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ABSTRACT
Changes in wage inequality in Uruguay: A study considering technological change

impact on occupational tasks

Based on the “task approach™ to labor markets this research seeks to test Autor, Levy and Murnane's
routinization hypothesis analyzing the contribution of technology content of tasks as another
explanation factor to the distribution of men wages in Uruguay during the nineties and the first decade
of the 2000s. To do s, using O*NET data, we construct two indexes of the task content of occupations
to capture the potential effect of technological change on wage distribution. We use unconditional
quantile regressions (UQR) and a decomposition method based on the recentered influence function
(RIF) regression approach of Firpo, Fortin and Lemieux (2007, 2010). Our estimates suggest that
during the nineties as well as the 2000s changes in the distribution of men wages have been led by
changes at the top end of the distribution explaining the increase in inequality during the first period
and its decrease in the second. Technological task content of occupations contributes to explain
changes in the distribution of men wages, but these effects are better capture by the information content
of task rather than the automation content, so we cannot confirm ALM routinization hypothesis.

JEL Classification: J3, J3
KEYWORDS: wage ineqguality, occupational tasks, RIF-regressions, technology.

Esta investigacion busca testear la hipétesis de rutinizacion de Autor, Levy y Murnane analizando la
contribucidon del contenido tecnolégico de las tareas como otro factor para explicar los cambios en la
distribucion de los salarios de los hombres en Uruguay en las ultimas dos décadas, basando la
aproximacion al mercado de trabajo en el “enfoque de tareas”. Para ello se construyen dos indices del
contenido de tareas de las ocupaciones a fin de capturar el efecto del cambio tecnolégico sobre la
distribucion salarial. Se estiman regresiones quantilicas no condicionales y se descompone la
distribucién salarial utilizando un método de descomposicién basado en el enfoque de Regresiones RIF
de Firpo, Fortin ¥ Lemieux (2007,2010). Nuestras estimaciones sugieren que que tanto en los noventa
como en la primera década del 2000 los cambios en la distribucion salarial de fos hombres han sido
liderados por el tramo superior de la distribucion explicando ¢l aumento de la desigualdad en el primer
periodo ¥ su reduccién en el segundo. El contenido tecnologico de las tareas de las ocupaciones
contribuye a explicar los cambios en la distribucién salarial, sin embargo estos cambios son mejor
captados por el contenido de informacién de las tareas mas que por su contenido de automatizacion,
por lo que no es posible confirmar la hipdtesis de rutinizacién de ALM.

PALABRAS CLAVES: desigualdad salarial, tareas ocupacionales, regresiones RIF, tecnologia
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[. Imtroduction

Labor markets, both in developed and developing countries had shown an increasing demand
for highly educated workers and had paid increasing wages for skilled workers. Therefore,
studies on inequality in labor markets had focus on changes in the returns to skills. For many
decades along the 20th century, the employment perspectives as well as the wage level had
had a direct increasing relationship with each additional year or education. From the
theoretical point of view this evolution has been explained-by what Acemoglu and Autor
(2011) had called the “canonical model”, which assumes two distinct skill groups that perform
two different and imperfectly substitutable tasks or produce two imperfectly substitutable
goods. Technology is assumed to take a factor-augmenting form which, by complementing
either high or low skill workers, can generate skill biased demand shifts (Autor and Dom,
2012).

However, the canonical model cannot explain certain patterns observed during the nineties in
labor markets of industrialized economies, which contradict the traditional hypothesis of a
monotonic increasing demand for those more qualified together with a decreasing demand for
the less skilled. Notably, the continuous rise in wage inequality at the top of the wage
distribution and the stagnant or even decreasing wage dispersion at the bottom (which has
been referred as “polarization’™); the broad-based increases in employment in both high-
education, high-wage occupations and low-education low-wage occupations relative to middle
skilled occupation; the rapid diffusion of new technologies that directly substitute capital for
labor in tasks previously performed by moderately-skilled workers (Acemoglu and Autor,
2011).

The main hypothesis of Autor, Levy and Mumane (2003) (from here on ALM) - commonly
known as the “routinization hypothesis™ - later formalized by Acemoglu and Autor (2011), is

that the polarization in the labor market — that is the fallen in the employment and wages in the
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middle of the skill distribution relative to the top and the bottom of the skilled distribution — is
explained by the fact that technological change complement and enhance the productivity of
analytical tasks performed mostly by highly educated workers, substitute the routine tasks
often performed by middle educated workers and have a relatively minor effect in the cost of
performing manual non-routine tasks related to personal services that demand low educated
workers. Therefore, according to ALM’s hypothesis the returns to occupational tasks have a
role to explain changes in wage distribution, increasing wages at the extremes of the

distribution relative to those at the middle.

Although the polarization pattern is less evident in Latin-American countries, the evolution on
wage distributton during the 2000s also contradicts the predictions of the canonical model.
While the raise in returns to tertiary education during nineties is in line with the ALM’s
hypothesis that ICTs complement the productivity of task mostly associated to be performed
by highly educated workers, after a decade of increasing inequality in labor earnings, Latin-
American labor markets, including the Uruguayan one, have assisted to a sharp decline in
inequality of wages during the 2000s mainly due to a reduction in the returns to skills and in
particular the return to secondary education (World Bank, 2012).

For the case of Uruguay, many studies have analyzed the distribution of wages in the labor
market (Alves, Amarante, Salas and Vigorito, 2012; Alves, Brum, and Yapor, 2009; Alves,
Arnim, Salas and Vigorito, 2009; Arimi and Zoppolo, 2002; Gradin and Rossi, 2000, 2001 and
2006; Gonzﬁlez and Miles, 1999; Sanguinetti, 2007; Vigorito, 1994; among others).
Depending on the period of analysis some have found evidence of polarization (Gradin and
Rossi, 2000, 2001 and 2006) and of increasing returns to skill associated to a greater demand
for skilled workers. However, these studies had focused on the qualification of workers rather
than on the task content of the occupations that they perform, which under ALM’s hypothesis

have a role to explain changes in the distribution of labor earnings.

As the increasing use of technology is a global phenomenon it is expected that its impacts also
affect labor markets in emerging economies, such as Uruguay, although certain lag may exist.
However, while in developed countries the task approach and the ALM routinization
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hypothesis have attracted a large amount of interest recently, mainly because of the
polarization observed in the distribution of wages, there is no (at least we have not found)
study considering the task content of job to analyze the distribution of wages in developing

countries,

The goal of this paper is to consider the technology content of tasks as another explanation
factor to the distribution of men wages in Uruguay and test ALM s routinization hypothesis.
We are pérticularly interested in addressing the following questions: To what extent did the
technology task content of occupations contribute to changes in the distribution of wages in
Uruguay in the last two decades? Did the change in wage distribution was due to changes in
observed characteristics of individual or because the returns to these characteristics changed

over time?

To answer these questions we follow Firpo, Fortin and Lemieux (2011). First, we measure the
task content of occupations using O*NET data and construct two indexes of tasks content to
capture the potential effect of technological change on wage distribution. This allowed us to
rank cach occupation' according to the grade of automation and information required to
perform the tasks associated to them, and then to incorporate this indexes into the
decomposition analysis. An advantage of the task-based framework is that it can be use to
investigate the implications of capital (embodied in machines) directly displacing workers
from tasks that they previously performed. Although, in general, it is expected that task
performed by workers with any level of skiils are subject to machine displacement, the set of
task most subject to machine displacement in the last decades are those that are routine or
codifiable. That is, tasks that are primarily, though not exclusively, performed by medium skill

(semiskilled) workers (Acemoglu-and Autor, 2011).

Second, we estimate unconditional quantile effects using the recentered influence function

(RIF) regression approach of Firpo, Fortin and Lemieux (2007, 2009, 2010) (Firpo, Fortin and

1. Far the period 1991-1999 we create the task content indexes of occupations classified according to the COTA 70. while for
the period 2001-2010 we used the CIUO-88 according to the codifiers used by the INE to classify occupations in the different
Current Household Survey.




eSS

Lemieux, 2009) and decompose them to qﬁantify the contribution of occupations, as
summarized by the task content of jobs, in overall changes in the unconditional distribution of
wages over the last two decades. An important advantage of this methodology is that unlike
other decomposition methods, this one allows us to perform detailed decompositions for any
distributional statistic for which an influence function can be computed, inciuding quantiles,
variance and the Gini index. At the same time, while the aggregate decomposition separates
the effect of changes in characteristics and coefficients, the detailed decomposition allows a
partition of the overall components into the contribution of each individual covariate (or group
of covariates) to the differences in the distributional statistic, which let us compare the
contribution of changes in the returns to occupational tasks to other explanations such as
changes in the labor market returns to general skills (experience and education), which have

been the most common explanations to changes in wage distribution.

We consider two periods with completely different characteristics regarding the evolution of
wage inequality. Indeed, while during the nineties wage inequality in Uruguay increased
systematically, during the 2000s the difference between the extremes of the distribution
decreased. This allows us to evaluate the “routinization” hypothesis in light of two very

distinct processes.

Up to our knowledge, this is the first study to use UQR and the RIF-regression decomposition
élpproach to analyze the distribution of wages in Uruguay. It is also the first attempt to
introduce the “task approach™ as an explanation to the evolution in the distribution of wages in
Uruguay, a relatively new approach which, though still incipient, has been gaining growing

attention.

The paper is organized as follows. Section II, summarizes the main results find in the
literature. In Section III we describe the wage data used and introduce the measures of task
content computed from the O*NET data. In Section IV, we document the changes in the level
and dispersion of wages across the different periods of analysis and Section V presents the
decomposition methodology based on recentered influence function regressions. In section VI,

we show the empirical results and we conclude in Section VIL
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II. Literature review

Since the nineties the wage structure in many developed countries, reflect a polarization
pattern where the employments that require middle educated people started to decline as a
proportion of total employment, while the share in employment of low and high specialization
levels increased.” Simultaneously, the evolution of the respective wages have followed a U
Shépe, with bigger increases in the “upper tail” of the distribution of wages, moderate
increases in the “lower tail” and relative lower increases in the median of the distribution
{Autor and Dom, 2012). This pattern contradicts the premise of skilled Biased technology
change which leads to a greater demand for skilled workers creating a permanent increase in

inequality among skilled and unskilled workers.

According to Autor et al. (2003), a hypothesis to explain this “polarization” is related to the
new information and communication technology (ICT), and to the non-neutrality of the
technology progress. Critically, computers do not compete directly with abstract and/or
analytical and coordination tasks that characterize tasks performed by highly skilled workers
like professionals or managers, enhancing their productivity while performing the routine part
of their work faster. However, this same technology directly compete with routine tasks,
which although requiring middle qualified workers, can be reduced to a group of instructions
that can be easily codified and followed by a machine and therefore can be automatized. On
the other extreme, occupations that rely on “manual” tasks and flexible interpersonal
communication may require very little specialization and may not require a lot of skill but may
be difficult to automatize. Consequently, in these occupations (which are generally associated

to personal services occupations3) the automation of routine tasks has no substitution or

2. See Autor, Levy and Mumane {2003), Autor, Katz and Kearney (2006), Goos and Manning (2007), Antonczyvk,
Fitzemberger and Leuschner (2009}, Goos, Manning and Salomons (2009, 2011}, Dom (2009), Michaels, Natraj and Van
Reenen (2010), Jung and Mercenier (2010), Antonczyk, DeLeire and Fitzenberger (2010), Firpo, Fortin and Lemieux (2011).
3. The secular rise in employment and wages in service occupations with low qualification is caused by the interaction
between consumer preferences, which favor variety instead of specialization, and non-neutral technology progress, that
reduces the cost of performing routine tasks but has a relative minor effect on the cost of performing personal services tasks.
If consumer preferences do not admit substitutes for tangible products of service occupations — such as meals in restaurants,
house cleaning, security services and home health service— non neutral technology progress concentrated in the production of
goods (that is non-service occupations) has the potential to increase aggregated demand for services and to nse the
employment and wages of services occupations (Autor and Dom, 2012),




complementation effect. Therefore, information and communication technology raise the
aggregated demand for skilled work and reduce the demand for routine work reducing 1ts
wages and moving unskilled workers to service occupations. So in this last sector the effect
over wages is ambiguous because while it increases the demand for unskilled workers it also

raises its offer, so it is not possible to determinate in advance what will happen with wages.

Autor et al. (2003} and Autor and Dorn (2012) find evidence to support ALM s routinization
hypothesis in the US labor market. Using information from the United State Labor Department
regarding tasks involved in different occupations, they classify the different occupations into
routine or non-routine and evaluate their vulnerability to automation. They find evidence that
the polarization of the US labor market between 1980 and 2005 was more evident in those

employments with tasks more vulnerable to automation.

Similar “polarization™ patterns can also be seen in the nineties in different industrialized
countries. Michaels et al. (2010) using industry level data for 11 industrial economies — 9
Europeans, US and Japan —test ALM's ICT- based polarization hypothesis for the period 1980
- 2004. They find that ICTs can explain up to a quarter of the raise in the demand for college
educated since 1980. The industries with faster growth in ICT technologies (measured by their
expenses on ICT and their expenses on R&D) also had a greater increase in their demand for

high educated workers and greater reductions in their demand for middle edueated workers.

Goos et al. (2009, 2011), describe polarization for several OECD countries in the nineties
similar to that found for the US and the UK, with an increase in the share in employment of
managers, professionals an low educated service personnel relative to manufacturing workers
and occupations with routine clerk tasks. Using a model to capture the effects of technology,
globalization, institutions and the demand for goods in the demand of different occupations,
they find evidence that the ALM routinization hypothesis is the main factor to explain the

heaps observed in the employment structure.

More recently, Acemoglu and Autor (2011) developed a Ricardian model of the labor market

based on the task content of jobs to explain the effect of technological change on wage
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inequality. They extend and adapt the canonical model to allow the endogenous allocation of

skill groups across tasks and workers across skill groups. In the context of this model,
technical chaﬁge can affect both the productivity of different types of workers in all tasks,
such as the canonical model predicts, but also in specific tasks, thus changing the comparative
advantage of the different- types of workers with low, medium or high skills. As the model
distinguish between “tasks™ and “skills”, it treats skills, technologies, and trade or offshoring
as offering compeﬁng inputs for accomplishing various tasks, and the final use of each input to
perform a certain task depends on its costs and comparative advantage. Therefore, the relative
wages of low, medium and high skilled workers are determined by relative supplies and tasks
allocations. Although, the canonical model fits as a especial case of this task-based model,
while in the canonical model one factor-augmenting technical pro.gress always increases all
wages, in this more gemeral model it can reduce the wage of certain groups. Thus,
technological change could explain why wages in the middle of the distribution fell in relation

to wages at the “upper” and the “bottom™ tail.

Like industrialized economies Uruguay has also experienced a growing inequality process in
wage distribution especially during the nineties and the first years of the 2000s. Most studies

have attributed this increased inequality to increasing returns to education.

Vigorito (1994) and Gradin and Rossi (2000, 2006) observe an increase in the first and last
wage quantile relative to the middle of the distribution. In particular, Gradin and Rossi (2000,
2006) find that for the period 1989-1997 in the case of wages there was redistribution from the
middle to the extremes that turned out in an increased polarization of wages, similarly to what
is observed in the US since the second half of the eighties. In Montevideo, these authors
explained polarization by education and age, which they consider to be consistent with
increasing returns to education and experience. In the case of the resf of the country
polarization is explained by public versus private sector and activity sector. Besides, for the -
period 2001-2009 Espino (2011) finds that regarding employment creation the most dynamic

occupations were those that require primary school or tertiary.
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Contrary to Gradin and Rossi (2000, 2006), Alves, Arim et al. (2009), using data for a longer
period that takes into account data since 1981 to 2007, find that the polarization pattern is less
clear. Moreover, the evolution of inequality, as well as its determinants, is different in the
upper and the lower end of the wage distribution. While for wages above the median of the -
distribution, the increase in inequality took place mainly during the nineties and was due to
increasing returns to observed characteristics, especially to education. At the lower end, the
increase in mequality occurred during the economic crises (1981 and 2002) and was explained

by changes in unobserved characteristics.

Alves et al. (2009) and Sanguinetti (2007) using conditional quantile regressions find that
wage differences among workers in Uruguay are not homogeneous along the wage
distribution, highlighting the growing profile in the distribution of sex wage gap and the
returns to education, Regarding this last issue, they observe a differentiated structure among
education levels, and also that this differentials raise with wages, especially for the upper
levels, which reflects a bigger wage dispersion not only between but also within the education
levels, meaning that there are different returns to individuals that share the same formal level

of education.

Therefore, there is evidence that the evolution of inequality in Uraguayan labor market has not
followed a monotonic pattern in the upper and the lower ends of wage distribution. Until now,

studies have attributed the increase in inequality in the upper tail of the distribution to changes

'in return to skill, supporting the skilled biased technology hypothesis. But this does not

explain changes at the lower end of the distribution where, according to the routinization

hypothesis, technology has a role to play and the task approach can shed light to explain

changes in the distribution of wages.




I11. Data

The empirical analysis is based on data from the Current Household Survey (Encuesta
Continua de Hogares, ECH), collected by the National Statistics Institute (Institato Nacional
de Estadistica, INE). The ECH provides information about socio-demographic variables, labor
characteristics and income. For every year of analysis we pool two years of data together to
improve the precision of the estimates. We consider two different periods 1991 to 1999 and
2001 to 2010. In the first case, we use 1991-92 as the base year and 1998-99 as the end year4,
and in the second case we use 2001-02 as the base year and 2009-10 as the end year. The
reason for choosing these different periods is that there was a methodological change in the
classification of occupations, so by choosing these two periods we avoid distortions 1n the

analysis due to changes in coding of occupations.’

During the different periods of analysis there were some changes in the ECH's samples that
could cause some incompatibility prob!ems.. In 1991, 1992 and 1998 the ECH's sample
considered locations from 900 and more inhabitants. In 1999, based on the General Census of
Population and Housing from 1996, the sample started considering locations from 5,000 and
more inhabitants. In 2006 the sample changed again based on the information of the 2004
Census Phase 1. The samples for ;2009 and 2010 include the whole country: all the locations
and rural zones. To avoid problems with the changes in the sample we only consider the

observations corresponding to locations of 5,000 or more inhabitants.

Like all reference studies regarding the “task approach”, to carry out this research we focus on
men to avoid self selection issues. Including women would introduce bias into the analysis and
therefore would require implementing some not trivial methodological changes. Moreover, as
previous research on our specific topic of interest focus on men we considered it better to

make the research as similar as possible to studies for other countries so as to get comparable

4. Alves, Arim et al. (2009) analyze the wage distribution inequality between 1981 and 2007. They find that the greater
increase in wage distribution inequality during the period of analysis occurred between 1991 and 1999,

5. We also analyze the evolution of wages during the period 2001 to 2006 to avoid including into the analysis instimational
changes such as the Tax Reform implemented in July 2007 and the Health Reform implemented in 2008, both o which had a
direct impact on wages received and deciared in the ECH,




results. This does not mean that the difference between men and women are irrelevant in the

labor market or that the reduction that is observed in the sex wage gap has no importance to
explain the reduction of wage inequality. On the contrary, considering this issue is an

interesting route for future research.

The study considers active men workers under a dependence relationship - i.e. workers that
receive a salary whether they work for the private or public sector — between the ages of 25 to
64. As wage measure we used the real log hourly wage, obtaingd by dividing earnjngs6
deflated by Consumer Price Index and divided by hours of work. The ECH inquires the hours
worked the week before the interview but the wage received the previous month. Thus, we
assumed that hours worked during the week previous to the interview are the same for the
whole month before the interview, and divide the wages by 4.3, before calculating the hourly

wage.” We consider only wages and hours worked at the main occupation.

To compute measures of technological change we classify occupations according to their task
content. As for Uruguay there are no studies nor a systematic database of task content of
occupations, we use for this purpose the O*NET 15.0 data available from the National Center
for O*NET Development' and conlstruct a crosswalk between the Classification of Occupation
for the Americas (COTA-70) occupation coding, used for the nineties period, and the Standard
Occupational Classification Code used in the O*NET classification of occupations (O*NET ~
SOC), with currently 974 occupations data. For the period 2001-2010 we repeat the same

procedure with the International Uniform Classification of Occupation (CIUO-88)°, which

6. To avoid differences due to changes on data available to compute monthly earnings we only consider salaries withoui other -
benefits such as earnings in specics, holiday salaries, tips, commissions, etc,

7. To avoid getting hourly wages atypicaliy high, due to wrang declarations of hours of work, we eliminate the observations
with less than six hours of work during the week.

8. Available at www.onetonline.org The O*Net is the successor of the Dictionary of Occupational Titles (DOT), the database
mostly used in research related to the ALM routinization hypothesis. The O*NET program constructs a database (now of 974
occupations), containing information on standardized and occupation-specific descriptors, which is continualiy updated by
surveying a broad range of workers from each occupation. The O*NET database was initially elaborated by a group of
occupation analysts; this information is augmented by ongoing surveys of each occupation's worker population and
occupation experts. These statistical results are incorporated into new versions of the database on an annual schedule, to
provide up-to-date information on occupations as thev evolve over time. ‘
9. Actually, what is used is a national adaptation of the CTUO-88 (CNUQO-95). The CIUQO-88 presents a pyramidal hierarchical
structure formed by 10 mayor groups at the mayar level of aggregation, subdivided in 28 main subgroups, 116 subgroups and
390 primary groups. According to the Guide to Codify Qccupations published by INE (1996), the statistic unit for the CIUO-
§8 is the job, defined as the group of tasks performed or that should be performed by a person 1o accomplish it. A group of

10




was used by the INE to classify occupations since the 2001 ECH. In particular, we consider
information and automation content using O*NET data. We construct indexes for 285 of 3-
digit occupations available in the COTA-70 and used in the ECH (1991-1999) and 115
indexes for 3-digit occupations available in the CTUO-88. As there is no exact correspondence
between the SOC codes and those of the COTA-70 or CIUO-88, when more than one SOC
code corresponds to only one COTA-70 or CIUO-88 codes, its task content index is the simple

average of the correspondent SOC task content indexes. '

Although, the mapping might be imperfect, and the way of performing tasks in the US might
not be exactly the same as in Uruguay, therefore the characteristics of occupations between
one country and the other being different, we believe - as it is shown below - that the main
characteristics regarding the possible influence of technology change on occupations remain

similar especially when we consider the classification at a more aggregated level.

IIL1 Task content measires

We construct the task content measures using the O*NET 15.0 databasé. The O*NET content
model organizes the key features of an occupation into a standardized, measurable set of
variables called “descriptors™. The job information is classified into a structured system of six
major categories describing the day — to — day aspects of the job and the qualifications and

mnterests of the typical worker:

e Worker Characteristics (Abilities; Occupational Interests and Work Values; Work Styles)
o Worker Requirements {Skills; Knowledge; Education)
s Experience Requirements (Experience and Traming; Skills and Entry Requirements;

Licensing)

jobs with very similar tasks is defined as an occupation. The ability to perform the tasks inherent to a specific job defines the
—compctency. The impertant thing to define an occupation are the competences needed to perform the tasks inherent to it, and
not to know if the worker that performs certain occupation acquired its skills through formal er informal education and
experience; it does not matter either if the worker is better or worse qualified that another one in the same occupation.

10. See Appendix Table A.1.

it
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» Occupational requirements (Generalized Work Activities, Organizational Context; Work
Context)
* Occupation-Specific Information (Task; Tools and Technology).

»  Workforce Characteristics (Labor Market Information; Occupational Qutlook)

Following Firpo et al. (2011) and Jensen and Kletzer (2010} we focus on the “Occupational
Requirements™ of occupations designed to provide “a comprehensive sei of variables or
detailed elements that describe what various occupations require” (National Center for
O*NET Development 2006, 20, cited in Jensen and Kletzer, 2010). In the spirit of Autor et al.
(2003) to measure routine versus non routine and cognitive versus non cognitive aspects of
occupation, we consider two categories thought to be positively related to technology:
“Information content” and “automation/routinization™. The first one intends to identify
occupations with high information content that are likely to be affected by ICTs, and within
the Generalized and Detailed Work Activities subdomain we consider the following work
activities: “Getting information”, “Processing information”, “Analyzing data or information”,

“Interacting with computers™ and *Documenting/Recording information™.

The second one is constructed using the Work Context subdomain, to reflect the degree of
potential automation: “degree of automation”, “importance of repeating same tasks”,

“structured versus unstructured work (reverse)”, “pace determined by speed of equipment”,

and “spend time making repetitive motions™.

We compute two different measures of task content: i) the information content of jobs and, it)
the degree of automation of the job and whether it represents routine tasks. For the
construction of these indexes we follow Firpo (2011). For each occupation, the O*NET
provides information on the “importance™ and “level” of required work activity and on the

frequency of five categorical level of work context.'’ “Importance” is the rating of answers to

11. We consider the following work activities: “Getting information™ {4.A.1.a.1), “Processing information™ (4.A.2.a.2),
“Analyzing data or information™ (4.A.2.a 4), “Interacting with computers™ (4.A.3.b.1}. "Documenting/Recording information™
{4.A.3.b.6) and the following work context categories: “degree of automation” (4.C.3.b.2), “impornance of repeating same
tasks™ {4.C.3.b.7), “structured versus unstructured work {reverse)” (4.C.3.b.8), “pace determined by speed of equipment”
(4.C.3.d.3) and “spend time making repetitive motions™ (4.C.2.d.11).

12
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the question: “How important is this skill to performance of the job?” Answers vary from “not
important” to “extremely important”, on a scale of 1 to 5. “Level” is the response to “What
level of this skill is needed to perform this job?"” ranging from low to high in a scale from 1 to
7 (Jensen and Kletzer, 2010), while the categorical levels of the frequency element of the work

context range from never to every day in a scale from 1 to 3.

~ We assign a Cobb-Douglas weight of two thirds to “importance” (I) and one third to “level”

(L) in using a weighted sum for work activities. While for work contexts, we multiply the
frequency (F) by the value of the categorical level (V). Thereby, for each occupation j we

compute two composite task content indexes (7C), so that:

5 .
2, 1
(1) Information Content; = IC; = lek/3 *L./3

. 5
(2) Automation Content; = AC; = Z Fy = Vy

Where # is the number of work activity elements, and / the number of work context elements
considered in the construction of the task content index. We normalize the task measures by
dividing them by their maximum value observed over all occupations, so that they range
between zero and one. That gives us a ranking of occupations for each of the two dimensions.

We use these indexes to assess the impact of technological change on changes in wages. 1z

_In Table 1 we report the average value and standard deviations of the measures of task content

for five major occupational groups. As it is observed in Figure 1, alike the results reported by
Firpo et al. (2011) using US data, Professional, managerial and technical occupations have the
highest score in terms of their use of information, and a relative low score for automation. On

the other hand, Production workers and operators have a low score in terms of their use of

12. Tn our case the occupation with the higher information content index ts Financial Analyst and the one with the lowest ane
is models, followed by farmworkers and Jaborers. On the other hand, the occupation with the higher automartion index is tire
builders, plastic and rubber operators and the ones with the lowest one are models and tour guides.
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information and the highest score for automation. Therefore, technological change is expected
to have an adverse impact on wages in this last group of occupations while benefiting those

with a more intense use of information technology.

The distribution of both indexes among occupational categories is similar for both decades.
The small changes in the overall mean of information and automation content from the 90s to
the 2000s could be interpreted as changes in the share of occupations with a bigger
information index and a smaller automation index, as the indexes used are the same for both
decades. However, some change may also be attributed to the use of a different classification

code for occupations.

We expect ICTs to enhance tasks involving the processing of information performed by high
skilled workers while substituting those tasks that can be automated and generally performed
by middle skilled workers. In this sense, we expect a direct relationship between the
“information content”™ of task and wages and an inverted U-shaped relation between the
“automation content” of task and wages. In Appendix Figure A.l1 we show the relationship
between our task measures and wages for both periods of analysis. We confirm that while
information task content tend to be monotonically related to wages, automation task content

follows an inverted U-shaped curve consistent with ALM’s routinization hypothesis.
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IV.  Wage dispersion in Uruguay - Descriﬁtive evidence

Appendix Table A.2 reports the mean and standard deviation values of several variables for
the 90s and the 2000s. The most notablé changes along the period of analysis are a raise in the
participation of middle (between 10 and 16 years of schooling) and high educated (more than
16 years of schooling) in detriment of those less educated (less than 10 years of schooling).
Regarding potential experience, the behavior is different between the two decades: while in
the 90s there is an increase of those with little or middle experience in detriment of more
experimented workers (more than 30 years), in the 2000s less experimented workers also
increase its share but those with middle experience (between 10 to 30 years of experience)

decrease.

With regard to hourly wages there is a rélatively small increment during the whole period of
analysts (0.024 in log terms). However, while in the 90s mean men hourly wages increased
0.103, between 2001/02 and 2009/10 the increase was barely 0.029. This difference is due to
the great economic crisis that Uruguay suffered between 2001 and 2003 with the obviously
negative impact on labor markets and especially on wages.” Actually, it took until 2010 for

mean real wages to recover its pre-crisis levels."*

Regarding inequality, during the 90s global inequality raised mostly due to an increase at the
top end of the distribution together with a smaller increase in the bottom half. However,
durtmg the first decade of the 2000s, global wage inequality decreased explained by a
reduction both at the bottom and the upper half the distribution (See Appendix Table A.3).
Nonetheless, inequality increased during the first half of the 2000s and started to decrease
after 2007 (Perazzo, 2012).

Figure 2 confirms the previous analysis. It shows changes in log real wages ($ Dec. 2010) at

each percentile of the wage distribution, for the different periods of analysis. During the

13. n 2001 Uruguay's GDP dropped 3.8% while in 2002 GDP shrank 7.7%. Meanwhile, unemployment increased up to
20.4% in September 2602 and real wages declined 10.7% in 20[?2 agd 12.4% in 2003.
i4. Measured by the Mean Reat Wages Index (IMSR for its initials in Spanish).
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nineties men wages at the top raised much more than wages in the middle, resulting in

increased top-end inequality, while changes in the lower half of the distribution have been
more modest. By contrast, from 2001/02 to 2009/10 changes in men real wages at each
percentile of the wage distribution show a decrease in wages at the top end of the distribution
and an increase in wages at the lower end, which results in a decrease in global inequality.
Wage changes in Uruguay during the nineties are better explained by the canonical modél but
also in line with the ALM hypothesis that ICTs complements tasks performed by high
educated workers. During the 2000s, however, changes in the lower haif of the distribution
seeﬁs to follow a pattern ‘in line with ALM’s routinization hypothesis. Nevertheless, the
evolution of inequality at the top end of the distribution seems to contradict the

complementation hypothesis.

However, changes in wage distribution in the second half of the 2000s should be analyzed

_with caution as, together with a rapid economic growth, they were affected by important

mstitutional changes: increase of minimum wage, restoration of wage councils, income tax
inception and a Health Reform. After July 2007, Uruguay implemented a tax reform that
introduced income taxes, which had a direct impact on wages actually received by those
belonging to the upper tail of the distribution, while at the same time it increased or had no
impact on lower wages.' Besides in 2008 a Health Reform was implemented according to
which each worker has to destine a mandatory percentage'® of its wage to the National Health

System.

As wages in the ECH are declared net of social security and income taxes, the tax and health
reforms translated into a reduction of declared wages belonging to the upper tail of the wage
distribution-and an increase in lower wages. Amarante, Colafrancheschi and Vigorito (2011)
estimate returns to education for both pre- and post-tax labor income. They find that income

tax for the entire labor force exerted a significant contribution to the reduction of inequality by

15, Before the tax reform was implemented, wages had to pay a tax called TRP (Tax to personal remunerations) which was a
fixed percentage over salaries with a rate between 0% and 6%. Several studies prove that the tax reform had had a positive
impact to reduce inequality, increasing the income actually perceived by those at the bottom half of the distrbution and
reducing the income of those at the wp end (Sce Amarante, Arim and Salas (2010), Perazzo and Rodriguez (2007)).

16. 4,5% or 3% depending on having children or not.
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downsizing the skill premium in 2008 relative to 2006. However, the 2008 to 2010 evolution

of pre-tax skill premium shows the same pattern as the post-tax one. Therefore, although the

level of pre-tax inequality was considerably mitigated by the income tax and contributes to

explain the reversal of the 2006 to 2008 inequality trend it cannot explain by itself the 2008 to

2010 reduction in returns to education.

At the same time, other institutional changes that affected the lower end of the distribution
occurred smee 2005. The national minimum wage introduced in 1969 in order to establish a
wage floor for private workers over 18 years old, had had a declining tendency until almost
having a marginal role to determine wages due to its constant loss of purchasing power."”
Therefore, it became more a policy instrument to control government expenditure — since it
was the reference measure to index social security variables — than an effective regulatory
mechanism of labor markets. However, since 2005 the real minimum wage increased sharply.
Indeed, between 2004 and 2010 the real minimum wage raised 157%. Borraz and Gonzdlez
Pampillon (2011) using OLS estimations find that the increase in the minimum wage
contributes to reduce inequality. However, when they use instrumental variables and a
semiparametric estimator they find that the increase in the minimum wage overall has no
significant impact on wage inequality, although its impact is significant on the 10%, 20™ 40%
and 60" percentile gap (relative to the 70 percentile). Besides, PNUD (2008) shows for 2005
and 2006 that the increase of minimum wage has contributed to a reduction in wage inequality
due to 1ts impact at the lower end of the distribution. In 2004-06 the total incidence of the
increase in minimum wages on the Gini index of salaried workers was estimated to be -0.4 and

-0.54 in the case of low skilled worker.

Besides, in 2005 collective negotiation of wages was reinstituted'® and since the 2008 round
minimum wages by category had had a bigger increase than medium wages (Cabrera and

Carpena, 2012) which, may have also impacted on the lower end of the wage distribution.

17. Tn 2004, the minimuin national wage had a 24% power purchase of that of 1969. Besides Buchelli (1998) and Furta_do
(2006) state that minimum wage lost its effectiveness as a regulatory mechanism. Indeed, according to Buchelli _(l 998), while
in 1986 between 18% to 40% of private wage-eamer worker eamed a minimum wage or less, in 1997 this group only
represented between 2% and 6% of private wage-earners workers and in 2006 this percentage increase to 10,2% (PNUD,
2008).

18. Tt must be said, however, that agreements became effective oniy since 2006,
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Moreover, international literature regarding collective negotiations states that a more

centralized wage setting mechanism is associated with a reduction on wage dispersion

(Perazzo, 2012).

As a consequence of the mentioned changes, it is not immediately to associate the reduction in
inequality at the bottom end of the distribution between 2001 and 2010 with ALM’s
routinization hypothesis. To have a clearer idea of what happened to wage distribution before
the tax reform and other institutional changes were implemented, we repeat the exercise for
the change in wages between 2001/02 and 2005/06. For this last period data present a slight
inverted U-shape,'® suggesting that contrary to what could be expected, workers at the middle
of the distribution were the less affected by the 2002 economic crisis. Besides, Alves et al. -
(2012) suggest that the decrease in inequality in the lasts years is related to institutional

changes such as the ones mentioned above.

19. Although, what is actually observed are decreases in wages due to the fact that during 1998-2003 the Uruguayan economy
experiment the warst crisis in the Urnguayan economic history, and wages did not fully recovered until 2010.
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V. Decomposition methodology

In this section we discuss alternative decomposition methods and present the one introduce by
Firpo, Fortin and Lemieux (2007, 2009, 2011 FFL from hereon) which we actually used in this
rescarch. The aggregate decomposition (A§) consists of dividing the overall change in a given -
distributional parameter into the effect of changes in coefficients (structure effect,(Af }) and in
characteristics (composition effect, (A%)). The structure effect reflects how the conditional
distribution of the variable of interest, F (YfX), changes over time and the composition effect
reflects the effect of changing the distribution of the covariates X.?” The detailed
decomposition permits a partition of the overall components into. the contribution of each

individual covariate (or group of covariates) to the differences in the distribuﬁona1 statistic,
The overall change over time of thé distributional statistic v would be:

(1) Ag= V(Fn/T::l) - U(FYO/T=O) =T — Vg,

which can be decompose into:

(2) 45= (w1 — ) + (v, — )

where the first term is the wage structure effect and the last one represents the composition
effect. v, = U(Fyo /T=1) is the counterfactual distributional statistic, that represents the

distributional statistic that would have prevailed if individuals observed in T=0 had been paid

under the wage structure of T=1. Then we have,

(3) Ag= AS + A}

20. In the literature the composition effects are usuaily referred to as the explained ejj‘ec.'s w}ulc the structure-
effects are named the unexplained effects. :
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The goal of this paper is to explain changes on wage inequality and especially to measure the
effect of technological change, as measured by the task content of occupations, on the
distnbution of wages. As has been mentioned, explanations regarding changes on wage
mequality affect épeciﬁc points of the distribution. For instance, the computerization of
routine jobs proposed by ALM (2003) tends to affect the middle and lower-middle of the
distribution. Therefore, it is important to go beyond the mean and summary measures such as

the variance to better understand changes in wages inequality.

Three decomposition methods have been suggested in the decomposition literature to

decompose in detail both the composition and the wage structure subcomponents of the
change over time of a distributional statistic (apart from the mean) into various explanatory
factors: Inverse Propensity Reweighting (DiNardo, Fortin and Lemieux, 1996), Estimation of
Conditional Distribution (Chemozhukov, Fernandez-Val and. Melly, 2009) and Recentered
Influence Function Regressions (RIF-regressions) (FFL, 2009).

According to FEL (2010), the problem with methods based on conditional distributions is that
they require computing a large number of counterfactuals conditional distribution functions
and quantiles, which may result in non-monotonicities in the estimated counterfactual
distribution. Therefore, some smoot'hing method may be needed to make sure that the
counterfactual distribution is monotonic and thus, invertible into quantiles. Besides, the
procedure is path dependent since the different counterfactual elements of the detail

decomposition have to be compute sequentially.

On the other hand, Dinardo, Fortin and Lemieux (1996) reweighing method is simple to
mmplement and counterfactual values of any distributional statistical-can be readily computed
from the reweighted sample but this method is also path dependent. Besides, this type of
procedure does not provide a general way to dividing up the contribution of each covariate to
the wage structure and composition effect, except for the case of dummy covariates (FFL,

2010}.

20



00000000000000000000000000000000000000800000000000

Unlike the other two methods the RIF-regression decomposition method is path independent,
is not computational intensive and is easy to interpret (FFL, 2010).21 A RIF-regression 1s a
regression where the dependent variable, ¥, has been replaced by the recentered influence
function (R_IF)'of the statistic of interest v(F). In general terms, a RIF-regression coefficient

can be interpreted as the contribution of one observation to the individual statistic of interest.

In the particular case of quantiles the RIF-regression is known as unconditional quantile
regression (UQR). It estimates the impact of changes in the independent variables over the
unconditional quantile of the explained variable. It secks to answer questions such as: which is
the impact of increasing one year of education over the median of wages, keeping everything
else constant. FFL (2009), estimate UQR using different regression methods (Ordinary Least
Squares (OLS), Logit and non parametric methods) showing that they all get similar results

and thus for simplicity reasons recommend to use RIF-OLS.

Untlike the traditional (conditional) quantile regressions which focus on the determinants of the

conditional distribution, the UQR allows to directly obtain the effects of small changes in the
covariates over the unconditional quantile of the variable of interest. Besides they couid be
extended to other statistics of interest such as the variance or the Gim index. Another

advantage of UQR, in particular, and RIF-regressions in general, is that they allow identifying

" non-monotonic effects. That is to say, they capture both, between and within (conditional

distribution) effects of covariables. Specifically, they can capture the effect of a covariable not
only because of changes in the conditional mean but also because of its changes along the

whole distnibution.

The method used here to decompose wage changes follows FFL (2007, 2010) and involves
performing Oaxaca-Blinder type decomposition on the unconditional quantile partial effect
obtained through the RIF-OLS estimates. Similarly, this method allows decomposing other

statistics of interest such as the variance or the Gini index. The idea is to use the recentered

21. Firpo, Fortin and Lemieux (2007, 2009 and 2010} explain in more detail how to perform this decomposition and illustrate
how the different elements of the decomposition can be computed in the case of specific distributional statistics. Here, we
simply present a short summary of the methodelogy based on those papers. For more detail also see Appendix 1.
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influence function for the statistic of interest instead of the outcome variable as the left hand
side variable in a regression. Once the RIF-regression has been estimated, the estimated
coefficients can be used to perform the detailed decomposition in the same way as a standard

Oaxaca-Blinder decompaosition (FFL, 2010).

As in the case of the standard Oaxaca-Blinder decomposition, performing a decomposition
based only on the RIF-regression may have a bias problem because the linear specification
used in the regression is only a local approximation that does not generally hold for larger
changes in the covartates (FFL, 2007). To solve this problem, FFL (2007, 2010) recommend a
two-step procedure to estimate the different elements of the decomposition. In the first stage,
distributional changes are divided into a wage structure effect and a composition effect. This

stage is based on a reweighing procedure to cope with potential non-linearities in the true

conditional expectation. The second stage further divides the wage structure and the-

composition effects into the contribution of each covariate, and is based on the estimation of

RIF-regressions.

By analogy to a standard Oaxaca-Blinder decomposition, we could write the wage structure

and the composition effect as:

@ AF=E[X |T = 1]".07 - v5)

(5 83=[E(X|T= 1)~ E(X|T = 0)T].y¢

where ¥y, ¥, are the estimated coefficients of the RIF regression.

Following Dinardo et al. (1996), the first step of the estimation procedure consist of estimating
the weighing function w¢(T,X) and then to compuie the distributional statistics directly from
the appropriately rewcighted samples. Without this reweighing procedure the decomposition
would only yield consistent results if the true conditional expectation is in fact linear, which

imposes a strong assumption on the data (FFL, 2007). The reweighing procedure generates a

22




counterfactual observation that results if individuals of group 0 had the same distribution of

obséfvable characteristics as individuals in group 1. So that the weighing function w¢(T, X)

can be estimated as

Pr(T=1]X) Pr{(T=0)
Pr(r=1) 'Pr(T=0[X)

6) & (X) =

The reweighing procedure is based on estimating a logit (or probit) model on the probability

of being observed in group 1.2

In the second step, the decomposition analysis is performed on the reweighted data by
estimating OLS regressions of the RIF on X for the T=0, 1 samples and the T=0 sample

reweighted to have the same distribution of X as in T=1.

Following FFL (2011) the estimated composition effect 5}’(_,.? can be divided into a pure
composition effectﬁ}érp using the wage structure of period 0 and a component measuring the

specification error, Ay,

(7) B p= (RS — Ro).78 + XEGE = 7)

—_ Av Av
= Ay, + Ay,

Where y;, yo and ycare the RIF estimated coefficients for the T=0, 1 samples and the T=0
sample reweighted to have the same distribution of X as in T=l,

Xy = E[RIF(yo,v0)|X, T = 0] and X{ = E[RIF (yo,00)|X, T = 1].

The second term in equation (7) 1s the approximation (specification) error, linked to the fact
that a potentially incorrect specification may be used for the RIF-regression. The

approximation error is large when the linearity of the RIF-regression is inappropriate and

22, l_n this research, the reweighting function is computed. as the ratio of the predicted probabilities obtained from a logit
specification model that considers the explanatory variabies of the decomposition analysis and their interaction,
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should be small when it provides an accurate approximation of the composition effect.
Therefore, looking at the magnitude of the error provides a specification test of FFL's
regression model—baseﬁ procedure (FFL, 2007). In practice the total approximation error
corresponds to the difference between the “Total wage structure” across the standard Oaxaca

Blinder and the reweighted-regression decomposition.

The wage structure effect can be written as

(8) EE,R= X @7 -9+ (X, —X§).97.

= AL, +  AY,

where E;e 1s the reweighting error, which tends to disappear in large samples if the

reweighting matrix is consistently estimated and plim(X$) = plim (X;). The difference

- between the wage structure effect in a standard Oaxaca-Blinder decomposition and that m

equation (8) is that, instead of using the unadjusted regression coefficient for group 0 (j/g ), the
FFL(2007) decomposition method use the regression coefficient when the group 0 data is
reweighted to have the same distribution of X as group 1 (7). Unlike the Oaxaca-Blinder
decompesition, using the counterfactual coefficient avoids to contaminate the difference in the
wage structure with differences in the distribution of the covariates between the two groups
and therefore allows to reflect solely the differences between the structures in T=1 and T=0.
That is, using yZ instead of y§ allows dealing with one of the two limitations of Qaxaca-
Blinder rdecomposition.zs However, the method does not allow solving the omitted group
problem of standard decompositions: that is the sensitivity of the contribution of each

covariate to the wage structure effect to the choice of a base group (FFL, 2007).%

23, The standard Oaxaca-Blinder decomposition has two limitations, apart from not being suitable to examine changes in the
entire distribution of the variable of interest for functional statistics other than the mean. One limitation is that the contribution
of each covariate to the wage structure effect is sensitive to the choice of the base group. The other one is that the Qaxaca —
Blinder decomposition provides consistent estimates of the wage structure and composition effect onty under the assumption
that the conditional expectation is linear, since when linearity does not hold, the decomposition based on linear regression will
be biased (FFL, 2007).

24. See methodological Appendix.
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Then the size of the reweighting error provides another specification test of the FFL’s
approach. In practice the reweighting error can be estimated as the difference between the
“Total Composition” across the classic Qaxaca-Blinder and the reweighted regression

decomposition.

To sum up, the RIF-regression decomposition method is performed in practice as two standard
Oaxaca-Blinder decompositions over the recentered influence functions. The composition
effect 1s obtained by comparing time period 0 and the reweighted time period 0 that mimics

time period 1, while the wage structure effect is obtained by comparing time perjod 1 and the

reweighted time period 0.
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VI. Decomposition results: Occupational Characteristics vs. Other Factors

IV.1 RIF - regressions

Before showing the decomposition results, we first present some estimates from the RIF-
regressions for the different wage quantiles, the variance of wages and its Gini coefficient. The
RIF-regression coefficients for the 10‘h, 50™ and 90 quantﬂes in 1991/92, 1998/99, 2001/02
and 2009/10, along with their bootstrapped standard errors™ are reported in Tables 2 and 4.
The RIF-.reg_ression coefficients for the variance and the Gini index are reported in Tables 3

and 5. Detailed estimates for the 5™ to the 95® quantiles are also reported in Figures 3 and 4.

We compute the influence function, IF(v;, (). for each observation using the sample estimate
of quantile, O, and the kemnel density estimate of f/Q,) using a bandwidth of 0.06. In addition
to the reweighting factors, we also use the ECH sample weights (“pesoan™) throughout the
empirical analysis, which in practice means that we multiply the relevant reweighting factor
by the ECH sample weight. Apart from our two measures of occupational tasks, in the
regressions we include covariates suggested by the literature as the major sources of changes
in the distribution of wages: education (five groups) and potential experience®® (nine groups)
(Autor et al., 2006). We also include controls for geographic localization (capital city vs. rest

of the country) public vs. private sector and marital status.”’

The base group used in the RIF-regression models consists of married men living at
Montevideo working at the private sector with six or less years of education, 10 to 15 years of

potential experience, and following Firpo (2011) we normalize the occupational task measures

2829

variable at half a standard deviation below their sample averages.”"” So the wage structure

25. The analytical standard errors have 1o take account of the fact that the logit model used to construct the reweighting factor
is estimated. That is why using bootstrapped standard errors is recomumnended. In practice, FFL (2011) recommend to
bootstrap the whole estimation procedure (both the estimation of the logit/probit to construct the weights and the computation
of the various elements of the decomposition), and that is how we proceeded.

26. Measured as age minus vears of education minus six.

27. Concubinary unions are considered as married.

28, The base education and experience categories were chosen based on the modal of each category.

29. In the Annex we also present the RIF-regressions and decomposition resuits considering sector of activity. As expected,
this variable turns out to be significant. Regarding results, the main change is that compositions effects become more relevant,
especially during the nineties, regarding our task content results the only significant change is that during the 2000s task
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effect for the task measure can be interpreted as the change over time in the wage impact of a
half a standard deviation increase in the measure.”® However, regarding composition effects of
task measures, as we use the same task measure for every year — i.e they remain invariant over

time —, if they exist they only reflect changes in shares of occupations over time.

To compute the reweighing factor we estimate a logit model with additional interaction
terms.’’ As can be seen in Appendix Figure A2, the reweighting approach peffonns well in
the sense that the reweighting error tends to be zero and is not significant.’? That is, the
reweighted means of the covariates for the base period are very close to those for the end

period.

An important feature of RIF-regressions is that they allow identifying non-monotonic effects.
In the case of quantiles, this means that they capture the effect of covariates on both between
and within group components of wage dispersion (FFLV, 201 1). Regarding our task measures,
like FFL (2011) we find for both periods an inverse impact between the information and

automation content of task on the distribution of wages (Figure 3).

In the case of “information task comtent”, unlike Firpo (2011) we find that it increases
inequality along the whole range of the wage distribution. Indeed, the UQR coefficient of the

information task content increases across the different percentiles of wage distribution instead

content measures became not significant at the lower end of the distribution, while the covariable related to industries is
significant. However, due to the fact that the coding accupation criterion, especially in the nineties, is closely related to the
sector of activity and because we are using a task-conlent approach. where the “job task™ — which are transversal to activity
sectors - 15 the central unit of production which is then combined with capital and labor to produce output. we consider that it
is better to concentrate the analysis on task content measures. In fact, other reference studies that consider the task content of
occupations as an explanatory variable, does not include sector of activity in the regression.

30. The choice of half of a standard deviation is based on the same criteria used by Firpo (2011} following that the difference
between the mean value of task measures for all occupations and the mean for the major group with lowest mean ranges from
38 to 70 per cent of a standard deviation. For example, for 1991/92 to 1998/99 the mean for automation is 0.75 which is
0.0372 (or 0.60 standard deviation) above the mean for professional, managerial and technical occupations. This suggest that
occupations at half a standard deviation below the mean are reasonably representative of a large group of accupations with
relatively low values of the task measures. Thus, we use this criterion as a uniferm way of choosing the base group for each
task measure.

31.The logit specification aiso includes a full set of inieraction between experience and education, and education and
occupation task measures, We also tried with some interaction between localization and education and localization and
experience, but they turned out to be not significant.

32. The reweighting error presented in Appendix Figure A 2 is the difference between the total composition effect obtained by
using the RIF-regression with reweighing and the RIF-regression without reweighing. It 15 found fo be small and not
significant. Nonetheless, when including controls for public sector the reweighing and specifications errors for the variance
and the Gini index become significant in the 2000s, although for the quantiles remain not significant.
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of reflecting an inverted U- shape, as the one found by FFL (2011) for the US during the
nineties. Besides, changes over time show an increasing effect especially in the upper middle

of the distribution.

On the other hand, the “automation task content” measure has a decreasing impact, with very
little difference among its impact on the 10™ through the 50% decile. Therefore, contrary to
expected, automation content of task has almost no impact on inequality at the lower end of
the distribution and decreases inequality at the higher end of the distribution. However,

workers at the lower middle of the distribution have the biggest coefficient.

Consequently, in the case of Uruguay during the period of analysis, workers in the upper side
of the distribution instead of workers in the middle of the distribution were more likely to
experience negative wage changes as the “routine™ tasks they used to perform could be

executed by computer technologies, while workers at the lower middle of the distribution were

the most positively affected by automation, indicating a non-substitution effect of their task by

technology. Therefore, for the Uruguayan case the effect of automation and the consequences
predicted by the “routinization hypothesis™ seems to be displaced toward the right of the wage

distribution. These may occur due to the different share of occupations in Uruguay compared

.to developed countries” labor markets, as well as to a difference in the degree of automation of

task in those markets compare to Uruguay's.*

Besides, contrary to FFL (2011) the information content of tasks tends to increase inequality
along the whole range of the distribution during both decades while, the automation content of
task has a positive impact in reducing inequality, mainly due to its negative impact on the
uppef middle of the distribution rather than at the lower end. Looking at the Gini index, as a
summary measure of inequality, we find that technology contributes to reduce inequality due

to the impact of the automation content of tasks.

33. Remember that as we are using O*NET data to classify the degree of automation of occupations we are classifying them
according to their potential degree of autgmation in the US, which in practice might be different in Uraguay where this task
may remain manual. due to relative prices between labor and technology. ’
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As expected, in the case of education we find that it has a positive effect on inequality in the
whole range of wage distribution, but its premium varies along the wage distribution and the
years of education. That is, wage differentials among workers are not homogeneous: while the
premium for years of education at tertiary level (13 and more years) is increasing over the
wage distribution in every year of the analysis, the premium for high school drop outs (7 to 9
years) starts with a U-shape form in 1991, but becomes decreasing in 2010, meaning that the
differentiation between workers with primary school (our base group} and those with some
years of high school became less significant for occupations that are paid with higher wages.
Ths reflects a within group effect, consistent with the results found by Alves et al. (2009) and
Sanguinetti (2007). Besides, these results are in line with the hypothesis of increasing réturns
to education and the results of other studies for the Uruguayan case (Arim and Zoppolo, 2000;
Sanguinetti, 2007; Alves et al., 2009). Nevertheless, premiums to years of education at the top
end of the distribution in the 2000s diminished relative to the nineties (See Figure 4).

In the case of localization, like Alves et al. (2009) we find that the wage gap between
Montevideo and the rest of the country has reduced between the nineties and 2009/2010 until

having almost no impact, at least for the first half of the distribution.

IV.2 Decomposition results
[V.2.1 Overall Decomposition Results:
The results of the decomposition are presented in Figure 5 and reported in Table 6 which

summarizes the results of standard measures of top-end (90-50 gap) and low-end (50-10 gap)

wage inequality together with the variance and Gini index of wages.

Figure 5 shows the overall change in (real log) wages at percentile 1, (A5). and decomposes

T 34 - .
the overall change into a composition (A}) and a wage structure effect (Ag).”™ Figure 5a shows

34. The composition effect reported in Figure 5 only captures the component,ﬁ}}’p, from equation (7). The specification error,
corresponds to the difference between the total composition effect obtained by reweighting and the RIF -Regression
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that along the nineties the overall change in real wages shows a positively sloped curve for all
quantiles as wage dispersion increases at all points of the distribution, but with higher
dispersion at the top end and much more stability at the lower end. While during the first -
decade of the 2000s the overall change in real wages show a negatively sloped curve with a

decline of wages at the top end of the distribution (Figure 5b).

" Table 6 summarizes the changes shown in Figure 5 by showing the results of the

decomposition for the standard measures of top-end (90-50 gap) and low-end (50-10 gap)

wage Inequality, as well as for the variance of log wages and the Gini coefficient. For the
‘nineties it shows a relatively large increase in nequality measures, such as the variance and

- the 90-10 gap, which captures wage changes over the entire distribution during the period of

analysis. It can also be seen, that this increase in inequality is basically due to an increase in

inequality at the top end of the distribution (the 90-50 gap), which more than doubles the

inequality at the lower end of the distribution (the 50-10 gap). For the 2000s the case is exactly
the opposite as inequality diminish basically due to a reduction in inequality at the top end of.

the distribution.

It can also be seen that for the nineties composition effect accounts for a significant increase in
inequality: 54 percent of the growth in the 90-50 gap and 41 percent of the growth in the 50-10
gap was due to composition effects which, together with the wage structure effect, also helps

to explain the positive slope in overall inequalitj,r.3 g

On the other hand, during the first decade of the 2000s composition effect also contributes to
an increase in inequality, but these effects were more than offset by changes in the wage
structure that contribute to a decrease in inequality, which was mostly explained by a

reduction on inequality at the top end of the distribution and to a less extent at the lower end.*®

methods without reweighing shown in Appendix Figure A2. As it can be seen the RIF-regressions capfure quite accurately the
overall trend in composition effects, although there are a number of small discrepancies particularly at the top end of the
distribution.

35. The total change in the 90-50 and the 50-10 gap between 1991/92 and 1998/99 is 0.126 and 0.054, respectively. The
corresponding composition effect is 0.068 and 0.022, respectively,

36, Between 2001702 and 2009/10 the total change in the 90-50 and the 50-10 gap is -0.093 and -0.018 respectively, while the
corresponding composition effect is 0.045 and 0.019.

30




Consequently, composition effects account for a sizable part of growth on overall inequality
but wage structures effects capture a major part of changes in the distribution of wages.
Moreover, in both periods changes in the distribution of wages have been led by changes at
the top end of the distribution explaining the increase of inequality during the nineties and its

decrease during the 2000s.

IV.2.2 Detailed Decomposition Results

The next step is to analyze the decomposition using RIF-regressions to compute the

_contribution of each set of covariates to the composition and the wage structure effects. Figure

6 reports the composition effect of the covariates that were grouped into five categories:
technological content of tasks: information and automation content, education (5 dummy
variables — 6 years or less omitted), experience (9 dummy variables — 5 to 10 years of
experience omitted) and the control vartable group others that includes, localization, marital

status and working at the public sector.”

For 1991/92 to 1998/99 period, regarding cofnposition effects all covariates result significant
with the exception of information content of tasks.”® Apart from experience, they all contribute
positively to an increase in inequality along the distribution of wages which is larger on the
90-50 than on the 50-10 gap. consistently with the fact that the increase in inequality during
that peridd was led by changes at the top end. What is more, composition effects related to
education are the ones that account for most of the rise in inequality during the nineties, as
changes in the composition effect of education represents almost 90% of the total composition

effect for the 90-50 gap and 59% for the 50-10 gap (Tabie 7).

Contrary to the nineties in the 2001/02 to 2009/10 period overall inequality decreases.

However, the composition effect of education and “others” have a positive contribution to

37. The effect of each set of factors is obtained by summing up the contribution of the relevant covariates.
38. As it was menticned earlier, composition effects of task content measures only reflects changes in shares of occupations
with one or other characteristics between the initial and end period, since we use the same index for every vear.
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increase inequality, ineaning that the changes in the composition of education does not

account for the large decrease in inequality observed during that peried (Table 8).%

The contribution of each set of covariates to the wage structure effect is reported in Figure 7
and in Panel B of Tables 7 and 8. It also reports the change in the mtercept in the RIF—
regressions. The change in the intercepts captures the part of the wage structure effect that
cannot be explained by the covariates.*® It represents the change in the wage distribution for
the base group used in the RIF-regression and can be interpreted as the residual change for that

base group (Firpo, 2011).

In both periods the total change of wages was led by changes in the aggregate wage structure
effect, which is clearly seen in Figure 5. For the nineties, changes in the return to covariates
accounts for all or even more of the change in the 50-10 and 90-50 gap wage structure effect.

However, -0.076 of the 0.059 change in the 90-50 gap and -0.052 of the 0.033 change in the

50-10 gap remains unexplained (the effect of the “constant™ in Table 7). Besides contrary to

composition effects, changes in return to potential experience turns out to be more important
than changes in retumn to education, although, by construction, both factors reflect skill

premiums.

On the other hand, for the 2000s the change in inequality at the top end is explained mamly by
a reduction in the coefficients of experience and other factors, while technology, information
task content in particular, contributes to an increase in inequality at the top end. However, at-
the lower end the reduction in inequality is explained by changes in almost all factors, with the
exception of automation, which is not significant. What is more, as seen in Figure 7 and

Appendix Figures A.3 and A.4, factors-in the wage structure-show a clear polarization pattern

39. Note that, as in an Oaxaca-Blinder decomposition, composition effects on the 50-10 and the $0-50 gap can be obtained
directly by multiplying the difference in mean of the corresponding factor between the beginning and the end of each period
by the respective RIF — regression coefficient for that factor on the base vear.

40. Mere formally, as is shown in the Methodological Appendix the total wage structure effect, E;_p, is the sum of the
component explained by the RiF-regression modsts, Z¥_, X, (7 — #£), and the residual component #¥, — 2, captured by
the change in the intercepts.
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similar to that seen in the US during the nineties, led by education and experience but also

technology.

Regarding the contribution of each covariate, Tables 7 and 8 show that changes in the wage
structure linked to education and experience changed over time and have a different role at the
bottom than at the higher end of the distribution. While during the nineties education and
experience increased inequality over the whole range of the distribution of wages, during the
2000s changes in the wage structure linked to education had a positive role to increase
inequality at the higher end of the distribution but reduce inequality at the lower end, while

returns to expertence reduce inequality at the whole range of the distribution.

The results show that, contrary to FFL's findings, changes in the \;vage structure linked to the
technology task content measures made a very small and negative'contribution to the increase
in the inequality during the nineties, both at the top and the lower end. However, in the first
decade of the 2000s, technology task content measures contribute to an increase in inequality
at the upper end while reduce inequality at the lower end of the distribution, which is in line

with the ALM s routinization hypothesis.

Changes in the wage structure linked to technology, as capture by the occupation task
measures included -in the RIF-regressions had contributed to explain the changes in the
distribution of men wages observed during the nineties and the 2000s. This indicates that
during the period of analysis technology might have had a positive effect in reducing
inequality at the lower end of the distribution while having a small inequality enhancing effect
at the top end of the distribution during the 2000s. So as predicted by ALM’s routinization
hypothesis, a complementation effect of technology might prevail at the upper end, while a
substitution effect would prevail in the middle of the distribution. However, this last effect is

better capture by information content of task rather than automation content as expected.

To test the robustness of these results, we also applied the decomposition method excluding
education and including technology and vice versa. We observe that when excluding
education, the information and/or the automation content of tasks become significant when
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they were not in the model that includes both covariates. While in some cases the constant also
becomes significant. On the other hand, when excluding technology the main change is that
education becomes significant to explain the wage structure effect at the lower end of the
distribution in the nineties and in the 90-10 gap in the 2000s. As expected, these results
confirm that there is a correlation between education and technology, which reinforce the need
of controlling by both covariates to differentiate their impact in changes in the distribution of

wages.
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VIl. Concluding remarks

In this paper we looked at the contribution of technology, as measured by the task content of
occupations, to changes in the distribution of wages. We quantify the contribution of this
factor to changes in wage inequality relative to other explanations such as changes in returns
to skills (education and experience) and localization. We do so by using a decomposition
method proposed by Firpo, Fortin, Lemieux (2009) based on the influence function regression
approach. We have applied this methodology to Uruguay data for the periods 1991-1999 and
2001-2010, two periods where wage inequality presented two very different trends. Indeed,
during the nineties there was an increase in wage inequality while during the first decade of

the 2000s Uruguay presented a declining wage inequality.

During the nineties as well as the 2000s changes in the distribution of wages have been led by
changes at the top end of the distribution explaining the increase in inequality during the first
period and its decrease in the second one. These movements have been mainly captured by
wage structure effects although composition effects had had an important role especially in the
nineties. Indeed, our results suggest that during the nineties the total increase in men wage
inequality was explained almost equally by both the composition effect and the wage structure
effect. Meanwhile wage structure effects, which more than offset the impacts of compositions

effects to increase inequality, account for the decrease in wage inequality during the first

decade of the 2000s.

Regarding technology, our estimates suggest that its importance to explain the observed
changes in the distribution of wages became more relevant in the last decade, which is
consistent with the extended adoption-of technology by economic sectors. During the nineties
the composition effect of automation task content increased the inequality of wages at the top
end of the distribution reflecting a change in the share of occupations with automated tasks.
Meanwhile, contrary to expected, wage structure effects related to automation task content
tended to reduce inequality at the top end. On the other hand, also contrary to expected,

information task content had a significant impact to reduce inequality at the lower end of the
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distribution through its wage structure effect. Therefore, the net effect of technology — that s
summing up the effects of information and automation content of task — over the distribution
of wages increased wage inequality during the nineties trough its composition effect which

was partially offset by a negative impact of the wage structure effect.

In the first decade of the 2000s, technology task content composition effects were not
significant, while wage structure effects contributed to an increase in inequality at the top
while reducing inequality at the lower end of the distribution, creating a polarization effect
which-is in line with the ALM’s routinization hypothesis. That is, technology helped to
decrease mequality at the lower end of the distribution by a substitution effect of routine task
(placed at the middle of the distribution) and increases inequality at the upper end where a
complementation effect prevailed. However, our estimates suggests that contrary to expected
the predicted effect of technology at the lower end of the distribution is better captured by the

mformation content of task rather than the automation content.

This might be explained, on the one hand, becéuse the standard deviation of information
doubles the one of automation so changes in returns to task content may be better captured in
the first one.-On the other hand, differences in the relative cost of labor and technology in the
US relative to Uruguay could explain a shift to the right of the negative impact of automation
over wages at the middle of the distribution. That is, in the case of Uruguay labor task subject
to substitution by technology would be placed at an upper level of the distribution of wages
rather than at the middle, since wages at the middle are still very low and therefore there are

fewer incentives to substitute labor by technology.

With regards to skills -dimensions, in both decades education played an important role to
increase inequality mainly due to changes in the observed characteristics of individuals rather

than to changes m the return to them.

Summing up, introducing tasks and occupations into the analysis helps to understand changes
in wage distribution in Urnguay. In fact, in the 2000s technology has a polarizing effect over
wages although 1t is not the only factor. However, this polarizing effect is better explained
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through the information task content of occupations rather than automation tasks content.

Therefore, we could not confirm ALM s routinization hypothesis

Despite these findings, a great deal of the distribution of wages remains unexplained. During
the 2000s this could be attributed to institutional changes that were not included in the model
(tax and health reform, increases in minimum wages, Collective Negotiation of Wages} which,
for different reasons, had had an impact both at the top and the bottom of the wage distribution
and generated a reduction in inequality. Trying to incorporate this variable into the analysis

could bean interesting extension of this work.

Moreover, it is worth noticing that results should be analyzed carefully since, apart from the
institutional changes mentioned above we are comparing two very different economic phases,
since at the beginning of the second period of analysis Urnguay was plunged into its biggest
economic crisis and at the end it was going through an expansion period, as well as during the
nineties. There is evidence that the patterns of structural change - in employment are
asymmetric between expansions and contraction phases of the business cycle. For instance for
the case of the UE, Eurofond (2013) states that while during expansions knowledge-intensive
jobs experiment bigger expansions, during recessions routine service and industrial jobs are
destroyed which results in the polarization of labor market. Besides other institutional
transformations, in particular labor market flexibility as the one experimented by Uruguay
during the nineties; tend to increase the participation of low-middle paid employment
(Eurofond, 2013) affecting the polarization of labor market. So we must bear in mind that

these issues could be influencing our results.

Regarding further research, it would also be interesting to-extend this work to the case of
women, whose relatively high participation in service occupations associated to low-skilled
occupations, makes ALM’s routinization hypothesis an attractive one to explain changes in the
distribution of their wages. Besides, analyzing its difference with the results of this work could

shed light to understand the evolution of gender wage gap in the last decade.
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Another appealing extension would be to include into the task content of jobs those task
related to offshoring, which in the last decade has also been gaining adepts as an explanation
of wage polarization in industrialized economies. Although, in the case of Uruguay we would
expect a different effect, as Uruguay would tend to export offshored task to developed

countries rather than import those task from abroad.

Last but not least, the lack of national information regarding the task content of occupations -
remains one of the main limitations of this analysis, so deepening into the task-based approach
to the labor markets in Uruguay would require to count with a national occupational survey

which considers the characteristics of the country labor market.
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Table 1. Average O*Net Indexes by Major Occupation Group

O*NET Indexes 1nf0rmati'0n

PANEL A: using 1991/92 -1998/99 data and COTA-70 Occupation codes

Overall Mean 0,5921
Standard Deviation 0.1095
Professiwonal, Managenal, Technichal 0,7126
Clerical, Sales 0.6622
Production, Operators 0.5750
Primary, Construction, Transport 04,5503
Service 0.5537

Automation

0,7500
0.0624

0.7128

0,7489
0,7975
0,7310
0,7364

PANEL B: using 2001/02 -2009/10 data and CIOU-88 Occupafion codes

Overall Mean 0.6222
Standard Deviation 0,1223
Professional Managerial Technichal 0.7822
Clerical, Sales 0.6897
Produciion, Operaiors 0,5600
Primary, Construction, Transport 0,5452
Service 0.5645

0,7354
00627

0,6915
0,7557
0,7701
0,7396
0,7148

Noare: Task conten indexes constructed as follow based on O*NET data

3
n . . i * 2 i,
(€3 Imformacion Conters, = IC, ™ Z;;.j%ig
+
L3S

. ]
(2] Automation Comtent. = AC; = Zgz =¥y

=l

Where £ is the number of work activity elements, and/ the number of work context elements

considered in the construction of the task of work conieni index T ask measures are normalized to

range between zero and one.
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Table 2. Unconditional Quantile Partial Effect onMen Log Wages (1991/92 - 1998/99) - RIF Regression

(0,042)

Year 1991/92 1998/99
Explanatory Variables/ Quantile 'i0 50 90 10 50 90
Information content 0,048 ** (0,062 *** (,1p3 ¥ 0,031 ** 0,074 *** (0,177 ***
{0,009) {0,005) {0,012) (0,012) {0,007) (0,018)
Awomation content ) 0,036 **¢ (036 = _[04] ¥ 0,004 0,002 -0,022
{0,008} {0,005) {0,013) (0,010} {0,008) {0,014)
Education {6 vears or less emitted) )
From 7 to 9 vears 0,237 #*+ 0,213 **+ (0,302 *** 0,244 **+ (258 *** (240 =+
{0,023) {0,015} {0,025) (0,034) {0,019) {0,032)
From 10 to 12 years 0,338 #»% (407 *¥ (781 ¥ 0,343 *=x (0,449 0k (754 wkx
{0,029} {0,022) (0,055) (0,036) {0,023) {0,062)
From 13 w 15 years 0,428 ¥%% (3,530 *¥¥ ] G437 g Q435 % (3723 k*% ] 540 Wk
{0,028) {0,029) {G,120) {0,044) {0,032) {0,107)
t6 and more years 0,470 ¥¥+ (801 *** 2483 A= 0,446 *** (3929 *&k 3 (74 *=
{0,031) {0,028 {0,140) (0,039) {0,032) - {0,185}
Experence {5<Experience<10 omitted)
Experience<5 -0,021 -0,041 -0,615 ** -0,038 -0,136 ** (0,719 **=*
(0,065) {0,062} (0,239} (0,081) (0,080) (0,233}
10<¢xpericnce<l3 -0,058 0,056 * 0,488 **x -0,136 = 0,002 * 0,662 ¥**
. (0,041) (0,029) (0,094) {0,044) (0,040} (0,096)
1 3<experience<2d 0,006 (0,149 =¥+ (720 **x -0,100 ** 0,104 ***  (,04] *=+
(0,040) (0,032) {0,089) (G,046) {0,039) {0,106)
20<experience<2s 0,053 0,168 **¥* 763 "k -0,003 0,201 *** 988 #**
{0,041) [0,034) {0,098) {0,036) {0,043) {0,201)
- 25<expertence<30 0,088 ** 0,225 *¥* (852 w4 -0,019 0,244 #=% 1 Q78 Mk
{0,033} (0,032 {0,101) (0,046) {0,040} {0,098}
30<experience<3s 0,101 ** 0,295 *** 1054 *** -0,060 0,229 *¥** ] (52 **=*
(0,040) {0,030) (€,109) (0.049) (0,043) (G, 119}
35<experience<4( 0,121 ** 0,313 *** 145 *k= 0,023 0,327 *+= 1256 **=
© {0,050) (0,036) (0,114) (0,047} (0,044) {0,109)
Experience>40 0,168 **t 0343 v 1054 -0,010 0,339 *w% 1 JBG wa%
{0,042) {0,035) {0,102} {0,052) {0,041} {0,117)
Nonmarried -0,142 ¥ -0,152 ¥** 0,181 #*= -0,216 ¥+%  -0,174 *¥¥  .0,184 *¥*
{0,022} (0,013} {0,026) {0,030) (0,016} {0,032)
Rest of the coumtry -0,255 ¥ (248 *** (306 ¥+ -0,323 ¥** (0,283 ¥4x (313 *H+
(0,018) (0,014) (0,025) {0,031) (0,016} (0,032)
Public sector 0,050 ** -0,122 k% _(,367 *+* (0,191 **+* 0,049 *¥** (0,144 ***
(0,020 (0,012) (0,025) (G,024) {0,015) (0,040)
Caonstant 3,246 *** 3,697 **= 3630 *=# 3,524 ¥ 3876 *MF 3714 T+
(0,046) (0,035) (0,109} {0,052) (0,123}

| ® ® ' ®
Q0000000000 CGOGOS 2000000000008 000000000000000000
4 R N

Notes: Bootstrapped standard errors are in parenthesis (100 replications of the entire procedure).
Mumber of observations 19%1/92:13,917 ; 1998/59; 13,254,
#4001, ¥ p<0.05, * p<D.]
Source: Author's own calculations. Results based on ECH 1991.1992 and 1998,199% data.




Table 3. RIF Regression Of Inequality Measures on Men Log Wages (1991/92 - 1998/99)
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. Year 1991/92 .1998/99 1991/92 1998/99
. Explanatory Variables / Inequality Measure Variance Gini ;
. Information content 0,045 *&x 0,055 *** 0,003 0,004 %=
® {0,007) {0,008) (0,001} {0,001)
® Autornation content -0,042 #F% 0,024 **+ -0,004 **¥* 0,002 **=
. {0,008) (0,008) {0,001) (0,001}
: Education (6 years or less omitted) .
. From 7 10 9 years 0,018 -0,025 -0,003 *** 0,008 **¥*
. (0,014) (0,018) {0,001) (0,002)
From 10 to 12 vears 0,160 *** 0,133 H*x 0,007 ** 0,003
® (0,025) (0,022) {C,002) {0,002)
¢ From 13 to 15 vears 0,415 *** 0,436 *vT 0,029 ¥ 0,025 ¥
. 7 (0,037} {0,041} (0,003) (0,003)
16 and more vears 0,996 *¥+ 1,24] ¥+ 0,075 wx* 0,083 *=*
@ {0,050} (0,059) (0,004) {0,004)
. Experience (S<Experience<10 omitted)
' Experience<5 -0,457 *¥¥* (0,488 T¥* -0,041 #*x 0,033 w=#
. {0,068) (0,084} {0,008) {0,007}
. 10<experience<]5 0,281 #¥¥ 0,383 =ux 0,025 *+ 0,031 ***
. (0,043) (0,045} T {D,004) {0,004)
15<experience<2( 0,348 *¥+ 0,481 mx* 0,030 *** 0,038 ***
@ {0,045) {0,049} (0,004) (0,004)
. 2(<experience<23 0,379 =x* 0,472 w4 0,030 *** 0,035 #**
{0,053) (0,051} (0,004) (0,003}
. 23<experience<3( 0,385 *** 0,525 w** 0,030 **= 0,038 ***
® {0,048) (0,053) (0,005) {0,003}
30<experience<3s 0,849 *** (550 T 0,036 ¥ 0,041 #
. (0,051} {0,054} (0,004) - (0,004)
¢ 35<experience<4{) 0,430 % 0,596 *** 0,033 *#* 0,043 =%
. {0,053) {0,056} (0,005) (0,004}
experience=>40 0,408 *** 0,615 *** 0,030 *** 0,045 ***
] (0,047) {0,055) (0,004) (0,004)
. Nonmarried _ 0,016 0,029 0,004 ** 0,007 *¥*
{0,017} {0,020) (0,002) {0,002}
.. Rest of the country -0,014 0,026 * 0,004 *** 0,008 ***
] {0,011} (0,015) {0,001) {0,002}
Public sector -0,208 ¥** 0 201 *** -0,018 *** 0,018 ***
. (0,012} {0,017} (0,001) (0,002)
® Canstant -0,160 *#* 0,242 *# 0,040 ¥ 0,036 7
. {0,049) (0,056) {0,004) {0,004
. Noles: Bootsirapped standard errors are in parenthesis (100 replications of the entire procedure}.
. Number of observations 1991/92: 13,917 : 1998/99: 13.294,
*ex 52 01, ** p<0.05, * p<0.1
. Source: Author's own calculations. Results based on ECH 1991,1992 and 1998,1999 data.
®
@
@
@
@
@
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Table 4. Unconditional Quantile Partial Effect on Men Log Wages (2001/02 - 2009/10) - RIF Regression

Year 2001/02 2009/10
'Explanatory Variables/ Quantile 10 S0 90 10 30 90
Infonnation content 0,080 *** (0,104 *** 326 F¥* 0,053 *= Q111 ¥ Q264 =
(0,012) {0,009) {0,023) (0,008) {0,007) [0,014)
Automation content 0,(_)52 % 0,050 *** 0,011 . 0,051 #*=* 0,053 *** 0,000
{0,012) (6,008) (0,016) (0,005} (0,005)  (0,011)
Education (6 years or kss omitted) :
From 7 w 9 years 0,212 Mokx (3227 k(140 0,250 *5F 0,174 #¥% 0,079 w¥*
{0,037) (G,022) (0,025) {0,020} {Q,014) (0,012)
From 10 to 12 years 0,327 %% (456 *** (540 *** 0,374 *+* 0,427 *** (0,392 *#x
{0,038) (0,026) {0,040) {0,022) (0,017) {0,023)
From 13 to 15 years 0,389 **x  (7G3 e 1206 e 0,475 =¥% 0,762 #*% 1,010 ***
{0,050} (0,039) . (0,104) 10,025} (0,025) {0,054}
16 and more years 0,377 »&=  [0921 "k p4L] e 0,487 #%+ (G20 %%F ) 3] W
{0,043) (G, 040) {0,155) {0,025} (0,027) {0,084)
Experience (5<Experience<10 omirted)
Experience<5 0,026 0,104 -0,894 **¥ 0,023 -0,104 * -(,849 ***
(0,056) {0,065) {0,210) (0,044) (0,053) (0,107)
10<experience<]s -0,121 ** 0,053 *%¥  [,747 ¥¥* -0,085 0,017 0,575 n
{0,048) {0,036) {0,082} {0,030) (0,022) (6,050)
| 5<experience<2( -0,050 * 0,195 *** (920 *** -0,076 ** 0,117 *=* 0,785 ***
{0,047) (0,034) (0,087) {0,031) (0,025) {0,053)
20<experience<23 -0,023 0,315 = 3 Q07 s 0,016 0,207 ¥ 0,871 =&E
{0,045) (0,035) (0,089) {0,029) (0,024) {0,055)
25<experience<3( 0,040 0,365 *** 1085 *¥# 0,021 0,305 =+ 1,015 *¥&%
{0,044) (0,036) (0,094) {0,030) {0,023) (0,066}
3(0<experience<3s -0,001 0,373 **% 1123 =¥ 0,060 ** 0,370 === 1,106 **+*
(6,054} (0,027} (0,102) (0,029) {0,027) (0,063)
35<experience<40 0,022 0,450 *# 1248w 0,081 =+ 0,401 *=F 1109 =
: (0,049) {0,041) {0,099) {0,029) (0,028) (C,063)
Experience>40 0,040 0,535 **r ] 249 *En 0,029 ] 0,385 ***. 1,071 "+
{0,058) (0,041) (0,087) {0,030) (0,026) (0,061}
Nonmarried -0,154 “4% 0,116 ™+ -0,176 *5¥ -0,161 =%+ . -0,132 =# -0,078
{0,029) {0,016) (0,031) {0,015} (0,011) {0,020}
Rest of the country -0,237 ¥+ 0,260 ¥¥*  .(,197 W -0,033 w3 -0,036 *** 0,092 *¥*
{0,025) {0,016) (0,028} (0,011} (0,010} {0,017)
Pubhic sector 0,264 *+% 0,148 *** 0,270 *** 0,189 *** 0,201 *** 0,067 *** -
{0,022) (0,015) (¢,037) {0,013} {0,012) (0,023)
Constant 3,381 #** 3,658 ¥+ 3579 v 3,234 #R 3725 w3 76)
{0,060) (0,040) (0,102) {0,032} (0,028) {0,066)

Notes: Bootstrapped standard errors are in paresthesis (100 replicarions of the entire procedure).
Number of observarions 200182:13,033 ; 2009/10: 30.631. ’

*** <001, ** p<0,05, * p=<0,1

Source: Anthor's own calculations. Results based on ECH 2001, 2002 and 2009, 2010 data.
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Table 5. RIF Regression Of Inequality Measures on Men Log Wages (2001/02 - 2009/10)

Year 2001/02 2009/10 2001/02 2009/10
Explanatory Variables / Inequality Measure Variance Gini
Information congent 0,098 #=% 0,102 *** 0,006 === 0,007 ===

(0,010} (0,007) {0,001) {0,001)
Automation content -0,045 *= (0,045 X -Q,005 **% 0,005 ***
{0,009} (0,006) {0,001} {0,000)
Education (6 vears or less omitted)
From 7 to & years -0,058 =#= (3,093 ¥ -(,010 **= -0,013 %
(0,020} (0,011) {0,002) {0,001)
From 10 to 12 vears 0,058 **=  -(,044 **x -0,002 -0,011
{0,021} (0,012) {0,002) {0,001)
From 13 to 15 vears 0,362 *% 0,176 *** 0,018 = 0,004 *
. {0,040} (0,018) {0,003) {0,002)
16 and more vears 1,027 *35 (0,832 tFE 0,068 ¥ 0,055 **x=
{0,058} (0,031) {0,004) {0,003)
Experience (5<Experience<!0 omitted}
Experience<s -0,511 *¥% (0,477 ¥** -0,039 #** 0,038 ¥¥*
T (0,071) {0,041} {0,005} {0,004)
IQ<experience<15 0,426 *%  (,317 ¥ 0,034 +== 0,028 **=
(0,034} {0,022) {0,003} {0,002)
15<experience<20 0,515 =% (411 *=* 0,040 == 0,035 #=*
(0,040} {0,025) {0,003) {0,002)
20<experience<) 0,521 *%* 0,424 *=* 0,039 w*= 0,034 ===
. (0,034) {0,026) {0,003) {0,002)
25<experience<30 0,528 =% [,468 ## 0,038 #+% 0,037 "
{0,036) (0,028) {0,003} (0,002)
J0<experience<33 (0,550 = (0,500 *** 0,040 *** 0,038 #=*
{0,040} (0,027) (0,003) {0,002}
35<experience<40 0,624 *#* 0,487 *** 0,044 0,037 ***
{0,047} (0,031) {0,004) {0,002)
experience>40 0,506 e+ 0,476 *t# 0,042 ** 0,037 *=*
{0,041) (0,028) (0,003) (0,002)
Nonmarried 0,027 0,039 *#¥ 0,006 *¥* 0,007 ***
{0,023} {0,012} {0,002) (0,001)
Rest of the country 0,026 * -0,030 *** 0,007 **  -0,002 **
{0,014) (0,011} {0,001} {0,001)
Public sector 20,295 A% 0,208 **x -0,028 *** 0,020 ***
{0,019) (0,013) {0,001) {0,001)
Constant -0,262 ®*% -0,108 *** 0,038 **= 0,040 ==
{0,004) (0,002)

(0,043) (0,028)

Notes: Bootstrapped standard errors are in parenthesis (104 replications of the entite procedure).

Number of observations 200142:13,033 ; 2006/10: 30,631,
*RE <001, ** p<0.05, * p<0.1
Source: Author's own calculations. Results based on ECH 20012002 and 2009, 2010 data.
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Table 6. Aggregate Decomposition Resulls

Inequality Measure; 90-10 90-50 50-10 Variance Gini
1991/92 - 1998/99
Total Change 01797 *** ‘ 01260 *** 0705.38 R 0.1037 ¥** 00079 ==
(0.,023) (0.016) {0,015 0010 {0.001)
Wage Stucture 00918 *** 00589 *** 00329 =** 0.0609 *** 00045 ***
’ (0.023) {0,020 {001 (0,010 (0,001)
Composition 00897 ™ 00676 ™Y Q0221 *** Q0421 % 00034 e
) {0.014) {0.012) 0004 (0.,006) (0.001)
Specification Error 00074 00068 : (.0006 0,0050 0,0004
(0025 . (0022 (0.015) (0.011) (0.001)
Reweighing Error . -0.0062 -0.0073 -0.0012 -0.0043 -0.0003
{0.008) {0.007) {0,002} - {0004 (0,000}

2001/02 - 2009/10

Total Change 01113 **% 00932 7™ -00I8] # 00719 ¥+ 00072 *¥
(0017) {0.014) (0.013) (0.010) (0.001)
Wage Structure 01779 %% 01384 *** 00395 FFF Q1046 *** -0,0098 ***
{0022} (0.019) (0.014) (001 (0,001)
Composition 0.0634 *** 0,0448 *** 00186 *** 0,0301 *** 0,0025 **=
(0017) (0.013) (0,005) © (0.008) (0,001)
Specification Error 0.0086 0,0050 0,0036 00172 * 0.0016 *
(0.027) {0.021) (0.021) (0.012) (0.001)
Reweighing Error -0.0054 -0,0043 -0.0009 00146 ***  -0,0014 ***
(0011) (0.009) (0.003) (0.006) {0.000)

Notes: FFL (2010) decomposition method with F{Xj 1991/62 reweighted to 1998/99 ard F(3X) 2001402 reweigned to 20092010,
Bootsiraped standard errors are in parenthesis {100 rep lications of {he entire procedure).
The formalas for the different comp onents are as following Ths reweighting error is the difference between the total change and the sum of

the wage structure and comp osition effects a4 the specificacion error.

Totai change: 85 = RIF (7,3 ~ BIF {F,,8) Wage structure: 8= Xy (7 - %)
Compostion: 8% = (5§ — Xo}¥s Specification error: A%, = KE(FE ~ 79

Number of observations 1991,92: 13917 ; 10098/59: 13,204: 2001/2002: 13.033; 2009/10: 30,631,
Sourcs: Author’s own calculations. Results based on FECH 1991, 1952, 1998 1999.2001.2002 and 20092010 data.
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Table 7. Detailed Decomposition Results 1991/92 - 1998/99

Inequality Measure: 90-10 90-50 50-10 Variance Gini

A: Detailed Composition Effects:

Information -0,0008 -0,00077 -0,0001 -0,0003 0,0000
(0,002} (0.002) (0,000) (0,001 (0.000)

Automation 0.0048 wx* 00046 =+ 0.0001 0.0025 *** 0.0003 #*=
(0,002) {0.002) (0,001 (0,001) {0.000)

Education 0,0735 #++ 0.0604 *** 00130 #* 0,0317 & 0,002] **
(0,015) (6,013) (0,003) (0.007) (0,001)

Experience -0,0158 *** -0,0123 toex -0.0035 *= -0,0062 ** -0,0004 **
{0,000) (0.003) {0,002) (0,003) (0.000)

Others 0.0282 *** 0,0156 *** 0,0126 *+% 0.0150 *** 00015 #**
(0.005) {0,003) {0.003) (0,002) {0.000)

Total Composition Effect 0.08G7 ++* 0,0676 *** 0,0221 ¥ - 00421 =+ 00034 *x*
{0,014) (0.012) {0,004) (0.006) (0.001)

B: Detailed Wage Structure Effects:

Information -0.0006 0.0010 -0,0015 ** -0.0005 -0.0001
(0,002) (0,001) (0,001) (0.001) (0.000)

Automation -0,0019 ** -0,0019 »* 0.0000 -0.0006 * -0,0001 **
(0.001) (0.001) (0,000) (0.000) (0.000)

Education 0.0473 0.0160 00313 0,0270 =* 0,000%
(0.057) (0.048) (0.029) (0.016) {0.002)

" Experience 02501 * 0,1828 0,0673 0,1246 ** 00085 **

(0,159) (0.147) (0.064) (0,061) (0,005)

Others -0,0752 * -0.0629 * -0.0123 -0.0068 0.0013
(0,057 (0,048) (0,035} (0,023) (0,002

Constant -0,127% -0,0760 -0,0519 ~0,0826 -0.0060
(0,203) (0.192) (0,088} (0,073) (0.006)

Total Wage Structure Effect 0.0918 0,0589 *ux 0,0329 w4 — 00609 == 0,0045 *w*
(0,023) {0,020 (0014) (0.010) (0,001

- Notes: FFL {2010) Decomposition method with F{X) 1991/92 reweighted to 1998799,
Bootstrapped standard errors are in parenthesis (100 replications of the entire procedure).

Explanatory grouped variables inciude.automation and information content of tasks. 5 education classes (6 y ears or less ommited).

§ porential experience classes (5 to 1Q years omunited}, others (rest of the country. public sector and nonmarried).

wa% 20,01, ** p<0.05. * p<D.1

Number of observations 1991/92: 13917 ; 1998/59: 13.204,

Source: Author's own calculations. Results based on ECH 1991,1992 and 1998.1999 data.




Table 8. Detailed Decomposition Results 2041/02 - 2009/10

Inequality Measure: 90-10 90-50 50-10 Variance Gini
" A: Detailed Composition Effects:

Information -0,0042 -0,0037 -0,0005 -0 00m9 -0,0001
(0,005} (0,003) (0,001) (0,002} {0,000}

Automation -0,0012 -0,0011 -(,0001 -0,0019 * -0,0002 *
{0,001) {0,001) (0,000 (0,001} (0,000)

Education 00452 *** 00290 *=* 0,0162 =** 0,0166 ** 0,0007 *
0,015) (0.011) (0,003) {0,006) (0,000)

Experience -0,0126 * -0.0076 * -0,0050 * -0,0056 * -0.0004 *
{0,008) {0.006) {0,003) (0.604) {0,000)

Others 00363 *** 0,0283 **+ 0,0080 *++ 0,0229 ¥ 0,0024 ¥+
" (0,006) (0,004) (0,003) (0,003) (0,000%

Total Composition Effect 0,0634 #x% 0,0448 #rx 00186 “*¢ 00301 "+ 0,0025 #es
{0017 (0,013) (0,005 (0.008) (0,001)

B: Detailed Wage Structure Effects:

Tnformation 0,0002 »** 00115 *** -0.0024 * 0,0013 -(,0001
{0.004) (0,004 (0.002) (0.001) (0,000

Automation 00021 * 0,0012 0,0009 0,0008 0,0000
(0,001) (0.001) (0.001 {0.001) (0,000)

Education -0,0091 0.0145 -0.0236 -0,(238 * -0,0013
{0,041) (0,038) (0,034} {0.019) (0,002)

Experience -0,5252 (10285 -0,0967 ** -0,0980 *=* -(1,0035
{0,120} (0,113) {0,054} (0.046) (0,004)

Others -(,2729 *x2 ~0.1859 **+ -0,0869 **+x -0,1103 *** -0,0122 Ak
(0,054) (0.048) (0,033) (0,025) {0,002)

Constant 02180 * 0,0487 0,1693 ** 0,1254 ** 0.0073 *
(€¢,158) (0,148) (0,074) (0.061) (0,005)

Total Wage Structure Effect -0,1779 #%= -0.1384 #=% -0,0395 k¥ 0,1046 ¥ 00008 =¥
(6,022) (0,019) (0,014) (0,011 (0,001)

Notes: FFL (2010) Decompoesition methed with F{X) 2001402 reweighted 1o 2009/10.

Bootstrapped standard errors ave in parenthesis (100 replications of the entire procedure).

Explanatorv grouped variables include.automation and information content of tasks. 5 education classes (6 years or less ommited).

% potentiai experience classes {5 to 1 years ommited), others (rest of the country, public sector and nonmarried).

5% p<0.01, ** p<0.05, * p<0.1

Number of ohservations 2001/2002: 13,033; 2009/10; 30.631,
Source: Author’s own calenlations. Results based on ECH 2001,2002 and 2009.2010 dara,
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Figures

Figure 1. Task Content Measures by Occupational Category
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Figure 2. Changes in Real Wages (3 Dic. 2010) by Percentile, Men
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Figure 3. Unconditional Quantile Regression Coefficients:

Occupational Task 1991/92 — 1998/99 - 2001/02 - 2009/10
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Figure 4. Unconditional Quantile Regression Coefficients:

Selected Demographic Variables 1991/92 — 1998/99 — 2001/02 — 2009/10
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13 to 15 years education premium
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Figure 5. Decomposition of Total Change into Composition and Wage Structure Effects

A. Changes in men real wages 1991/92 to 1998/99
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Figure 6. Detailed Decomposition of Composition Effects

A. Detailed Composition Effects 1991/92 to 1998/99
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Figure 7. Detailed Decomposition of Wage Structure Effects

A. Detailed Wage Structure Effects 1991/92 to 1998/99
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Methodological appendix

A RIF-regression 1s a regression where the dependent variable, Y, has been replaced by the
recentered influence function (RIF) of the statistic of interest v(F). Consider IF(v; v, F), the
influence function corresponding to an observed variable y for the distributional statistic of

interest.*'*? The RIF adds this influence function back to the observed statistic of interest,
(1) RIF(y; v) = v(E)+IF(y; v)

Using the law of iterated expectation yields the original statistic v:

(2) E[RIF(y; )] = [ RIF(y; v).dF (y) = [(v(F) + IF (y; v)).dF (y) = v(F).

Meaning that any functional of interest can be expressed as an expected value.
In its sitmplest form, the approach assumes that the conditional expectation of the RIF (v;v)

can be modeled as a linear function of the explanatory variables,
(3} E[RIF(y; V)|X] = Xy + ¢,

where the parameters y can be estimated by standard least square methods (FFL, 2007).%

Letting v—=v(F,) and v.=w(F,), the distributional statistics vi, vo and v, can be written as the
expectations. v=E[RIF (y; v)|T =t], 0,1 and v.= E[RIF(y,; v)|T = 1]. Using the law of
iterated expectations, the distributional statistics can also be expressed in terms of expectations

of the conditional recentered influence functions.

In this case we focus on differences in the wage distribution for two time periods, 1 and 0. Let

Y ; be the wage that would be paid in period 1 and Yy, the wage that would be paid in period

41. Where [F{(y; v, F) = limeo(v(F) — v(F)})/e , where F.(y) = (1 — €}F + €6, ,0 < ¢ < 1 and where 3, is a distribution
that only puts mass at the value » :

42. To simplify notation we write IF (y; v, F)= IF(y: ¥).

43, FFL (2009) demonstrates that in the case of quantiles, using linear specification for RIF-regressions generally vields very
similar estimates to more flexible methods allowing for non-linearities.
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0. For each i the observed wage Y, can be defined as Y; = Yy; . T; + Yo; . {1 = T}} , where T; =1

if individual / is observed in period 1, and T,;=0 if individual i is observed in period 0.
If we write the RIF-regression as my{(x) = E[RIF (yt; vt)|X T = t], for t=0, 1 and mZ(x) =
E[RIF(yo,vy|X, T = 1], we have

(@) ve = Emi(X) | T = £], £=0,1
(5) v, = ELm2(0) |T = 1]

It follows that Af and A} can be rewritten as:

(6) 85=E[mi(X) |T = 1] = EfmZ(X) | T = 1]
(7) 83= E[me(X) [T = 11 = Efmg(X) |T = 0]

In the case of linear specification:
my, = x7y? andml, = X7y
Where y¢ and y/Z are the estimation coefficients of the regression of RIF(y; v) on X

®)y = EUXXT\T=tD)"LERIF ¥, v).X|T=tl, t=01
9 y&= E(X.XT|T=1D)"YE[RIF (Y3 v).X|T =1]

Although linear projections are an approximation for the true conditional expectation, the

expected approximation error is zero, so we can rewrite A7 and A} as:

(10} AZ=EX (T = 1]".(y7 —¥0)

(1) AY=E[X [T= 1792 - EIX |T = 0]".9¢

If the conditional expectation is indeed linear in x, then y§ = y; and, in the case of the mean,

the equations above reproduce the Oaxaca-Blinder decomposition.
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Until now we have gotten a general decomposition very similar to the standard Qaxaca-
Blinder decomposition. Now we focus on getting the contribution of each single covariate to

the composition and \\.fage structure effect.

Detailed Composition effect

We can rewrite equation (11) as:

(12) A;: (E[XIT = 1] - E[X|T = 0ODT.y¥ + RY

where RY = E[X|T = 117 (y? —v&). The first term can be rewritten in terms of the

contribution of each covariate (k) as
(13) TR (EXMT = 1] - EXMT = 078,

where each component of this equation can be interpreted as the effect of changing the
distribution of one covariate from its T=0 to its T=1 level, holding the distribution of the other
covariates unchanged. The second term in equation (15), R", is the approximation

(specification) error.
Detailed Wage Structure Effect

The difference between the wage structure effect in a standard Oaxaca-Blinder decomposition
and that in equation (10) is that instead of using the unadjusted regression coefficient for
group 0 (yg), the FFL{2009) decomposition method use the regression coefficient when the
group 0 data is reweighted to have the same distribution of X as group 1 (¥7). Although, using
the counterfactual coefficient avoids contaminating the difference in the wage structure with
differences in the distribution of the covariates between the two groups, the method does not
permit to solve the problem of the sensitivity of the contribution of each covariate to the

choice of a base group (DFL, 2007).
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Indeed, in the lihear specification the detail Wage structure effect is given by
(14) Y= i EIXMIT = 1] [yl — véad+ Ivin — ¥Ea),

where [y{; — ¥{,] is the difference in the intercepts of the model. In a more general way

where the base group is defined by X* = x%, we have:
(15) Al= Ik(=2 E[Xk - xng = 1]- [Vf,k - Yé’,x]* [}’f,1 - Vg,1 + E£=2 xg[]’f,k - Vg,k]]

Therefore, we have that both, the wage structure effect associated to a given covariate (the

- first term) and the residual difference (the last term) depend on the choice of the base group. If

the RIF-regression approach provides a good approximation, then
(16) vy —ve = ¥ip —Ver + Lker X . Ivix —vil

That is, the predicted change n the- base group (right hand side of the equation) should be
close to the actual change in the distributional statistic observed in the base group (left hand
side of the equation, which can be estimated separately) (FFL, 2007). If the RIF-regression
approach provides an accurate approximation of the underlying effects, then we should have

that the reweighting error tends to disappear if the reweighting matrix is consistently estimated

and p{im(fg-) = plim (X,).

In the case of quantiles, the influence fﬁnction IF(Y;Quis given by (1—I{Y < Q; }V £y (Q; ),
where | {.} is an indicator function, fy (.) is the density of the marginal distribution of Y, and
Q- is the population 1-quantile of the unconditional distribution of Y.

As a result, RIF (Y; Q;) 1s equal to Q, + IF (Y;Q:), and can be rewritten as

(U7 RIFQY,Q) = Qo+ 528 = oy 1Y > Qb + ca,
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where ¢, = 1/f4(Q;) and c; . = Q; — ¢1,(1 — 7). Except for the constants ¢, ;and ¢, ., the

RIF for a quantile is simply an indicator variable I{Y < Q. } for whether the outcome variable
is smaller or equal to the quantile Q, . Running a linear regression of I{Y < Q. } on X is a

distributional regression estimated at y = Q.. using the link function of the linear probability -
model (A(z) = z) (FFL, 2010).

FFL (2009) explain how to first compute the RIF, and then run regressions of the RIF on the
vector of covariates. In the case of guantiles, the RIF is first estimated by computing the
sample quantile @, and estimating the density at that point using kernel methods. An estimate
of the RIF of each obsewation,ﬁ (Y;; Q.), is then obtained by plugging in the estimates Q
and f» (@) into equation (17).

Letting the coefficients of the unconditional quantile regressions for each group be
(18) yTgTr = (ZiEGXi Xg-)*l EieG RTF(Yg,ﬁ Qg,r)Xir g=01

we can write the equivalent of the OB decomposition for any unconditional quantile as

(19) A= X (¥ir — Yor) + X1 — Xo)Vor
= Al + A

The second term in equation (19) can be rewritten in terms of the sum of the contribution of

each covariate as

20)  AL=¥E_ X1k — Xow)Vorx

That is, the detailed elements of the composition effect can be computed in the same way as
for the mean. Similarly, the detailed elements of the wage structure effects can be computed,
but as in the case of the mean, these will also be subject to the problem of the omitted group.

For the reweighted-regression decomposition, the composition effect and the wage structure

effect are
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@D £G,= (X5 ~Xo)for and AL=X; (75 —¥5),
(22)

~ and where the group 0 sample is re@eighted to mimic the group 1 sample, which means we

should have plim(X_g) = plim (X,).
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Appendix tables

Appendix Table A.1

CUO-88 [COTA-70 ]DENOMINACION SOC CODE
1] MEMBROS DEL PODER EJECUTIVO ¥ DE LOS CUERPOS LEGISLATIVOS Y P NAL 11-1011.00
14 {MIEMBROS DEL PODER EJECUTIVO ¥ DE LOS CUERPOS LEGISLATIVOS Y PERSONAL 11-1011.00
11300 MIEMBROS DEL PODER EJECUTIVO Y DE LOS CUERPOS LEGISLATIVOS 11-1011.00
117 PERSONAL DIRECTIVO DE LA ADMINISTRACIGN PUBLICA 11-1011.00
1141127 DIRIGENTES ¥ ADMINISTRADORES DE ORGANIZACIONES ESPECIAUZADAS 11-9151.00
i DIRECTORES DE EMPRESAS 13-1013.00
121 110/121/122/123/12&/125 |DIIRECTORES Y GERENTES GENERALES DE EMPRESA 11-1021.00
1220175 GERENTES DE DEPARTAMENTOS DE PRODUCCION Y OPERACIONES 11-3061.00
123) 110/111/123/124/125/126_|OTROS GERENTES DE DEPARTAMENTC 13-9199.00
13 DUENOS O GERENTES DE PEQUENS EMPRESA 11-9159.00
131)13:0/111/121 DUENOS O GERENTES DE PEQUENA EMPRESA 11-5199.00
2 PROFESION ALES, CENTIFICOS E INTELECTUALES
2] PROFESIONALES DE LAS CIENCIAS FISICAS, QUIMICAS Y MATEMATICAS Y DE LA INGENIERIA
13-2012.00; 15-2011.00; 19-2031.00; 15-2042.00;
21010/011/075 FlsICOS, QUIMICOS ¥ AFINES 18-2089.00
15-2011.00; 15-2021.00; 15-2021 00; 15-2041.00;
2124079/072/075 MATEMATICOS, ESTADISTICOS ¥ AFINES 15-2041.01: 15 204102 15 205100 15-2099.00
15-1051.00; 15-1099.02; 15-1021.00; 15-10949.00;
13|wo PROFESKINALES DE LA INFORMATICA 15-1051.0L 15-1061.00; 15-1071.00; 15-1071.01;
15-1081 00; 15-1030.00
17-1011.00; 17-1012.00; 17-2061.00; 17-2071.00;
O00/001/002/003 /0041005 17-2072.00; 17-2141.00; 17-2121.01; §7-2151.00;
a4 005/007 /008 ARQUITECTOS, INGENIEROS Y AFINES 17-1022.00; 17-1021L.00; 17-2112.00; 17-2199.0C;
17-2021.00; 17-2041.00
12| PROFESIDNALES DE LAS CIENCIAS BIOLOGICAS, LA MEDICINA ¥ LA SALUD
221)014/020/022/025/026 PROFESIONALES EN CIENCIAS BIOLOGICAS ¥ GTRAS DISCIPLINAS RELATIVAS A LOS SERES ORGANIQOS 19-1020.01: 19-1029.0¢; 19-1033.00; 19-1021.00
25-1062 O; 29-1041.00; 29-1061.0C; 25-1063.00;
29-1064.00; 23-1065.00; 25-1066.0G; 29-1067.00;
29-1069.00; 29-106%.01; 26-1069.02; 25-1069.04;
| i2pmajoroan/on MEDIZOS Y PROFESIONALES AFFNES (EXCEPTO EE PERSONAL DE ENFERMERIA Y PARTERIA) 291069 .06; 29-106%.06; 29-1062.07; 25-1069.08;
20-1069.09; 23-1069.10; 29-1069.11; 28-1069.12;
29-1069.03; 29-1021.00; 29-1023.00; 29-1024.00;
25-1029.00; 29-1131.00
223|060/052 PERSONALDE ENFERMERLA ¥ PARTERIA DE NIVEL SUPERIQR 259-1111.00; 23-1111.01
23 PROFESIONALES DE LA ENSERIANZA
25-1054.00; 25-1032.00; 25-1042.00; 25-1022.00;
. 25-1011.00; 25-1111.00; 25-1041.00; 25-1065.00;
231J060 PROFESQRES DE UNIVERSIDADES Y OTROS ESTABLECIMIENTOS DE LA ENSERANZA SUPERIOR 25-1199.0C; 25-1052,00; 25-1031.00; 25-1071.00;
251063 00; 25-31112.00; 25-1043.00; 25-1067.00;
25-1072.00
2321061 PROFESORES DE LA ENSENANZA SECUNDARIA 25-203L.0C
233)062 MAESTROS TITULADOS DE LA ENSERANZA PRIMARIA Y PREESCOLAR 25-2021.00; 25-2011.00, 25-2012.00
2381064 MAESTROS ESPECIALIZADGS DE LA ENSENANZA ESPECIAL 25204100
235)060/051/062/064/065 OTROS PROFESIDNALES DE LA ENSERANZA 25-5009.00
24 OTROS PROFESIONALES CIENTIFICOS E INTELECTUALES
7207307407 0%/ 190 13-2011.00; 13-2011.02; 13-1072.00; 13-1079.00;
24 T10/331/338 ESPECIALISTAS EN ORGANIZACION Y ADMIMISTRACION DE EMPRESAS Y AFINES 131192.00; 13-1111.00; 13-2051 00; 19-2021.00;
27-3031.0C; 11-2011.00
23-1031.60; 23-1023.00; 23-2093.00; 23-2011.00;
242 os0/081 /082 PROFESIONALES DEL DERECHD 23209100 23-2099.00
243|os2/142 ARCHIVEROS, BIBLIOTECARIDS, DOCUMENTALISTAS Y AFINES 25-4011.08, 25-4013.00; 25-4071.00; 75-9099.06
19-30711.00; 19-3091.01; 19-3041.90; 1$-3052.00;
244|009/011/073/075/141/143  fESPECIALISTAS TN CIENCIAS SOCIALES ¥ HUMANAS 19-3091.02; 19-3099.00; 19-3093.00, 19-3094.04,

273091 O0; 19-3031.00: 19-3039.00; 23-1023.00

27-3022.00; 27-3043.00; 27-3011.00; 27-3041.0C;

2 sbm/esofoeuomjmalm,r ESCRITORES, ARTISTAS CREATIVOS ¥ EJECUTANTES 27-1013.00; 27-1019.00; 27-2041.04; 27-2042.01;
095/096 27-2042.02; 27-2032.00; 27-2031.00; 27-2012.02;
27-2011.00
246)130/575 SACERDOTES DE DISTINTAS RELIGIONES 21-2011.00
3 TECNICOS ¥ PROFESIONALES DE NIVEL MEDIO
n TECNICOS Y PROFESIONALES DE NIVEL MEDYC DE LAS QENGAS FISICAS ¥ QUIMICAS, LAINGENIERIA Y AFINES
16-4031.00; 15-4041.0C; 17-3031L.01: 17-3022.00;
17-3023.03; 17-3023.01; 17-3029.00; 17-3027.0L;
31H007/005/010/011/023/280  {TECNICOS EN CIENCIAS FISICAS ¥ QUIMICAS Y EN INGENIERIA 17-3027.00; 17-302 100 15-4131.0; 15404100
17-3011.01; 17-300.1.02; 17-3012.01; 17-3003.00;
17-3019.00; 17-3026.00; 17-3012.08; 17-3012.02
312|003/070/230 TECH ICOS EN PROGRAMACIGN Y CONTROL INFORMATICOS 15105 1.00; 15-1042.00
27-4021,00; 27-6012.00; 27-4014.00; 27-6031.00;
313{043/044/144/145/262/870  |OPERADORES DE EQUIPOS URTICOS ¥ ELECTRONICOS 27-4099.00; 27-4013.0; 38-3021.00; 28-2099.01;
29-2034.01; 29-2099.00
a1 SO SUISVASSIIOSAL Loy o5 N NAVEGACION MARTTIMA Y AERONALTICA 53-5021.01; 535021, 02: 53-5021.03; 53-202 100,
530/682 53-2022.0C; 53-2021.00; 53-6041.00
315]003/099/105/240 INSPECTORES DE OBRAS, SEGURIDAD ¥ SALUD ¥ CONTROL DE CALIDAD 47-4011.00: 33-2021.00, 33-2022.00; 13-1041.01;

19-4093.01; 53-6051.07; 33-3041.00; 51-9061.00
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cluo-8s [CoTA .70 DENOMINACION S0C CODE
3] TECNICOS ¥ PROFESIOMALES DE NIVEL MEDIO DE LAS CIENCIAS BIDLOGICAS, LA MEDIGINAY LA SALUD
321 ﬁjgﬁ;ﬁgﬁﬁgi"w’ TECNICOS DE NIVEL MEDIO EN CIENCIAS BIOLOGICAS, AGRONOHIMIA, ZOOTECNIA ¥ AFINES iiﬁﬁ? L5-4011.01; 15-4033.00; 15-4011.02;
25-1071.00; 25-5099.00; 26-1031.00; 28-2081.00;
322 ¥27/932/040/043/045/046/ |PROFESIONALES DE NIVEL MEDIC DE L& MEDICING MODERNA ¥ LA SALUD (EXCEPTG EL PERSONAL DE i;:?g;'i i;ﬁ;ﬁf ;z;giﬁ g;:i;':;
047/048/051 ENFERMERIA ¥ PARTERLA} pndelaante " bl
31-5096.00; 28 2066,00: 25-1061 O0; 25-1129.0%
25-2052.00; 25-2012.00
323[050/053 PERSONALDE ENFERMER[A Y PARTERIA DE NIVEL MZDIO 23-2061.00; 25-9099.01
324)047/048/975 PRACTICANTES DE LA MEDICINA TRAMCIONAL Y CURANDERDS 251199.04; 26-1199,03
33| MAESTROS E INSTRUCTORES NG TITULADOS
331f085 MAFSTROS NO THULADGS DE LA ENSENANZA PRIMARLA 25-3099.00
332|056 MAESTROS NO TITULADOS DE LA FNSERANZA PREESCOLAR 25-3099.00
333|054/065 MAESTROS NO TITULADOS DF LA FNSERANZA ESPECIAL 25-3099.00
334]152/500/521- OTRDS MAESTROS E INSTRUCTORES NO TITULADCS 25-3099.00
3 OTRDS TECNICOS Y PROFESIONES DE NIVEL MEDIO

N 300/320/330/3311332/333/

3z

PROFESIONES DE NIVEL MEDIO EN OPERACIONES FINANCIERAS Y COMERCIALES

41-3031.02; £1-3031.00; 13-2062.00; 13-2063.00;
41-9021.00; 41-HR22.00; 4:-3041.00; 41-4012.00;
13-1073.00; 13-1022.00; 13-2021.02; 13-1031.02;
13-2099.00

13-1023.00; 12-1199.03; 43-5071L.0C; 13-1071.02;

342|334/335/336/338/339 AGENTES COMERCIALES Y CORREDORES
13-1071.01; 13-101.1 0C; 41-3011 0G; 41-3099.00
470/07 146/211,'2 3-0031 01
343 20BN NI | o es:ONALES DE NIVEL MEDIO DE SERVICIOS DE ADMINISTRACION 3-6011.00. 43-6012.00; £3-4051 0L 43-9041.00,
283/286 43-5111.00
344106/128/200/213/901/902 | AGENTES BE LAS ADMINISTRACIONES PUBLICAS DE ADUANAS, IMPUESTDS Y AFINES 33-3021,05; 13-2081.00: 13-1041.02
245)901/903 INSPECTORES DE POLIGEA ¥ DETECTIVES 33-3012.00; 33-3021.01; 33502100
345143 TRABAIACORES Y ASISTENTES SOCIALES DE NIVEL MEDIQ 21-1029.00
oo SR T T
347|160/161,/162/286/424/617/ [PROFESIONALES DE MIVEL MEDIO DE ACTIVIDADES ARTISTICAS, ESPECTACULOS Y DEPORTES Senandpchell sl
50 4 27-3021.00; 27-2041.02: 27-2042,02; 27.2031.00;
7-2099,00; 39-9031 0C: 27-2021.06; 27 2023.00
130 AUXILIARES LAICOS DE LOS CULTOS 21-2099.00
4 EMPLEADOS DE OFICINA
41} OFICINISTAS
210/211/220/221/2 : : :
anPOBVRUIAI2UBO) | e vios ¥ OPERADORES DE MAGUENAS DE OFICINA 4% 9022,00 43-1011.00; 43-3021.00; 43-3021.05;
261 43-6014.00
122/200/211/212/214/280; 43-3031.00; 43-3021,02; 43-3071.400; 43-3051.00;
412 AUXILIARES CONTABLES Y FINANCIERDS . : y :
283/285/332 43-3011.00; 43-9061.00; 53-4141.00; 43-4011.00
43-5081.03; 43-5071.00; 43-5081.00: 43-5111 00;
413(240/231/242/ 280282 EMPLEADOS ENCARGADOS DE REGISTRO DE MATERIALES Y DE TRANSPORTES 43-5081.01; 43-5061.00; 53-108 L DC; 53-4099.00;
43-5032.00; 53-1031.00; 53-6095.00
25-4031.00; 43-4071.00; 43-6121.00; 43-5071.00;
7,
14 ;i;g:ﬁgﬁ:ﬁg" 25 | MPLEADOS D BIBLIOTECAS Y SERVICIOS DE CORREQS Y AFINES 33-505.1.00; 43-5052,00; 42-563.00; 43-9061.601;
i 25-40G30 03; 75-4021.00
419[212/285 OTROS OFICINISTAS 43-4161.00; 43-9199.00
42| EMPLEADOS EN TRATO HRECTO CON EL PUBLICO
212/213/252/282 /283/285] 41-2011.00; 35-3012.0C; 35-3011.00; 35-3019.0%
2 e samarens CAJERQS, TAQUILLERDS ¥ AFINES 19307100
41-3041.00; 43-9181. (K 43-4171.00; 43-4081.00;
222)2607281/282/972 EMPLEADOS DE SERVICKOS DE INFORMACION A LA CLIENTELA 43200100, 43-201.00
5 TRABAJADDRES DE LOS SERVICIDS ¥ VENDEDORES DE COMERCIOS ¥ MERCADOS
51] TRABAJADDRES DE LOS SERVICIOS PERSONALES Y DE LOS SERVICIOS DE PROTECCION ¥ SEGURIDAD
5114271/510/933/972/973 PERSONAL AL SERVICIO DIRECTO DE LOS PASAJERGS 28-6031.00; 35-6032.00; 356021, 00; 39-6022,00
37-1071.00; 35-1011.00; 35-2011,00; 35-2019.00;
066/753/910/921/930/931/ § 35-2024.00; 35-1012.00; 35-3031.00; 35-3012.00;
s o PERSOMALDE INTENDENCIA ¥ DE RESTAURANTES 25 3022,01; 25.2013,00: 35-2044,00, 35-2015.00;
35-2018.00
027/040/046/051/960/ 561/ 35-5011.0133- 1012, 0053- 3011 0031-90%5.0031-
513] 575 TRABAJIADORES DE LQS CUIDADOS PERSONALES Y AFINES 5086, 0031-9099.00
35-5011.00; 39-5012.00; 39-5052.00; 39-9099.00;
514{048/096,/961/970/971/575  |OTROS TRABA JADORES DE SERVICIOS PERSONALES A PARTICULARES 35-3092.00; 35-5091.00; 31-1011.00; 35-4011.00;
35-A021.00
515{006 ASTROLGGOS. ADIVINADORES ¥ AFINES
33-1021,00; 33-2011.00; 33-3051.05; 33-3¢51.0%;
5160 160/850/900/901 /90 PERSOMAL DE LOS SERVICIOS DE PROTECCIGN ¥ SEGURIDAD 33-30652.00; 33-3012.00; 33-9092.00; 33-9099.00;
33-9032.00
52} MODELDS, VENDEDORES ¥ DEMOSTRADORES
521310 MODELOS DE MODAS, ARTE ¥ PUBLICIDAD 41-9012.00
522}111/310/338/533 VENDEDORES Y DEMOS5TRADORES DE TIENDAS Y ALMACENES 41-1011.00; 41-2031.00; 53-60 31.00; 41-9011.00
5234313 VENDEDORES DE QUIOSCOS ¥ DE PUESTOS DE MERCADO
H AGRICULTORES ¥ TRABAIADORES CALIFICADOS AGROPECUARIOS Y PESQUEROS
&l [AGRICULTORES ¥ TRABAJADGRES CALIFICADOS DE EXPLOTACIONES AGROPECLIARIAS, FORESTALES Y
PESQUERAS CON DESTING AL MERCADO
611]400/410/414/415/616/620/ JAGRICULTGRES Y TRABAJADORES CAUFICADOS DE CULTIVOS PARA £L MERCADO 45-1611.07; 45-2099.00; 37-3011.00; 45-7052.00
Il
612 :%:g;i:‘;:’“m 75/ | CRIADORES ¥ TRABAIADORES PECUARIOS CALIFICADOS DE LA CRIA DE ANIMALES PARA ELMERCADD Y AFINES [45-1011.08; 45-2093.00; 39-2021. 00; 35261100
$13|400/410/414/420 PRODUCTORES ¥ TRABAJADORES AGRCPECUARIOS CALIFICADOS CUYA PRODUCCION SE DESTINA AL MERCADO | 11-9012.00; 45-2092.00
614}422/450/451 /452 | TRABAJADORES FORESTALES CALIFICADOS Y AFINES 45-1011.05; 37-3013.00; £5-4021.00; 45-4029.00
615|430/431/432/440 PESCADQRES, CAZADORES ¥ TRAMPEROS 45-3011.00; 45-3021.00
62 TRABAJADORES AGROPECUARIDS ¥ PESQUEROS DE SUBSISTENCIA
£21/400/410/430 TRABAJADORES AGRGPECUARIDS ¥ PESQUEROS BE SUBSISTENCIA 45-2092.02; 45-3011,00
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clUo-38 {coTa-70 DENOMINACION s0C CODE
7] OFICIALES, OPERARIOS ¥ ARTESANOS DE ARTES MECANICAS ¥ DF OTROS DEICIOS
7 OFICIALES Y DPERARIOS DE LAS INDUSTRIAS EXTRACTIVAS Y DE LA CONSTRUCCION
N1715/716/736 MENERDS, CANTERCS, PEGADORES ¥ LABRANTES DE PIEDRA :z';i);':" 47-5099.00; 47-5031.00; 47- 202,00,
|ooo/630/631/640/561/671f . £7-2061.00; 47-2021.00; 47-2071.00; 47-2061.00,
12 OFICLALES ¥ GPERARIOS DE LA CONSTRUCCION (O5RA GRUESA) Y AFINES Y i ’ '
811 ¢ ! £7-2031.02; 47-2073.00; 51-2099.00 .
47-2181.00; 47-2044,04); 47-2042 00; 47-2161.00;
630/630/642/643/644/ 660, . . 47 .
a2 GA0RALIGII/EAIBEL | 1ALES Y OPERARIOS DE LA CONSTRUCCIGN (TRABAIS DE ACABADO] Y AFINES 47-2081,00; 47-2131.00; 45-9021.01; 47-2132.00;
670/67L/6TS/6T7/736 47.2121.00; 47-2151.00; 47-2152.01; 47-2152.02;
47-4071.00; 47-2111.00
714|093/651/652/61/852 PINTORES, UMPIADORES DE FACHADAS ¥ AFINES ;;;;':;£ 47-2142 00; 51-5123.00; 53-9122.0;
] DFICIALES Y OPERARICS DE LA METALURGHA, LA CONSTRUCCION MECANICA Y AFINES
53-4071.00; 51-4121,00; 47-2211 00; 45-3021.00;
721J431/661/662/563{720/721 | MOLOEADORES. SOLDADORES, CHAPISTAS, CALDEREROS, MONTADORES DE ESTRUCTURAS I FINES '
/7007 METALCAS Y A 53-2041.00; 47-2221.00; 43-9096.00
51-4111.00; 51-4062.00; 53-4062.00; 51-2093.00;
T22|686/667/711/723{724/726 | HERRERCS, HERRAMENTISTAS ¥ AFINES 49-5059.00; 49-9094.00; 51-1011.00; 51-4194.00;
51-4109.00
. 49-1011,00; 43-3023.00; 49-3043.00; 49-3031.00;
48-3052.00; 49-3092.00; 48-30011 00; 45-3041.00;
723680/661/6E3/684/685 MECANICDS ¥ AJUSTADORI u d i
BI/GE1/EB3/564 ECARICD £ BE MAQUINAS 48-3042.00; 43-9041,00; 43-9042.00; 49-3061.00;
| 45-9095.00: 49-2092.00
; 47-2111,00; 47-4021 60; 47-4059.03; 48-5031.0C;
670/671/672/573/674/675, ' ¢ ; '
bl mf,?;"' TRSTHEUIGTS! |\ e ANICOS Y ARISTADGRES DE EQUIPQS ELECTRICOS Y ELECTRONICOS £9-2097.00; 51-2022.00; 43-2084.00; 51-2023.0C;
40-2002.00; 43-2071.00; 45-906.2.00; 49-9051.00
73] MECANICOS DE PRECISION, ARTESANOS, OPERARKDS DE LAS ARTES GRAFICAS Y AFINES
690/692/693/594/840/850/ ) 90069, 00; 49-9064, 00; 49-9051.00; 49906200,
Bl MECANICOS DE PRECISIGN EN METALES ¥ MATERIALES SIMILARES £1.5083,00, 49905300 51.9671.01
7331733 5155, 05; S1-9195.00; 519155, 0: 51-903L.00:
79| CORILITIONTALTIIT34] ALFARERGS, OPERAIOS DE CRISTALERIAS ¥ AFINES 51-5195,05; 51-9195.00; 51-3195.04; 51-0031.00;
735 51-9123.00
73605 /607/622/631/736/841/ JARTESANOS DE L& MADERS, TENDOS, CUERQ Y MATERIALES SIMILARES 27-1012.00; $1-9195.00
608/ 700/ 701 702/ 108/ 104/ 51-5011.00; 51-501.2.00; 51-5G21.00; 51-5022.00;
734] OFICLALES Y OPERARIOS DE LAS ARTES GRAFICAS Y AFINES
F05/706/707 /708703 51-9131.00; 51-9132.00
74 (OTROS OFICIALES, OPERARIOS ¥ ARTESANOS DE ARTES MECANICAS Y DE OTROS OFIIOS
242 TSUTSHTITISTSIE | oo v OPERARIOS DEL PROCESAMIENTO DE ALIMENTOS ¥ AFINES 51-3011.06; 51-3021.00; 53-3022.00; 51 3023.00;
750 51-3092,00
53-7011.00; 51-7021.00; 51-7031 00; 51-7032,00;
1a2)631/632/633/841 OFICIALES Y OFERARIOS OEL TRATAMIENTO DE LA MADERA, EBANISTAS Y AFINES 1. 709900
600/603/604/605,/605/607/
-1 b LK, E 51-1
743|610/611/612/613/614/615/ JOFICIALES Y GPERARIOS DE LOS TEXTILES ¥ DE LA CONFECCION ¥ AFINES :: g;g‘; 2:'2:; $ 51-6052.00: 51-6052.00,
616/617/618/615/B44/B46 s
610/620/621/522/623/770/
784 m! 2 /63 730]  OFICIALES Y OPERARIDS DE LaS PIELES, CUERQ ¥ CALZADO 51-6041.00; 51-6042.00
8| OPERADORES DE INSTALACKONES Y MAQUINAS ¥ MONTADORES
RRERADORES SONES ¥ MAQUINAS ¥ MONTADORES
[H OPERADORES DE INSTALACIONES FIJAS Y AFINES - .
611)715/716/736/802 OPERADORES D= INSTALACIONES MINERAS Y DE EXTRACCION ¥ PROCESAMIENTC DE MINERALES 47-5049.00, 47-5042.00; 51-8032.00 47-5021.00
51-4051.00, 51-4072.00; 51-2011.46; 51-4021.0C;
BL2| 720/ 722722/ 724 OPERADORES DE INSTALACIONES DE PROCESAMIENTO DE METALES 1419200
R13]730/792/734/737/740 OPERADORES DE INSTALACIONES DE VIBRIERIA, CERAMICA ¥ AFINES 51-8051.00; 47-2021.00; 51-9195.05; 53-3195.04
B814]531/746/748/ 780 OPERADORES DE INSTALACIONES DE PROCESAMIENTO DE LA MADERA ¥ L& FABRICACION DE PAPEL 51-7041.00
51-5021.00; $1-9012.00; 51-6093.00; 51-8091.00;
£15|734/7817 202§ 7437 1447842 |OPERADORES DE INSTALACIONES DE TRATAMIENTOS QUIMICOS {s1-0011.00 5 *
51-8099.04; 51-8012.00; S1-8023.00; 53-7072,00;
816{671/759/832/B60 OPERADORES DE INSTALACICNES DE PRODUCCION DE ENERGIA Y AFINES 570700 o
B17{80 OPERADORES DE CADENAS DE MONTAJE AUTOMATIZADAS Y DE ROBOTS INDUSTRIALES
B2 OPERADDRES DE MAOUINAS ¥ MONTADORES
[ 51-4034,00; 51-6032.00; 51-4035.00; 51-4031,00;
22 1oy ’ OPERADGRES DE MAQUINAS PARA TRABAJAR METALES Y PRODUCTOS MINERALES 51-4022.00; 51-4033.0C; 51-3032.00; 47-5049.00;
51-4022,00
B22{707/725/726/740/7£1/744 |OPERADGRES DE MAQUINAS PARA FABRICAR PRODUCTOS QUIMICOS 51-9121.00; 51-9132.00
: 51-9197.00; 51-4031.00; 51-4021.0C; 51-4192.00;
823842 OPERADORES DE MAQUINAS SARA FABRICAR PRODUCTOS DE CAUCHO Y DE MATERIAL PLASTICO 1405005547200, 5140380
824/631/632 OPERADORES DE MAQUINAS PARA FABRICAR PRODUCTOS DE MADERA 51-7042.00; 51-5121.00
825702/ 705/ 706/705/746/780_[OPERADORES DE MAGQUINAS DE IMPRENTA, ENCUADERNACION Y FABRICACION DE PRODUCTOS DE PAPEL 51-5023.00; 51-9196.00
5 gm/ggzgf:?gﬁlgilgﬁj DPERADORES DE MAQUINAS PARA FAERICAR PRODUCTOS TEXTILES Y ARTICULOS DE PIEL Y CUERG 52-6062.00; 51606200, 51- 6055
B26| 08,803/ 512/514/613/ a 53-6091L0; 51-6031,00, 51-9051.
6ZLIE2YTIOITTL
750/752/ 753/ 754/ 55/ 756/ . .
27 OPERADORES DE MAQUINAS PARA ELABORAR ALIMENTOS Y PRODUCTOS AFINES 51-3091.00; 51-3093.00; 51-8152.00; 51-9193,00
TS/ TS/ TG0/ TEL/BE -
609/623/632/680/681/633/
828)723/726/746/790{ 7901791} |MONTADORES 51-2031.00; 51-2027.00; 51-2092.00; 51-2099.00
792/842
829]671/736/821/823/835/975 | OTROS OPERADORES OE MACUINAS ¥ MONTADGRES 51-9111.00: 51-9191L.00
&3 CONDUCTORES DE VEHICULOS Y OPERADORES [ EQUIPOS PESADOS MOVILES
831(510/532/534 MAQUIN ISTAS DE LOCOMOTORAS Y AFINES 53 4011.00; 53-4012.00; 53-4099.00; 53-4021.00
} 53-3041.00; 53-3033.00; 53-3011.00; 53-3021.00;
. 832[500/501/502/505 CONDUCTORES DE VEHICULOS DE MOTOR 53302200, 53.3032.001 55 303 00
LA MO MAQUINAS MOVILES 53-3099.00, 537011 0C; 53-7021.00; 53-7031.00;
- c
E33{421/812/861/862 OPERADGRES DE MAQUINARIA AGRICOLA MOVILY DE OTRAS MAQUINAS MOVILES 53.7032.00, 53.7033.00, 53. 7041.00; 53 7(5L00
834J520/521/531 MARINEROS DE CUBIERTA Y AFINES |53-5611.00; 53.5022.05; 53-601 100
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C1U0-B8 [coTa 70 DENOMINACION s0c coe
9 TRABAJADORES NO CAUFICADOS
91l [TRABAPADORES NO CAISFICADOS DE VENTAS ¥ SERVICIDS
911J301/311/312/313/338 VENDEDORES AMBULANTES ¥ AFINES 41-9091.00: 41-9041.00
s12o53/275 LIMPIABOTAS ¥ OTROS TRABAJADORES CALLEJEROS 53-6021.00
37/920/92 . X X ; e ‘
23] 2 I20/SISROMTIIHN e AL DOMESTICO Y AFINES, LIVPIADORES, LAVANDERDS ¥ PLARCHADORES 37-2042.04 35-2013.00; 35 902100 37.2021.00;
941/923/952 474071
914)233/250/962 CONSERIES, LAY ADGRES DE VENTANAS Y AFINES 39-6012.00; 37-2011.00; 53-7061.00
43-5021.0¢; 29-6011.00; 39-2021.00; 39-612.00;
251/660/571 d
AGEO/ETHELLISN/IN |y ens ERos, FORTEADORES, PORTERDS Y AFINES 39-3031.00; 33-9032.00; 39-3093.00; 37-2011.00;
533/550/951/975
43-5041.00 :
916{312/834/83% RECOLECTORES DE BASURA Y AFINES 53-7061.00

9i7] TRABAIADORES WO CALIFICADOS DE SERVICIOS PERSONALES

2 [PEONES AGROPECUARIQS, FORESTALES, PESQUERDS ¥ AFINES
821(£20/432/424/430/440/450/ [PEONES AGROPECUARICS, FORESTALES, PESQUEROCS ¥ AFINES £5-2092.00; 45-3021.0G; 45-202 LX) 45-2041 .00

93 PECINES DE LA MINERIA, LA CONSTRUCOON, LA INDUSTRIA MANUFACTURERA Y EL TRANSPORTE -

47-4051.00; 47-3019.00; 47-3011.00, 47-3012.00;
PEON MINERI ) g
F31)a02/811 ONES DE LA ERIA Y L& CONSTRUCCION 47-3013.00; 47-3034,00; 47-3015.00, 47-3016.00
932|821/822/823/835 PEQNES DE 1A INDUSTRIA MANUFACTURERA 53-7064.00; 51-9139 00; 51-9198.00
47

933 ;:,GIEIBZOJEZL’EZZJSZ " JPEQNES DEL TRANSPGRTE 53-7121.00; 53-7062.00
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1991/92 1998/99 Difl. in Means 200142 2009/10 1if. in Means [l in Means

Variahle Mean Std.Dev Mean Std.Dev. |(98/99-9192)] Mean Std.Dev. Mean Std.Dev. |(09/10 - 01/02)] (09/10-9142)
|.og wages 4.094 0,606 4,198 0.739 0.104 4,100 0,764 4118 0,70 0.018 0,023 "g
Non-Married 0,189 0,392 0216 0,412 0,027 0,241 0,428 0,252 0,43 0,011 G063 E
Age 41,562 10.792] . 41111 10,482 -0.451 41,502 10,684 41,747 (0,71 0.245 0,184 E_
Fdueation : : >y
6 yeurs or less (ed 1} 0,415 0,493 0.339 0.473 -0,076 0274 0,446 0,251 0,43 -0,023 -0,164 ]
From 7 to § years (ed2) 0,324 0468 0,320 0,467 -0,004 0,284 0.451 0,280 0.45 -0,004 -0,044 E
From 16 to 12 years (cd3) 0,147 0.354 0,200 0,440 0,053 0.279 0.449 0,293 (146 0.014 0. 146 o
From 13 to 16 years (cd4) 0,052 0,222 0.064 0,245 (1012 0,067 0,250 0,076 1,26 (LO08 0,024 o~
16 and more years (ed5) 0,062 0,241 076 0,265 0,014 0,096 0,295 0,100 0,30 0,004 0.039 2
Expericnce U
Experience <5 {expl) 0.007 0,081 0.o08 0,087 0.001 0,008 {1,088 0,008 0,09 0.000 0,001 53
Sexpercince> 10 (exp2) 0,035 0,185 0.044 0,206 0009 0.051 0221 0,054 0.23 0,003 0.019 g
19=<Experience<15 (exp3) 0,118 0323 0,136 0,343 0018 - 0,137 0,344 0.126 0.33 -0,011 0,008 =1
15<Experience<20 {cxpd) 0,163 0,369 0,147 0.354 -0,016 0,148 355 0157 0,36 0,009 -0.006 a
20<Experience<23 (expS) 0,137 0,344 0,147 0,354 0,010 0,143 0,350 0,142 0,35 -0,001 0,005 o
25<Fxpertence<30 (expG} 0,124 0.330 0,140 0347 0,016 0,133 0,340 0.124 0.33 -0.609 Y 4
30<Experience<35 (exp7} 0115 0,319 0,114 0317 -0,002 0.125 1,331 0,132 034 0.007 0,017 g
35<Expericnce=40 (expk) 0,105 0,307 0.106 0,308 0,001 0,103 4,304 0,108 0,31 0,005 0.003 a
Expericnce>4() (exp?) 0,195 0,396 0,158 0,364 -0.038 0,152 0.359 0.149 0.36 -0.003 -0,047 454
Rest of the cowilry 0.474 0,499 0493 0,500 0.019 0,500 0.500 0,521 0,50 0,021 0,047

Resulls based on ECH data from 1991, 1992, 1998 1999, 200F, 2002, 2009, 2010,
Numbet of observations 1991/92: 13 918; 1998/99: 13,294, 200102 13,018, 2009/10: 30,600,

Souree: Author’s own calculntions.
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Appendix Table A.3. Men hourly wagé inequality measures

Year/Inequality Measure | 90-10 gap | 90-50 gap | 50-10 gap | Variance Gini
1991/92 1,635 0,891 0,745 0,444 0.089
1998/99 1,807 1,009 0,798 0,545 0,097
Change _ 0,171 0,118 (0,053 0,102 0,008
200172002 1,850 1,055 0,795 0,582 0,105
2009/2010 1,728 0,959 0,768 0,491 . 0.095
Change -0,122 -0,095 -0,027 -0,091 - -0,011

Source: Author’s own calculations.

000000 00000000000008000800080000000000R0OOCROOROGOSOOOGS

Results based on ECH data from 1991, 1992, 1998, 1999, 2001, 2002, 2009, 2010.
Number of observations 1991/92: 13,918; 1998/99; 13,294: 2001/02: 13.018; 2009/10: 30.609.
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Table A4. Aggregate Decomposition Results

Ine quality Measure: 96-10 90-30 50-10 Varlance Ginl

1991492 - 1998199
Total Change 01790 *** 01257 *** (0533 *** Q1035 *** (0079 ***
- (0,023) 0016) (0015) (0,010 (0,001}
Wage Structure 0.0723 #%% 00487 ¥ 00237 ** D517+ 00033 *=
- (0.022) (0.020) (0.013) (0011) (0.001)
Conpusition Q112 6 00794 ** Q0318 Q0S4 *EY (0047 FEE
(0.018) (0.015) {0.006) (0.008) {0.001)
Specification Error 0,002 0,0072 00012 0.0057 00004
(0.025) (0.022) (0,015) (0011 (0.001)
Reweighing Error 20,0129 -0.0095 -0,0033 -0.0063 * -0,0005
{0.011) {0.009) (0.003) {0,005) {0,000)

2001402 - 2009/10

Total Change D113 *5¢ 00932 F* 00181 7 00719 ¥ LGQOT2 FoR
(0017 (0.014) (0.013) (0010) (0,001)
Wage Struchire -0.1545 =7 -0,1196 **=* -0,0347 +*+ -0,0934 ¥ -0,0089 ¥**
(0,027 (0.019) (0.014) (0011 (0.001)
Composition 0.0416 ** 0.0277 ** 0.0138 ** 0.0232 *x* 00018 =**
(0,018) (©0013) (0,007) (0,008 (0.001)
Specification Error 0.0057 0,0027 00030 0.0147 00014 *
(0.027) 0,021) (0,020) 0,012 (0.00)
Reweighing Error -0,0043 -0,0041 -0,0002 00144 * -0,0015 ¥+
(0.012) (0,009) (0,004) (0.007) (0,001}

Notes: FFL (2010) decomposition method with F{X)} 199192 reweiglied 10 1998/99 and F{X) 2001/02 reweighted to 20092010,
Bootstraped standard etrors are in parenthesis (100 replications of the entire procedure).
The formulas for the Gifferent components are as following. The reweighting 2rror is the difference besween the total change and the sum of

the wage structure and composition sffects and the specificacion error .

Totai change: A= RiF (4.4 ~ &IF (¥o.t) Wage structure: 3L, =X, (77 - #0)
Composition: 8, = (XF — Xg)of Spectfication errer: 8%, = XEIFE ~ 95

Num-'ber of observations 1991/92: 13,917 ; 1998/9%: 15,294; 2601/2002: 13,033; 2009/10: 30.631.
Source: Avthor’s own calcnla ions. Results based on ECH 1991.1992,1958,199%.2001.2002 and 20052010 dma.
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Table AS, Detailed Decomposition Results 1991/92 - 1998/99

Ine quality Measure: 90-10 90-50 50-10 Yariance Gini

A: Detailed Composition Effects: -

Information -0,0008 -0,0007 -0,0001 -0,0003 0,0000

: (0,002} (0.002) (0.000) (0,001) (00000

Automation 00061 *** 1,0060 **+ 0,000 00028 % 0,0003 *x+*
(0.003) (0,002) (0,001) {0,001) (0.000)

Education 0,0645 ¥ 00524 ** 0,012]1 =+ 0,028() = 0,0018 *#**
(0,014} (0,012) {0,003) (0,006) - (0,000

Experience -0,0144 ** -00110 ** -0,0034 *= -0,0036 ** -0.0004 *
{0.006) (0.005) 0,002) {0.003) (0.000)

Industry : 00263 **¥ 0,0147 **=x 00116 *5* 0,0158 *** 00015 ¥+
(0,005) (0.004) (0,003 {0,003) -« (0,000

Others 0.0294 *x* 00179 *** 00115 *** 0,0117 *** 0.0016 ***
(0.009) {0,007 (0.,004) (0.004) {0,000)

Total Composition Effect 01112 **e 00794 *xx: 0,0318 4t 0,0524 *#+ 0,0047 %ax
(0.018) (0,013) {0,006) (0.008) (0,001)

B: Detailed Wage Structure Effects:

Information -(.0003 00013 -0.0015 *= ~0,0003 -0,0001
{0,001) - (0.001) (0.00n0 {0.001) (0,000)
Automation -0.0017 * 00019 % 0,0002 -0.0002 0,0000
(0,001} (0.,001) (0.000) (0.000) (0.000)
Education 00718 * (.0342 00376 (0.0327 ** Q0017
(0.055) (0.046) (0.030) (0017 (0.002)
Experience 02434 * 01608 00826 0,1192 *= 0,0085 *
{0,169) (0,150} (0.071) {0.063) (0.005)
Industry -0,1852 <0150 *++ -0,0331 -0,0596 ** -0.0042 *
(0.067) (0.05T) (0.037) (0.031) (0,003)
Others (L1058 **x 00671 ** 0.0386 0,0561 *** 0.006] ***
(0,044 - (0,037) {0,026) (0.021) (0,002}
Constant -0.1615 -0.0628 -0,0987 -0,0962 -0.0086 *
0217y {0,198) (0,095) (0.076) {0,006}
“Total Wage Structure Effect (0723 wx= 00487 *=* 0:0237 #* Q0517 =k 0,0033 **¥
(0,022) (0.020) {0,013) (0,011 (0001)

Notes: FFL (2010) Decomposition method with F(X) 991592 reweighted to 1993/99.

Bootstrapped standard errors are in parenthesis {100 replications of the entire procedure).

Explanatory grouped variables include, technology :automation and information content of tasks, 5 education classes

(6 years or less ommired), 9 potential experience classes (5 to 10 vears ommited). others (rest of ths country, nonmarried and public sector). 7 activity .
_sestors (Social and Personal services omemited)

*¥+¥ <01, ** p<0.03. * pQ.1

Number of observations 1991/92: 13917 ; 1998/99: 12.294.

Source: Author's own calculations. Results based on ECH 1991,1992 and 19981999 data.




. Table A6. Detailed Decomposition Results 2001/02 - 2009/10
-. Inequality Measure: ) 90-10 90-50 50-10 Variance Gini
_. A: Detailed Composition Effects:
. Information -0.0043 -0.0033 -0,0007 -0,0021 -0.0001
. (0,005) {(0,004) (0001} (0,003) {0,000
. Automation -0,0021 * -0,0021 * 00000 -0,002] * -0,0002 *
(0.001) (0,002) {0,000) (0,001) (0,000}
. Education 0,0424 »#= 0,0260 *=* 00164 > 0.0159 x= 0.0007 #*
o {0,014 {0,011) {0,004) {0.006) {0,000)
. Experience -0,0132 * -0,0082 * -0.0050 * -0.0058 * -0,0004 *
6 (0,008) (0.006) {0.003) (0,004) (0,000)
T Industry 0,0243 *== 00195 ==* 0,0047 * 0,0213 *== 00021 ***
| . (0,006} (0,003) {0,003} (0,004 (0,000)
® :Others - -0,0055 -0,0040 -0,0015 -0,0041 -0.0003
. (0.009) (0,006} {0,005) {0.004) (0,000
) Total Composition Effect 0.0416 ** 0.0277 == 00138 ** 0,0232 *¥= 00018 ***
@ : (0.018) (0.013) (0.007) (0.008) (0,001}
) . B: Detailed Wage Structure Effects:
_ [nformation - 0,019 00127 *#* -0,0019 0,0030 ** 0,0001
. (0,004) (0,004) {0,002) {0,002) (0,000}
. Automation 0,0033 *=* 0,0027 == 0,0006 0,0010 = 00000
® (0.002) (0,001 {0,001) (0.001) (0,000)
. Education -0,0226 0.0104 -00330 -0,0368 ** -0,0029 **
{0,042} {(0.038) (0,033) (0018 (0,002)
Experience -0,0683 0,0144 -0.0827 * -0,0757 * -0,0018
(0,116) (0.109) {0,054 {0,045) (0,004)
tndustry -02920 #¥5 02252 %% GDE6R ** 01151 0012
{0,059 (0,057) (0032) (0,030) (0,002}
Others 00123 0,0354 -0,0230 0,0150 0,0009
(0,04 (0041 (0,027) {0,024) (0,002)
Constant 02021 * 0,0299 0,1721 ** 0,1132 *=* 0,0060 *
(0,155) {0.143) (0,076} (0.060) {0,005
Total Wage Structure Effect -0,1543 s -0,1196 *** -0.0347 F*x -0,0954 =* -0,0089 ***
(0,022 {0,019) (0.014) (0,011) {0,001)

WNotes: FFL (2010) Decomnposition method with F(X) 2001/02 reweighted to 2009/10.
Bootsirap ped standard errors are in parenthesis (100 replications of 1he entire procedure).
Eaplanatory grouped variables include, technolegy (automation and information content of tasks). 5 education classes

{6 years or less ommited). 9 potential experience classes (5 to 10 vears ommited). others (rest of the country. nonmarried and public sector). 7 activity

sectors {Social and Personal services ommited)

x5 01, ** p<0.05. * p=<0.1

Nurnber of observations 2001/2002: 13.033: 2009/10: 20.631.

Source: Author's own caleulations. Results based on ECH 20601.2002 and 200%.2010 data.
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Appendix figures

@

Information Task Content and Wages
(1991-1999) :

Appendix Figure A.1

(i)

Information Task Content and Wages
{2001-2010)
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Appendix Figure A.2

A. Total Composition Effects 1991/92 to 1998/99
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B. Total Composition Effects 2001/02 to 2009/10
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Appendix Figure A.3

A. Total Wage Structure Effects 1991/92 to 1998/99
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Appendix Figure A.4
A. Technology Wage Structure Effects 1991/92 to 1998/99
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B. Technology Wage Structure Effects 2001/02 to 2009/10
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