in the top part of the income distribution the Theil –

T could be used as well. The Theil-T presents always positive contributions to those above the mean (Morley 

1999; Neri and Camargo 1999). Theil-T index gross contribution change for the 1994 to 2015 period, for the 

variables at hand are: gender (3.2%), race (-23.44%), age (10.56%), region (2%), sector of activity (13.47%), 

nature of the firm (-17.74%),  firm size (0.18%) and individual firms (58.62%).  

 


