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Abstract
We investigate whether employers use university prestige to statistically discriminate among
college graduates. The test is based on the employer learning literature which suggests that if employers use a characteristic for statistical discrimination, this variable should become less important
for earnings as a worker gains labor market experience. In this framework, we use a regression discontinuity design which estimates a 19% wage premium for recent graduates of the most selective
universities in Chile. However, we find that this premium decreases by 3 percentage points per year
of labor market experience. These results suggest that employers use college selectivity as a signal
of workers’ unobservable productivity when they graduate from college. Nevertheless, as workers
reveal their quality throughout their careers, they are rewarded based on their productivity rather
than the prestige of their college.
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Introduction

Labor markets are characterized by incomplete information on the productivity of workers (Spence,
1973). There are some characteristics of workers, such as labor market ability, that are important for
performance on the job but are not easily observable by employers. In this context, employers often
have to make judgments about unobservables on the basis of the available information. Within this
framework, statistical discrimination is defined as employers using a group identity of workers to
infer their unobservable productivity. The most traditional group identity studied in the statistical
discrimination context is race (Phelps, 1972 and Aigner and Cain, 1977). In this literature, the racial
wage gap is justified not because employers are prejudiced against a particular race but because
they use race identity to predict the unobservable quality of workers. More recently, evidence was
found that firms use years of education to statistically discriminate workers (Altonji and Pierret,
2001 and Lange, 2007).
In this paper we study a new dimension of statistical discrimination: we investigate whether
employers use the prestige of the university attended by a worker to predict his or her unobservable
productivity. We believe that college prestige satisfies the criteria of a group identity that might
be used for statistical discrimination for two main reasons. First, this information is easily observable by employers: college graduates present university names in their resumes and prestigious
universities are widely recognized in the labor market. Second, there is evidence that more talented
individuals attend more prestigious universities (Hoxby, 1998 and Dale and Krueger, 2002). Overall, elite universities have a very competitive application process and tend to select higher quality
candidates.1 Within this framework, it is natural to believe that employers use university prestige
to infer the unobservable labor market quality of workers.
In order to test whether employers use university prestige as a signal of unobservable productivity of workers, we rely on the employer learning and statistical discrimination (EL-SD) literature
(Altonji and Pierret, 2001).2 The underlying assumption is that at the early stages, employers as1 As will become clear later, the underlying assumption is that universities are better at screening candidates than
employers.
2 Other important papers in this literature include Lange (2007), Schönberg (2007), Arcidiacono et al. (2010),
Mansour (2012) and Bordon (2014).
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sess workers on the basis of easily observable variables that are correlated with their unobservable
productivity. As a worker gains experience in the labor market, employers weigh these characteristics with other information that becomes available, such as references and on-the-job performance.
If employers use a characteristic to statistically discriminate a worker in the early stage of his career,
this characteristic should become less important for earnings as a worker reveals his productivity
over time.
We use data from the Futuro Laboral Project of the Chilean Ministry of Education to test
whether employers use college selectivity as a signal of worker’s unobservable quality. This data
satisfies the purpose of the paper for several reasons. First, it follows different cohorts of Chilean
college graduates during their first years in the labor market, the period in which most employer
learning happens (Lange, 2007). Second, the data presents information on labor market outcomes
such as earnings, and we can identify workers who graduate from elite universities. Finally, the data
contains information on the Chilean centralized test for admission to universities. This information
will be used to provide both a measure of a worker’s ability not easily observed by employers and
as a running variable in the regression discontinuity test we propose.3
We perform the EL-SD test in two different ways. We first follow the EL-SD test proposed by
Altonji and Pierret (2001) and estimate an earnings equation where both returns to graduating
from a prestigious university and hard-to-observe ability measures can change with experience. If
employers statistically discriminate among workers on the basis of college prestige, then as employers
learn about a worker’s productivity over time, the coefficients on university prestige should fall, and
the coefficients on hard-to-observe ability measures should rise with experience. We use the math
and reading scores in the university admission test as the measure of a worker’s ability not easily
observed by employers. We present further evidence that math and reading scores are good measures
of hard-to-observe correlates of productivity.
3 Kaufmann et al. (2012) , Hastings et al. (2013) and Zimmerman (2013) are recent papers that have also explored
the discontinuities generated by the centralized admission process for universities in Chile. Kaufmann et al. (2012)
looks at effect of graduating from an elite university on marriage outcomes. Hastings et al. (2013) studies labor
market returns to college admission. Zimmerman (2013) shows that students admitted to prestigious universities are
more likely to reach managerial positions, but this achievement is concentrated among students who graduated from
private high schools. None of these papers explore how the selective university wage premium changes throughout a
worker’s career, which is the main object of interest of this paper.

3

In addition to the traditional EL-SD test, we take advantage of Chile’s centralized university
admission process to propose a statistical discrimination test based on a regression discontinuity
design (RD). Using information from the admission test scores, we are able to identify workers who
were just above or just below the admission thresholds to the two most prestigious universities
in Chile. We propose a RD statistical discrimination test that compares the earnings’ dynamics
between these two groups of workers as they gain experience in the labor market. The test assumption is that workers just above and just below the admission thresholds are similar in terms of their
pre-college unobservable characteristics.
The RD statistical discrimination test predicts that if employers use university prestige to statistically discriminate workers: i) individuals barely admitted to the most selective universities in
Chile should be paid substantially more than those barely rejected when they graduate from college;
ii) the wage differential between these two groups of workers should shrink as individuals progress
in their careers. In contrast to the traditional EL-SD test, the estimation of the regression discontinuity test can be interpreted as the causal effect of graduating from a prestigious university on
earnings for those near the admission cutoff. We show that, different from the traditional EL-SD
test, our RD approach is not biased by other individual’s characteristics that might be used by
employers for statistical discrimination, such as family socioeconomic status.4
We find evidence that employers statistically discriminate using both the traditional EL-SD and
the regression discontinuity test. Following the traditional EL-SD test we estimate that college
graduates from the two most selective universities in Chile earn on average 26% higher wages after
graduation. However, we find this wage premium decreases by 1.7 percentage points per year of
experience. We also estimate that the Math component of the admission test, one of our measures
of ability not observed by employers, increases in importance for wages as workers accumulate
experience. These results are in accordance with the predictions of EL-SD test proposed by Altonji
and Pierret (2001) if employers use prestige of universities to statistically discriminate workers.
The regression discontinuity design approach provides further evidence for statistical discrimina4 As

it will become clear later, the traditional statistical discrimination test presented in Altonji and Pierret (2001)
is biased on the basis of the treatment variable. However, as a test of employer learning itself it is unbiased.
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tion. We estimate a 19% wage premium for recent graduates of the two most prestigious universities
in Chile, but this wage premium decreases by 3 percentage points per year of experience. The difference between the traditional EL-SD test and the RD test can be interpreted as evidence that there
are individual characteristics used for statistical discrimination by employers that are correlated
with university selectivity, but not available in the data.
Finally, under some stronger assumptions, we are able to distinguish the contribution of the
human capital effect from the signaling effect on the prestigious university wage premium. Following
the estimation procedure proposed by Lange (2007), we use the RD coefficients estimated at each
experience level to recover the parameters of the employer learning model. Based on this procedure,
we find that the human capital effect represents at most 14% of the college prestigious premium
for recent university graduates, with the remaining 86% being driven by signaling effects.
Based on these findings, this paper contributes to different dimensions of the existing literature.
First, this paper is a contribution to the EL-SD literature because we study statistical discrimination
on the basis of a different group identity. While there is extensive literature analyzing the use of
race, gender, and schooling, ours is one of the first papers to study whether employers use university
prestige to statistically discriminate workers. To the best of our knowledge, Lang and Siniver (2011),
Hershbein (2013), and Araki et al. (2015) are the only other papers that have addressed this issue.
While Lang and Siniver have a similar approach to estimating how returns to attending an elite
university in Israel change with labor market experience, the authors are unable to properly exploit
the regression discontinuity in the college admission process.
Furthermore, as far as we know, our paper is the first to propose an employer learning-statistical
discrimination test based on a regression discontinuity design. We show that the traditional test
proposed by Altonji and Pierret (2001) is biased for the treatment variable if employers also statistically discriminate workers on the basis of characteristics that are not present in the data and are
correlated with graduating from a prestigious university.
Second, we contribute to the literature that studies the effect of graduating from an elite university on labor market outcomes. There is an extensive series of papers that estimate the returns
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to graduating from a selective university on earnings. Brewer et al. (1999) uses US survey data and
Heckman selection corrections to find significant returns to attending an elite private institution.
Dale and Krueger (2002) compare the earnings of individuals attending more selective colleges to
those of individuals who were accepted at similarly selective colleges but who chose to attend less
selective institutions. Dale and Kruger find negligible effects from attending a selective college,
especially for students from middle and high-income families.5 Black and Smith (2006) discuss
several approaches for identifying the university selectivity wage premium. Using the NLSY79 and
their preferred GMM method, the authors find a selectivity premium that is smaller than the earlier
studies, but still statistically significant.
There are also more recent papers that have used a regression discontinuity design to estimate
the effect of attending a prestigious university on earnings. Hoekstra (2009) uses a test score
admissions cutoff to estimate the returns to attending a flagship state university in the U.S. The
main finding of the paper is that male students above the admission cutoff earn 20% more five to
ten years after graduation relative to those below the cutoff. Saavedra (2008) estimates a 20% wage
premium one year after students graduate from a very selective university in Colombia. Saavedra
also finds that students from a selective university perform better at a college exit test. None
of these papers have explored how the university selectivity wage premium changes throughout
worker’s career and if that translates into differences in earnings in the long run.
Most importantly, while there is a significant effort in all of the papers cited above to overcome
the selection bias associated with attending a prestigious university, little attention has been paid
to the mechanisms that generate the college selectivity wage premium. In contrast to past work,
in this paper we shed some light on the reasons why workers from prestigious universities receive
higher wages after graduation. On one hand, attending a selective university could be associated
with receiving better instruction and having more accomplished peers. In this context, prestigious
universities have an advantage of increasing a worker’s productivity in comparison to less prestigious
universities. On the other hand, the main effect of attending a selective university might be to signal
5 It is interesting to note that the authors estimates the zero wage premium approximately 15-19 years after a
worker’s graduation from college. The zero effects for individuals with similar pre-college characteristics later in their
careers does not contradict the empirical findings of this paper.
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to employers the unobservable inherent ability of a worker. In this context, the value added from
a selective college education might not be significantly higher than that from a less prestigious
university.
Consistent with the employer learning literature, we interpret our finding of rapid decreases in
the elite college premium for workers with similar pre-university characteristics as evidence that
strong signaling mechanisms drive the prestigious university wage premium.6 In addition, under
some stronger assumptions, we are able to fully distinguish the human capital effects from signaling
effects on earnings when a worker graduates from a prestigious university. To the best of our
knowledge, this is the first paper that can provide such insight.

2

Institutional Framework

Higher education in Chile comprises three types of institutions: universities, professional institutes,
and technical formation centers. Universities provide the highest degree of learning, combining
teaching, research and outreach activities; they teach accredited degree programs (2.5 to 4 years)
and award academic degrees (5 to 7 years). Professional institutes grant professional degrees other
than those awarded by universities. Technical formation centers are intended to equip higher level
technicians with the competencies and skills needed for responding to industry needs in the public
and private sectors.
Universities in Chile can be divided into two main categories: traditional and non-traditional
institutions. Traditional institutions comprise the oldest and most prestigious universities created
before 1981, and those institutions created after 1980 that were derived from the older universities.
Traditional establishments consist of 25 fully autonomous universities coordinated by the Council
of Chancellors of Chilean Universities and are eligible to obtain partial funding from the state.
They employed a single admission process: the Chile’s university selection test, the Prueba de
Aptitud Académica (PAA) until 20037 . This test is made up of three compulsory sub-tests including
6 Although,
7 In

in the conclusion of this paper we discuss other possible theories that could explain this pattern.
2004, Chile’s university selection test was modified and it is now called Prueba de Selección Universitaria

(PSU).
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language, mathematics, and the history and geography of Chile. Additionally, depending on which
programs a student is applying to, he or she may be required to take the following major specific
PAA tests: advanced mathematics, physics, chemistry, biology, and history.
The time-line of the admission process for traditional universities is described in figure 1. First,
students take the PAA test. After receiving their scores, they make their application decisions.
Students apply to a major and university (or program) simultaneously. They may only apply to
8 programs, ranking them by preference. The final admission scores consist of a weighted average
of the compulsory and major specific tests and applicant’s high school GPA, with each program
setting its specific PAA weights.8 The number of vacancies for each program is announced before
the application process and programs fill their vacancies solely based on the final weighted scores.
The admission score cutoff is defined by the score of the last student admitted into a program. Since
the cutoffs are not known before the application decisions are made, students cannot manipulate the
side of the cutoff on which their scores fall.9 Non-traditional universities, those created after 1981,
may not necessarily use PAA scores to select their incoming students. Nevertheless, the anecdotal
evidence is that the majority of students who wish to attend higher education in Chile take the
PAA at the end of high school, independent of which university they are planning to attend. The
test is relatively inexpensive and administrated throughout the country.
All higher education institutions charge tuition and fees. As of 2001, the Chilean higher education system consisted of 60 universities (25 traditional universities and 35 new private universities
operating without direct public subsidy), 42 professional institutes, and 117 private technical formation centers.
8 For example, the engineering programs in a prestigious university uses a weight of 20% mathematics, 10%
language, 10% history, 20% high school GPA, 30% advanced mathematics, and 10% physics to calculate applicant’s
weighted scores to this program. Different universities might use different weights to calculate the weighted scores
for the same majors.
9 Students might use the admission score cutoff of previous years as a reference. Given the variation of the
admission cutoff overtime and the possibility to applying to 8 different programs, we believe that students with
scores near the margin for admission to prestigious universities tend to apply to these competitive programs.
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Data

The data used in the study comes from Futuro Laboral, a project of the Chilean Ministry of Education that follows individuals over the first years after graduation from higher education programs.
The panel dataset matches tax returns with transcripts of students’ majors and the institutions
they graduated from. The unit of analysis concerns only those who graduated from traditional or
non-traditional universities; those who haven’t obtained a higher education degree or graduated
from professional institutes or private technical formation centers are not in the sample. Income
information is available between the years 1996 and 2005. We have data for the 1995, 1998, 2000
and 2001 graduating classes. Given that the income data is only available until 2005, each cohort
is observed for a different length of time. For example, while we observe 10 years of labor market
experience for the 1995 graduation class, and only 4 years of labor market experience for the class
of 2001.10

11

The information provided by Chile’s Internal Revenue Service comprises age, sex, name of the
institution that individuals graduated from, major, year of graduation, annual income reported on
tax returns, city or cities of employment, number of employers and economic sector. The raw data
contains individuals in Chile that had positive earnings between 1996 and 2005, even those who
were exempt from tax.12

13

From a random sample, the Ministry of Education gathers information

on the PAA scores, high school grades and the name of the high schools where students graduated
from. As the PAA scores have an important role in both the traditional EL-SD test and regression
discontinuity analysis, we restrict our study to this sample.
The wage measured in the sample is the annual income received from jobs and services provided
by the individual and it does not include self-employment income.14 We use the consumer price
10 Unfortunately,

the project was discontinued and the income data for more recent years was not collected.
present robustness checks using only the 1995 graduation class in the appendix of the paper.
12 Note that in Chile, married couples always file taxes separately.
13 A concern is that a portion of the individuals from prestigious universities might go to graduate school after
finishing their baccalaureate studies and would therefore be omitted in the earnings sample. However, the fraction of
workers who go to graduate school in Chile is very low. Using data from the National Socioeconomic Characterization
Survey in the year 2000, we find that only 0.65% of 25-34 year old with a bachelor degree were enrolled in graduate
school or had obtained a graduate degree.
14 We do not have information on weeks or hours worked in the sample and for this reason we cannot explore how
much of the annual income increase is due to changes in hours or work weeks. Nevertheless, workers with a bachelor
11 We
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index as a deflator to compute real wages. The experience variable is computed as the number
of years in which an individual has earned income and has paid taxes after graduation. The final
sample consists of 58,179 individuals and 313,077 observations.
We divide universities into two groups: selective and non-selective. The selective universities
comprise two of the oldest and most prestigious universities in the country and non-selective compromise all other universities. These two schools attract students with the highest PAA scores
and therefore are the most selective schools in the country. The programs of these two universities
have also been consistently ranked among the highest in Chile and their prestige is well recognized nationwide.15 Throughout the paper we will use the terms selective, prestigious and elite
universities interchangeably to refer to these two universities.16 Due to a confidentiality agreement
with the Ministry of Education, we cannot name these institutions. Data on program admission
cutoffs by major and year were collected at the universities’ websites (for later application years)
and newspapers (for earlier application years).

17

Table 1 shows descriptive statistics regarding these two groups. As expected, selective universities have higher average scores in the math and language components of the PAA tests, and their
students have higher high school grades. We observe that 11% of students at selective universities
have graduated from a private high school, compared to 7% from non-selective universities. We
plot the distribution of language and math PAA scores for college graduates from selective and
non-selective universities on Figures 2 and 3 respectively. One can see from these figures that the
language and math scores of graduates from selective universities are concentrated at the higher
end of the distribution. Finally, Table 2 we show that workers from the two selective universities
have higher average earnings than those from the less prestigious schools.
degree in Chile present both a high employment attachment and the majority work full time. Using the National
Socioeconomic Characterization Survey in the year 2000, we find that 86.7% of 25-34 years old with a bachelor’s
degree work are employed, and of those, 88% work more than 35 hours per week.
15 In the appendix of this paper we provide further evidence that these two universities are the most selective of
the country.
16 Note that according to this definition, non-selective universities comprise all other universities in the country
and most of them do not offer a slot to every applicant.
17 We find that 4% of individuals in our restricted sample with a prestigious university degree have weighted
scores lower than the admission cutoffs. This could be justified by measurement errors in the admission cutoffs and
the weights used in the paper, transfers from less prestigious universities or athletes’ admissions. We drop these
individuals from the sample used in the RD analysis.
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4

Employer Learning Statistical Discrimination Model

The standard employer learning model specifies the log-productivity of a college graduate worker i
with experience level t:

yit = rsi + α1 qi + λzi + ηi + H(t)

(1)

where si captures information that is available to both employers and researchers. In this paper, si
is defined as an indicator of whether a worker graduated from a prestigious university or not. The
variable qi describes information available to employers but not present in the data, such as family
socioeconomic background, zi is a characteristic present in the data but not available to employers,
and ηi is a measure of a worker’s inherent ability that is not available in the data or to employers.
Finally, H(t) describes the relation between log-productivity and experience, which is assumed to
be independent of the other variables in the model.
In the absence of information on zi and ηi , employers form expectations based on other observed
characteristics of workers. Altonji and Pierret (2001) assume that these conditional expectations
are linear on s and q:18
z = E[z|s, q] + v = γ1 q + γ2 s + v
η = E[η|s, q] + e = α2 s + e
where v and e have mean zero and not correlated with s and q by construction. We suppress the
i subscript for most of the rest of the analysis. Under this assumption, one can characterize the
expected value of y given information on s and q:
E[y|s, q] = (r + λγ2 + α2 )s + (α1 + λγ1 )q + H(t)
In the traditional EL- SD model, employers do not observe y but have access to a noisy measure
of a worker’s productivity after each period that an individual spends in the labor market:
18 A

normalization allows a suppression of q in the second expectation.
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ỹτ = yt + ετ
where the noise εt is independent of all the variables in the model. As in Altonji and Pierret
(2001), employers share equal information about workers, labor markets are competitive and there
is a spot market for labor services. As a consequence, wages are equal to the expected productivity
of a worker, given the information available to employers at each period.
Wt = E[exp(yt )|s, q, ỹ0 , ..., ỹt−1 ]
Lange (2007) assumes that εt is independently, identically and normally distributed with a finite
variance. Under this assumption, the process of updating the expectations of employers has a very
simple structure and the log-wage process can be represented by:
t−1

wt = (1 − θt )E[y|s, q] + θt

1X
ỹτ + H̃(t)
t τ =0

(2)

where H̃(t) is a linear transformation of H(t) and θt is a function of the variances of and εiτ , s
and q. Furthermore θ0 = 0 and θt strictly increases with t converging to 1 as t goes to infinity.19
This expression states that as a worker progresses in his or her career, employers weight less of
their initial beliefs on the worker’s productivity based on s and q, and weight more on the new
information that becomes available during the worker’s career.

4.1

Traditional EL-SD Test

The object of interest in the traditional employer learning model is the linear projection of the
log-wage wit on s, z and t.
e
E∗ [wt |s, z, x] = bsx s + bzx z + H(t)
Without loss of generality, one can define the projections of unobservable variables (q, η) on
observable variables (s, z):
19 See

Lange (2007) for the formal derivations of these parameters.
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q = γ3 s + γ4 z + u1
η = γ5 s + γ6 z + u2
Using the independence of ετ with respect to all the variables of the model, Lange (2007) shows
that the coefficients of the projections can be expressed as:

bst = (1 − θt )bs0 + θt bs∞

(3)

bzt = (1 − θt )bz0 + θt bz∞

(4)

where, as discussed before, θ0 = 0 and limt→∞ θt = 1. The traditional EL-SD test consists of
estimating how bst and bzt change with experience level t. Indeed, Altonji and Pierret (2001)
propose that if employers statistically discriminate workers on the basis of s and if z is positively
related to s, one should observe that bst falls with t and bzt rises with t. This is the approach
we follow in subsection (5.1), where we verify whether the coefficient on prestigious university rises
with experience and if the coefficient on Math and Language components of the PAA test decreases.
Furthermore, under the assumptions above, Lange (2007) shows that:

bs0 = |{z}
r + α1 γ3 + α2 + λ(γ2 + γ1 γ3 )
| {z } |
{z
}

(5)

bz0 = (α1 + λγ1 )γ4
|
{z
}

(6)

A

B

C

D

where the coefficient bs0 represents the relation between graduating from a prestigious university
and wages at the beginning of a worker’s career. The term A captures the direct effect of graduating
from a prestigious university on productivity. The term B represents the direct impact of q on wages
and the fact that q is not present in the data but it is correlated to s. This can be interpreted
as the traditional omitted variable problem associated with estimating the returns to graduating
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from a prestigious university (Dale and Krueger, 2002). It captures the wage impact of any variable
correlated to graduating from a prestigious university that is not present in the data, but it is
observed by employers (e.g. family socioeconomic status).
Finally, the term C reflects the fact that employers do not observe η and z in the beginning
of a worker’s career, but are aware of their relation with s. Therefore, employers use s as a signal
of unobservable components of a worker’s productivity. In the same way, the relation between z
and the log wages of a worker at the beginning of his career is given by the coefficient bz0 . As
employers do not observe z, this coefficient only captures the fact that we are omitting q from the
linear prediction, and that z and q are correlated.

bs∞ = |{z}
r + α 1 γ3 + γ5
| {z }

(7)

bz∞ = |{z}
λ + α 1 γ4 + γ6
| {z }

(8)

E

F

G

H

The coefficients bs∞ and bz∞ represent the relation between s and z respectively with wages as
t → ∞ and θt → 1. As before, E represents the direct effect of graduating from a prestigious
university on wages. The coefficient F captures the fact that η and q have an impact on longterm wages and are related to s but they are omitted in the linear prediction because they are not
observed in the data. Note that F is different from the term B because employers only learn η with
time. In the same way, the term G captures the direct impact of z on productivity and H captures
the correlation of z to the omitted variables η and q.
One important issue omitted from the employer learning literature (Altonji and Pierret, 2001
and Lange, 2007) is how the correlation between s and the unobservable factor q can affect the conclusions of the statistical discrimination test. This issue arises if employers statistically discriminate
workers on the basis of variables that are not observed in the data, such as family socioeconomic
background, that are correlated to graduating from prestigious university. In this case, the traditional employer learning test might suggest that employers statistically discriminate a worker on
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the basis of university prestige, when in fact firms might be using family socioeconomic status as a
signal of a worker’s unobservable characteristics. In other words, while the EL-SD test presented
in Altonji and Pierret (2001) is unbiased as a test of employer learning itself, it could be biased as
a statistical discrimination test on the basis of the treatment variable s.
For instance, we analyze the extreme case where s is not correlated to η and z (α2 = 0, γ2 = 0
and γ5 = 0). In this situation, employers do not use s as a signal of a worker’s unobservable
characteristics, and therefore, workers are not statically discriminated on the basis of university
prestige. Furthermore, assuming that q is correlated with η and z (γ4 6= 0), and therefore q is used
by employers to statistically discriminate workers. Under this assumption, the traditional employer
learning test would suggest that firms statistically discriminate workers on the basis of university
prestige because bs∞ < bs0 and bz∞ > bz0 . Note, however, that this conclusion is being driven by
the correlation of s and q, and the fact that employers use q to predict z.

4.2

Regression Discontinuity EL-SD Test

The object of interest in the regression discontinuity test we propose is how the difference between
average log-wages of individuals just above and just below the admission cutoff to a prestigious
university changes with experience. Precisely, we define Dist.Cutof fi as the distance between a
student’s test score and the admission threshold of a prestigious university. For simplicity, we assume that all students admitted to a prestigious university enroll and graduate from this university,
such that si = 1 if Dist.Cutof fi ≥ 0 and si = 0 otherwise.20
The RD parameter of interest is:

τt =

lim

Dist.Cutoff↓0

E[wit |Dist.Cutof fi ] −

lim

E[wit |Dist.Cutof fi ]

Dist.Cutoff↑0

(9)

which represents local average difference of log-wages by experience levels at the admission cutoff.
The employer learning statistical discrimination RD test consists of testing whether τt decreases
20 In reality, there is the case that some students admitted to a prestigious university decide to attend a less
prestigious university (fuzzy regression discontinuity). For the sake of exposition, we ignore this possibility here. In
addition, we asume the same dropout rates for all schools.
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with t.
Note that by definition, we have that:
limDist.Cutoff↓0 E[s|Dist.Cutof fi ] = 1 and limDist.Cutoff↑0 E[s|Dist.Cutof fi ] = 0
Furthermore, the distribution of the other variables in the model {z, q, η, ετ } is continuous
around the admission cutoffs. In this case, the expected values of these variables just above and
just below the admission cutoff are the same:
limDist.Cutoff↓0 E[X|Dist.Cutof fi ] = limDist.Cutoff↑0 E[X|Dist.Cutof fi ]
for X = q, z, η. Using these two conditions, the assumption that employers do not have access to
Dist.Cutof fi , and the log-wage process derived in (2), one can easily show that:
τt = (1 − θt )(r + λγ2 + α2 ) + θt r

= |{z}
r +(1 − θt )(α2 + λγ2 )
| {z }
I

(10)

L

where θt is defined as before. The regression discontinuity effect of graduating from a prestigious
university on wages at experience level t is composed of two terms. The first term, I, represents
the direct effect of s on the worker’s productivity. The second term L represents the fact that
employers do not observe η and z, and use s as a signal for these two variables. In other words, if
employers statistically discriminate among workers on the basis of university prestige, we have that
L > 0. However, the signaling term L becomes less important for earnings as firms learn about a
workers true productivity, τt decreases with t and converges to r as θt goes to 1.
There is an important difference between the regression discontinuity test we propose and the
traditional employer learning test: the parameter τt does not depend on the relation between s and
q. Specifically, the regression discontinuity test is robust to the existence of characteristics that could
be used for statistical discrimination that are related to graduating from a prestigious university
and that are not present in the data. This difference is important because, as discussed above,
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the traditional EL-SD test might confound statistical discrimination based on family socioeconomic
status and statistical discrimination based on college prestige since these factors are intrinsically
related and we do not observe family socioeconomic status in the data. In addition, the coefficient τt
converges to the r as t increases, which represents the causal effect of graduating from a prestigious
university on a worker’s earnings.

5

Results

5.1

Traditional EL-SD test

We first investigate statistical discrimination on the basis of university selectivity by following the
employer learning statistical discrimination (EL-SD) test suggested by Altonji and Pierret (2001).
An important innovation of this paper is that we use the math and reading components of the PAA
as a measure of ability correlates not easily observed by employers. We have a number of reasons to
justify our choice. First, these are the components of the PAA test formulated to measure inherent
abilities of applicants. Their purpose is to give opportunities for those who didn’t have adequate
formal education to demonstrate their ability in the admission processes of traditional universities.
Second, there is evidence that employers do not have access to PAA scores at the time of determining
wages. According to an interview with Juan Swett, the CEO of “www.trabajando.com” which is
the biggest job search web portal in the country, most Chilean employers do not ask for PAA scores
in the resumes of prospective workers. A justification for this statement is that, in contrast to
universities, employers do not have access to the full distribution of PAA scores. The absolute
value of the PAA score for a single worker would not be very informative to a firm.
We present the estimate of the traditional EL-SD model in table 3. All of the standard errors are
clustered at the individual level and we use White-Huber corrections for possible heteroscedasticity.
Experience is modeled with a cubic polynomial and we control for gender, majors, private high
school indicator and year dummies. In order to facilitate the interpretation of the coefficients, we
standardize the PAA score by test year. Column 1 of table 3 reports the results of the estimation
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when the interaction of experience with ability and the selective university dummy are excluded.
Similar to past studies (Brewer et al., 1999 and Black and Smith 2006) we estimate that graduating
from a very selective university is associated with higher earnings. In exact terms, graduating
from a prestigious university increases log-wage by 0.196. Our proxy for innate ability, PAA has
a positive and statistically significant effect on earnings. An increase of one standard deviation in
the language PAA test increases wages 3%, whereas an increase of one standard deviation in the
math test increases wages 7%.
In column 2 we introduce the interaction between the selective university dummy and experience.
If university selectivity provides a signal of worker’s ability to employers, we should expect the
earnings of recent college graduates from prestigious universities to be higher relative to those from
less selective institutions. However, we should not observe an increase in the importance of college
selectivity on earnings as a worker gains experience if employers learn about a worker’s true ability
over time. This is in fact the finding of the equation presented in column 2, where we estimate a
coefficient of -0.009 for the interaction between the selective university and experience.21
The important result of table 3, shown in column 3, where we add PAA scores interacted
with experience to capture the idea that employers should increase the reward to unobservable
ability with time. The coefficient on selective universities is 0.26, which is large and statistically
significant. We estimate a coefficient of -0.017 for the interaction between the selective university
and experience. Therefore, the effect of graduating from the most selective and oldest universities
on earnings decreases by 1.7% by year, supporting the theory of the EL-SD model. Finally, the
coefficient of 0.007 on standard math PAA interacted with experience suggests that the effect of a
shift in standard math PAA score changes significantly as workers accumulate experience, which is
consistent with the employer learning thesis that wages increasingly reflect productivity, augmenting
the correlation between wages and ability. The positive but insignificant effect of the interaction
between language PAA and experience can be justified by the fact that language and communication
skills are more easily observed in interviews during the hiring process at the beginning of a worker’s
21 Both

Farber and Gibbons (1996) and Altonji and Pierret (2001) estimate insignificant effects of interaction
between schooling and experience using the same specification. Our estimates are small but marginally significant.
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career. Therefore, there is not much learning from experience regarding this attribute.
Figure 4 presents additional empirical evidence of the decreasing returns to graduating from a
selective university in Chile. Each circle of the graph represents an estimation of the coefficient
of the selective university dummy controlling for math and language scores within each experience
group. Note that the impact of graduating from a selective university is greater for recent graduates
(21-26%) but tends to slowly decrease in the first years of a worker’s career. Note that the wage
premium finally stabilizes at around 9% after the 8-th year of labor market experience. Note that,
as presented in equation 7, this coefficient represents both the direct effect of graduating from a
prestigious university and the indirect effect of η and q on wages.
We present a robustness check for the evidence that employers statistically discriminate workers
on the bases of university selectivity. In Table 4, rather than using an indicator that a worker
graduated from one of the two most prestigious universities in Chile, we use a continuous measure
of prestige for all colleges. Precisely, we assign to each university its quality score as presented in
the 2011 “Que Pasa” college ranking, one of the most widely recognized in the country. In this
framework, we estimate how earnings vary with this score, defined as a university quality index in
the table, its interactions with experience and the remaining controls. We lose 5,447 observations of
those individuals whose colleges do not present an available “Que Pasa” score in 2011. The results
from this estimation are very similar to the ones presented in table 3: there are gains from attending
a more prestigious university for recent college graduates but these returns tend to decrease with
work experience. We also estimate that returns to math PAA scores increase with experience in
this specification.

5.2

Regression Discontinuity Test

In order to provide further evidence for statistical discrimination based on college prestige, we
use a regression discontinuity (RD) design. The test consists of comparing how earnings change as
workers accumulate experience in the labor market for those just above and just below the admission
cutoff to the most selective universities in Chile. The identification assumption is that other factors
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that could affect earnings are continuous at the admission cutoff and students have limited power
to manipulate on which side of the admission cutoffs they might fall.22 As discussed in section 4,
different from the traditional EL-SD test presented in the past section, the regression discontinuity
test can be interpreted as the causal effect for those individuals around the admission cutoff and is
not biased by other factors observed by employers that can be used for statistical discrimination.

5.2.1

The Admission Process and the RD Design

Our data contains information on the year a student took the PAA test, his or her scores on each
component of the test, his or her high school grade, the college he or she graduated from and
his or her major. We do not observe application decisions and must therefore have additional
assumptions and sample restrictions to perform the regression discontinuity design.23 Precisely, we
restrict the data to individuals who graduated with engineering, business, medical and law degrees
(competitive majors) and assume that these workers would prefer to graduate with these majors in
a less prestigious university rather than study a different major in a prestigious university. Under
this assumption, we can interpret that workers just above the admission cutoff (competitive major
at prestigious universities) are those who were accepted to the highest program of their preference
and those below the threshold (competitive major in less prestigious college) are those who were
accepted to the second highest program of their preference.
We find evidence that this is a plausible assumption. First, these are the programs with the
highest admission cutoffs and therefore should be the top choices of applicants. Second, there is a
positive wage differential between workers with competitive majors in less prestigious universities
and workers with less competitive majors in prestigious universities. We interpret this as evidence
that students have incentives to pursue engineering, business, medicine or law degrees at a less
prestigious universities rather than pursuing a different major at a prestigious university. Finally,
in the Appendix we use application data for 2004 to show that individuals that choose engineering,
business, medical and law major as their first choice in a prestigious university are very likely to
22 Students can retake the test in the following year, but cannot retake the test in the same year after receiving
results, diminishing the possibility of manipulation.
23 We only have access to application data starting in 2004.
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choose the same majors as their second and third options in the application. After this restriction,
the sample consists of 9,376 individuals, with 2,899 of them graduating from a prestigious university.
Using additional data on the PAA weights used by these programs in the two prestigious universities we are able to reconstruct the final weighted score for all individuals in the restricted
sample.24 As a result, we derive U niv1.Scorei and U niv2.Scorei that represents the PAA weighted
score of individual i at prestigious university 1 and 2 respectively.
Given the possibility that a student can be accepted to one or neither of the prestigious universities, we define the running variable used in the RD as follows:
Dist.Cutof fi = max{U niv1.Scorei − U niv1.Cutof fi , U niv2.Scorei − U niv2.Cutof fi }
where U niv1.Cutof fi and U niv2.Cutof fj are the admission score cutoffs used by universities
1 and 2 for individual i’s major in the year of application to college.25 Note that individuals with
Dist.Cutof fi slightly greater than zero were barely admitted to at least one of the two prestigious
universities and individuals with slightly lower than zero were barely rejected by both schools.
In the RD design we will be interested in the following object:
limDist.Cutoff↓0 E[wit |Dist.Cutof fi ]−limDist.Cutoff↑0 E[wit |Dist.Cutof fi ]
τt = lim
Dist.Cutoff↓0 E[gi |Dist.Cutof fi ]−limDist.Cutoff↑0 E[gi |Dist.Cutof fi ]
where gi is an indicator of whether worker i graduated from an elite university, t measures years
of experience in the labor market, and wit is the log(wages) after t years of experience. Note that
the parameter τt represents the local average treatment effect on earnings after t years of experience
for workers around the admission cutoffs who would enroll in a prestigious university if they were
admitted (intent-to-treat effect).
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The employer learning-statistical discrimination RD test we propose consists of estimating if τt
decreases with t. The test is based on the assumption that the unobserved ability (ηi ) is positively
24 We were only able to obtain PAA weights for years starting in the year 2000. In order to construct final scores
for individuals that took the PAA prior to 2000, we assume that programs used the same weights for previous years.
The evidence is that programs did not change weights over the period of time considered in this paper.
25 Data on admission cutoffs were collected at the universities’ websites (for later application years) and newspapers
(for earlier application years). Therefore they are not affected by potential dropouts in the bottom of the application
ranking.
26 For a discussion of the relationship between regression discontinuity design and treatment effects, see Lee and
Lemieux (2010).
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correlated to graduating from a selective university but is continuous around the admission cutoff. In
this framework, assuming that employers do not observe Dist.Cutof fi , they will use information on
college prestige to predict that workers just above the admission cutoff have a higher ηi .27 However,
the wage differential between those above and below the cutoff should decline if employers learn the
true distribution of ηi as workers gain experience and therefore should rely less on college prestige
to set wages.

5.3

Results

We first address the empirical question of whether the probability of graduating from one of the two
prestigious universities in Chile is discontinuous at the admission cutoff. Note that it is possible
that individuals with a higher score than the admission cutoffs decided to attend a less prestigious
university, which implies that we have a fuzzy regression discontinuity design. Figure 5 shows
graphically the discontinuity in the probability of graduating from a prestigious university at the
cutoff. From the figure, we find that the discontinuity in graduating from a prestigious university
is approximately 60 percent. This means that around 60% of the individuals with PAA scores just
sufficiently high enough for admission choose to attend an elite university. Consequently, being just
above the admission cutoff causes a large increase in the probability of graduating from a prestigious
university in Chile, a necessary condition for the validity of the RD design.
In Figures 6 and 7 we present evidence for the validity of the RD design. In Figure 6 we
test for the presence of a density discontinuity at admission cutoff by running kernel local linear
regressions of the log of the density separately on both sides of the cutoff, as proposed by McCrary
(2008). We do not find evidence of any discontinuity in the density, suggesting that students cannot
precisely manipulate their scores around the cutoff. Next, in Figure 7 we search for a jump at the
discontinuity for per-treatment variables that should not be affected by the treatment. Precisely,
if being above or below the cutoff is random, we should observe a zero treatment effect on the
27 Note that in section 4 we also assume that employers cannot observe Dist.Cutof f . Furthermore, screening
i
workers is expensive and employers learn fast (Lange, 2007), therefore it is not economically attractive to perform
ability tests on recent college graduates.
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probability of being female or graduating from a private high school (Imbens and Lemieux 2008).
The figure suggests that there is no discontinuity of these variables around the cutoff. In fact,
from a formal test using the same specification in columns (1) to (3) of Table 5 but using female
or private high school indicator as a dependent variable, we cannot reject at reasonable levels of
significance that there are zero effects of being above the cutoff on these pre-treatment outcomes.28
We also present evidence in the appendix of the paper that individuals below and above the cutoff
are not different in terms of their age when they enter college.
In order to present evidence of the effects of admission to a selective university on earnings,
in Figure 8 we plot in the figure the unconditional means of log annual earnings on the vertical
axis and the distance from the admission cutoff on the horizontal axis for the first years of labor
market experience. The open circles represent 10 points local average and the lines represent linear
fits of the data below and above the admission cutoff. The figure shows that there is a jump in
earnings in the first year of labor market experience for workers who are just above the cutoff.
This discontinuity is consistent with previous literature that finds a significant effect on earnings
for being just above the admission cutoff of recent college graduates (Saavedra, 2008). However, as
workers gain labor market experience, the discontinuity in earnings tends to decrease to the point
that there is no apparent difference in terms of earnings between workers just above and just below
the cutoffs five years after graduation. In addition, we observe that workers tend to be paid more
in accordance with their weighted score as they accumulate experience in the market.
Table 5 presents further statistical evidence for discontinuity in earnings at the admission cutoff.
In columns (1) to (3) of panel A of the table, we show that workers above the admission cutoff have
on average 6-8% higher earnings than just below the admission cutoff in their first 10 years of labor
market experience (varying little with bandwidth). In columns (4) to (7) we present specifications
that allow the return from being admitted to a selective university to change over a worker’s career.
Under this specification, we estimate a 10%-14% wage premium for those above the cutoff in their
first year of labor market experience, but this differential decreases by 1.5 to 2.7 percentage points
28 Due

to space constraints we omit the tests here, but they are available upon request.
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per year of experience.
In Panel B of Table 5 we present the earnings discontinuity estimates taking into consideration
that not all applicants with sufficiently high scores enroll in the top universities. For this purpose, we
estimate an earnings equation using a two-stage least square method, where both graduating from
a prestigious university and its interaction with experience are instrumented with an indicator for
PAA scores above the admission cutoff and its interaction with experience. We estimate a 16-22%
effect of graduating from a selective university on earnings of recent college graduates. However,
this gap decreases by 2.1-3.7 percentage points per year of experience in the labor market. Note
that these estimates should be interpreted as the causal effect only for those applicants that would
enroll in a prestigious university and graduate in the event of achieving a sufficiently high score
(intent-to-treat effect).
In order to provide robustness checks for the main RD findings, in Table 6 we present estimates
for the earnings discontinuity at the admission cutoff and its interaction with experience for different
model specifications. Precisely, we show in row (1) that our estimates are not sensitive to the
exclusion of controls, which is expected if treatment is random around the admission cutoff. In
rows (2) and (3) we test how our estimates change with different specifications for the distance from
the admission cutoff. Finally we estimate our preferred model for males and females separately.
While we estimate similar coefficients for these two groups, we do not find a significant change in
the returns to being approved by a prestigious university with experience for women. We notice
however that this result is due to large standard errors that might be explained by the fact that we
have a smaller fraction of women in the restricted sample.

6

Job Market Signaling and Human Capital Effects29

In the previous section we tested whether employers use university prestige to statistically discriminate among college graduates using a regression discontinuity test. The reminder of this paper
examines the importance of signaling and human capital accumulation on the determination of
29 We

thank an anonymous referee for suggesting this section.
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earnings. We show that, based on the assumptions from the regression discontinuity EL-SD test,
we can identify the signaling and human capital components of the college selectivity premium.
It is important to emphasize that these two mechanisms are only identifiable under the assumptions of the employer learning-statistical discrimination model. In particular, the EL-SD model
imposes that human capital accumulation from school and on-the-job training are independent
from each other. In terms of the model presented in section 5.1, the function H(t) is independent
of any other variables in the model. This might not be true if some workers benefit more from
on-the-job training than others. Indeed, if workers from prestigious universities benefit more from
on-the-job training than graduates from less prestigious universities, then our model will underestimate the impact of signaling on wages. On the other hand, if workers from less prestigious
university benefit more from on-the-job training, then our model will overestimate the impact of
signaling on wages.30

6.1

Parameter of Interest and Estimation Procedure

The objective is to identify the components of the college wage premium that are determined
from signaling and from human capital accumulation. From equation 10, we show that the college
selectivity premium for workers with same pre-college characteristics and experience t is:

τt = r + (1 − θt )(α2 + λγ2 )

(11)

The parameter r is the direct effect from graduating from a prestigious university on a worker’s
productivity, which can be generated by the better instruction provided by prestigious universities
and having more accomplished peers. We therefore define r as the human capital effect of college
selectivity on earnings. Next, we define the parameter $ = α2 + λγ2 . As described in the section
5.1, this parameter is the employers prediction of a worker’s unobservable characteristics based on
college prestige. We define this parameter as the signaling effect of graduating from a prestigious
30 Moreover, in order to recover the parameter of the employer learning model, we need to assume that the expectation errors by employers follow a normal distribution.
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university on earnings. Finally, the parameter 1 − θt is the weight that employers give to college
prestige in the prediction of unobservable characteristics. Under the assumptions of the employer
learning model described in 5.1, Lange (2007) showed that:
θt =

tK1
1+(t−1)K1

where K1 is the speed of employer learning parameter31 . Note that θ0 = 1, and θt goes to zero over
time as employers learn a worker’s true ability.
The goal is to estimate the parameters {r, $, K1 }. For this purpose, we follow the estimation
procedure presented in Lange (2007): we first estimate the RD coefficients {τ̂t }10
t=1 for each experience level t32 . The coefficients are estimated using a two-stage least square method within a 100
points bandwidth, as presented in Panel B of Table 5., where graduating from a selective university and its interactions with experience dummies are instrumented with approved at prestigious
university and its interactions with experience dummies.33 .
Next, we will find parameters that best fit the non-linear equation 11 given the RD estimated
coefficients. For this purpose, we treat each estimated coefficient {τ̂t }10
t=1 as an observation and uses
a non-linear least squares method to estimate {r, $, K1 }.
minr,$,K1

6.2

PT

t=1 (τ̂t

− r − (1 −

tK1
2
1+(t−1)K1 )$)

Results

Figure 9 shows the estimated coefficients {τ̂t }10
t=1 as well a quadratic function to fit the observations.
The figure clearly indicates a monotonic decrease in the university prestige wage premium as workers
progress in their career, which is consistent with the findings of Tables 5 and 6, as well as Figure 8.
Furthermore, the decrease of the wage gap is more significant in the beginning of a workers career
and the college selectivity premium tends to stabilize later in a a worker’s career. This result is in
accordance with. the employer learning model, where wage premium reflects both human capital
31 The

parameter K1 is a function of the variances of εiτ , s and q. See Lange (2007) for its derivation.
use the same specification and two stage least square estimation procedure as presented in Panel B from Table
5, but interacting the a complete set of experience dummies with the graduate from selective university variable.
33 Recall that we are using the variable approved as an instrument for the variable selective.
32 We
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and signaling effect when workers start their careers, but only reflect differences in productivity
later in a worker’s life cycle.
We report the estimated coefficients {r, $, K1 } as well as their 95% confidence intervals in
Column (1) of Table 7. The estimate of the speed of learning parameter K1 is 0.1654, which implies
that initial expectation errors by employers decline by 16% during the first period and 37% after 3
periods. This speed of learning is slower than what is found in the literature for the U.S., as Lange
(2007) estimates a 26% decline in employer expectations error after the first year of a worker’s
career. In addition, we estimate a negative human capital effect r of -0.0676 and the large signaling
effect of $ of 0.3166. In both cases we find big standard errors and we cannot reject that there are
differences in the human capital effect and signaling effects at a 95% significance level.
Based on these findings, we suspect that due to data limitations, our estimation is underestimating the speed of learning and the human capital effects on earning and overestimating the effect
of signaling on the college wage premium. The reason is that our data only follows workers for a
maximum of 10 years of labor market experience.34 As a result, we are oversampling the periods in
a worker’s career when there is a decline in the college selectivity wage premium and undersampling
the period where there is a stable wage premium, which might lead to the estimation of slower speed
of learning and negative long-term college selectivity wage premium.
Due to this data limitation, we decided to estimate a model imposing a speed of learning
parameter that is more in line with the literature (Lange, 2007). We set K1 to be equal to 0.26,
which implies a 26% decline in employer expectations error after the first year of a worker’s career.
Under this assumption, we find more plausible signaling and human capital effects as well as smaller
confidence intervals, presented in Column (2). While we still estimate negative coefficients for r, the
confidence intervals are narrower to the point that we cannot reject with 95% of confidence that the
human capital effect on the college wage premium is equal to 0.029 log points, which resembles the
trend to long run wage premium from figure 9. In addition, we estimate with 95% confidence that
the signaling effect on the college selectivity wage premium is at least 0.1829 log points. Based on
34 As

a reference, Lange (2007) follows workers for up to 17 years of experience.

27

this estimation, we conclude that under a more plausible speed of learning, the signaling effects on
the college selectivity wage premium is at least 6.3 times higher than the human capital effects. This
implies that the human capital effect represents at most 14% of the college prestigious premium
for recent university graduates, with the remaining 86% being driven by signaling effects for people
with similar admission cutoffs scores.

7

Conclusion

This paper tests whether employers statistically discriminate based on the selectivity and prestige of
the university attended by workers. We first follow the employer learning statistical discrimination
test suggested by Altonji and Pierret (2001); our results indicate that the returns to graduating
from an elite university in Chile decrease with experience and that the returns from hard-to-observe
ability correlates increase with experience. In addition, we show that the traditional employer
learning statistical discrimination test is biased on the basis of the treatment variable if employers
use characteristics of individuals that are not available in the data, such as family socioeconomic
status, to predict a worker’s unobservable productivity.
For this reason, we take advantage of the centralized admission process of traditional universities
in Chile to propose a statistical discrimination test based on a regression discontinuity design. The
test consists of comparing the earnings of those just above and just below the admission cutoff
to the most prestigious universities in Chile. We show that recent graduates with weighted PAA
scores just above the admission cutoff have significantly higher earnings than those with weighted
PAA scores just below the cutoff. However, as workers gain labor market experience, the earnings
gap between these two groups decreases with labor market experience. We interpret this result as
employers paying workers in accordance with the selectivity of their college when they first graduate
from university, but rewarding them based on their true productivity as they reveal their quality
to employers over time.
These results shed some light on the benefits of graduating from a selective university. We
interpret our findings as evidence that attending a prestigious university has a significant impact
28

on signaling to employers a worker’s unobservable quality. However, employers learn fast and
individuals tend to be paid in accordance with their true ability as they gain experience in the
labor market. We interpret the erosion of the earnings premium for workers with similar preuniversity characteristics as evidence of signaling. In addition, under some stronger assumptions
we can disentangle these two mechanisms and estimate that the human capital effect represents at
most 14% of the college prestige premium for recent university graduates, with the remaining 86%
being driven by signaling effects.
While this interpretation is consistent with the employer learning literature, there are other possible theories that could explain this pattern. For example, it is possible that individuals who graduated from a less prestigious university learn faster on-the-job than those who went to a prestigious
university. In this framework, the wages of individuals who graduated from less selective schools
could catch up with the wages of those who graduated from selective schools. While traditional
human capital theory suggests that investment at school and on-the-job training are complements,
we cannot rule out alternative theories where these two types of investments are substitutes. We
hope that our new empirical findings may lead to further research on the topic.
Finally, it is important to keep in mind that our results are obtained using data from Chile.
Future research should apply our framework to test employer learning, statistical discrimination
and university prestige in other countries, particularly in those countries where students use a
university selection test and apply directly to a major and a school at the time of application. The
fact students in Chile apply to a program, that is, a major and a university simultaneously is the
most notable difference when compared to the admission process for schools in the US.
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Table 1: Descriptive Statistics for Selective and Non-Selective Universities

^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚŝĞƐ

sĂƌŝĂďůĞƐ
&ĞŵĂůĞ
>ĂŶŐƵĂŐĞW^ĐŽƌĞ
DĂƚŚW^ĐŽƌĞ
,ŝŐŚ^ĐŚŽŽů'ƌĂĚĞ
WƌŝǀĂƚĞ,ŝŐŚ^ĐŚŽŽů
EƵŵďĞƌŽĨ/ŶĚŝǀŝĚƵĂůƐ

DĞĂŶ
Ϭ͘ϱϯ
ϲϴϬ͘ϲ
ϳϭϱ͘ϵ
ϲϰϰ͘ϰ
Ϭ͘ϭϭ

^ƚĚ͘Ğǀ͘
Ϭ͘ϱϬ
ϲϭ͘ϯ
ϲϴ͘ϳ
ϳϴ͘ϳ
Ϭ͘ϯϮ
ϭϭ͕ϰϵϱ

EŽŶͲƐĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚŝĞƐ
DĞĂŶ
Ϭ͘ϱϲ
ϱϴϴ͘ϴ
ϲϬϵ͘ϰ
ϱϳϱ͘ϭ
Ϭ͘Ϭϳ

^ƚĚ͘Ğǀ͘
Ϭ͘ϱϬ
ϴϮ͘ϴ
ϭϬϯ͘ϰ
ϵϰ͘ϭ
Ϭ͘Ϯϱ
ϰϲ͕ϲϴϰ

Note: Math and Language PAA scores are components of the centralized test for admission to university
in Chile. Selective universities are defined as the two most prestigious universities in Chile. See section 3
for details.

Table 2: Earnings for Selective and Non-Selective Universities

^ƚĂƚŝƐƚŝĐ
>ŽŐŽĨŶŶƵĂůtĂŐĞ;ŝŶϭϵϵϵWĞƐŽƐͿ
DĞĂŶ
^ƚĚ͘ĞǀŝĂƚŝŽŶ
KďƐĞƌǀĂƚŝŽŶƐ

^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚŝĞƐ

EŽŶͲƐĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚŝĞƐ

ϭϱ͘ϱϴ
ϭ͘Ϭϵ
ϲϭ͕ϴϰϰ

ϭϱ͘ϭϵ
ϭ͘ϭϲ
Ϯϱϭ͕Ϯϯϯ

Note: Selective universities are defined as the two most prestigious universities in Chile (see section 3 for
details).

33

Table 3: Traditional EL-SD Regression

ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ
DŽĚĞů
sĂƌŝĂďůĞƐ
^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ

;ϭͿ

;ϮͿ

;ϯͿ

Ϭ͘ϭϵϲ
;Ϭ͘ϬϬϵͿΎΎΎ

Ϭ͘Ϭϯϭ
;Ϭ͘ϬϬϰͿΎΎΎ
Ϭ͘Ϭϳϱ
;Ϭ͘ϬϬϱͿΎΎΎ

Ϭ͘ϮϮϵ
;Ϭ͘ϬϭϯͿΎΎΎ
ͲϬ͘ϬϬϵ
;Ϭ͘ϬϬϯͿΎΎΎ
Ϭ͘Ϭϯϭ
;Ϭ͘ϬϬϰͿΎΎΎ
Ϭ͘Ϭϳϱ
;Ϭ͘ϬϬϱͿΎΎΎ

ϭϮ͘ϳϮϲ
;Ϭ͘ϭϭϱͿΎΎΎ

ϭϮ͘ϳϭϲ
;Ϭ͘ϭϭϱͿΎΎΎ

Ϭ͘Ϯϱϵ
;Ϭ͘ϬϭϰͿΎΎΎ
ͲϬ͘Ϭϭϳ
;Ϭ͘ϬϬϯͿΎΎΎ
Ϭ͘ϬϮϴ
;Ϭ͘ϬϬϳͿΎΎΎ
Ϭ͘Ϭϰϳ
;Ϭ͘ϬϬϳͿΎΎΎ
Ϭ͘ϬϬϭ
;Ϭ͘ϬϬϭͿ
Ϭ͘ϬϬϳ
;Ϭ͘ϬϬϭͿΎΎΎ
ϭϮ͘ϵϬϱ
;Ϭ͘ϭϭϵͿΎΎΎ

ϯϬϳ͕ϴϲϰ
Ϭ͘Ϯϰϰ

ϯϬϳ͕ϴϲϰ
Ϭ͘Ϯϰϱ

ϯϬϳ͕ϴϲϰ
Ϭ͘Ϯϰϱ

^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇǆǆƉĞƌŝĞŶĐĞ
W>ĂŶŐƵĂŐĞ
WDĂƚŚ
W>ĂŶŐƵĂŐĞǆǆƉĞƌŝĞŶĐĞ
WDĂƚŚǆǆƉĞƌŝĞŶĐĞ
ŽŶƐƚĂŶƚ

KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ

ŽŶƚƌŽůƐ͗&ĞŵĂůĞ͕WƌŝǀĂƚĞ,ŝŐŚ^ĐŚŽŽů͕ƵďŝĐǆƉĞƌŝĞŶĐĞWŽůǇŶŽŵŝĂů͕DĂũŽƌƵŵŵŝĞƐ͕ĂŶĚ
zĞĂƌƵŵŵŝĞƐ͘
tŚŝƚĞͬ,ƵďĞƌƐƚĂŶĚĂƌĚĞƌƌŽƌƐĐůƵƐƚĞƌĞĚĂƚƚŚĞŝŶĚŝǀŝĚƵĂůůĞǀĞůĂƌĞƌĞƉŽƌƚĞĚŝŶƉĂƌĞŶƚŚĞƐĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: Math and Language PAA are standardized by test year. Selective universities are defined as the two
most prestigious universities in Chile (see section 3 for details).
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Table 4: Traditional EL-SD Regression - University Quality Index

ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ
DŽĚĞů
sĂƌŝĂďůĞƐ
hŶŝǀĞƌƐŝƚǇYƵĂůŝƚǇ/ŶĚĞǆ

;ϭͿ

;ϮͿ

;ϯͿ

Ϭ͘Ϭϴϵ
;Ϭ͘ϬϬϰͿΎΎΎ

Ϭ͘ϬϮϴ
;Ϭ͘ϬϬϰͿΎΎΎ
Ϭ͘Ϭϱϳ
;Ϭ͘ϬϬϱͿΎΎΎ

Ϭ͘ϭϬϮ
;Ϭ͘ϬϬϲͿΎΎΎ
ͲϬ͘ϬϬϯ
;Ϭ͘ϬϬϭͿΎΎΎ
Ϭ͘ϬϮϳ
;Ϭ͘ϬϬϰͿΎΎΎ
Ϭ͘Ϭϱϳ
;Ϭ͘ϬϬϱͿΎΎΎ

ϭϮ͘ϯϬϰ
;Ϭ͘ϭϭϱͿΎΎΎ

ϭϮ͘ϮϬϲ
;Ϭ͘ϭϭϵͿΎΎΎ

Ϭ͘ϭϮϭ
;Ϭ͘ϬϬϲͿΎΎΎ
ͲϬ͘ϬϬϴ
;Ϭ͘ϬϬϭͿΎΎΎ
Ϭ͘ϬϮϰ
;Ϭ͘ϬϬϳͿΎΎΎ
Ϭ͘ϬϮϱ
;Ϭ͘ϬϬϳͿΎΎΎ
Ϭ͘ϬϬϭ
;Ϭ͘ϬϬϭͿ
Ϭ͘ϬϬϴ
;Ϭ͘ϬϬϭͿΎΎΎ
ϭϮ͘Ϯϵϵ
;Ϭ͘ϭϮϬͿΎΎΎ

ϯϬϮ͕ϰϭϳ
Ϭ͘Ϯϰϱ

ϯϬϮ͕ϰϭϳ
Ϭ͘Ϯϰϱ

ϯϬϮ͕ϰϭϳ
Ϭ͘Ϯϰϱ

hŶŝǀĞƌƐŝƚǇYƵĂůŝƚǇ/ŶĚĞǆǆǆƉĞƌŝĞŶĐĞ
W>ĂŶŐƵĂŐĞ
WDĂƚŚ
W>ĂŶŐƵĂŐĞǆǆƉĞƌŝĞŶĐĞ
WDĂƚŚǆǆƉĞƌŝĞŶĐĞ
ŽŶƐƚĂŶƚ

KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ

ŽŶƚƌŽůƐ͗&ĞŵĂůĞ͕WƌŝǀĂƚĞ,ŝŐŚ^ĐŚŽŽů͕ƵďŝĐǆƉĞƌŝĞŶĐĞWŽůǇŶŽŵŝĂů͕DĂũŽƌƵŵŵŝĞƐ͕ĂŶĚ
zĞĂƌƵŵŵŝĞƐ͘
tŚŝƚĞͬ,ƵďĞƌƐƚĂŶĚĂƌĚĞƌƌŽƌƐĐůƵƐƚĞƌĞĚĂƚƚŚĞŝŶĚŝǀŝĚƵĂůůĞǀĞůĂƌĞƌĞƉŽƌƚĞĚŝŶƉĂƌĞŶƚŚĞƐĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: University quality index is the score awarded to colleges by the “Que Pasa” ranking of 2011 and is
measured in standard deviations. Math and Language PAA are standardized by test year. The sample is
restricted to individuals whose colleges were assigned a score by the “Que Pasa” ranking in 2011.
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Table 5: EL-SD Regression Discontinuity Test
ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ

WĂŶĞů
DŽĚĞů
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͘ΎǆƉĞƌŝĞŶĐĞ
KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ

ZĞĚƵĐĞĚ&Žƌŵ
ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ϭϮϱ
ϭϬϬ
ϳϱ
ϭϮϱ
ϭϬϬ
ϳϱ
;ϭͿ
;ϮͿ
;ϯͿ
;ϰͿ
;ϱͿ
;ϲͿ
Ϭ͘Ϭϴϭ
Ϭ͘Ϭϳϯ
Ϭ͘Ϭϲϱ
Ϭ͘ϭϰϯ
Ϭ͘ϭϭϵ
Ϭ͘Ϭϵϵ
;Ϭ͘ϬϮϴϳͿΎΎΎ ;Ϭ͘ϬϯϬϴͿΎΎ ;Ϭ͘ϬϯϰϮͿΎ
;Ϭ͘ϬϯϯϬͿΎΎΎ ;Ϭ͘ϬϯϰϴͿΎΎΎ ;Ϭ͘ϬϯϴϮͿΎΎΎ
ͲϬ͘ϬϮϳ
ͲϬ͘ϬϮϬ
ͲϬ͘Ϭϭϱ
;Ϭ͘ϬϬϳϭͿΎΎΎ ;Ϭ͘ϬϬϳϯͿΎΎΎ ;Ϭ͘ϬϬϳϴͿΎ
ϯϵ͕ϳϰϴ
Ϭ͘ϭϯϱ

ϯϲ͕ϲϯϵ
Ϭ͘ϭϮϴ

ϯϭ͕ϴϰϯ
Ϭ͘ϭϮϬ

ϯϵ͕ϳϰϴ
Ϭ͘ϭϯϱ

ϯϲ͕ϲϯϵ
Ϭ͘ϭϮϴ

ϯϭ͕ϴϰϯ
Ϭ͘ϭϮϬ

WĂŶĞů

Ϯ^ƚĂŐĞƐ>ĞĂƐƚ^ƋƵĂƌĞ
ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ϭϮϱ
ϭϬϬ
ϳϱ
ϭϮϱ
ϭϬϬ
ϳϱ
DŽĚĞů
;ϭͿ
;ϮͿ
;ϯͿ
;ϰͿ
;ϱͿ
;ϲͿ
'ƌĂĚƵĂƚĞĚĨƌŽŵ^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ
Ϭ͘ϭϯϯ
Ϭ͘ϭϮϮ
Ϭ͘ϭϭϬ
Ϭ͘ϮϮϮ
Ϭ͘ϭϴϵ
Ϭ͘ϭϲϬ
;Ϭ͘ϬϰϳϬͿΎΎΎ ;Ϭ͘ϬϱϭϮͿΎΎ ;Ϭ͘ϬϱϳϲͿΎ
;Ϭ͘ϬϱϮϱͿΎΎΎ ;Ϭ͘ϬϱϲϱͿΎΎΎ ;Ϭ͘ϬϲϮϵͿΎΎ
'ƌĂĚƵĂƚĞĚĨƌŽŵ^ĞůĞĐƚŝǀĞhŶŝǀ͘ΎǆƉĞƌŝĞŶĐĞ
ͲϬ͘Ϭϯϳ
ͲϬ͘ϬϮϴ
ͲϬ͘ϬϮϭ
;Ϭ͘ϬϬϵϴͿΎΎΎ ;Ϭ͘ϬϭϬͿΎΎΎ ;Ϭ͘ϬϭϬϵͿΎ
KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͗͘
ŽŶƚƌŽůƐ͗

ϯϵ͕ϳϰϴ
Ϭ͘ϭϰϬ

ϯϲ͕ϲϯϵ
Ϭ͘ϭϯϯ

ϯϭ͕ϴϰϯ
Ϭ͘ϭϮϱ

ϯϵ͕ϳϰϴ
Ϭ͘ϭϰϬ

ϯϲ͕ϲϯϵ
Ϭ͘ϭϯϰ

ϯϭ͕ϴϰϯ
Ϭ͘ϭϮϲ

WŽŝ ŶƚƐ ĨƌŽŵƚŚĞƵƚŽĨĨхсϬ

WŽŝ ŶƚƐ Ĩƌ ŽŵƚŚĞƵƚŽĨĨ͕Ă ŶĚ/ ŶƚĞƌĂ Đ ƚŝ ŽŶŽĨWŽŝ ŶƚƐ ĨƌŽŵƚŚĞƵƚŽĨĨǁŝ ƚŚƉƉƌŽǀĞĚĂ ƚWƌ ĞƐ ƚŝ Őŝ ŽƵƐ hŶŝ ǀ͕͘&ĞŵĂ ů Ğ͕Ƶďŝ Đ 

ǆƉĞƌŝ ĞŶĐ ĞWŽů ǇŶŽŵŝ Ă ů ͕DĂ ũ Žƌ Ƶŵŵŝ ĞƐ ͕Ă ŶĚzĞĂ ƌƵŵŵŝ ĞƐ ͘

/ŶƐƚƌƵŵĞŶƚŝŶWĂŶĞů

͗/ ŶĐŽů ƵŵŶƐ ;ϭͿͲ;ϲͿƚŚĞĞŶĚŽŐĞŶŽƵƐ ǀĂ ƌŝ Ă ďů ĞƐ Ă ƌĞŝ ŶƚƌƵŵĞŶƚĞĚǁŝ ƚŚƉƉƌŽǀĞĚĂ ƚWƌĞƐ ƚŝ Őŝ ŽƵƐ hŶŝ ǀĞƌƐ ŝ ƚǇĂ ŶĚŝ Ŷ

ĐŽů ƵŵŶƐ ;ϰͿͲ;ϲͿĂ ů Ɛ Žǁŝ ƚŚŝ ƚƐ ŝ ŶƚĞƌĂ Đ ƚŝ ŽŶǁŝ ƚŚĞǆƉĞƌŝ ĞŶĐ Ğ

tŚŝ ƚĞͬ,ƵďĞƌƐ ƚĂ ŶĚĂ ƌ ĚĞƌƌŽƌƐ Ă Đ ĐŽƵŶƚŝ ŶŐĐů ƵƐ ƚĞƌ ĞĚĂ ƚƚŚĞŝ ŶĚŝ ǀŝ ĚƵĂ ů ů ĞǀĞů Ă ƌĞƌĞƉŽƌ ƚĞĚŝ ŶƉĂ ƌĞŶƚŚĞƐ ĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: The sample is restricted to individuals with engineering, business, medical and law degrees (see
section 5 for details). Selective universities are defined as the two most prestigious universities in Chile (see
section 3 for details).
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Table 6: EL-SD Regression Discontinuity Test - Robustness Checks

ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ͕ƉƉůŝĐĂŶƚƐǁŝƚŚŝŶϭϬϬƉŽŝŶƚƐĨƌŽŵƵƚŽĨĨ
ZĞŐƌĞƐƐŝŽŶ
^ƉĞĐŝĨŝĐĂƚŝŽŶ

ĚĚŝƚŝŽŶĂů
ŽŶƚƌŽůƐ

&ƵŶĐƚŝŽŶŽĨ
WŽŝŶƚƐĨƌŽŵ
ƚŚĞƵƚŽĨĨ

&ůĞǆŝďůĞ
ŽĞĨĨŝĐŝĞŶƚ͍

^ĂŵƉůĞ

;ϭͿ

EŽ

>ŝŶĞĂƌ

zĞƐ

ůů

;ϮͿ

zĞƐ

ƵďŝĐ

EŽ

ůů

;ϯͿ

zĞƐ

ƵďŝĐ

zĞƐ

ůů

;ϰͿ

zĞƐ

>ŝŶĞĂƌ

zĞƐ

DĂůĞƐ

;ϱͿ

zĞƐ

>ŝŶĞĂƌ

zĞƐ

&ĞŵĂůĞƐ

ƐƚŝŵĂƚĞĚŽĞĨĨŝĐŝĞŶƚƐ
ƉƉƌŽǀĞĚĂƚ
ƉƉƌŽǀĞĚĂƚ
^ĞůĞĐƚŝǀĞ
^ĞůĞĐƚŝǀĞhŶŝǀ͘Ύ
hŶŝǀĞƌƐŝƚǇ
ǆƉĞƌŝĞŶĐĞ
Ϭ͘ϭϯϬ
ͲϬ͘Ϭϭϵ
;Ϭ͘ϬϯϱϰͿΎΎΎ
;Ϭ͘ϬϬϳϱͿΎΎ
Ϭ͘ϭϬϯ
ͲϬ͘ϬϮϬ
;Ϭ͘ϬϰϮϲͿΎΎ
;Ϭ͘ϬϬϳϯͿΎΎΎ
Ϭ͘ϭϬϵ
ͲϬ͘ϬϮϬ
;Ϭ͘ϬϰϮϱͿΎΎ
;Ϭ͘ϬϬϳϯͿΎΎΎ
Ϭ͘ϭϬϬ
ͲϬ͘Ϭϭϴ
;Ϭ͘ϬϰϮϳͿΎΎ
;Ϭ͘ϬϬϴϲͿΎΎ
Ϭ͘ϭϱϯ
ͲϬ͘ϬϮϮ
;Ϭ͘ϬϱϵϵͿΎΎ
;Ϭ͘ϬϭϯϱͿ

ůůƐƉĞĐŝĨŝĐĂƚŝŽŶƐŝŶĐůƵĚĞƵďŝĐǆƉĞƌŝĞŶĐĞWŽůǇŶŽŵŝĂů͘
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͗͘WŽŝŶƚƐĨƌŽŵƚŚĞƵƚŽĨĨхсϬ
ĚĚŝƚŝŽŶĂůŽŶƚƌŽůƐ͗&ĞŵĂůĞ͕DĂũŽƌƵŵŵŝĞƐ͕ĂŶĚzĞĂƌƵŵŵŝĞƐ͘
&ůĞǆŝďůĞĐŽĞĨĨŝĐŝĞŶƚŝŶĚŝĐĂƚĞƐǁŚĞƚŚĞƌƚŚĞĞƐƚŝŵĂƚĞĚĐŽĞĨĨŝĐŝĞŶƚƐŽĨƉŽŝŶƚƐĨƌŽŵĐƵƚŽĨĨǁĂƐĂůůŽǁĞĚƚŽĚŝĨĨĞƌŽŶĞĂĐŚƐŝĚĞŽĨƚŚĞĂĚŵŝƐƐŝŽŶĐƵƚŽĨĨ͘
tŚŝƚĞͬ,ƵďĞƌƐƚĂŶĚĂƌĚĞƌƌŽƌƐĐůƵƐƚĞƌĞĚĂƚƚŚĞŝŶĚŝǀŝĚƵĂůůĞǀĞůĂƌĞƌĞƉŽƌƚĞĚŝŶƉĂƌĞŶƚŚĞƐĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ
Note: The sample is restricted to individuals with engineering, business, medical and law degrees (see
section 5 for details). Selective universities are defined as the two most prestigious universities in Chile (see
section 3 for details).
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Table 7: Human Capital and Signaling Parameters

WĂƌĂŵĞƚĞƌ
^ƉĞĞĚŽĨůĞĂƌŶŝŶŐ
,ƵŵĂŶĂƉŝƚĂůĨĨĞĐƚ
^ŝŐŶĂůŝŶŐĨĨĞĐƚ

;ϭͿ
Ϭ͘ϭϲϱϰ
ͲϬ͘ϯϲϲϳ͕Ϭ͘Ϯϯϭϲ
ͲϬ͘Ϭϲϳϲ
ͲϬ͘ϮϱϯϬ͕Ϭ͘ϱϴϯϳ
Ϭ͘ϯϭϲϲ
Ϭ͘ϭϭϵϮ͕Ϭ͘ϱϭϰϬ

;ϮͿ
Ϭ͘ϮϲϬϬ
ͲϬ͘ϬϮϰϭ
ͲϬ͘ϬϳϳϬ͕Ϭ͘ϬϮϵϬ
Ϭ͘ϯϬϴϬ
Ϭ͘ϭϴϮϵ͕Ϭ͘ϰϯϯϬ

Note: The reported parameters are estimated by nonlinear least squares using the RD coefficient estimates
at different experience levels with with 95 percent confidence intervals in brackets. Section 6 describes the
link between the parameters reported here and the estimated coefficients. In Column (1) we estimate the
speed of learning parameter and in Column (2) we impose a coefficient of 0.26, which implies a speed of
learning consistent with the literature. The sample is restricted to individuals with engineering, business,
medical and law degree (see section 5 for details). Selective universities are defined as the two most
prestigious universities in Chile (see section 3 for details).
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Figure 1: Application Process to Traditional Universities
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Figure 2: Smoothed Language PAA Score Distribution
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Note: Language PAA is a component of the centralized test for admission to university in Chile. Selective universities are defined as the two most prestigious universities in Chile (see section 3 for details).
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Figure 3: Smoothed Math PAA Score Distribution
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Note: Math PAA is a component of the centralized test for admission to university in Chile. Selective universities
are defined as the two most prestigious universities in Chile (see section 3 for details).
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Figure 4: Traditional EL-SD Selective University Coefficient by Experience Level
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Note: Each circle represents the effect of the selective university dummy estimated by linear least squares within each
of the 10 experience groups. The controls used in the regressions are the same as those presented in Table 3 (including
Math and Language PAA scores). Selective universities are defined as the two most prestigious universities in Chile
(see section 3 for details). Confidence intervals are calculated using White/Huber heteroscedasticity standard errors.
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Figure 5: Graduation from Selective University Discontinuity
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Note: Open circles represent 10 points local averages and the lines are local linear fits below and above
the admission cutoff. The sample is restricted to individuals with engineering, business, medical and law
degrees (see section 5 for details).
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Figure 6: McCrary Density Tests
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Note: Weighted kernel estimation of the log density of the distance to admission cutoff performed separately
on either side of the admission threshold. Optimal binwidth and binsize as in McCrary (2008). The sample
is restricted to individuals with engineering, business, medical and law degrees (see section 5 for details).
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Figure 7: Discontinuity at Pre-treatment Outcomes
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Note: Open circles represent 10 points local averages and the lines are local linear fits below and above
the admission cutoff. The sample is restricted to individuals with engineering, business, medical and law
degrees (see section 5 for details).
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Figure 8: Earnings Discontinuity by Experience
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Note: Earnings are defined as log annual wages measured in real Chilean pesos. Open circles represent 10
points local averages and the lines are local linear fits below and above the admission cutoff. The sample
is restricted to individuals with engineering, business, medical and law degrees (see section 5 for details).
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Figure 9: RD Coefficients by Experience Level

0

2

4

6

8

10

Experience

Note: Each circle represents the effect of the selective university dummy estimated by two stage least square within
each of the 10 experience groups. The line is a quadratic fit between these coefficients.
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Appendix (for online publication)
College Selectivity Measures
In the paper, we defined the selective universities as the two of the oldest and most prestigious
universities in the country and non-selective are all other universities. Using the 2002 data from
the Chilean Department of Evaluation and Educational Testing Service (DEMRE) and the yearly
reports of the Council of Chancellors of Chilean Universities (CRUCH) we provide further evidence
that these two universities are distinguishably more selective than all other universities. In Table 1
we rank the 10 most selective universities of Chile by their average PAA cutoff score. As expected,
the two prestigious universities have higher cutoffs than any other universities in the country,
demonstrating they select the best candidates. We also show evidence that the two most selective
universities have considerably higher instructional spending per student than any other school in
the country. Finally, we also provide statistics on admission rates for the most selective universities
in country, as defined by number of students accepted divided by the number of applicants. While
the two selective universities also have low acceptance rates compared to most of the other schools,
these application rates should be interpreted with cautions given the centralized admission process
to universities in Chile. As described on section 2, students only apply to university after receiving
their PAA scores, ranking 8 programs by preference. As a result, students with low scores are
less likely to apply to the two most selective schools in the country, as they might consider the
impossibility of admission to a prestigious school.

Traditional EL-SD Test - 1995 Cohort
Different from Altonji and Pierret (2001), the panel used in this paper is unbalanced, since the
length of follow-up period is not the same for all cohorts. In order to make the data consistent
with the past literature, we report results using only the first cohort of workers in Table 2. These
are workers who graduated in 1995 and for whom we observe 10 years of labor market experience.
Similar to the results presented in Tables 3, we estimate a significant effect of graduating from a
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prestigious university for recent graduates, but the selectivity premium decreases over time. Note
however, that for this sample we find that the returns to standard math PAA score decreases with
experience while the returns to standard verbal PAA score increases with experience.

Major Choice Statistics
While we do not have information on application decisions for workers in our sample, we were
able to obtain data for applications for the year 2004 from Chilean Department of Evaluation and
Educational Testing Service, which contains up to eight preferences of the students who apply each
year.35 Based on this data, we can test our hypothesis that students who choose engineering, business, medical and law degrees (competitive majors) in a selective university as their first application
choice also apply to these same major as their second and third options (Table 3) . Overall, the
results from this table are consistent with the assumption of the paper. For instance, 96.3% of students that choose Business as their first major option in a selective university also choose business
as their major in their second application option. In addition, 93.9% of students that that choose
Business as their first major option in a selective university also choose Business as their major in
their third application option. The probability of second and third choices are very high for the
other majors as well. This result is not surprising given the significant wage premium associated
with a competitive major.

University Prestige Wage Premium vs Regional Wage Premium
A potential concern on the mechanisms driving the results of the paper is that the most prestigious
universities are located in Santiago, the capital and biggest city of Chile. On one hand, it is possible
that students barely above and below the cutoff face different wage prospects if they start their
career in the city where their college is located. On the other hand, most managerial positions are
located in Santiago, and it is a natural career path to move to the capital of the country if a worker
reveals that he or she is a high ability type. While we cannot distinguish these two mechanisms
35 The

2004 data is the oldest application data we could have access to.
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in our data, we can control our regressions for region of employment to show that the employer
learning mechanism holds for workers within a region of employment.
We report the results of the RD test controlling for a indicator whether the worker is employed
in Santiago on Table 4. This estimation shows that there is a significant wage premium for workers
employed in Santiago. Nonetheless, the inclusion of this geographic covariate barely affects the
results of the RD test. We estimate very similar college selectivity premium at the beginning of a
workers career in Tables 4and 5. We also show that this wage premium decreases as a worker gains
labor market experience even when controlling for region of employment, showing that differences
in wage prospects in the city which a worker graduates from does not explain the results of this
paper.

Retaking the Admissions Exam and Discontinuity of Age at College Entry
Another potential threat to the validity of the regression discontinuity is that rejected students can
retake the test until they score enough to be admitted in one of the two elite universities. If those who
retake the test are different than those who do not retake, it is possible that individuals above the
cutoff are not different in terms of their unobservables characteristics. We do not have application
data for this time period to show that individuals barely rejected by a prestigious university are
unlikely to apply again to college in the next year. Nevertheless, we can use information of age at
college entry to show that individuals above the cutoff are not significantly older than those below
the admission cutoff. Indeed, Table 5 shows that individuals above the cutoff are not significantly
older at college entry than those below the cutoff. This result is not surprising given the main
finding of the paper that returns to graduating from an elite university in Chile rapidly decrease
with time for those around the admission cutoff.
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Table 1: Selective University Measure

ZĂŶŬ
ϭ
Ϯ
ϯ
ϰ
ϱ
ϲ
ϳ
ϴ
ϵ
ϭϬ

University
Selective University
Selective University
Non-Selective University
Non-Selective University
Non-Selective University
Non-Selective University
Non-Selective University
Non-Selective University
Non-Selective University
Non-Selective University

ǀĞƌĂŐĞƵƚŽĨĨW^ĐŽƌĞ /ŶǀĞƐƚͬƐƚƵĚĞŶƚΎ
3,870
ϲϳϭ͘ϱ
3,326
ϲϲϳ͘ϰ
1,297
ϲϯϴ͘ϲ
1,280
ϲϮϲ͘ϳ
1,064
ϲϭϵ͘ϲ
900
ϲϬϬ͘ϭ
1,079
ϱϵϴ͘Ϯ
1,139
ϱϵϳ͘ϵ
1,109
ϱϵϳ͘Ϯ
1,195
ϱϵϭ͘ϳ

* Instructional spending per student, in millions of Chilean pesos
Note: Data from DEMRE and CRUCH statistics 2002.
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ĚŵŝƐƐŝŽŶZĂƚĞ
Ϯϯ͘ϱй
ϮϮ͘ϭй
ϯϴ͘ϭй
Ϯϭ͘Ϯй
ϭϰ͘ϯй
Ϯϭ͘ϴй
ϯϮ͘Ϭй
Ϯϯ͘ϱй
Ϯϲ͘ϯй
ϯϴ͘ϳй

Table 2: Traditional EL-SD Regression - 1995 cohort

ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ
DŽĚĞů
sĂƌŝĂďůĞƐ
^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ

;ϭͿ

;ϮͿ

;ϯͿ

Ϭ͘ϭϱϭ
;Ϭ͘ϬϮϯͿΎΎΎ

Ϭ͘ϬϭϮ
;Ϭ͘ϬϭϮͿ
Ϭ͘Ϭϴϱ
;Ϭ͘ϬϭϰͿΎΎΎ

Ϭ͘Ϯϳϰ
;Ϭ͘ϬϯϰͿΎΎΎ
ͲϬ͘ϬϮϭ
;Ϭ͘ϬϬϱͿΎΎΎ
Ϭ͘ϬϭϮ
;Ϭ͘ϬϭϮͿ
Ϭ͘Ϭϴϱ
;Ϭ͘ϬϭϰͿΎΎΎ

ϭϭ͘Ϯϱϵ
;Ϭ͘ϯϬϳͿΎΎΎ

ϭϭ͘ϮϮϯ
;Ϭ͘ϯϬϳͿΎΎΎ

Ϭ͘ϮϳϮ
;Ϭ͘ϬϯϲͿΎΎΎ
ͲϬ͘ϬϮϭ
;Ϭ͘ϬϬϱͿΎΎΎ
ͲϬ͘ϬϮϴ
;Ϭ͘ϬϭϵͿ
Ϭ͘ϭϯϬ
;Ϭ͘ϬϮϭͿΎΎΎ
Ϭ͘ϬϬϳ
;Ϭ͘ϬϬϮͿΎΎΎ
ͲϬ͘ϬϬϳ
;Ϭ͘ϬϬϮͿΎΎΎ
ϭϭ͘ϮϰϮ
;Ϭ͘ϯϭϲͿΎΎΎ

ϰϳ͕ϴϵϭ
Ϭ͘ϯϯϰ

ϰϳ͕ϴϵϭ
Ϭ͘ϯϯϱ

ϰϳ͕ϴϵϭ
Ϭ͘ϯϯϱ

^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇǆǆƉĞƌŝĞŶĐĞ
W>ĂŶŐƵĂŐĞ
WDĂƚŚ
W>ĂŶŐƵĂŐĞǆǆƉĞƌŝĞŶĐĞ
WDĂƚŚǆǆƉĞƌŝĞŶĐĞ
ŽŶƐƚĂŶƚ

KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ

ŽŶƚƌŽůƐ͗&ĞŵĂůĞ͕WƌŝǀĂƚĞ,ŝŐŚ^ĐŚŽŽů͕ƵďŝĐǆƉĞƌŝĞŶĐĞWŽůǇŶŽŵŝĂů͕DĂũŽƌƵŵŵŝĞƐ͕ĂŶĚ
zĞĂƌƵŵŵŝĞƐ͘
tŚŝƚĞͬ,ƵďĞƌƐƚĂŶĚĂƌĚĞƌƌŽƌƐĐůƵƐƚĞƌĞĚĂƚƚŚĞŝŶĚŝǀŝĚƵĂůůĞǀĞůĂƌĞƌĞƉŽƌƚĞĚŝŶƉĂƌĞŶƚŚĞƐĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: Sample restricted to individuals who graduated in 1995. Math and Language PAA are standardized
by test year. Selective universities are defined as the two most prestigious universities in Chile (see section
3 for details).
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Table 3: Major Choices

WƌŽďĂďŝůŝƚǇŽĨĐŚŽŽƐŝŶŐƚŚĞƐĂŵĞŵĂũŽƌĂŐĂŝŶŝŶƚŚĞŝƌ͘͘
DĂũŽƌŽĨ&ŝƌƐƚŚŽŝĐĞ ϮŶĚĐŚŽŝĐĞ ϯƌĚĐŚŽŝĐĞ ϰƚŚĐŚŽŝĐĞ ϱƚŚĐŚŽŝĐĞ ϲƚŚĐŚŽŝĐĞ ϳƚŚĐŚŽŝĐĞ ϴƚŚĐŚŽŝĐĞ
ƵƐŝŶĞƐƐ
ϵϲ͘ϯ
ϵϯ͘ϵ
ϴϵ͘ϴ
ϴϲ͘ϭ
ϳϲ͘ϱ
ϲϲ͘ϴ
ϰϳ͘Ϭ
ŶŐŝŶĞĞƌŝŶŐ
ϵϴ͘ϰ
ϵϳ͘ϴ
ϵϳ͘ϭ
ϵϳ͘ϵ
ϵϱ͘ϵ
ϵϰ͘ϰ
ϵϬ͘Ϯ
>Ăǁ
ϵϱ͘ϵ
ϴϳ͘ϰ
ϳϴ͘ϵ
ϳϲ͘ϱ
ϲϰ͘ϲ
ϱϭ͘ϭ
ϯϴ͘ϴ
DĞĚŝĐŝŶĞ
ϵϲ͘ϳ
ϴϵ͘ϵ
ϳϵ͘ϱ
ϴϬ͘ϳ
ϲϱ͘ϵ
ϱϰ͘ϰ
ϰϭ͘Ϯ
Note: Data from DEMRE 2004. The sample is restricted to individuals that chose a program in a selective
university as their first application choice.
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Table 4: EL-SD Regression Discontinuity Test - Regional Control
ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗>ŽŐŶŶƵĂůtĂŐĞ
WĂŶĞů

DŽĚĞů
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͘ΎǆƉĞƌŝĞŶĐĞ
^ĂŶƚŝĂŐŽ
KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ

ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ϭϮϱ
ϭϬϬ
ϳϱ
;ϰͿ
;ϱͿ
;ϲͿ
Ϭ͘ϭϯϰ
Ϭ͘ϭϬϱ
Ϭ͘Ϭϴϰ
;Ϭ͘ϬϰϬͿΎΎΎ ;Ϭ͘ϬϰϭͿΎΎ ;Ϭ͘ϬϰϱͿΎ
ͲϬ͘ϬϮϲ
ͲϬ͘Ϭϭϵ
ͲϬ͘Ϭϭϲ
;Ϭ͘ϬϬϴͿΎΎΎ ;Ϭ͘ϬϬϴͿΎΎ ;Ϭ͘ϬϬϴͿΎ
Ϭ͘ϯϰϵ
Ϭ͘ϯϰϬ
Ϭ͘ϯϯϬ
;Ϭ͘ϬϭϵͿΎΎΎ ;Ϭ͘ϬϮϬͿΎΎΎ ;Ϭ͘ϬϮϭͿΎΎΎ
ϯϮ͕ϱϰϳ
Ϭ͘ϭϲϳ

Ϯϵ͕ϵϲϭ
Ϭ͘ϭϱϵ

Ϯϱ͕ϵϳϯ
Ϭ͘ϭϱϭ

ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͗͘WŽŝŶƚƐĨƌŽŵƚŚĞƵƚŽĨĨхсϬ
ŽŶƚƌŽůƐ͗WŽŝŶƚƐĨƌŽŵƚŚĞƵƚŽĨĨ͕ĂŶĚ/ŶƚĞƌĂĐƚŝŽŶŽĨWŽŝŶƚƐĨƌŽŵƚŚĞƵƚŽĨĨǁŝƚŚƉƉƌŽǀĞĚĂƚ
WƌĞƐƚŝŐŝŽƵƐhŶŝǀ͕͘&ĞŵĂůĞ͕ƵďŝĐǆƉĞƌŝĞŶĐĞWŽůǇŶŽŵŝĂů͕DĂũŽƌƵŵŵŝĞƐ͕ĂŶĚzĞĂƌƵŵŵŝĞƐ͘
tŚŝƚĞͬ,ƵďĞƌƐƚĂŶĚĂƌĚĞƌƌŽƌƐĂĐĐŽƵŶƚŝŶŐĐůƵƐƚĞƌĞĚĂƚƚŚĞŝŶĚŝǀŝĚƵĂůůĞǀĞůĂƌĞƌĞƉŽƌƚĞĚŝŶ
ƉĂƌĞŶƚŚĞƐĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: The sample is restricted to individuals with engineering, business, medical and law degrees (see
section 5 for details). Selective universities are defined as the two most prestigious universities in Chile (see
section 3 for details). Santiago indicates whether the worker is employed in Santiago.
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Table 5: Age at College Entry Discontinuity Test

ĞƉĞŶĚĞŶƚsĂƌŝĂďůĞ͗ŐĞĂƚŽůůĞŐĞŶƚƌǇ
ZĞĚƵĐĞĚ&Žƌŵ
ĂŶĚǁŝĚƚŚ;WŽŝŶƚƐĨƌŽŵƵƚŽĨĨͿ
ϭϮϱ
ϭϬϬ
ϳϱ
;ϭͿ
;ϮͿ
;ϯͿ
ͲϬ͘ϭϲϴ
ͲϬ͘ϭϲϵ
ͲϬ͘ϭϴϯ
;Ϭ͘ϭϮϬͿ
;Ϭ͘ϭϯϯͿ
;Ϭ͘ϭϰϵͿ

DŽĚĞů
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀĞƌƐŝƚǇ
KďƐĞƌǀĂƚŝŽŶƐ
ZͲƐƋƵĂƌĞĚ
ƉƉƌŽǀĞĚĂƚ^ĞůĞĐƚŝǀĞhŶŝǀ͗͘
ŽŶƚƌŽůƐ͗

ϯϰ͕ϵϵϬ
Ϭ͘Ϭϰϰ

ϯϮ͕ϬϮϱ
Ϭ͘Ϭϰϰ

Ϯϳ͕ϱϴϬ
Ϭ͘Ϭϰϳ

WŽŝ ŶƚƐ ĨƌŽŵƚŚĞƵƚŽĨĨхсϬ

WŽŝ ŶƚƐ Ĩƌ ŽŵƚŚĞƵƚŽĨĨ͕Ă ŶĚ/ ŶƚĞƌ Ă Đ ƚŝ ŽŶŽĨWŽŝ ŶƚƐ ĨƌŽŵƚŚĞƵƚŽĨĨǁŝ ƚŚƉƉƌŽǀĞĚĂ ƚ

Wƌ ĞƐ ƚŝ Őŝ ŽƵƐ hŶŝ ǀ͕͘&ĞŵĂ ů Ğ͕Ƶďŝ ĐǆƉĞƌŝ ĞŶĐĞWŽů ǇŶŽŵŝ Ă ů ͕DĂ ũ ŽƌƵŵŵŝ ĞƐ ͕Ă ŶĚzĞĂ ƌ 
Ƶŵŵŝ ĞƐ ͘
tŚŝ ƚĞͬ,ƵďĞƌƐ ƚĂ ŶĚĂ ƌĚĞƌƌŽƌƐ Ă Đ ĐŽƵŶƚŝ ŶŐĐ ů ƵƐ ƚĞƌ ĞĚĂ ƚƚŚĞŝ ŶĚŝ ǀŝ ĚƵĂ ů ů ĞǀĞů Ă ƌĞƌ ĞƉŽƌƚĞĚ
ŝ ŶƉĂ ƌĞŶƚŚĞƐ ĞƐ
ΎΎΎƉфϬ͘Ϭϭ͕ΎΎƉфϬ͘Ϭϱ͕ΎƉфϬ͘ϭ

Note: The sample is restricted to individuals with engineering, business, medical and law degree (see section
5 for details). Number of observation is different from the main tables of the paper due to individuals with
missing year of college entry.
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