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Abstract

We analyse the long-run evolution of the labour income distribution for Chile. 
To this end, we use thirteen waves of the CASEN household socioeconomic 
survey from 1990 to 2017. During this period hourly earnings inequality mea-
sured by the Gini coefficient fell from 0.47 to 0.40. We use a RIF regression 
approach similar to Ferreira et al. (2021) for Brazil to decompose changes in 
average earnings and earnings inequality. We do not find observable variables 
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Resumen

Este trabajo analiza la evolución de largo plazo de la distribución de ingre-
sos laborales para Chile. Con este fin, se usan trece olas de la encuesta de 
hogares CASEN desde 1990 a 2017. Durante este período, la desigualdad en 
los ingresos por hora, medida por el coeficiente Gini, cayó desde 0.47 a 0.40. 
Usamos regresiones RIF, similar a Ferreira et al. (2021) para Brasil, para 
descomponer cambios en los ingresos promedio y la desigualdad de ingresos. 
No encontramos variables observables que expliquen –ya sea a través de un 
efecto dotación o cambio estructural de precios– una parte significativa de la 
disminución en la desigualdad de los ingresos por hora. 

Palabras clave: Distribución de Ingresos, Dinámica de Desigualdad, Descom-
posición RIF, Chile.

Clasificación JEL: D30, D31, D39, J31.

1.   INTRODUCTION

In this paper we analyse the long-run evolution of the distribution of labour 
incomes for Chile. To this end, we use thirteen waves of the CASEN household 
socioeconomic survey from 1990 to 2017, a 28-year time span.

Chile is an interesting case to analyse since it is often touted as a regional 
economic success story. Real per capita GDP grew from 9,702 (PPP, constant 
2017 international $) in 1990 to 24,547 in 2017.1 Absolute poverty rates de-
creased from 38.6% in 1990 to 8.5% in 2017 and extreme poverty rates from 
13% to 1.5% during the same period (MSDF and UNDP (2020)).2  Accord-
ing to the same source, multidimensional poverty (household with unsatisfied 
needs in at least three dimensions or more) fell from 34.7% to 7.4% between 
1990 and 2017.

Despite these impressive figures, income inequality has remained stub-
bornly high. According to OECD data, Chile’s Gini coefficient of household 
disposable income was 0.46 in 2017, the highest among all 37 OECD coun-

1  World Development Indicators database, World Bank, https://data.worldbank.org/indi-
cator/NY.GDP.PCAP.PP.CD?locations=CL. Last accessed on August 7, 2023. 

2  The absolute poverty rate is the percentage of households whose disposable income is 
below the poverty line, while extreme poverty is the percentage of households whose 
income is below the price of a basic basket of foodstuff. Different official poverty lines 
have been defined through time resulting in slightly different poverty dynamics during 
this period. However, they all point in the same direction: a significant fall in poverty 
rates measured by income. See MSDF and UNDP (2020) for more details. 
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tries, and only slightly lower than the maximum value of 0.48 (2009) recorded 
for Chile in this dataset.3  

That Chile has an unequal income distribution is well known and re-
searched.4 In part, this is due to a tax system with low progressivity with al-
most half of revenues coming from VAT taxation, together with government 
transfers that have been unable to reduce the post tax-transfers Gini coefficient 
by more than a few basis points.5  

The distribution of labour earnings in Chile has been studied by Behrman 
(2011) who simulates the potential impact of different human capital policies 
on earning inequality. Sapelli (2011) analyses income distribution by age co-
hort between 1957 and 2004 and shows that there is an inverted U shape of 
income inequality by cohort through time. He decomposes these changes and 
suggests that the fall in income inequality for younger cohorts seems to be 
related to a flattening of the age-income profile and thus a reduction in the 
returns to experience. Sapelli (2016) argues that owing to the educational at-
tainment of recent generations, income inequality by cohort should continue to 
decrease in the future. UNDP (2017) (Chapter 7) also analyses the distribution 
of earnings inequality. It notes that inequality was quite stable until it began to 
fall between 2003 and 2015. It attributes half of this fall to the higher supply 
of more educated workers; that is, a fall in the educational wage premium.6  
Contreras and Gallegos (2011) decompose earnings inequality for a set of Lat-
in American countries (including Chile) and find that changes in educational 
attainment is the most important factor explaining the evolution of wage in-
equality between 1990 and 2000.

In this paper, we contribute to the literature by revisiting the long-term 
dynamics of the distribution of hourly labour incomes. Our data covers the 
1990 to 2017 period, a more recent time frame than previous studies (e.g. Sa-
pelli (2011)) and longer than most other studies.7  We show that common time 
effects by educational group are important factors in the evolution of earnings 
by cohort. Once these common time effects are controlled for, younger cohorts 
with low levels of education have a similar wage-age profile as their older 
peers. However, younger cohorts of both female and male workers with medi-

3  OECD (2020), Income inequality (indicator). https://doi.org/10.1787/459aa7f1-en. 
Last accessed on December 28, 2020.

4  An encompassing and up-to-date analysis is the book UNDP (2017). For a historical 
analysis going back to the mid nineteenth century see Rodríguez (2017) and Eyzagu-
irre (2019). For the top income dynamics from 1964-2017 see Flores et al. (2019).

5  According to the same OECD data cited above, Chile’s market Gini coefficient (market 
incomes before taxes and transfers) in 2017 was 0.495, so the tax and benefit system 
reduced inequality (measured by the Gini coefficient) by only 3.5 points that year.

6  UNDP (2017) also analyses wage inequality according to employer and finds that a 
significant proportion of wage inequality is explained by firm attributes. 

7  UNDP (2017) is the exception. In some of their analysis they use the same data from 
1990 to 2015.
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um levels of education seem to earn less at the same age as older cohorts once 
these common time effects are controlled for. This is even more marked for 
workers with a high level of education. The educational wage premium has de-
clined once educational group time effects are considered. That common time 
effects are important and modify the interpretation of wage-age profiles and 
income distribution dynamics has been found for the United States by Heath-
cote et al. (2005) and more recently by Blundell et al. (2023). In this paper we 
discuss the possible impacts that common educational group time effects may 
have on the labour income distribution dynamics in Chile.

In addition, we decompose the changes in earnings between 1990 and 2017 
using a recentered influence function (RIF) approach (Firpo et al. (2009)) to 
delve deeper into the potential structural factors that may have influenced the 
evolution of labour income inequality during this period. This is similar in 
spirit to Sapelli (2011, 2016) who decomposes the variance in (log) income to 
explain the evolution of earnings inequality in Chile. Although complementary 
to our approach, there are several limitations to the variance decomposition 
that justify exploring a different methodology (see Section 4.1 of Fortin et al. 
(2011)). First, only a limited set of covariates can be used since the quadratic 
form in the compositional effect variables will generate interaction terms that 
are difficult to interpret. In Sapelli (2011, 2016) only education (and the evo-
lution of the returns to education) are analysed. In contrast, in this paper we 
use a large set of potential explanatory variables. Second, under the reasonable 
assumption of heteroskedasticity of the error term in the Mincer equation, the 
conditional moment for the variance of unobservables must also be specified 
and estimated. Finally, our approach can be used to decompose other inequali-
ty measures, such as the Gini, Theil index and interquantile ratios.

During the period of our data there was a marked increase in the educa-
tional attainment of the workforce. The percentage of workers with at least 
12 years of schooling (approximately a high-school degree) increased from 
41.2% in 1990 to 70.2% in 2017. Also, the percentage of workers with 17 years 
of schooling or more (approximately a higher education degree) increased 
from 6.6% to 13.5%. On the other hand, the minimum wage during this period 
increased 159% in real terms, more than the 113% increase in mean labour 
income from the main occupation of workers. Another structural change was 
the female participation rate that grew from 33.6% in 1990 to 52.9% in 2017. 
Our aim is to discern what these and other exogenous or policy changes may 
have had on the distribution of (hourly) labour incomes.

In spirit and methodology, our approach follows closely the analysis un-
dertaken for Brazil by Ferreira et al. (2021). They find that between 1995 and 
2012 labour income inequality declined in Brazil. Rising educational levels 
does not seem to explain this evolution. The composition effect of a higher 
skilled labour force moving workers into the more convex part of the skill-
wage premium curve more than compensated for the equalizing effect of high-
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er educational endowments. Minimum wage policies may have contributed 
to the decline in inequality in Brazil, but only in the second half of the period 
(2003-2012). In the first half, it may have increased inequality by increasing 
informal activities and thus increasing the wage difference between informal 
workers earning below the minimum wage and formal workers earning a high-
er minimum wage. The main explanations for the decline in labour income 
inequality put forward by Ferreira et al. (2021) are a reduction in the returns to 
potential experience and the closing of the wage gap by gender, race, location 
and formal work status.

We undertake a similar approach, using a simple decomposition to explore 
possible explanations for the changes in average earnings in Chile between 
1990 and 2017. We find that while the increase in educational attainment ex-
plains part of the increase in average earnings it was countered by a fall in 
the returns to education with a small overall effect. Other observable charac-
teristics, such as gender, economic sector, potential experience, rural or ur-
ban workers and several institutional variables of the labour market (formal 
contract, firm size and minimum wage) explain but a small proportion in the 
increase in average labour incomes during the period. Most of the change is 
explained by returns to unobservable skills.

As for earnings inequality measured by the Gini coefficient, most of the 
observed characteristics are estimated to have been inequality increasing or 
neutral, with the possible exception of minimum wage policies, worker formal-
ization and some regional convergence. We do not find observable variables 
that help to explain –either through an endowment effect or through a struc-
tural price change– a significant part of the decrease in the Gini coefficient of 
hourly earnings.

However, we do find that certain observable variables explain the reduction 
in the p90/p10 and p95/p5 interquantile ratios of the wage distribution. Chang-
es in the return to potential experience, equalizing regional earnings differenc-
es and possibly the increase in the minimum wage, reduced this indicator and 
more than compensated the impact of rising educational attainment. However, 
for the wage at the 10th and 20th quantile in the earnings distribution, the re-
sults are similar to those for the Gini coefficient.

These results, together with our initial finding that educational group time 
effects are important explanatory variables for income dynamics, may suggest 
that the unexplained fall in labour income inequality may be related to these 
time effects. However, we present evidence to indicate that this does not seem 
to be the case. Therefore, it is still an open question as to what factors explain 
most of the decrease in earnings inequality.

The paper is organized as follows. Section 2 presents the data used in this 
study. In Section 3 we present a variety of summary statistics of the evolution 
of labour income distributions and other socioeconomic data. We also describe 
life cycle average income by cohort and show that stripping out common time 
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effects drastically changes these wage profiles compared to the raw data.
Once the main patterns of the data have been described, Section 4 presents 

the RIF methodology, a decomposition technique in the spirit of the Oaxa-
ca-Blinder approach but generalized to assess the impact of changes in vari-
ables over different distributional statistics. Then Section 5 presents the results 
of the decompositions. Lastly, the paper concludes in Section 6 summarizing 
the results and discussing the policy implications.

2.   DATA

The data used in this paper come from the Encuesta de Caracterización 
Socioeconómica Nacional (CASEN).8 The CASEN is a nationally and region-
al representative household survey, covering both urban and rural areas of 
Chile. The survey was fielded every two years from 1990 to 2000, every three 
years from 2000 to 2009, and every two years again from 2009 to 2017, which 
amount to a total of thirteen waves of   the CASEN household socioeconomic 
survey for the 1990–2017 period.9  

Before 2013 –that is, in the period 1990-2011– the income information in 
the survey was corrected by the Economic Commission for Latin America and 
the Caribbean (ECLAC) for non- response and adjustments to national account 
aggregates. Starting with the 2013 CASEN, this approach (also called the ‘his-
torical methodology’) was no longer applied. Therefore, to have comparable 
data for the whole period, our database was constructed using the supplemen-
tary CASEN databases available from the MSDF for the period 1990-2011 that 
record income variables without the adjustments applied by ECLAC.

Our working sample comprises all workers between the ages of 18 and 65 
who reported strictly positive hourly labour earnings from their main occupa-
tion during the reference year of the survey. Information on total monthly earn-
ings from all jobs is also provided in the surveys. All labour income measures 
are expressed in real terms using the Unidad de Fomento (UF) deflator with 
base-year 2017. Our primary focus is on the hourly labour earnings measure 
(henceforth, HLE), which is constructed by dividing the main occupation la-
bour earnings by the weekly hours worked. Further, HLEs are trimmed at the 
1st and 99th percentiles by year. Altogether, the full dataset is a pseudo-pan-
el that contains information on 883,399 workers (about 68,000 workers per 
CASEN wave, on average).

Our analysis includes continuous variables such as the earnings measures 

8  National Socioeconomic Characterization Survey. This survey is administered by the 
Ministerio de Desarrollo Social y Familia (MDSF), that is, the Ministry of Social De-
velopment and Family.

9  The specific years in which each survey was conducted are 1990, 1992, 1994, 1996, 
1998, 2000, 2003, 2006, 2009, 2011, 2013, 2015, and 2017.
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just described, schooling, and potential experience in the labour market.10 
Schooling and potential experience are measured in years. The remaining vari-
ables are categorical. Demographic characteristics of workers are recorded by 
a gender dummy and a dummy that differentiates between urban and rural 
workers. Workers are also classified into 9 different economic sectors. A vari-
able indicating the worker’s firm size is also included.11 We also explore the 
influence of labour unions by including an indicator variable if the worker is a 
member of a labour union or not.

We differentiate between three types of workers. First, workers are classi-
fied whether they are self-employed or employees according to their answer 
to a specific question regarding their labour market status. Workers are further 
divided into formal employees if they reported having a labour contract, if they 
contributed to the pension system or if they emitted bills or invoices. Those 
without a contract, who did not contribute to the pension system or did not emit 
bills or invoices are considered informal workers.12  Finally, we have also in-
cluded an indicator variable for workers whose HLE in their main occupation 
was below the national minimum wage in a given year.

3.   DESCRIPTIVE STATISTICS, INEQUALITY, AND EDUCATION

Table 1 presents descriptive statistics for four years of our data (1990, 
2000, 2011, and 2017). Average household size of workers decreased from 4.7 
in 1990 to 3.7 in 2017. Also, the population has been aging with the average 
age of workers rising from 36.2 years to 41.1 years in the sample period. The 
proportion of women in the sample increased from 32.6 % to 43.9 %. Hours 
worked, on the other hand, has fallen from close to 49.9 hours per week in 
1990 to 43.0 hours per week in 2017.13 The proportion of rural workers fell 
from 15.1 % to 10.8 % during the period. The number of years of schooling 
and potential experience increased during the 28-year period. The proportion 
of formal workers rose from 61.5 % in 1990 to 72.0 % in 2017 while informal-
ity fell from 38.5 % to 28.0 % (self-employed workers are added to informal 
workers). There was a significant increase in real labour incomes during the 
sample period as well as in the (gross) minimum wage.14  

10  Potential experience is computed from age and schooling variables as:  exp = age-
educ-6 if educ > 9 and exp = age-15 if educ < 9.

11  Firms are classified into 5 groups according to the number of workers: 1, 2-9, 10-49, 
50-199 or 200 and more.

12  Many self-employed workers may also be informal, and they are often grouped along 
with informal workers to estimate the level of informality in the labour market.

13  The legal working week was decreased from 48 to 45 hours per week in 2001.
14  Using the minimum wage net of social security contributions does not change the em-

pirical results of this paper. But, for reasons that will become apparent below, we used 
the gross minimum wage in what follows.



448 Estudios de Economía, Vol.51 - Nº 2

TA
B

L
E

 1
D

E
SC

R
IP

T
IV

E
 S

TA
T

IS
T

IC
S 

FO
R

 1
99

0,
 2

00
0,

 2
01

1 
A

N
D

 2
01

7

N
ot

e:
  

H
ou

rl
y 

L
ab

ou
r 

E
ar

ni
ng

s 
(H

L
E

s)
 tr

im
m

ed
 a

t t
he

 1
st

 a
nd

 9
9t

h 
pe

rc
en

til
es

 b
y 

ye
ar

. L
ab

ou
r 

in
co

m
e 

an
d 

ho
ur

s 
w

or
ke

d 
re

fe
r 

to
 th

e 
m

ai
n 

oc
cu

pa
tio

n 
w

hi
le

 to
ta

l i
nc

om
e 

is
 th

e 
su

m
 o

f 
al

l l
ab

ou
r 

ea
rn

in
gs

. A
ll 

m
on

et
ar

y 
fig

ur
es

 e
xp

re
ss

ed
 in

 2
01

7 
C

hi
le

an
 P

es
os

 (
C

L
P$

).
 S

am
pl

e 
w

ei
gh

ts
 u

se
d 

to
 c

al
cu

la
te

 d
es

cr
ip

tiv
e 

st
at

is
tic

s.

19
90

20
00

20
11

20
17

M
ea

n
SD

M
ea

n
SD

M
ea

n
SD

M
ea

n
SD

Pe
rs

on
s 

pe
r 

H
ou

se
ho

ld
4.

96
2.

01
4.

42
1.

89
4.

1
1.

8
3.

73
1.

7

A
ge

36
.2

11
.7

38
.3

11
.3

40
.1

12
.3

41
.1

12
.6

W
om

en
 (

%
)

32
.6

46
.9

37
48

.3
40

.3
49

.1
43

.9
49

.6

H
ou

rs
 w

or
ke

d
49

.9
15

.6
47

15
.7

43
.3

13
.4

43
13

.7

R
ur

al
 (

%
)

15
.1

35
.8

10
.2

30
.3

11
31

.3
10

.8
31

.1

E
du

ca
tio

n 
(y

ea
rs

)
9.

86
4.

3
11

4
11

.5
3.

7
12

.3
3.

67

Po
te

nt
ia

l e
xp

er
ie

nc
e 

(y
ea

rs
)

19
12

.3
20

.4
11

.9
22

13
.2

22
.3

13
.6

Se
lf

 e
m

pl
oy

ed
 (

%
)

0
0

21
.8

41
.3

8.
58

28
8.

79
28

.3

Fo
rm

al
 (

%
)

61
.5

48
.7

65
.1

47
.7

71
..9

45
72

44
.9

In
fo

rm
al

 (
%

)
38

.5
48

.7
13

.1
33

.8
19

.6
39

.7
19

.2
39

.4

L
ab

ou
r 

in
co

m
e 

(C
L

P$
/m

on
th

)
20

8,
16

7
23

0,
41

4
36

6,
50

5
40

5,
13

9
39

5,
25

9
41

8,
50

8
48

9,
17

0
46

0,
16

9

H
ou

rl
y 

in
co

m
e 

(C
L

P$
/h

ou
r)

1,
13

3
1,

24
7

1,
09

4
2,

26
7

2,
42

3
2,

52
3

2,
99

8
2,

78
9

To
ta

l i
nc

om
e 

(C
L

P$
/m

on
th

)
22

1,
76

9
26

4,
07

7
40

2,
30

9
50

0,
75

3
43

6,
12

6
47

8,
22

6
54

6,
43

2
57

3,
04

3

H
ou

se
ho

ld
 in

co
m

e 
(C

L
P$

/m
on

th
)

60
2,

48
7

69
7,

42
9

97
9,

78
8

1,
11

5,
17

7
1,

10
7,

30
0

1,
08

4,
35

1
1,

32
0,

23
7

1,
49

8,
77

3

H
ou

se
ho

ld
 p

er
 c

ap
ita

 in
co

m
e 

(C
L

P$
/m

on
th

/p
er

so
n)

14
7,

76
1

20
0,

71
7

26
1,

22
4

33
9,

38
5

31
3,

54
9

35
7,

97
8

41
5,

15
5

50
9,

57
9

M
in

im
um

 w
ag

e 
(C

L
P$

/m
on

th
)

10
2,

01
8

0
17

0,
22

3
0

20
6,

94
3

0
26

4,
00

0
0

B
el

ow
 h

ou
rl

y 
m

in
im

um
 w

ag
e 

(%
)

34
.4

47
.5

30
.3

45
.9

22
.7

41
.9

19
.9

39
.9

N
32

,3
25

71
,0

11
71

,1
13

82
,3

85



449Long-Run Labour Income Distribution... / R. Blundell, V. Corral, A. Gómez-Lobo

 Panel A in Figure 1 presents the evolution of monthly average and median 
income from the main occupation and household per capita income (from all 
sources of income of household members). There was a steady rise in labour 
incomes during the 90’s but then stagnated during most of the following de-
cade. This was probably a consequence of the international financial crisis that 
affected Latin America starting in 1998 and earnings only started to rise again 
after 2010. However, average household per capital disposable income rose 
continually during this period. Changing demographics, higher government 
monetary transfers or higher labour market participation rates for women in the 
household could explain the difference between average household incomes 
and the evolution of individual earnings.

Panel B in Figure 1 presents the evolution of the Gini coefficient using 
total individual labour income from the main occupation, HLE from the main 
occupation and total household per capita income. This figure suggests an op-
timistic view of income inequality dynamics. All indices fell during the period 
indicating a steady decrease in labour income inequality.

The fall in inequality measured using HLE is significant, from 0.47 to 0.40, 
close to 15%. Also, after 1998, HLE and total labour earnings from the main 
occupation have a similar level and evolution, suggesting that in the aggregate 
the distribution of hours worked did not change significantly.

However, if we analyse the earnings distribution separately by gender, we 
find there are differences between the distribution of total labour earnings and 
HLE for females. It can be seen from Panel C of Figure 1 that for males, both 
Gini coefficients have the same level and evolution, and similar to the aggre-
gate measures shown earlier. Nevertheless, Panel D of Figure 1 for females 
shows a somewhat different picture. Although the fall in the inequality of hour-
ly earnings is comparable to that for males, the fall in inequality of total labour 
earnings is lower, indicating that the distribution of hours worked among wom-
en changed during the period.
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Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Labour 
earnings refer to monthly earnings reported in the main occupation. Hourly earnings is this last 
figure divide by monthly hours worked. Households per capita income includes all incomes 
perceived by household members

FIGURE 1
LABOUR AND HOUSEHOLD REAL MONTHLY INCOMES AND GINI COEFFICIENTS

Figure 2 shows the evolution of other inequality measures. Panel A show 
the same tendency as noted above. All indices declined substantially after a 
peak in the mid 90’s. Panel B and C show the same information separately for 
males and females, respectively.

Panels D and E show the evolution of ratios taken at other points of the 
income distribution. The p95/p90 and p99/p95 ratios exhibit a slight downward 
tendency during the period. How- ever, inequality seems to have stagnated at 
the bottom end of the distribution with the p10/p5 and p5/p1 ratios decreasing 
and then increasing towards the end of the period. Despite this last tendency, 
these ratios were lower in 2017 than in 1990.
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Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Labour 
earnings refer to monthly earnings reported in the main occupation.

FIGURE 2
OTHER INEQUALITIES MEASURES (HOURLY EARNINGS)

In sum, the earnings distribution seems to have improved in Chile over the 
1990-2017 period. However, this improvement seems to be coming more from 
the centre of the distribution rather than the tails, as we have just discussed. 
Graphing the Lorenz curves for selected years (Figure 3, Panel A) shows that 
the curves for 1990 and 2000 are indistinguishable, however, by 2017 there is 
a noticeable improvement, particularly in the middle of the curve.
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FIGURE 3
LORENZ CURVE (MAIN OCCUPATIONAL HOURLY INCOME), SCHOOLING AND AGE 

DISTRIBUTIONS BY YEAR AND EDUCATIONAL ATTAINMENT BY YEAR

Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Labour 
earnings refer to monthly earnings reported in the main occupation. The distributions of years 
of education are calculated for all the individuals over the estimating sample (formal, informal 
and self-employed of ages 18-65). The empirical cumulative distribution function of schooling 
is approximated by an adaptative kernel density estimate to produce a kernel smoothed 
cumulative distribution function. Low education are workers without a high school degree, 
medium education are workers with a high school degree and high education are workers 
with more than high school degree. For every year, observations with negative Hourly Labour 
Earnings (HLE) and the 99th and 1st percentiles of HLE are trimmed.
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The results discussed so far raise several questions. First, some commenta-
tors have expressed concerns that income distribution measures in Chile may 
be biased due to the increasing difficulty of measuring incomes of top earners 
using the CASEN survey. In Appendix A we explore this hypothesis and con-
clude that there is no evidence that this is the case.15  

Another interesting question is how inequality has been affected by the 
significant increase in the educational attainment of the labour force. Panel B 
of Figure 3 shows the distribution of schooling for four years of our sample. 
There was a significant rise in the years of education in the population. While 
in 1990 nearly 60% of workers had 12 years or less of schooling, by 2017 this 
proportion had fallen to approximately 30%.

Using the OECD classification of educational attainment, we see that the 
proportion of workers without a high-school degree (low education) fell from 
55.4% in 1990 to 27.2% in 2017 (Figure 3, Panel C). On the other hand, the 
group with medium educational attainment in- creased from 33.7% to 45% 
while those with high educational attainment increased from 10.9% to 27.8% 
between 1990 and 2017.

Whether this sharp increase in the supply of skilled labour affected the edu-
cational wage premium  is a hypothesis we explore empirically further below.16 
In this section we present the HLE of each educational group by birth cohort 
in panels A, B and C of Figure 4 for women and panels D, E and F for men.17  

There is a clear cohort effect for low and medium education female and 
male workers. Hourly earnings increase with age and for younger cohorts. The 
age-wage profile is also steeper for younger cohorts. For high education female 
workers there is also a cohort effect up to the 1980-1985 cohort, but less clear 
for later cohorts. In the case of high education males, the age-wage profiles are 
quite similar across cohorts.

These age-wage profiles may be affected by common time effects. This 
period was characterized by rapid economic growth in earnings. Therefore, 
in the spirit of Blundell et al. (2023) we explore how the cohort age-wage 
profiles shown in Figure 4 change if we eliminate educational group specific 

15  UNDP (2017) also argues that there is no evidence that under-reporting of top in-
comes may be generating a dynamic bias in inequality measures. Given the number of 
means-tested welfare benefits in Chile, there is also the issue of whether low incomes 
are over reported as low-income individuals are not willing to report their true (higher) 
earnings in a survey if they think it may affect their eligibility for future benefits. We 
do not explore this possibility here.

16  This was found to be the case in Brazil by Ferreira et al. (2021) where the increase in 
educational attainment was neutralized by a decrease in the wage premium.

17 Cohorts are defined by 5-year birth periods starting with the year of the name of the co-
hort. Cohort 1955, for example, includes all individuals born between 1955 and 1959.
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time effects.18 To this end, for each educational group we ran a regression of 
individual hourly earnings on cohort specific age effects and common yearly 
time dummies.19  

Figure 5 graphs the cohort specific wage-age profiles for each gender and 
educational group without the educational group common time effects.20  These 
profiles now have the expected concave shape. Comparing with Figure 4 it can 
see that educational group common time effects have an important impact on 
these profiles. For low education workers the raw data shows younger cohorts 
have higher hourly earnings at the same age as older cohorts. However, this 
seems to be due to the favourable economic conditions faced by these workers 
early in their working careers. Striping out the common time effects for low 
educated workers shows that the earning profiles do not change much across 
cohorts for women. For men, younger cohorts of low education workers earn 
roughly the same as older cohorts at the same age. For medium and high ed-
ucated workers, younger cohorts earn less at the same age than older cohorts.
18  However, unlike Blundell et al. (2023) we do not control for sample selectivity in the 

observed distribution of wages.
19  Regression results are available upon request.
20  The scale in these figures is the same as their counterpart in Figure 4.

Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Cohorts 
are defined by year groups starting with the year of the name of each cohort.

FIGURE 4
AVERAGE HOURLY EARNINGS AGE PROFILES BY COHORT AND WORKERS’ 

EDUCATIONAL LEVEL
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The above comparison suggests that the educational wage premium has 
fallen through time but owing to favourable economic conditions (common 
time effects) younger cohorts earn more than their older peers at the same age 
and educational attainment.

In sum, earnings distribution has improved in Chile between 1990 and 
2017. This seems to have come about through less inequality in the middle 
of the income distribution rather than the tails. It is also associated with an 
increase in workers with medium and high educational attainment. Hourly 
earnings for low and medium educational workers are on average higher for 
younger cohorts. This last effect seems to be related to common time effects 
within each educational group. For workers with high education, younger co-
horts earn about the same as older cohorts at the same age. However, if com-
mon time effects are excluded, younger cohorts would earn less than what their 
older peers earned at the same age.

We now turn to the empirical analysis to ascertain to what extent the re-
duction in earnings inequality in Chile is related to observable characteristics, 
either through endowment or price effects.

FIGURE 5
AVERAGE HOURLY EARNINGS AGE PROFILES WITHOUT EDUCATIONAL 

GROUP TIME EFFECTS

Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Cohorts 
are defined by 5 year groups starting with the year of each cohort.
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4.   METHODOLOGY

Standard regression models focus on measuring the marginal effect of co-
variates on the conditional expectation of the variable of interest. Therefore, 
these methods are not useful when the interest lies in the effects of covariates 
over other aspects of the distribution of the dependent variable, such as its 
quantiles or higher-order moments.

Recentered influence function (RIF) regressions offer an alternative to es-
timate marginal effects of covariates over more complex statistics of the distri-
bution of the variable of inter- est. In what follows, we briefly explain the RIF 
regression and decomposition methods used in this paper.

4.1 RIF Regressions

Let FY (y) be the cumulative distribution function (CDF) of a real-valued 
random variable Y (labour income in our case) which means that FY (y) = Pr(Y 
≤ y). Henceforth, we omit the argument y in FY (y) for the sake of notational 
simplicity. Furthermore, let v(FY) be a functional (or distributional statistic) 
of the labour income distribution (e.g. mean income, Gini coefficient or Theil 
index).21 

Now, if we want to assess the effect on the value of the functional v(FY) 
of an infinitesimal perturbation at the point y, one way to do this is to use the 
influence function (IF) which is defined as:22  

(1)                   IF y v F
v t F t v F

tY
t

Y y Y
, lim� �� � �

�� � � � � �� �
�0

1 �

where 0 ≤ t ≤ 1 and δy is a distribution that puts mass only at the value y.
Nevertheless, for an attractive statistical reason stated below in equation 

(4), Firpo et al. (2009) propose instead the so-called ‘recentered influence 
function’ (RIF):

(2)                         RIF y v F v F IF y v FY Y Y, ,� �� � � � � � � �� �

Following closely Rios-Avila (2020), the foremost statistical properties of 
the IF and RIF functions are:

21  Roughly speaking, functionals are functions where the inputs are themselves func-
tions. The terms functional and distributional statistic are interchangeable throughout 
this work.

22  More precisely, the influence function corresponds to the one-sided Gâteaux derivative 
of v(.) at FY, in the direction of δy. Meanwhile, the Gâteaux derivative is a generaliza-
tion of the concept of directional derivative, but for functionals instead of functions.
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(3)                                � � �� � �IF y v F dFY Y, 0

(4)                           � � �� � � � �RIF y v F dF v FY Y Y, �

Thus, equation (3) states that the expected value of IF is 0. Consequently, 
equation (4) implies that the expected value of RIF is equal to the functional 
itself, and is the main reason why Firpo et al. (2009) propose using RIF regres-
sions instead of IF regressions.23 

However, when our approach is a conditional analysis of v(FY), and we are 
interested in exploring the effect of a vector of covariates X on Y, we must be 
capable of generalizing equation (4).

More formally, let X be a random vector with CDF FX(x), then when apply-
ing the law of iterated expectations to equation (4) to incorporate the effect of 
covariates, we have that:

(5)  v F RIF y v F dF E RIF y v F X x dFY Y Y Y X� � � � � �� � � � � �� � �, , ][ |

In practice, given an observation yi of the sample data (y1, y2, . . . , yN ), the 
empirical and linear counterpart of the previous equation is a linear regression 
of the form:

(6)                              RIF y v F Xi Y i i, ’� �� � � �� �

where ϵi is an error term with E (ϵi ) = 0.
The final step is to calculate the correct marginal effects of the model. Firpo 

et al. (2009) show that the unconditional partial effect on v(FY) induced by a 
small translation of the distribution of X is given by:

(7)                    � v
dE RIF y v F X x

dx
dF

Y
X� � � �

� �� � �[ |, ]

where α(v) is the vector of partial effects of ‘small location shifts’ in the 
distribution of X, that is, the effect on v(FY) of moving each coordinate of X 
separately as a location shift assuming that the conditional distribution of Y 
given X remains constant.

The preceding equation has significant implications as it allows for the de-
termination of the partial effects resulting from a slight shift in the CDF of X in 
three steps: (1) Regress the RIF of the distributional statistic of interest, on the 

23  Note that estimating the variance of the IF is equivalent to estimating the variance of 
the RIF, since adding the mean to the IF is just a constant shift in values.
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vector of covariates X (RIF regression); (2) compute the marginal effects; and 
(3) integrate over the values of X. In essence, the partial effect of a covariate on 
an unconditional quantile of Y can be expressed as a weighted average (over 
the distribution of X) of the conditional partial effects.24 

4.2 RIF Decomposition

As RIF regressions are a generalization of the standard regression meth-
ods, RIF decompositions are a generalized framework of the standard Oax-
aca-Blinder approach for decomposing changes in average earnings (Blinder 
(1973); Oaxaca (1973)). In fact, a RIF decomposition applied to the mean (i.e. 
average earnings) yields exactly the Oaxaca-Blinder decomposition. Neverthe-
less, RIF regressions allow extending this decomposition to any statistic of the 
earnings distribution v(FY), not just the mean.

Henceforward, we suppress the argument FY in v(FY). Given two groups (or 
time periods) indexed by t = 1, 2; the overall change in the distributional sta-
tistic v (i.e. ∆v = v2 − v1) for a counterfactual v v F v F dFc Y

c
Y X t X t� � � � �� �� �| , ,1 2  

can be disaggregated into two components as:

(8)                                  
�

� �

v v v v v v vc

v

c

vS X

� � � � � �2 1 2 1

where the first term vS   is  the structural or price effect that measures how 
changes over v(FY) can be explained by changes in returns or premiums, while 
the second term vX  is the composition or endowment effect that explains 
changes in v(FY) attributable to changes in covariate composition. Notice that 
when the counterfactual chosen is v Xc � 2 1�̂ , (8)  leads  to the standard Oax-
aca-Blinder decomposition when the baseline wage structure is given by β̂1 .

 However, the previous RIF decomposition strategy may yield an incor-
rectly identified counterfactual statistic vc because the distribution of outcomes 
and covariates of the counterfactual scenario are not directly observed. Con-
sidering this limitation, we use a semiparametric reweighting approximation 
proposed by Rios-Avila (2020) to identify the counterfactual distribution based 
on the observed data.

After reweighting factors are estimated using a probit or logit model;25  

v Xc c c� ’ ���
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v X X X X X Xc
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e
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�

 is estimated by weighted least squares and the new reweighted RIF 
decomposition components are given by:

24  When the RIF regression is linear with respect to the X variables, the estimated β coef-
ficients can be interpreted in a manner similar to traditional linear regression models. 
The only difference is that these coefficients must be interpreted as the marginal effect 
of a slight change in the mean value of X (E[X]) on the distributive statistic.

25  We direct readers to Rios-Avila (2020) for a comprehensive overview of this method.
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(9) 
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The first term is a pure price or structural effect. The second term, ∆vS
e , 

is a reweighting error that should go to zero in large samples and can be used 
as a specification test for the reweighting strategy. If large and significant, this 
term will be indicating that the counterfactual is not well identified. The third 
term is a pure endowment or compositional effect while the last term, ∆vX

e , is a 
specification test for the RIF model. A large and significant value for this error 
may be indicating that the model is not well specified, and the RIF regression 
is not providing a good approximation to the distributional statistic v. Further-
more, when the estimated counterfactual vc  coincides exactly with X ’ �2β�

� � �
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, 
equation (9) collapses to equation (8) because the counterfactual was correctly 
specified, and the error terms vanish (i.e. � �v vS

e
X
e� � 0 ). Notice that if an 

intercept is included, so that Xt,1 = 1 for t = 1, 2; the price effect presents a 
component given by ˆ ˆ

, ,� �2 1 11�� �  that reflects changes in average returns to 
unobservable covariates.

5.   RESULTS

We begin by following Ferreira et al. (2021) and present some simple 
Mincer wage equations by year. Table 2 presents the results of OLS regres-
sions on the logarithm of hourly earnings for four different years in our sample. 
Specifically, we estimate the following model for each year t = 1990, 2000, 
2011 and 2017:

(10)                 
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where yit is hourly earnings, Sit is the number of years of education, Eit is 
the years of potential experience, and Dit

’  is a vector of dummy variables for 
the following categorical variables: gender, minimum wage status, formal em-
ployment, rural area, economic sector, and region.26 For these last variables the 

26  To conserve space, the results for these last two categorical variables are not shown in 
the table.

� �� �� � �� �� � �� �� � �� ��
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omitted categories in each equation are: male, above minimum wage, self-em-
ployed (or informal), urban, construction, and Santiago Metropolitan region.

Although difficult to see directly given the fourth order polynomial in years 
of education, Panel A of Figure 6 graphs the simulated returns to education 
from the parameters estimated in the equations of Table 2. Interestingly, the 
educational wage premium did not change much between 1990 and 2011, 
however the following decade shows an important decrease in this premium.

The opposite occurred with the experience premium as can be seen from 
Panel B of Figure 6. Although it also decreased during the sample period, this 
occurred mostly between 1990 and 2011. Other results from Table 2 indicate 
that the gender wage gap has remained relatively constant over time near 10%. 
The earnings penalty from having an hourly earnings rate below the mini-
mum wage has decreased by around 12 percentage points.27 Figure 7 shows 
the distribution of wages and the minimum wage for this period. It suggests 
that this minimum may have become more binding through time, reducing the 
dispersion in the lower end of the distribution, and generating a peak close to 
this limit.

The formal employment premium was reduced and became negative by 
2017. We do not have an explanation for this except that perhaps self-employed 
workers who do not have to pay social security contributions (pensions and 
health) may have a net income higher than formal sector workers. The urban 
rural wage gap also seems to have fallen from 4.8% in 1990 to 2.9% in 2017.

Finally, the last row of Table 2 presents the root MSE of each regression. 
This statistic decreases through time, indicating that wage dispersion has de-
creased even after controlling for explanatory variables.

27  Unlike Dube (2019) for the US, we cannot include the minimum wage directly in the 
specification since there is no cross-section variation in the value of this variable given 
that it is applied simultaneously across the whole country.
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TABLE 2
MINCER EQUATIONS LOG-HOURLY EARNINGS (1990-2017)

Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. For the 
categorical variables in each equation the omitted categories are: male, above minimum wage, 
self-employed (or informal), urban, construction, and Santiago M.A. region. Survey frequency 
weights used in estimation. * p<0.10, ** p<0.05, *** p<0.01.

(1) (2) (3) (4)

1990 2000 2011 2017

Education 0.042*** 0.080*** 0.124*** 0.138***

(0.012) (0.013) (0.017) (0.012)

Education2/100 -0.733** -1.814*** -2.658*** -3.049***

(0.295) (0.296) (0.357) (0.215)

Education3/1000 0.521** 1.464*** 1.972*** 2.301***

(0.255) (0.247) (0.277) (0.154)

Education4/10000 -0.017 -0.266*** -0.359** -0.471***

(0.071) (0.067) (0.071) (0.037)

Potential Experience 0.041*** 0.026*** 0.034*** 0.032***

(0.005) (0.005) (0.005) (0.003)

Potential Experience2/100 -0.198*** -0.104*** -0.162*** -0.115***

(0.045) (0.040) (0.041) (0.028)

Potential Experience3/1000 0.048*** 0.026** 0.038*** 0.017**

(0.014) (0.012) (0.013) (0.008)

Potential Experience4/10000 -0.004*** -0.003** -0.003** -0.001

(0.001) (0.001) (0.001) (0.001)

Female -0.098*** -0.087*** -0.104*** -0.097***

(0.009) (0.009) (0.009) (0.006)

Below Hourly Minimum Wage -0.938*** -0.891*** -0.819*** -0.819***

(0.007) (0.006) (0.009) (0.005)

Formal Employee 0.021*** 0.017** -0.053*** -0.038***

(0.008) (0.008) (0.010) (0.006)

Rural -0.046*** -0.023*** -0.026*** -0.020***

(0.010) (0.007) (0.008) (0.007)

Constant 6.441*** 6.983*** 7.067*** 7.330***

(0.031) (0.031) (0.033) (0.027)

N 32,203 70,803 71,071 81,539

Adjusted R2 0.622 0.646 0.592 0.555

Root MSE 0.496 0.468 0.465 0.455
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FIGURE 6
EDUCATION AND EXPERIENCE WAGE PREMIUMS BY YEAR

Note:  Simulations based on the results of Table 2.

FIGURE 7
HOURLY WAGE DENSITY AND MINIMUM WAGE BY YEAR

Note:  Vertical lines correspond to the logarithm of gross minimum hourly wage for the years 1990, 
2000, 2011 and 2017. Gaussian kernel densities estimated. Hourly labour earnings from main 
occupation trimmed at the 1st and 99th percentiles by year. Survey frequency weights used.

We next present decomposition results for log HLE. The specification of 
the Mincer equations serves as a guide to the potential explanatory variables 
to use in the RIF decompositions.  In what follows then, we use these same 
variables to determine possible factors driving the changes in the various in-
equality statistics.
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Correct standard error estimation requires bootstrapping.28 Since the 
CASEN surveys have a stratified and clustered sampling design, knowledge of 
this sampling structure was required to implement the bootstrapping method. 
However, for the 1990 CASEN survey the publicly available database does not 
include a strata variable nor a cluster variable. Therefore, in what follows, we 
estimate the decomposition using data from 1992 to 2017.

Table 3 presents the results of a classical Oaxaca-Blinder decomposition of 
the average log-hourly earnings. The first column presents the results for the 
whole period (1992-2017) while the three other columns present the results for 
sub-periods (1992-2000, 2000-2011 and 2011-2017, respectively).29  

The decomposition for the whole period shows that log HLE increased 
by close to 0.91 between 1992 and 2017 (or 148% increase in real hourly 
earnings). Close to 41% of this difference was due to a composition effect 
(explained) while the other 59% points was due to changes in premiums (un-
explained). This same pattern appears in the sub-periods with the exception 
of the 2000-2011 period where the compositional effect was larger than the 
change in premiums. Note that the specification error is small or statistically 
insignificant, while the reweighting error is significant but much smaller than 
the unexplained effect.

As for the compositional effect, years of education account for an import-
ant positive impact on earnings between 1992 and 2017. Rising years of edu-
cation with the returns to education of the counterfactual scenario would have 
increased mean log hourly earnings by 0.21 log points. However, returns to 
education fell between 2011 and 2017 (pure unexplained), reducing the im-
pact of rising educational attainment on wages during this last period. Thus, 
increasing years of education in the population did have an impact on average 
log earnings but due to the fall in the educational premium the net effect was 
reduced almost by half.

Compositional effects of potential experience also had a positive effect on 
mean earnings. However, this effect is much smaller than changes in educa-
tional levels and seems to be present mostly in the 1992-2000 period, when 
there were still high returns to potential experience. The fall in the returns to 
experience was much larger than the compositional effect, implying that the 
net effect of experience on average earnings was negative.

The increase in the female labour participation would have decreased mean 
log earning a bit. The gender wage gap during the period does not seem to have 
changed much as already noted above with the Mincer equation results.

28  Estimations were undertaken using the oaxaca_rif module in Stata. See Rios-Avila 
(2020). The Probit reweighing option was used for the counterfactual. Categorical vari-
ables (economic sector and regional variables) were normalized as in Yun (2005).

29  It should be noted that these results are robust to changes in the excluded category.
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As less workers earned an hourly wage below the minimum wage during 
the period, the compositional impact on hourly wages is positive. In addition, 
average earnings conditional on being below the minimum wage also rose 
during the period. This suggests a potential effect of minimum wages on hour-
ly incomes for this group of workers.

There was a slight decrease in wages due to compositional changes in for-
mality (workers with a formal contract). However, there was an increase in the 
formality wage premium during the whole period that more than compensated 
for the compositional effect.

The rural-urban earnings gap did not contribute much to the change in mean 
log earnings during the period, while there was a very small but positive com-
positional effect. The regional and economic sector did contribute something 
to the increase in log hourly wages through the compositional effect, although 
in the case of region it was more than compensated by the pricing effect.

By far the largest impact on mean log HLE is the change in the non-observ-
able skills premium (the constant in the unexplained results).

In summary then, the decomposition of mean HLE during the 1992-2017 
period is explained by a compositional effect due to an increase in years of 
education, an increase in years of experience, and a fall of workers earning be-
low the minimum wage, together with a net effect due to changes in structural 
returns, being the returns to unobserved skills by far the most important, while 
the observed structural changes had a negative effect on earnings (mainly a fall 
in the returns to education and potential experience).
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TABLE 3
RIF DECOMPOSITION – MEAN OF LOG HOURLY EARNINGS (1992-2017)

(1) (2) (3) (4)

1990-2017 1992-2000 100-2011 2011-2017

Overall

Post 7.747*** 7.295*** 7.489*** 7.747***

(0.003) (0.003) (0.003) (0.003)

Counterfactual 7.204*** 6.941*** 7.420*** 7.610***

(0.004) (0.004) (0.004) (0.003)

Pre 6.838*** 6.838*** 7.295*** 7.489***

(0.004) (0.004) (0.003) (0.003)

Difference 0.910*** 0.457*** 0.193*** 0.259***

(0.005) (0.005) (0.004) (0.004)

Explained 0.366*** 0.103*** 0.125*** 0.121***

(0.006) (0.006) (0.005) (0.004)

Unexplained 0.544*** 0.354*** 0.068*** 0.138***

(0.005) (0.005) (0.005) (0.004)

Explained

Total 0.366*** 0.103*** 0.125*** 0.121***

(0.006) (0.006) (0.005) (0.004)

Pure Explained 0.351*** 0.105*** 0.123*** 0.121***

(0.005) (0.004) (0.004) (0.003)

Specification Error 0.015*** -0.002 0.002 0.001

(0.004) (0.004) (0.003) (0.003)

Pure Explained

Education 0.211*** 0.086*** 0.036*** 0.089***

(0.003) (0.002) (0.002) (0.002)

Experience 0.026*** 0.016*** 0.004*** 0.001**

(0.001) (0.001) (0.001) (0.001)

Region 0.002*** 0.002*** 0.002*** -0.000

(0.000) (0.000) (0.000) (0.000)

Sector 0.013*** 0.008*** 0.005*** 0.003***

(0.001) (0.001) (0.001) (0.001)

Size 0.019*** 0.013*** 0.011*** -0.002***

(0.001) (0.001) (0.001) (0.001)

Female -0.008*** -0.003*** -0.004*** -0.005***

(0.001) (0.000) (0.000) (0.000)

 Below Hourly Minimum
Wage

0.090*** -0.017*** 0.072*** 0.038***
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Note:  Education and experience are the sum of the coefficients from fourth order polynomials in 
years. Regional and economic sector categorical variables are normalized in the estimation and 
coefficients results are summed. A logit reweighting model is used to define the counterfactual. 
* p<0.10, ** p<0.05, *** p<0.01.

(0.003) (0.003) (0.002) (0.002)

Formal Employee -0.004*** -0.001*** -0.003*** -0.006***

(0.000) (0.000) (0.000) (0.000)

Rural 0.002*** 0.001*** 0.000 0.000***

(0.000) (0.000) (0.000) (0.000)

Unexplained

Total 0.544*** 0.354*** 0.068*** 0.138***

(0.005) (0.005) (0.005) (0.004)

Reweighting Error -0.057*** -0.009** -0.009** -0.039***

(0.004) (0.004) (0.004) (0.003)

Pure Unexplained 0.601*** 0.364*** 0.078*** 0.177***

(0.003) (0.003) (0.003) (0.003)

Pure Unexplained

Education -0.102*** 0.002 -0.009 -0.108***

(0.034) (0.024) (0.029) (0.028)

Experience -0.188*** -0.100*** -0.036*** -0.023*

(0.016) (0.017) (0.014) (0.013)

Region -0.040*** 0.002 -0.026*** -0.003

(0.005) (0.004) (0.004) (0.004)

Sector 0.041*** 0.025*** -0.003 0.025***

(0.005) (0.004) (0.004) (0.004)

Size -0.004*** 0.000 -0.014*** -0.003***

(0.001) (0.001) (0.002) (0.001)

Female -0.002 0.003 -0.004 0.006**

(0.003) (0.003) (0.003) (0.003)

 Below Hourly Minimum
Wage

0.036*** 0.020*** 0.013*** 0.002*

(0.002) (0.002) (0.002) (0.001)

Formal Employee 0.029*** 0.019*** -0.036*** 0.012**

(0.007) (0.005) (0.006) (0.006)

Rural 0.000 0.001 -0.000 -0.000

(0.001) (0.001) (0.001) (0.001)

Constant 0.830*** 0.391*** 0.194*** 0.268***

(0.039) (0.031) (0.034) (0.032)

Post N 71,431 67,213 61,188 71,431

Counterfactual N 43,374 43,374 67,213 61,188

Pre N 43,374 43,374 67,213 61,188
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We next turn to the RIF decomposition of the Gini coefficient of hourly 
earnings. The results are shown in Table 4.30 The specification error is signif-
icant in all the columns, but small in the three sub-periods. The reweighting 
error is small in all models indicating a good reweighting strategy defining the 
counterfactual for the decomposition.

The first thing to note is that there was a fall in the Gini coefficient of HLE 
during the whole period from 0.456 to 0.405, explained by decrease from 2000 
to 2017 (it increased from 1992 to 2000). The second thing to note is that the 
effect of compositional changes would have increased inequality during the 
whole period, driven mainly by the years of education but countered to some 
extent by the fall in workers earning below the minimum wage.

Overall, earnings inequality only fell because there was a large effect from 
structural changes (price or premium changes) that more than compensated for 
the compositional effects.

Rising educational attainments would have significantly increased earnings 
inequality given the counterfactual returns to education. This is not wholly 
unexpected as more workers may shift to the convex part of the educational 
wage premium curve, increasing earnings inequality. This is what Ferreira et 
al. (2021) call the “The Paradox of Progress” (Bourguignon et al. (2005)). 
However, what is striking is that the change in the educational earnings pre-
mium would also have increased inequality. This implies that the fall in the 
educational premium was not equality enhancing.

Something similar can be said regarding potential experience. Both the 
compositional and the structural effects imply a more unequal earnings distri-
bution although its magnitude is smaller than in the case of education.

30  In addition, we further explore the effects of labour unionization in Appendix B, Table 
8. The worker’s labour union variable can only be constructed in the 1994 and 2017 
CASEN waves. Our estimates suggest that unionization of workers does not have a sig-
nificant effect on reducing labour income inequality. We also estimated the RIF models 
including the interaction of the economic sector dummies with the copper price for the 
respective year. The results were unchanged to those presented here.
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TABLE 4
RIF DECOMPOSITION – GINI COEFFICIENT OF HOURLY EARNINGS (1992-2017)

(1) (2) (3) (4)

1990-2017 1992-2000 100-2011 2011-2017

Overall

Post 0.405*** 0.464*** 0.438*** 0.405***

(0.001) (0.001) (0.001) (0.001)

Counterfactual 0.483*** 0.494*** 0.449*** 0.450***

(0.001) (0.002) (0.001) (0.001)

Pre 0.456*** 0.456*** 0.464*** 0.438***

(0.002) (0.002) (0.001) (0.001)

Difference -0.050*** 0.009*** -0.026*** -0.033***

(0.002) (0.002) (0.002) (0.002)

Explained 0.027*** 0.038*** -0.015*** 0.012***

(0.002) (0.002) (0.002) (0.002)

Unexplained -0.077*** -0.030*** -0.011*** -0.045***

(0.002) (0.002) (0.002) (0.002)

Explained

Total 0.027*** 0.038*** -0.015*** 0.012***

(0.002) (0.002) (0.002) (0.002)

Pure Explained 0.086*** 0.050*** -0.013*** 0.019***

(0.002) (0.002) (0.001) (0.001)

Specification Error -0.059*** -0.012*** -0.002 -0.008***

(0.003) (0.002) (0.002) (0.002)

Pure Explained

Education 0.095*** 0.036*** 0.009*** 0.034***

(0.002) (0.001) (0.001) (0.001)

Experience 0.009*** 0.005*** 0.001*** 0.000

(0.001) (0.000) (0.000) (0.000)

Region 0.001*** 0.001*** 0.000*** 0.001***

(0.000) (0.000) (0.000) (0.000)

Sector 0.005*** 0.002*** 0.003*** -0.001***

(0.001) (0.001) (0.000) (0.000)

Size 0.005*** 0.004*** -0.004*** -0.000

(0.001) (0.000) (0.001) (0.000)

Female -0.002*** -0.001*** -0.002*** -0.001***

(0.000) (0.000) (0.000) (0.000)

 Below Hourly Minimum
Wage

-0.023*** 0.004*** -0.017*** -0.009***
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Note:  Education and experience are the sum of the coefficients from fourth order polynomials in 
years. Regional and economic sector categorical variables are normalized in the estimation and 
coefficients results are summed. A logit reweighting model is used to define the counterfactual. 
* p<0.10, ** p<0.05, *** p<0.01.

(0.001) (0.001) (0.001) (0.000)

Formal Employee -0.004*** -0.001*** -0.004*** -0.004***

(0.000) (0.000) (0.000) (0.000)

Rural -0.000 -0.000 -0.000 -0.000***

(0.000) (0.000) (0.000) (0.000)

Unexplained

Total -0.077*** -0.030*** -0.011*** -0.045***

(0.002) (0.002) (0.002) (0.002)

Reweighting Error 0.004*** 0.000 0.003*** 0.005***

(0.001) (0.001) (0.001) (0.001)

Pure Unexplained -0.082*** -0.030*** -0.014*** -0.049***

(0.002) (0.002) (0.002) (0.002)

Pure Unexplained

Education 0.119*** 0.026* 0.020 0.048***

(0.017) (0.014) (0.018) (0.017)

Experience 0.066*** -0.002 0.034*** 0.011

(0.008) (0.010) (0.009) (0.008)

Region -0.016*** -0.009*** -0.000 -0.009***

(0.002) (0.003) (0.003) (0.002)

Sector -0.002 0.004 -0.010*** 0.007***

(0.002) (0.003) (0.002) (0.002)

Size 0.002*** 0.000 0.002 -0.000

(0.000) (0.000) (0.001) (0.000)

Female 0.0002 -0.003* 0.003 0.003

(0.002) (0.002) (0.002) (0.002)

 Below Hourly Minimum
Wage

-0.016*** -0,007*** -0.012*** -0.005***

(0.001) (0.001) (0.001) (0.001)

Formal Employee -0,024*** -0.004 -0.016*** -0.027***

(0.003) (0.003) (0.004) (0.004)

Rural 0.001 -0.000 0.000 -0.000

(0.001) (0.001) (0.001) (0.001)

Constant -0.214*** -0.034* -0.034 -0-076***

(0.020) (0.019) (0.021) (0.020)

Post N 71,431 67,213 61,188 71,431

Counterfactual N 43,374 43,374 67,213 61,188

Pre N 43,374 43,374 67,213 61,188
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As already noted, rising minimum wages seems to have compressed the 
bottom of the earnings distribution. This may explain the fall in the number 
of workers earning below the minimum wage and decreasing inequality. In 
addition, the reduction in the wage penalty for these workers adds to this last 
effect, leading to an overall decrease in the Gini coefficient.

The rise in formal employment also reduced the Gini coefficient but only 
by a small amount. However, there was a significant effect from the change in 
the formality wage premium, which became negative at the end of our sample 
period.

By far the most important impact on the Gini coefficient was the negative 
and large effect of non-observable skills premium. Therefore, apart from the 
minimum wage and formality, the other observable variables that we are con-
trolling for in the decomposition do not explain the fall in HLE inequality in 
Chile.

Table 5 presents the decomposition results for other distributional statistics 
of the earnings distribution for the 1992-2017 period. The first column pres-
ents the results for the interquantile ratio p90/p10, while the second column 
those for the interquantile ratio p95/p5. The last two columns present results 
for quintile p20 and p10, respectively.

In the case of the interquantile ratios, they both fell during the period. The 
p90/p10 ratio fell from 7.02 to 5.45, a drop of 22.4% while the p95/p5 ratio fell 
from 12.71 to 10.17 a drop of 20%. However, the composition effect was pos-
itive in both cases, indicating that that changes in the composition of workers 
would have increased these ratios, and they only fell due to structural (price) 
changes. These are mainly associated with changes in the experience premium, 
the fall in the wage penalty of earning below the minimum wage and some 
regional convergence in earnings during the period.

Notably the fall in the p90/p10 ratio is more strongly related to the mini-
mum wage effect than in the other results, although changes in unobservable 
skills was also important. The same patterns hold for the p95/p5 ratio.
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TABLE 5
RIF DECOMPOSITION – OTHER DISTRIBUTIONAL STATISTICS 

OF HOURLY EARNINGS (1992-2017)

(1) (2) (3) (4)

p90/p10 p95/p5 p20 p10

Overall

Post 5.453*** 10.171*** 1467.396*** 1127.574***

(0.045) (0.119) (2.770) (4.985)

Counterfactual 9.878*** 19.267*** 627.839*** 472.747***

(0.081) (0.179) (3.131) (2.818)

Pre 7.018*** 12.712*** 520.106*** 392.625***

(0.071) (0.200) (2.239) (2.181)

Difference -1.565*** -2.541*** 947.290*** 734.950***

(0.084) (0.233) (3.561) (5.441)

Explained 2.860*** 6.555*** 107.733*** 80.122***

(0.108) (0.268) (3.849) (3.564)

Unexplained -4.425*** -9.096*** 839.557*** 654.828***

(0.093) (0.215) (4.180) (5.726)

Explained

Total 2.860*** 6.555*** 107.733*** 80.122***

(0.108) (0.268) (3.849) (3.564)

Pure Explained 4.047*** 10.072*** 84.403*** 55.920***

(0.087) (0.243) (2.784) (2.566)

Specification Error -1.186*** -3.517*** 23.329*** 24.202***

(0.122) (0.335) (2.634) (3.468)

Pure Explained

Education 3.962*** 9.512*** 2.765** 4.399***

(0.075) (0.207) (1.165) (1.578)

Experience 0.442*** 0.973*** -0.524 0.173

(0.030) (0.083) (0.569) (0.770)

Region 0.013 0.050* 0.223 1.244***

(0.009) (0.027) (0.202) (0.311)

Sector 0.183*** 0.622*** -1.655*** -0.851

(0.031) (0.086) (0.599) (0.808)

Size 0.367*** 0.679*** -1.262** -2.489***

(0.026) (0.075) (0.553) (0.748)

Female -0.040*** -0.210*** -1.328*** -3.510***

(0.015) (0.043) (0.311) (0.434)

Below Hourly Mini-
mum Wage

-0.711*** -1.069*** 83.733*** 51.596***
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Note:  Education and experience are the sum of the coefficients from fourth order polynomials in 
years. Regional and economic sector categorical variables are normalized in the estimation and 
coefficients results are summed. A logit reweighting model is used to define the counterfactual. 
* p<0.10, ** p<0.05, *** p<0.01.

(0.025) (0.056) (2.295) (1.474)

Formal Employee -0.165*** -0.422*** 2.238*** 4.015***

(0.013) (0.036) (0.227) (0.348)

Rural -0.005 -0.062* 0.213 1.344***

(0.012) (0.034) (0.245) (0.337)

Unexplained

Total -4.425*** -9.096*** 839.557*** 654.828***

(0.093) (0.215) (4.180) (5.726)

Reweighting Error 0.148*** 0.326*** -44.149*** -27.687***

(0.057) (0.098) (3.908) (2.700)

Pure Unexplained -4.573*** -9.422*** 883.706*** 682.514***

(0.083) (0.203) (0.896) (4.480)

Pure Unexplained

Education 2.106** 7.481*** -23.699*** -31.154

(0.852) (2.119) (8.864) (44.510)

Experience -1.318*** -2.782*** -35.457*** 62.789***

(0.405) (1.006) (4.254) (20.749)

Region -0.730*** -1.543*** -1.665 -3.682

(0.122) (0.303) (1.279) (6.268)

Sector 0.347*** 0.970*** 1.762 8.169

(0.115) (0.287) (1.177) (6.219)

Size -0.055*** 0.050 -0.373** -0.759

(0.018) (0.043) (0.187) (0.884)

Female 0.308*** -0.068 -0.240 -19.005***

(0.081) (0.201) (0.848) (4.167)

Below Hourly Mini-
mum Wage

-2.632*** -3.659*** -42.011*** -197.932***

(0.050) (0.117) (0.580) (2.724)

Formal Employee -0.402** -0.715* 8.067*** 206.044***

(0.170) (0.424) (1.771) (8.959)

Rural -0.008 -0.273*** -0.887** -0.885

(0.034) (0.084) (0.364) (1.666)

Constant -2.191** -8.883*** 978.207*** 658.930***

(0.996) (2.477) (10.385) (51.779)

Post N 71,431 71,431 71,431 71,431

Counterfactual N 43,374 43,374 43,374 43,374

Pre N 43,374 43,374 43,374 43,374
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As for the earning of the first quintile and decile, these both increased sig-
nificantly during the period. However, in both cases endowment changes ex-
plain only a small fraction of this increase. Rather almost all of the increase 
can be attributed to structural changes of which the returns to non-observable 
skills is by far the most important, together with formalization of workers in 
the case of the 20th quintile.

Given the educational group common time effects discussed in Section 3, 
a question arises as to what extent these time effects may explain the results 
found in this section related to increases in unobservable skill premiums. To 
this end, separate mincer equations were estimated for each educational group 
including a common time effect. Then, the wage rate for each observation was 
stripped of its corresponding educational group year effect. With these last 
observations, the Gini coefficients were recalculated and compared to those of 
the original data. The results are presented in Figure 8.

FIGURE 8
GINI COEFFICIENTS OF HOURLY WAGES WITH AND WITHOUT EDUCATIONAL 

GROUP COMMON TIME EFFECTS

Note:  All measures are calculated over the estimating sample (formal, informal, and self-employed 
of ages 18-65). Hourly labour earnings trimmed at the 1st and 99th percentiles by year. Labour 
earnings refer to monthly earnings reported in the main occupation. Hourly earnings is the last 
figure divide by monthly hours worked.
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It can be seen from this last figure that the Gini coefficient without the com-
mon educational group time effects has a similar evolution compared to those 
form the raw data. If at all, inequality would have been lower without the com-
mon time effects during the last period of the data. Therefore, the unexplained 
fall in the Gini coefficient of labour income inequality in Chile does not seem 
to be related to these time effects, although more research is warranted on this 
issue.

6.   CONCLUSIONS

In this paper we have described the changes in workers’ hourly earnings 
distribution for Chile from 1990 to 2017. Consistent with other Latin Amer-
ican experiences, there was a significant fall in earnings inequality after the 
year 2000. The Gini coefficient on hourly labour earnings decreased by around 
15% between 1990 and 2017. This period is also characterized by a significant 
increase in educational attainments and average earnings. While the increase 
in educational attainment explains part of the increase in average earnings, we 
find this was countered by a fall in the returns to education with a small overall 
effect.

A decomposition of the changes in earnings inequality reveals that most of 
the fall in in- equality cannot be attributed to changes in observed endowments 
of workers (compositional changes) or changes in the returns to observable 
skills (structural changes). The significant increase in educational attainment 
and the fall in the educational earnings premium, would both have increased 
earnings inequality. Something similar occurs for experience. Overall, these 
variables do not explain the fall in earnings inequality. Neither does the ob-
served increase in female labour participation or the decrease in the gender 
wage gap.

There does seem to be an effect related to the minimum wage, formaliza-
tion, and some regional convergence in reducing earnings inequality. However, 
most of the fall (as well as the increase in average earnings) is explained by 
unobservable effects. This may due to changes in policy or premiums in skills 
that we are not controlling for. Common educational group time effects do not 
seem to explain this fall either.

One possible hypothesis for our results are changes in the quality of ed-
ucation. There is some evidence that standardized test scores have narrowed 
between children of families in the upper- and lower-income quintiles (Wales 
et al. (2014)). Thus, it may well be that wages among workers of the same 
educational level change among cohorts. This is also suggested by Figure 4. 
Low education workers’ wages have increased for younger cohorts while they 
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have remained the same for high educational workers. However, due to space 
limitations we leave this issue for future research.

Another possibility is that a rise in public employment or in the public sec-
tor wage premium occurred during this period and this may help explain the 
fall in inequality.31 It is common in Latin America for the public sector to pay 
higher salaries to less educated persons than those paid by the private sector, 
and lower salaries for qualified professionals. This generates two very different 
wage distributions (private versus public) with the overall distribution being 
the sum of both.32

We tested this idea by first identifying public sector workers in our data 
(either in the central or local governments). This was only available from 2000 
to 2017. During this last period, we see a monotonic fall in the share of pub-
lic sector workers, from 8.6% in 2000 to a minimum of 5,9% in 2009, rising 
monotonically reaching 8.7% in 2017. Therefore, public sector employment 
had a U-shaped dynamic with no increase in the share of public employment 
between 2000 and 2017. To test whether a wage premium effect might be pres-
ent, we estimated the RIF regressions for the mean of log incomes using a 
public sector dummy variable and although both the compositional effect and 
the wage premium effect were statistically significant, the coefficient estimates 
were very small and did not change our overall conclusions.

Although the idea that public sector employment generates two different 
distributions does not seem to be consistent with the data, the general idea 
of a mixture of distributions of subpopulations is intriguing. Chumacero and 
Paredes (2005) find that the heterogeneity in the population in Chile can be 
characterized by, at least, two populations, with different returns to schooling 
and different volatilities. This could be explained by differences in the quality 
of education for each group. Depending on how changes in the composition of 
the population evolved, this could also account for the decrease in inequality. 
For example, if more of the population transitioned towards the first distribu-
tion, one would expect decreases in inequality because of the reduced variance 
of the unobservable component of that distribution. 

In sum, it is still an open question as to what caused the unexplained fall of 
labour earnings inequality in Chile. More research is required to ascertain what 
these unobservable effects are. For example, they could be related to improve-
ments in the quality of elementary and secondary education or technological 
change that favoured the unobservable skills of younger less educated workers, 
or changes in the composition of sub-populations characterized by different 

31  We thank Claudio Sapelli for suggesting this explanation. He commented that his re-
search for Uruguay seems to point in this direction, with a bi-modal distribution owing 
to the public sector wage structure.

32  For the modelling of the bi-modal income distribution in Chile using a mixed distribu-
tion see Chumacero and Paredes (2005).
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distributions of unobservables. Another possibility is that the local approxima-
tion of the RIF decomposition approach is not flexible enough to capture the 
long-term dynamics of labour earnings inequality in Chile.
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APPENDIX

A. TOP HOUSEHOLD INCOMES 

In this Appendix, we explore whether the CASEN survey data may con-
tain a bias due to an increasing difficulty in measuring top incomes. The point 
we want to explore here is a dynamic one. It is probable that the richest 1% 
of households are underrepresented in the CASEN survey or, when surveyed, 
they do not reveal their true income. This would bias the level of any income 
inequality measure but not its evolution –which is our interest in this paper– 
unless this under-reporting has increased through time.

Table 6 presents the number of observations in each year of the survey of 
households earning more than 5 million CLP per month. This number rep-
resents roughly 1,5% of the highest household income level in 2017.

TABLE 6
PERCENTAGE OF HOUSEHOLDS REPORTING OVER 5 MILLION CLP

Note:  The percentages in the third and fourth columns are calculated trimming household income at 
the 1st and 99th percentiles each year. 

(1) (2) (3) (4)

% % % %

1990 0.30 0.35 0.00 0.00

1992 0.59 0.75 0.00 0.00

1994 0.47 0.78 0.00 0.00

1996 0.46 0.98 0.00 0.00

1998 0.54 0.87 0.00 0.00

2000 0.46 1.51 0.18 0.52

2003 0.64 1.30 0.13 0.30

2006 0.59 1.17 0.08 0.18

2009 0.43 1.50 0.15 0.50

2011 0.91 1.55 0.32 0.56

2012 1.18 2.02 0.55 1.02

2015 1.52 1.88 0.72 0.88

2017 1.72 2.00 0.92 1.00

Trimming No No Yes Yes

Exp. Factors No Yes No Yes
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The first two columns of the table present the percentage of households 
earning more than 5 million CLP before trimming the 1st and 99th percentiles 
of each years’ data. The first column presents the raw percentages while the 
second uses the survey expansion factors. There is no evidence that the num-
ber of high-income households in the survey has decreased during the period. 
Naturally, as incomes have risen the number of high-income households has 
increased in tandem. The third and fourth columns of the table show the same 
information but after trimming the data each year. Again, there is no evidence 
that the top earning households have diminished in the sample.

The data of Table 6 may not be very informative as incomes have risen 
through time. However, Table 7 shows the average income of households earn-
ing more than 5 million CLP per month. There is no discernible pattern that 
points to a potential under-reporting of incomes for this group. Average month-
ly incomes have remained fairly constant throughout this period for this group 
of households.

TABLE 7
PERCENTAGE OF HOUSEHOLDS REPORTING OVER 5 MILLION CLP

Note:  The percentages in the third and fourth columns are calculated trimming household income at 
the 1st and 99th percentiles each year. 

(1) (2) (3) (4)

CLP  CLP CLP CLP

1990 7,704,447 7,468,650

1992 7,628,787 7,571,488

1994 10,196,431 9,796,880

1996 7,380,248 7,285,126

1998 8,968,972 8,356,178

2000 8,374,909 7,753,978 5,487,549 5,540,792

2003 9,385,429 8,792,003 5,267,166 5,266,357

2006 8,114,511 7,548,902 5,153,000 5,183,402

2009 7,188,909 7,575,726 5,418,999 5,345,266

2011 7,439,235 7,217,802 5,441,190 5,379,669

2012 7,846,929 7,679,414 5,652,764 5,700,459

2015 7,740,785 7,735,459 5,669,175 5,689,454

2017 8,237,981 8,454,179 5,781,648 5,816,401

Trimming No No Yes Yes

Exp. Factors No Yes No Yes
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B. ADDITIONAL SPECIFICATIONS

TABLE 8
RIF DECOMPOSITION – LABOUR UNION EFFECTS (1994-2017)

Mean log-Hourly Earnings Gini Coefficient of Hourly Earnings

(1) (2) (3) (4) (5) (6)

1992-2017 1994-2017 1994-2017 1992-2017 1994-2017 1994-2017

Overall

Post 7.747*** 7.747*** 7.747*** 0.406*** 0.406*** 0.406***

(0.003) (0.003) (0.003) (0.001) (0.001) (0.001)

Counterfactual 7.204*** 7.346*** 7.354*** 0.472*** 0.486*** 0.487***

(0.004) (0.004) (0.004) (0.001) (0.001) (0.001)

Pre 6.838*** 7.023*** 7.023*** 0.449*** 0.464*** 0.464***

(0.004) (0.004) (0.004) (0.002) (0.002) (0.002)

Difference 0.910*** 0.724*** 0.724*** -0.043*** -0.058*** -0.058***

(0.005) (0.004) (0.004) (0.002) (0.002) (0.002)

Explained 0.366*** 0.322*** 0.322*** 0.023*** 0.021*** 0.023***

(0.006) (0.005) (0.005) (0.002) (0.002) (0.002)

Unexplained 0.544*** 0.402*** 0.402*** -0.066*** -0.080*** -0.081***

(0.005) (0.005) (0.005) (0.002) (0.002) (0.002)

Explained

Total 0.336*** 0.322*** 0.322*** 0.023*** 0.021*** 0.023***

(0.006) (0.005) (0.005) (0.002) (0.002) (0.002)

Pure Explained 0.351*** 0.320*** 0.319*** 0.115*** 0.108*** 0.109***

(0.005) (0.005) (0.005) (0.003) (0.003) (0.003)

 Specification
Error

0.015*** 0.003 0.003 -0.092*** -0.087*** -0.086***

(0.004) (0.004) (0.004) (0.003) (0.003) (0.003)

            Pure
Explained

Education 0.211*** 0.202*** 0.203*** 0.129*** 0.129*** 0.129***

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002)

Experience 0.026*** 0.0025*** 0.024*** 0.012*** 0.011*** 0.011***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Region 0.002*** 0.005*** 0.005*** -0.003*** -0.001 -0.001

(0.000) (0.001) (0.001) (0.001) (0.001) (0.001)

Sector 0.013*** 0.014*** 0.014*** 0.006*** 0.003*** 0.003***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Size 0.019*** 0.020*** 0.019*** 0.008*** 0.010*** 0.010***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Female -0.008*** -0.010*** -0.010*** -0.003*** -0.005*** -0.005***

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)



481Long-Run Labour Income Distribution... / R. Blundell, V. Corral, A. Gómez-Lobo

 Below Hourly
 Minimum
Wage

0.090*** 0.069*** 0.069***

-0.029*** -0.033*** -0.033***

(0.003) (0.002) (0.002) (0.001) (0.001) (0.001)

Formal Em-
ployee

-0.004*** -0.005*** -0.005*** -0.006*** -0.007*** -0.007***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Rural 0.002*** 0.001*** 0.001*** 0.000 0.001 0.001

(0.000) (0.000) (0.000) (0.001) (0.001) (0.001)

Labour Union -0.000*** 0.000

(0.000) (0.000)

Unexplained

Total 0.554*** 0.402*** 0.402*** -0.066*** -0.080*** -0.081***

(0.005) (0.005) (0.005) (0.002) (0.002) (0.002)

 Reweighting
Error

-0.057*** -0.062*** -0.063*** 0.007*** 0.014*** 0.014***

(0.004) (0.004) (0.004) (0.001) (0.001) (0.001)

Pure Unex-
plained

0.601*** 0.464*** 0.465*** -0.074*** -0.094*** -0.095***

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002)

Pure Unex-
plained

Education -0.102*** -0.121*** -0.125*** 0.105*** 0.126*** 0.126***

(0.034) (0.031) (0.031) (0.017) (0.017) (0.017)

Experience -0.188*** -0.058*** -0.057*** 0.062*** 0.072*** 0.072***

(0.016) (0.015) (0.015) (0.009) (0.009) (0.008)

Region -0.040*** -0.062*** -0.059*** -0.008*** -0.004*** -0.004***

(0.005) (0.005) (0.005) (0.001) (0.001) (0.001)

Sector 0.041*** 0.027*** 0.026*** 0.007*** -0.002 -0.001

(0.005) (0.004) (0.004) (0.002) (0.002) (0.002)

Size -0.004*** 0.000 0.000 0.001* 0.001*** 0.001***

(0.001) (0.001) (0.001) (0.000) (0.000) (0.000)

Female -0.002 0.029*** 0.030*** 0.001 0.009*** 0.009***

(0.003) (0.003) (0.003) (0.002) (0.002) (0.002)

 Below Hourly
 Minimum
Wage

0.036*** 0.047*** 0.047***

-0.020*** -0.022*** -0.022***

(0.002) (0.002) (0.002) (0.001) (0.001) (0.001)

Formal Em-
ployee

0.029*** 0.019*** 0.022*** -0.024*** -0.027*** -0.026***

(0.007) (0.007) (0.007) (0.003) (0.003) (0.003)

Rural 0.000 -0.001 -0.002 0.001 0.001 0.001



482 Estudios de Economía, Vol.51 - Nº 2

Note:  Education and experience are the sum of the coefficients from fourth order polynomials in 
years. Regional and economic sector categorical variables are normalized in the estimation and 
coefficients results are summed. A logit reweighting model is used to define the counterfactual. 
* p<0.10, ** p<0.05, *** p<0.01.

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Labour Union 0.012 -0.011***

(0.007) (0.004)

Constant 0.830*** 0.584*** 0.572*** -0.198*** -0.247*** -0.240***

(0.039) (0.036) (0.037) (0.020) (0.020) (0.020)

Post N 71,431 71,431 71,431 71,431 71,431 71,431

Counterfactu-
al N

43,374 52,856 52,856 43,374 52,856 52,856

Pre N 43,374 52,856 52,856 43,374 52,856 52,856


