econstor

A Service of

zbw

Make Your Publications Visible.

Leibniz-Informationszentrum
Wirtschaft
Leibniz Information Centre
for Economics

Ñopo, Hugo; Saavedra, Jaime; Torero, Maximo

Working Paper

Ethnicity and Earnings in Urban Peru

IZA Discussion Papers, No. 980
Provided in Cooperation with:
IZA – Institute of Labor Economics

Suggested Citation: Ñopo, Hugo; Saavedra, Jaime; Torero, Maximo (2004) : Ethnicity and
Earnings in Urban Peru, IZA Discussion Papers, No. 980, Institute for the Study of Labor (IZA),
Bonn

This Version is available at:
http://hdl.handle.net/10419/20216
Standard-Nutzungsbedingungen:

Terms of use:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Documents in EconStor may be saved and copied for your
personal and scholarly purposes.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

You are not to copy documents for public or commercial
purposes, to exhibit the documents publicly, to make them
publicly available on the internet, or to distribute or otherwise
use the documents in public.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

www.econstor.eu

If the documents have been made available under an Open
Content Licence (especially Creative Commons Licences), you
may exercise further usage rights as specified in the indicated
licence.

DISCUSSION PAPER SERIES

IZA DP No. 980

Ethnicity and Earnings in Urban Peru
Hugo Ñopo
Jaime Saavedra
Maximo Torero
January 2004

Forschungsinstitut
zur Zukunft der Arbeit
Institute for the Study
of Labor

Ethnicity and Earnings in Urban Peru
Hugo Ñopo
Middlebury College, GRADE
and IZA Bonn

Jaime Saavedra
World Bank, GRADE

Maximo Torero
IFPRI, GRADE

Discussion Paper No. 980
January 2004

IZA
P.O. Box 7240
D-53072 Bonn
Germany
Tel.: +49-228-3894-0
Fax: +49-228-3894-210
Email: iza@iza.org

This Discussion Paper is issued within the framework of IZA’s research area Mobility and Flexibility of
Labor. Any opinions expressed here are those of the author(s) and not those of the institute. Research
disseminated by IZA may include views on policy, but the institute itself takes no institutional policy
positions.
The Institute for the Study of Labor (IZA) in Bonn is a local and virtual international research center
and a place of communication between science, politics and business. IZA is an independent,
nonprofit limited liability company (Gesellschaft mit beschränkter Haftung) supported by Deutsche Post
World Net. The center is associated with the University of Bonn and offers a stimulating research
environment through its research networks, research support, and visitors and doctoral programs. IZA
engages in (i) original and internationally competitive research in all fields of labor economics, (ii)
development of policy concepts, and (iii) dissemination of research results and concepts to the
interested public. The current research program deals with (1) mobility and flexibility of labor, (2)
internationalization of labor markets, (3) welfare state and labor market, (4) labor markets in transition
countries, (5) the future of labor, (6) evaluation of labor market policies and projects and (7) general
labor economics.
IZA Discussion Papers often represent preliminary work and are circulated to encourage discussion.
Citation of such a paper should account for its provisional character. A revised version may be
available on the IZA website (www.iza.org) or directly from the author.

IZA Discussion Paper No. 980
January 2004

ABSTRACT
Ethnicity and Earnings in Urban Peru∗
In this paper we study the relationship between ethnic exclusion and earnings in Urban Peru.
Our approach to the concept of ethnicity involves the usage of instruments in many of its
several dimensions: mother tongue, parental background, religion, migration events and
race. In order to approximate what can be called racial differences in a context like the
Peruvian in which “racial mixture” is the main characteristic of the population, we use a scorebased procedure to capture both the differences and the mixtures. By means of this
procedure each individual is assigned intensities by pollsters in each of the four categories
that correspond to the most easily recognized distinct racial groups in the Peruvian society:
Asiatic, White, Indigenous, and Black. We find that the multidimensional race indicator is
correlated with several human capital and physical capital assets, as well as with access to
public services. Using an extension of the Blinder-Oaxaca (B-O) decompositions to allow
comparisons among infinitely many groups, we find that a substantial part of the earnings
differences between racial groups cannot be explained by differences in individual
characteristics. The results suggests that among wage earners after controlling for a large set
of characteristics, there are racially related earnings differences in favor of predominantly
White individuals. In the case of the self-employed, none of the empirical distributions of
earning differences attributable to race is substantially above zero.
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Introduction

The outcomes of discrimination and exclusion related to ethnicity, culture, physical appearance and religion
are very notorious. At the same time, the mechanisms by which those operate are rather subtle. Indigenous
or ethnic minorities are more likely to be poor than any other group. While overall the poverty rate is 54%,
according to the 2000 Living Standards Measurement Survey (LSMS), the poverty rate of the population
whose mother’s tongue is Quechua, Aymara or other native language is 70%. Moreover, more than 75% of
this group can be found in the three bottom deciles of the income distribution.
Ethnic and race discrimination in Peru has been studied, usually through the analysis of case studies,
rather than in a systematic general approach with some pretension of statistical significance. Callirgos(1993) gives a global overview of the origins and particular characteristics that Peruvian racism may
have. Oliart (1989), Pozzi-Escot (1989), Callirgos (1993), and Mendoza (1993) tried to tackle ethnic and
cultural discrimination. Finally, using case studies Sulmont (1995) has documented some of the elements
of social exclusion that may be present in Peruvian labor markets.
Despite the obvious importance of the topic for a country like Peru, there are very few data sources
that can capture ethnic discrimination, and empirical work that tries to tackle exclusion and discrimination
issues from a quantitative perspective is scarce. Most of the empirical literature has approximated racial
and ethnic discrimination with supposedly easily observable variables, in most of the cases, mother tongue
as in several of the World Bank studies. MacIsaac (1993), for instance, finds that more than 80% of nonindigenous people -defined as those whose mother tongue is Spanish- have access to public water supply
or access to electricity while less than 45% of indigenous people -defined as those whose mother tongue is
Quechua or Aymara- has access to the same type of public goods. She also finds that years of schooling
is 8.1 for non-indigenous people while it is only 5.5 for indigenous people, just to mention two of the
most striking diﬀerences. Psacharopoulos and Patrinos (1994) find that ceteris paribus, individuals whose
mother tongue is Quechua have earnings that are 8% lower than the average of the population.
However, the approximation of ethnicity using mother tongue is clearly incomplete, as there are other
ethnic diﬀerences within the Spanish and Quechua speaking populations.1 In this paper, in measuring the
eﬀect of ethnic exclusion over earnings, we improve over the measuring of discrimination by approximating
ethnicity using variables related to several dimensions of the concept, such as mother tongue, parental
background, race, and religion. All these variables are linked to diﬀerences among individuals that may
have measurable consequences over economic opportunities.
1 Other attempts to approximate ethnic characteristics are found in some household surveys in Peru. As an example, the
2000 Living Standards Measurement Survey (LSMS 2000) inquiries about racial characteristics, and more than 98% of the
rural populations is self-reported as ”Mestiza” (mixed race), and only a tiny percentage of the sample self-report themselves
as Indigenous, Asian, Black or White.
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One of the major concerns when measuring race is that the Peruvian population is neither predominantly
Indigenous nor White nor Black nor Asian, but is a continuum of diﬀerent degrees of mixtures that is
diﬃcult to treat empirically. In order to approximate what can be called racial intensities, a score-based
procedure is used. In such procedure every individual receives a score (in an ordinal scale ranging from 0
to 10) for each of the four categories representing the groups that are most easily recognized by people as
distinct racial groups: Asian, White, Indigenous, and Black. We construct indicators based on self-reported
data and pollster’s data.2 Several papers have looked at the eﬀects of racial diﬀerences in a similar fashion.
For instance; Arce, Murguia and Frisbie (1987) use in their study two phenotypical dimensions: skin
color, ranging from very light to very dark and physical features, from Very European to Very Indian,
both on a 1 to 5 scale. Johnson and Farrell (1995) look at diﬀerences in income between light-skinned
and dark-skinned black males in Los Angeles. Darity and Mason (1998) review studies that use ”skin
shade”, i.e. dark skinned black males with light skinned black males as categories of analysis. Using Latin
American data, Silva (1985) compares earnings of blacks, mulatos and whites in Brazil, and Telles and Lim
(1998) use a classification of black, morenos and whites to analyze earning diﬀerentials in Brazil combining
self-reported data with data reported by pollsters.
The instruments that proxy ethnicity are then used in an econometric setup in order to explore their
interaction with earnings. For that purpose we extend the Blinder-Oaxaca decomposition of wage gaps in
a setup in which there is a continuum of comparing groups, as it is the case for the racial characteristics
of the Peruvian population.
The rest of the paper is organized as follows: In Section 2 we introduce our approach to measure ethnicity
in Peru, showing our findings for the newly created data. Section 3 shows an analysis of the interplay among
race and ethnic variables with a set of characteristics related to the performance of individuals in the labor
market. Section 4 is devoted to the extension of the Blinder-Oaxaca decomposition to a setup in which
there are not only two comparing groups but a continuum of them. Section 5 shows the main findings of
the coeﬃcient decompositions. Finally, conclusions are presented in Section 6.

2

Measuring Ethnicity

The anthropology literature, defines the concept of ethnicity in a general way as the community of individuals that share cultural elements and that organize their daily life around it. Generally, it is associated
with the idea of native communities that are isolated or that have reduced contact with other communities.
In urban settings, ethnic characteristics are associated, in a complex and passionately debated interaction,
2 See

Angel and Gronfein (1998) and Anderson, Silver and Abramson (1998) for previous use of this methodology.
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with culture, religion, language, traditions and race, among other dimensions.
As mentioned above, we use information on mother tongue, religion and parental background to approximate ethnic diﬀerences. A more complex issue is the use of race indicators as an additional dimension
of ethnicity. Several disciplines debate the complex interplay that exists between race and ethnicity. Here
we just recognize that race, together with other ethnic characteristics, may generate diﬀerences among people that may have measurable consequences over economic opportunities. In order to approximate racial
characteristics a score-based procedure is used, in which each individual received a score for each of the
four categories: Asiatic, White, Indigenous, and Black; which are groups that are more easily recognized
by people as distinct racial groups. Scores were given by each individual and independently by the pollster. This score ranges from 0 to 10 in each category; with zero meaning that the individual did not have
physical characteristics that resembled a typical individual of the respective racial group and 10 that she
had mostly characteristic features of that group. With this multi-dimensional racial intensity indicator, we
are able to characterize a person as a Mestizo, but within those Mestizos, there is still racial variability.3
The self-report of race has been used in other countries with some success due to the fact that the
classification of races in other places tends to be easier or more direct (see Hirshman and Alba, 1998 and
Telles and Lim, 1998). However, in Peru, the majority of the population tends to define themselves as
”Mestiza”, category that includes people who actually have very diﬀerent characteristics and are perceived
by the others also as very diﬀerent. The use of a second source of information, as it is the pollsters’
perception is a technique supported by arguments as those exposed by Angel and Gronfein (1988) and
Anderson, Silver and Abramson (1998). Even though this method might be also subjected to various
criticisms, we tried to reduce the problems associated to the inter-observer variability with an intensive
pre-fieldwork training, as suggested by Boergerhoﬀ-Mulder and Caro (1985).4
There are three additional aspects through which we capture ethnic characteristics. First, we use
language, a variable that typically has been used as the sole indicator of ethnicity in many labor studies in
Latin America. Here we use language information for the individual and for his/ her parents. The second
aspect is migration. In the data set, we consider both short-term migration as well as migration from place
of origin, which is important due to the migratory process that has taken place in Peru in the last 50 years.
Finally, since the religion of the individual might be relevant, we consider this variable as well.
3 For certain econometric procedures, it was also useful to dichotomize our measure in order to identify three diﬀerent
groups: ”Indigenous”, ”Whites” and ”Mestizos” (Also Asian and Black were identified but the sample sizes were too small).
4 In addition, following Allport and Kramer (1946), Scodel and Austrin, (1957), and Toch, Rabin and Wilkins (1962); we
used pictures as instruments to standardize the pollster’s reports. We carried out an intensive training in order to minimize
inter-observer variability, homogenizing scoring criteria among all pollsters.
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2.1

The Data

The data used comes from the urban households of the LSMS survey for 2000 and from an additional
module carried out by GRADE in 2001. The latter was applied to a significant fraction of urban household
members eighteen years or older and was designed to explore in depth racial and ethnic characteristics.5
A novel and interesting feature of this additional module is the way the ”race” variable was surveyed.
As previously mentioned, the race of each individual had been considered as a four-dimensional vector
(White, Indigenous, Black and Asian) with an ordinal measure of intensity, ranging from 0 (lowest) to
10 (highest), in each dimension independently.6 For example, a predominantly white individual could be
one with intensities 7, 1, 0 and 1 for the categories White, Indigenous, Black and Asian, respectively. An
example of a predominantly indigenous individual could be one with intensities 2, 8, 0 and 1 in the same
dimensions. With this feature, we are able to capture better the racial diversity and the diﬀerent degrees
of ”mestizaje” present in the Peruvian society.
Figure 1 shows the distribution of the population according to the intensities in each race category,
using the perceptions of the pollsters. As observed, the White intensity distribution is skewed towards
the right, suggesting that the majority of individuals are characterized by pollsters as having some white
characteristics, but are not predominantly white; on the other hand the indigenous intensity distribution
is more skewed towards the left. Because populations with a strong Asian or Black ancestry are relatively
small, the LSMS is not necessarily representative of these groups. Still, a small number of individuals have,
according to pollsters’ perceptions, racial features that resemble observable characteristics of these groups.
An immediate implication of the distribution of the population according to racial intensities will be our
inability to establish statistical regularities regarding these latter groups. Therefore, we will concentrate the
discussion on the consequences on earnings of racial diﬀerences among people with white and indigenous
traits. In some statistical application where it is informative to divide the sample into groups, we use
predominantly White, predominantly Indigenous and Mestizo as analytical categories.
As it is documented in the literature and shown in 2, there are significant diﬀerences between the
race variable self-reported by the individuals surveyed and the same variable reported by the pollster (for
example see Tellez (1998) for the Brazilian case).
5 The module covered 70% of the original people surveyed (5,700 individuals). The lost by attrition of 30% of the cases
did not represent significant diﬀerences in the main individual and household characteristics between this sub-sample and
the total sampled population. In addition, the special module elaborated for this project included questions regarding
physical characteristics, linguistic uses, geographic origin, religious habits, and information related to parents (mother tongue,
geographic origin, religion and education). The survey also included a section dedicated to questions about credit, access to
social capital of the people surveyed and cultural consumption. Finally, questions related to discrimination episodes were
included.
6 We did not impose ex-ante any condition on the values that the 4-dimensional vectors of racial characteristics may attain.
That is, we left room for any of the 11x11x11x11=114 possible combinations of race intensities. Interestingly, the results
obtained show low variability in terms of the sum of the four racial intensities for each individual.
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Figure 1: Racial Intensity Distributions in Urban Peru - Pollster’s Perception
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Figure 2: Comparison between Race Intensity as Reported by Pollster and Self Reported
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The self-reported White intensity distribution is skewed to the right of the same distribution reported
by the trained pollster, while the self-reported indigenous intensity distribution is skewed to the left of
the same distribution reported by the pollster. Overall, respondents tend to score themselves with higher
values of white intensity and lower values of indigenous intensities than pollsters. That is, individuals
consider themselves “less indigenous” than they are actually perceived by pollsters.
Given that the paper’s main objective is to identify labor market exclusion given observable ethnic
characteristics and not self-exclusion, we will concentrate on the pollster scores rather than the self reported scores. However, diﬀerences between both types of scores could have strong implications on the
quantification of the racial earnings gaps.7
We are relying on the fact that people associate the words White, Indigenous, Black and Asian with
diﬀerent sets of phenotypic characteristics. Given other individual traits, these characteristics as perceived
by a third person may or may not be associated with other socioeconomic variables or outcomes. Race,
together with other ethnic-related characteristics, may have real eﬀects in the labor markets, which we will
try to approximate here, though we do not dwell into the specific sociological or economic mechanisms that
may cause these eﬀects.

3

Ethnicity and Individual Characteristics

Figure 3 present the relationship between racial intensities and some key variables.8 It should be noted
that the pollster records her own perception about racial intensities independently of the answers that the
respondent gives about her characteristics.9 Years of schooling are positively correlated with the White
intensity indicator and negatively correlated with the Indigenous intensity. Similarly, the same pattern is
observed regarding attending a private educational institution, access to phone lines and access to health
insurance.
Individuals perceived as predominantly White report higher levels of education, a smaller family size and
fewer children. Individuals that are predominantly Indigenous are less educated and have more children.
Individuals perceived as having more Indigenous features report more frequently that their mother tongue
is a native language, and are slightly more likely to be Christian non catholic, and are much more likely
to be migrants. Regarding parental background, as the White intensity increases, mother’s education is
higher and the likelihood of the mother having a native language as a mother tongue is lower. Moreover,
7 As it is shown by Telles and Lim (1998) for the Brazilian case, while the White-Brown gap is around 26% using the
pollster perception, it is reduced to 17% if the self-report is used (both gaps are calculated controlling for human capital and
labor market characteristics).
8 We do not report White intensities of 9 and 10 as the number of observations for these cells is too small.
9 Moreover, the main LSMS survey was applied a few months before people were re-interviewed for the additional ethnic
module.
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when we look at labor-related characteristics as the log of hourly income, the quintiles with higher White
intensity had higher incomes than the quintiles with higher Indigenous intensities. Also, among the whiter
quintiles there are more professionals and technicians, as well as executive staﬀ.10
Figure 4 shows the relationship between racial intensities and poverty. The horizontal axis indicates the
race intensities as perceived by the pollster and the vertical axis shows the proportion of poor individuals.
It is clear that the higher the intensity of White the less poor are households and the higher the intensity
of Indigenous the poorer they are.
Analyzing raw averages for the self-employed and private wage earners, the log hourly wage is positively
correlated with the White intensity indicator and negatively correlated with the Indigenous intensity. In
both cases and at the same time the average levels of earnings are lower for the self-employed than for the
private wage earners (see Figure 5 and Figure 6).
Mother tongue seems to have a strong correlation with raw earnings but only among the self-employed.
Also, among the self-employed there is a small diﬀerence in earnings depending on migrant status. There
are diﬀerences in log hourly wages between workers of diﬀerent religions. Finally, being born in a rural area
is correlated with lower earnings, independent of the type of job, as shown in Table 2. All these variables,
however, may be correlated with human capital and demographic variables, so further analysis is required,
as presented in the next two sections.

4

An Extension of the Blinder-Oaxaca Decomposition to a Continuum of Comparisons.

The Blinder-Oaxaca approach to decompose the wage gap between two comparing groups can be naturally
extended into a setup in which there are not only two groups but a continuum of them (as it is the case with
the racial characteristics of the Peruvian population). This section is devoted to introduce such extension.
With the purpose of simplifying the presentation, we will change slightly the traditional notation involved
in the Blinder-Oaxaca decomposition. After this, the extension to a continuous setup will seem natural.
In a setup in which there are two comparing groups (males and females, blacks and whites, formal and
informal workers, etc.), let the dummy variable ti indicate the group at which individual i belongs (ti = 0
for those individuals i that belong to the base group and ti = 1 for those individuals i that belong to the
comparing group). Denoting by yi the earnings of individual i, the wage gap can be expressed as
α1 = E [y|t = 1] − E [y|t = 0]
1 0 Detailed

tabulations of these demographic characteristics are available from the authors upon request.
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(1)

Figure 3: Selected Individual and Family Characteristics by Racial Intensity
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Figure 4: Poverty Index by Racial Intensity
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Figure 5: Hourly Earnings by Racial Intensity and Type of Employment
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Figure 6: Log hourly earnings by other ethnic characteristics and type of employment
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Which in turn can be computed from the estimated slope of the equation
yi = α0 + α1 ti + εi

(2)

In this setup, the Blinder-Oaxaca approach decomposes the α1 coeﬃcient, the wage gap, on the basis of
observable characteristics. For that purpose, it is necessary to estimate the (Mincerian) earnings equation
yi = β 0 + β 1 xi + β 2 ti + β 3 xi ti + ν i

(3)

where t is the dummy variable introduced above, x is a n-dimensional vector of observable characteristics
(age, education and occupational experience, among others), β 1 and β 3 are the corresponding n-dimensional
vectors of “rewards” for those characteristics (β 1 for individuals of group 0 and β 1 + β 3 for individuals of
group 1) and β 0 and β 2 are one-dimensional coeﬃcients. Then, 1 can be expressed as
α1 = E [(β 0 + β 2 ) + (β 1 + β 3 ) x|t = 1] − E [β 0 + β 1 x|t = 0]
which after some re-arrangements becomes

α1 = (β 0 + β 2 ) + (β 1 + β 3 ) E [x|t = 1] − β 0 − β 1 E [x|t = 0]
α1 = β 1 (E [x|t = 1] − E [x|t = 0]) + β 2 + β 3 E [x|t = 1]
α 1 = ∆x + ∆0 .

(4)

Now, ∆x ≡ β 1 (E [x|t = 1] − E [x|t = 0]) and ∆0 ≡ β 2 + β 3 E [x|t = 1] can be interpreted in the traditional way. ∆x is the component of the wage gap that is explained by the diﬀerence in average characteristics of the individuals, while ∆0 is the component that remains unexplained and can be attributed to the
existence of a combination of discrimination and unobservable characteristics.
This setup in which t is a binary variable can be extended into another in which t is continuous. Now,
1 from equation 2 has to be rewritten as
α1 =

cov (y, t)
.
var (t)

¡ ¢
Just for presentation purposes, without loss of generality, let us assume E (t) = 0 and E t2 = 1,11 then
1 1 As I will discuss later in this section, the two moment assumptions made here have the only purpose of algebra simplification. The results are still valid without any of them.
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α1 = E [yt] or
α1 =

Z

tE [y|t] dF (t) ,

D

where D represents the domain and F represents the cummulative distribution for t. Next, using the
earnings equation 3 in the new expression for α1 will lead to
α1 =

Z

(β 0 + β 1 E [x|t] + β 2 t + β 3 tE [x|t]) tdF (t) .

D

Using the properties assumed on the first two moments of t we have
α1 =

Z

(β 1 + β 3 t) E [x|t] tdF (t) + β 2 .

(5)

D

Now, noting that β 3 E [x|t = t0 ] is equivalent to

R

(β 1 + β 3 t) E [x|t = t0 ] tdF (t) , we can add the former

D

and subtract the latter from the right-hand side of 5 to get, after some re-arrangements
⎡
⎤
Z
α1 = ⎣ (β 1 + β 3 t) (E [x|t] − E [x|t = t0 ]) tdF (t)⎦ + [β 2 + β 3 E [x|t = t0 ]]
D

fx + ∆
f0 .
α1 = ∆

(6)

Which now has an analogous interpretation to the Blinder-Oaxaca decomposition.
fx =
∆

Z

(β 1 + β 3 t) (E [x|t] − E [x|t = t0 ]) tdF (t)

D

is the component of α1 that can be explained by the aggregated diﬀerences in average characteristics
between individuals of type t0 and the rest of the population.
f0 = β 2 + β 3 E [x|t = t0 ]
∆

is the component of α1 that remains unexplained.

The two moment conditions about t were assumed only for expositional purposes. Without impossing
any of those assumptions on t, the decomposition changes only slightly, it becomes
R

fx = D
∆

(β 1 + β 3 t) (E [x|t] − E [x|t = t0 ]) (t − E [t]) dF (t)
var (t)
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and
f0 = β 2 + β 3 E [x|t = t0 ] .
∆

f0 , as a function of β 2 , β 3 and E [x|t = t0 ], does
Note that the expression for the unexplained component, ∆
not change.

Also, instead of adding β 3 E [x|t = t0 ] and substracting its equivalent form, it is possible to simply add
R
the unconditional version β 3 E [x] and substract its equivalent form (β 1 + β 3 t) E [x] tdF (t). In such a
D

way the decomposition becomes:

R

fx = D
∆

and

(β 1 + β 3 t) (E [x|t] − E [x]) (t − E [t]) dF (t)
var (t)

.

f0 = β 2 + β 3 E [x] .
∆

Which can be interpreted in the light of a slightly diﬀerent counterfactual situation, analogous to the one
in [?].
Finally, it is straightforward to verify that for the particular case in which t is binary and t0 = 1 (the
f0 in (4) becomes equal to ∆0 in (6). The decomposition I introduced
traditional Blinder-Oaxaca setup), ∆

in this section is a generalization of the traditional Blinder-Oaxaca decomposition for a situation in which,
instead of two comparing groups, there are infinitely many of them.

5

Racial Wage Gaps in Urban Peru

For the setup of this paper, the continuous variable t will be approximated by a variable p such that pi
denotes the percentile of individual i in a ordering of race intensities where the primary ordering key is the
white intensity (treated in an ascending order) and the secondary ordering key is the indigenous intensity
(treated in a descending order). Then, we can consider p as a continuous variable in the interval [0,1].
The base-group in this application is conformed by those individuals in the lowest percentiles of the white
distribution, that is t0 = 0.
We estimated earnigs equations, controlling for sex, age (and its square), years of schooling, marital
status, years of occupational experience (and its square), occupation (eight dummies for nine occupational
groups), firm size (four dummies), city (a dummy that distinguishes Lima from the rest of the nation),
mother’s educational level (two dummies), number of sick days during the last year, migratory condition
(a dummy) and hours worked per week. The results obtained for an estimation with the whole national
f0 = 0.1195. According to these figures, the average individual with the
sample are α1 = 0.4947 and ∆
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Figure 7: Racial Coeﬃcient Decomposition by Diﬀerent Partition Criteria
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Geographic
Lima
Rest of the Nation
Gender
Females
Males
Type of Employment
Private Wage Earners
Public Wage Earners
Self-Employed

highest white intensity (percentile 100) earns approximately 49.47% more than the average individual with
the lowest white intensity (percentile 1) in per hour terms. This diﬀerence is partially explained by the
fact that the average individual with the highest white intensity has individual characteristics that exceeds
those of the average individual with the lowest white intensity. After accounting for those diﬀerences in
observable characteristics, there is still a diﬀerence of 11.95% in favor of the white individulas. A confidence
f0 , the measure of unexplained diﬀerences in wages, ranges from 0.5% to 23.4%.12
interval for ∆

Partitioning the sample by diﬀerent criteria will shed some lights. Next, in Table 7 we present the
³ ´
f0 for
coeﬃcients for averages diﬀerences in wages (α1 ) and their corresponding unexplained components ∆
partitions that consider geographic, gender and type of employment criteria.The results suggests that there

are more evidences of diﬀerences in pay that cannot be explained by diﬀerences in observable characteristics
among those who live in Lima, those who are females and those who work as dependants (either in the
private sector or in the public sector).
A simultaneous look at gender and racial diﬀerences in earnings reveals that the gender wage gap varies
with racial characteristics, being the case that the gap is smaller among those with white characteristics.
If the gap among males and females at the lowest percentile of white intensity is around 30.71%, it attains
16.30% between those males and females at the highest percentile (after accounting for diﬀerences in
observable characteristics), as we can see in Figure 8.
1 2 This

result has been obtained from 5000 bootstrap iterations.
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Figure 8: Average Wages By Gender and Race
Average Wages By Percentiles of White Intensity
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Conclusions

Given that Peru is an extremely diverse country where ethnic groups cannot be easily identified, we
approximate the ethnic diversity of the country using a large set of variables like language, religion, origin
and race. The use of race indicators in a country like Peru is complex. Here we recognize that race,
together with other ethnic characteristics, may generate diﬀerences among people that may have measurable
consequences with regard to economic opportunities. In order to approximate racial characteristics we use
a score-based procedure in which each individual received a score for each of the four categories Asiatic,
White, Indigenous, and Black, which are groups that are more easily recognized by people as distinct racial
groups. Scores were self-reported by each individual and were also assigned, independently, by the pollster.
With this multi-dimensional racial intensity indicator, we are able to characterize a person as a Mestizo,
but within those Mestizos, there is still racial variability that we can capture and explore.
The self-reported White intensity distribution is skewed to the right of the same distribution reported
by the trained pollster, while the self-reported Indigenous intensity distribution is skewed to the left of
the same distribution reported by the pollster. Overall, respondents tend to score themselves with higher
values of White intensity and lower values of Indigenous intensities than pollsters score them. The empirical
analysis shows that our race indicators are clearly related to poverty variables and specific assets. For
instance, individuals who have higher intensities in the White scale have a lower poverty index, more years
of schooling, greater access to phone lines, and more access to health insurance and to private education.
Extending the traditional decomposition of wage gaps (Blinder-Oaxaca) to a setup in which, instead
of comparing two groups, there is a continuous of them, we found interesting results. In Urban Peru, the
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extremely white individuals earn approxiamtely 50% more than the extremely indigneous. After accounting
for the diﬀerences in other observable characteristics related to earnings, there is still a premium of 12%.
The results suggest that there is more evidence of racial discrimination in Lima than in the rest of
the nation, also more discrimination among females than among males, and finally, more evidence of
discrimination among the wage earners (public or private) than among the self-employed.
There is an interesting link between racial and gender diﬀerences in earnings. The gender wage gap is
bigger among those individuals with the fewest white observable characteristics.
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