Education, Signaling and Mismatch
Leandro Arozamena and Hernán Ru¤o1
Universidad Torcuato Di Tella
Preliminary
April 2016

Abstract We assess the importance education as a signal of workers’skills
and the e¤ects of poor signaling quality on labor market outcomes. We do so
by merging a frictional labor market model with a signaling setup where there
is a privately observed idiosyncratic component in the cost of education. Given
that highly skilled workers cannot correctly signal their abilities, their wages
will be lower and they will not be matched to the "right" vacancies, or may be
unemployed. Skilled workers will then have lower incentives to move to high
productivity markets. Furthermore, fewer vacancies will be created in labor
markets where skills matter, and incentives for workers to invest in education
will be lower. Overall, an economy where education is a noisier signal generates
lower educational attainment, higher unemployment and lower productivity. In
addition, we provide evidence suggesting that education plays a poor signaling
role in Latin American countries. We then calibrate our model using Peruvian
data, and through a quantitative exercise we show that this mechanism could
be relevant to explain the relatively bad performance of labor markets in Latin
American countries.
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Introduction

The role of education and its impact on labor market performance and job productivity has long been recognized as key. Both human capital accumulation
and signaling of workers’abilities have been identi…ed as channels through which
education plays this role. This paper concentrates on one speci…c aspect of the
signaling channel: signal quality. Speci…cally, we study the implications of education as a (possibly poor) signaling technology on allocation and productivity in
labor market equilibrium. If education provides less precise information about
workers’ abilities, an allocation problem follows. At least initially, matching
worker skills with the right vacancies is problematic. Unless the labor market is
frictionless, ine¢ cient worker allocation could be long lasting, resulting in lower
overall productivity. Here, we intend to examine this problem both qualitatively
and quantitatively. In particular, we aim to study to what extent this speci…c
channel could contribute to explain the relatively poor performance of labor
markets in Latin American countries.
First, we build a model combining two contexts that have been previously
examined in the literature: a general model of mismatch between workers and
vacancies in di¤erent labor markets within an economy, based on Shimer (2007),
and a signaling model where education may or may not convey precise information about a worker’s abilities. We extend the basic mismatch model to
introduce the decision of workers to reallocate. We modify the standard, pure
signaling setting by adding an idiosyncratic shock to the cost workers face when
educating. This heterogeneous cost is intended to re‡ect that a given worker’s
ability will not necessarily be easy to signal through education.
Indeed, this heterogeneity implies that some highly skilled workers optimally
decide not to invest in education. Given that these workers cannot correctly
signal their abilities, their wages will be lower and they will not be matched
to the "right" vacancies. Misallocation follows through several mechanisms.
Employers cannot correctly identify worker skills, so some skilled workers will
be unemployed. Skilled workers will then have lower incentives to move to
high productivity markets. Furthermore, fewer vacancies tend to be created
in labor markets where skills matter, and incentives for workers to invest in
education tend to fall. On the hole, an economy where education is a noisier
signal generates lower educational attainment, higher unemployment and lower
productivity.
In addition to examining those e¤ects qualitatively through our model, we
attempt to quantify them. Our quantitative approach intends to explore the
relevance of the signaling mechanism for explaining a set of facts present in
Latin American labor markets. First, Latin American countries have relatively
bad quality of education, as measured by standardized tests. As Hanushek
and Woessman (2012) have documented, those who have stayed at school until
age 15 in the region perform badly in terms of cognitive skills relative to their
peers in OECD countries. Second, the average number of years of education of
workers is lower in Latin America than in developed countries. Third, worker
misallocation is prevalent in Latin American countries (evidenced in a number
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of indicators, such as informality, size distribution of …rms, or unemployment),
which yields lower productivity (Erosa and Allub, 2012, D’Erasmo and Moscoso
Boedo, 2012, Buera et al., 2011). Latin American countries are then a natural
choice to examine to what extent poor quality of education as a signal of worker
skills has an impact on labor market performance. Indeed, we will show that
lower signal quality of education in Latin American countries can account for
those three facts.
To do so, we …rst provide and discuss the evidence that allows us to conclude
that education plays a poorer signalling role in Latin America than it does in
OECD countries, resorting to a number of available skills measures. In Latin
America, there is a larger mismatch between the skills required in di¤erent
occupations and the skills those employed in those occupations actually have.
Furthermore, the variance of skills indicators is larger for each educational level,
suggesting that education does not perform well as a signal. That performance
is even worse in the case of noncognitive than for cognitive skills. Regression
analysis yields that wages are correlated not only with skills indicators, but
also with education levels once skills are controlled for. In our model, this is
only consistent with education being a bad signal of skills. In the paper we also
discuss up to what extent measurement error in skills variables could be an issue
for the link between the data and our model.
Then, we calibrate the model for Peru using available data on education,
cognitive and noncognitive skills by occupation. Then, by changing parameters
related to signaling, we assess the quantitative importance of signaling and the
mismatch process, analyzing the productivity e¤ects that arise due to a worse
signaling technology. Indeed, poorer signal quality generates lower productivity.
For example, one of our quantitative exercises yields a productivity drop of 24%
resulting from a poor signal -as compared to the case where workers’ abilities
are perfectly revealed through education- due to human capital misallocation
After reviewing the related literature, the paper follows by describing our
framework in detail in Section 2. In Section 3, we provide a simpli…ed model
to understand the economic mechanism through which signal quality a¤ects the
economy. In Section 4, we describe the data that provides us with relevant
estimations to calibrate our model. We describe the calibration procedure in
Section 5. Then, we use our calibrated economy to derive results in Section 6
and discuss our …ndings in Section 7. Finally, Section 8 o¤ers some conclusions.
Related literature This paper is related to several strands of previous work.
Ever since Spence (1973), a large literature has examined both theoretically
the potential signaling role of education (Riley, 2001, provides a survey). We
modify the standard signaling setting by adding an idiosyncratic shock to the
cost of education, so that education is an imperfect signal and the e¤ects of
signal quality can be examined.2
2 An alternative approach, adopted in the signaling models in Matthews and Mirman (1983),
Carlsson and Dasgupta (1997) and de Haan et al. (2011), would be to add noise to the signal’s
value. In our application to education, we consider a cost shock more natural.
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The standard signaling approach has been changed in di¤erent ways so as to
incorporate the di¢ culties that may limit education’s role as a signal. Feltovich
et al. (2002), for example, take the case where an alternative measure of a
worker’s abilities (e.g. a recommendation) is available in addition to education.
Countersignaling may follow: education may be selected nonmonotonically according to skills. If the alternative measure is very informative, some worker
types may not be inclined to select higher education levels to transmit information on their abilities to …rms. Araujo et al. (2007) develop a model of "mixed
signals", in which both cognitive and noncognitive skills are private information. If there is a large divergence in how those two kinds of skills enter into
the cost of education for workers and into …rms’technologies, countersignaling
may arise. Multidimensional private information may, then, make it di¢ cult
for education to convey precise information about skills. In our approach, we
change the standard setup so that signal quality is associated with a shock to
the cost a worker faces when educating. We can then use the variance of that
shock as a measure of signal quality.3
Signaling theory has been empirically tested by a large literature. While
sharp results are di¢ cult to …nd, many papers present important evidence in
favor of the signaling hypothesis (Tyler et al. 2000; Weiss, 1995). Under the
idea that the signal conveyed by education is useful early in workers’ labor
history, a set of papers analyze the life-cycle earnings pro…le (Cohn et al., 1987;
Layard and Psachaporoulus, 1974; Wolpin, 1977). Another group of papers
compare returns to education in di¤erent labor markets with diverse signaling
requirements. For example, several papers compare returns to education for
wage earners and for the self-employed, since signaling should be irrelevant for
the latter (Cohn et al., 1987; Katz and Ziderman, 1980; Riley, 1979). A third
branch of the literature examines returns to credentials rather than to years
of education (Groot and Oosterbeek, 1994; Jaeger and Page, 1996), and …nd
that credentials have returns above the number of years of education. In a
particularly interesting contribution, Tyler et al. (2000) examine the General
Educational Development (GED) exam, usually taken by high-school dropouts
in the US. The authors show that the GED credential has strong e¤ects, between
10 to 19% higher wages, once controlling for GED scores.
Instead of concentrating on the relationship between education and labor
income, other papers focus on workers’ education decisions. As an example,
Bedard (2001) compares high school dropout rates in locations with varying
degrees of university access. Lang and Kropp (1986) study changes in enrollment
rates under di¤erent compulsory school attendance legal requirements.
Still, all this empirical literature has not used information on actual skills
to examine the relevance of signaling. Here, on the contrary, we intend to make
use of available skills measures, which we will later describe. This information
will be key in our quantitative analysis.
In addition to signaling, another strand of related literature examines di¤er3 MacLeod et al. (2015) argue that, besides the number of years of education, the particular
college that a worker attended provides some signal that employers might use to statistically
discriminate among workers. They …nd empirical support for their observation.
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ent sources of misallocation, as surveyed in Hopenhayn (2014). As is emphasized
in that paper, in order to quantitatively account for productivity gaps between
countries, market distortions should generate ranking reversals in the size distribution of …rms or in the use of factors, so that highly productive …rms or
factors end up unexploited. Our signaling model yields this type of misallocation: highly skilled workers can be unemployed while unskilled workers are
not.
The issue of occupational mismatch has also been examined empirically. It
is usually measured by comparing the skills required for each job with the skills
that workers actually have. Following di¤erent approaches, Sicherman (1991),
Chevallier (2003), Pellizzari and Fichen (2013), Allen and van der Velden (2001)
and Desjardins and Rubenson (2011) provide attempts to measure mismatch.
We will describe these contributions in more detail when presenting our own
approach, in Section 4.
In addition to cognitive skills, we also consider the role of noncognitive skills
in the empirical part of the paper. A broad empirical literature has shown
that both cognitive and noncognitive skills matter signi…cantly to …rms, labor
demand and wages. For example, Heckman and Kautz (2012) illustrate how
low noncognitive abilities reduce survival rates in employment, wages and annual
labor income. How both types of abilities are acquired by workers and identi…ed
by actual and potential employers is a key issue for productivity and e¢ ciency
in labor markets. Noncognitive abilities may be harder to accumulate and to
signal through formal education. Kautz et al. (2014), for instance, argue that
the GED tends to send a mixed signal to potential employers. Those that
pass the GED exam have higher cognitive abilities as compared with highschool dropouts that do not pass the test, but lower noncognitive abilities than
those that have graduated from high school. Bassi et al. (2012) show that in
Latin American countries a human resources policy in …rms can be described as
"recruit for attitude and train for skill." They connect this with the importance
of noncognitive skills.
In any case, to the best of our knowledge, the impact of education as a signal
on labor market outcomes has not been studied by combining it with a frictional
labor market model. This, then, is this paper’s main contribution.
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A mismatch model with signaling

The model may be described as one combining two potentially distinct parts:
(i) a dynamic model of mismatch in labor markets, and (ii) a simpli…ed version
of a signaling model for education. We introduce both parts in a series of steps.

2.1

Basic setup

There is a mass L of labor markets in the economy, which we normalize to
one. Each labor market may be interpreted as a local market for an occupation.
There are K types of markets or occupations, and Lk is the mass of type k
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markets, k = 1; :::; K. Markets may di¤er according to how important a worker’s
ability is for productivity: some occupations may be more skill-intensive than
others. Therefore, workers with the same characteristics -as observed by …rmswill receive di¤erent wages depending on the market they are employed in. Let
Nk be the number jobs per market available in markets of type k; which will be
determined endogenously, and let N be the total number of jobs in the economy.
There are M risk neutral workers. A worker’s ability is given by , where
2 . The set
is …nite, for simplicity. Each worker’s utility will equal the
expected present value of his income ‡ow, discounted at rate r, minus the cost
of education, as we will explain shortly.
Initially, each worker is assigned to a market at random. There, if a vacancy
is available to him, he can produce at a job or stay unemployed. If employed at
market k, the worker will produce units of the consumption good according to
yk ( ) = Ak

k

.

Then, a worker’s productivity in a given market depends on his own abilities and,
as we mentioned before, on the market type. If the worker remains unemployed,
he produces z units of the consumption good at home.
Worker’s abilities are not observable to employers. Before being initially
assigned to a market, each worker chooses an education level e, observed by
…rms, which may play the role of a signal for his ability. Note that, for the
sake of simplicity, given our interest in the e¤ects of its role as a signal, we
are assuming that education has no impact on actual productivity. Potential
employers can compute the expected productivity of any worker that has chosen
any given education level. Let pk (e) be the expected productivity, in a type k
market, of a worker that has chosen an education level e. That is,
pk (e) = E [Ak

k

je] :

In what follows, we …rst describe how the assignment of workers to markets
and the evolution of vacancies in each market work, given how workers have
chosen their educational levels. Once we have described what workers could
expect about employment and wages, we will come back to how their educational
choices are initially made.

2.2

Flows

As mentioned above, each worker is initially assigned at random to a market.
We assume that workers can be reallocated both randomly and voluntarily. Let
q be the constant rate at which workers are randomly reallocated, which we will
refer to as the “quit” shock. This rate is common to all markets and worker
types and is independent of the worker’s employment status. Any worker may
also decide to abandon his current market for a new one, after paying a …xed
cost .
Both if he is a¤ected by the quit shock and if he voluntarily leaves his
current market, the worker is assigned to a new market at random. He may end
6

up at any market with equal probability, independently of his characteristics,
previous market allocation and past employment. Given that this probability
is independent across workers, the allocation of workers across labor markets is
a multinomial random variable.
Additionally, there is a constant rate l at which any given job is destroyed. If
a job is destroyed, it is lost. A new job created in any market type is randomly
allocated to a market within that type. There is no aggregate shock in the
economy.
Let Me be the number of workers that have selected education level e, and let
S
i = (ie )ee=e
be the the vector that lists the number of workers in a given market
1
for each education level e.4 In a market where workers are described by i, the
numberP
of workers exogenously reallocated is distributed binomial, B(i; q), with
mean q e ie . Let j denote the number of jobs available in a market. Then, the
number of jobs that are exogenously destroyed is distributed binomial, B(j; l),
with mean lj: The in‡ows to each market due to exogenous reallocation shocks
have multinomial distributions, and could be approximated by their Poisson
limits, P oiss(qMe ) (P oiss(lNk )) for workers with education e (respectively, for
jobs in markets of type k). We can compute the processes of i and j generated by
these exogenous shocks, as well as the stationary distributions for these variables
in each market.
However, workers’endogenous reallocation decisions generate additional ‡ows.
The situation faced by a worker of eduation e in a market k will be fully described by the combination of workers in the market, i, and jobs, j. Let 'ke (i; j)
be a worker’s policy function in a market of type k when his education level is
e. It takes a value of one (zero) if the worker decides to switch markets (respectively, stay). These policy functions will, of course, follow from solving the
ce be the mass of workers with education e
worker’s optimization problem. Let M
that decide to switch. The in‡ow of workers to each market should also include
ce ) distributions.
the corresponding P oiss(M
Considering both exogenous and endogenous entries and exits in each market, we can compute the joint distribution of workers i and jobs j for each
market type k. Let Gk (i; j)P
be the cdf of this distribution.
For future use, let i = e ie be the number of workers in a given market,
and let h j i. If h > 0 (h < 0), the market is tight, in the sense that there
are un…lled vacancies (respectively, there is unemployment).

2.3

Wages and value functions

There is perfect competition within each market. Furthermore, we will assume
that workers are hired in spot markets -i.e. it is not possible to generate longterm relationships or contracts between any …rm and any worker. The only
relevant information about the worker that is available to a potential employer
is his education level. Let wk (e) be the wage received by workers with education
4 We assume here that the number of education levels selected by workers, S, is …nite, which
will be the case later when we describe the signaling equilibria we will examine.
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e in a given market of type k. Clearly, this wage depends on the number of
workers of each type in the market, the number of jobs available and the market
type.
To establish wage levels in a type-k market given the numbers of jobs and
workers, let us start by examining the case where only workers with the same
education level e have been allocated to that market. If h < 0 -that is, if
there is unemployment- competition implies that the wage level will be given by
worker’s opportunity cost, i.e. wk (e) = z. If, on the contrary, h > 0, there will
be unful…lled vacancies and …rms will compete so that wk (e) = pk (e): wages
will equal expected productivity. We assume that …rms will pay wk (e) = z if
h = 0 as well.
Take now the case of a market where workers with di¤erent education levels
coexist. Suppose those education levels are e1 ; :::; eS , with es+1 > es , s =
1; :::; S. If h > 0, all workers will receive a wage that equals their expected
productivity, according to each education level. That is, wk (es ) = pk (es ) for
all s. If h < 0, there are di¤erent possibilities, according to which education
levels are employed and which are not. In our setup,5 employed workers will
have (weakly) higher education levels than those of the unemployed. At any
equilibrium, pro…ts derived from any match with a worker, independently of
the education level, will be the same, and will equal the pro…t that would follow
from hiring an unemployed worker, whose outside option is z. Let sb be such
that, in the market with h 0,
XS

s
b+1

XS

ies < j

s
b

ies .

(1)

In words, esb is the lowest education level such that a worker is employed. Then,
for s sb, we will have
wk (es ) = pk (es )

pk (esb) + z;

so that a worker with education esb is indi¤erent between being employed and
unemployed, and …rms earn the same pro…ts from hiring any worker, including
those that are unemployed. Summarizing, wages will be
8
if h > 0
< pk (es )
pk (es ) pk (esb) + z
if h 0 and s sb
wk (es ) =
(2)
:
z
if h 0 and s < sb
where sb is given by (1).
Correspondingly, a …rm earns, in each job, a pro…t given by
k (i; j)

=

where, again, sb is given by (1).
5 This

0
pk (esb)

z

if h > 0
;
if h 0

will be the case in the signaling equilibria we will examine.
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Given wages, pro…ts, and job and worker ‡ows across markets, we can characterize the value functions for a new job and for a worker given his level of
education.
The value of a new job in a type k market, Jk (Nk ), follows from
rJk (Nk ) = E [

k (i; j)]

lJk (Nk );

where k (i; j) is the ‡ow pro…t of a new job in a type k market, as described
above.
Creating a new job costs > 0, so that the following no-pro…t condition
should hold:
E [ k (i; j)]
= :
(3)
Jk (Nk ) =
r+l
The value of a new job in a type k market weakly falls with Nk . As Nk grows,
the proportion of markets where there is unemployment falls. In those markets
where a single education level is present, that means that wages may go up from
z to the value of a worker’s expected productivity. In markets where several
education levels are present, raising Nk implies that workers with (weakly) lower
education levels are hired, so, again, k falls.
Let us now turn to workers. For any worker, the value of being in a type k
market with an education level e is characterized by
rWek (i; j)

Wek (i; j)

= wk (e) + q W e

+ max Ei0 ;j 0 Wek (i0 ; j 0 ) ; W e

Wek (i; j) ;

where W e is the expected value of being allocated at random to any market
given education level e. The third term on the right-hand side of this expression
follows from the fact that the worker may voluntarily be reallocated: whenever
We
> Ei0 ;j 0 Wek (i0 ; j 0 ) ; the worker would decide to switch markets (i.e.,
'ke (i; j) = 1). Note that this expectation is taken over the process of i and
j, which, as we mentioned, change according to the multinomial distributions
described above.
The expected value of being reallocated at random to a new market, W e ,
follows from taking expectations over the joint distribution of (i; j). Speci…cally,
W e = E Wek (i; j) ;
where the expectation is taken over all di¤erent market types. More concretely,
this expectation is taken according to the cdf
G(i; j) =

XK

k=1

Lk Gk (i; j);

where each Gk is a cdf in markets of type k:
Finally, note that for any values state variables may take, the value of being
in a market cannot fall below W e
. Then, we asume that if a worker is
reallocated to a market where the number of workers is excessive, or where the
returns to his abilities are low, he would switch markets again instantly.
9

2.4

Signaling

We have described how the economy operates given workers’educational choices.
We turn now to the signaling role of education. Our approach is based on a
very simple version of Spence (1973).
As we mentioned above, before being randomly assigned to his …rst market,
each worker selects an education level e 0: This choice will be the only worker
characteristic that any …rm will observe later on in the labor market. The
worker’s utility is
u(W; e; ; ") = W c(e; ; ");
where W is the value of his income in future employment, and the cost of
education is
c(e; ; ") = e a [t + exp(")] ;
with a > 0 and " being an i.i.d. random shock to costs distributed according to
F ("). Then, the cost (and the marginal cost) of education decreases with the
worker’s ability.
From our previous description of how labor markets work given educational
choices, we will have
W = W e = E Wek (i; j) ;
where the expectation is taken according to the stationary distribution of i and
j, as explained above.
Clearly, then, workers will select an education level e such that
arg max
e

We

e

a

[t + exp(")] :

(4)

The noise present in the cost function for education will be our instrument
to evaluate how well education may play a signaling role in this economy. A
worker with a high value of
may choose a low level of education -even if
choosing a higher level of e is rewarded by the labor market- if " is su¢ ciently
high. More dispersion in F (") may then make education perform worse as a
signaling device.

2.5

Equilibrium

Combining the signaling and job matching aspects of the model, an equilibrium
in this economy will be given by (i) a rule e ( ; ") that speci…es workers’ educational choices, (ii) for each market type k, a wage schedule wk (e); (iii) for
each market type k, a number of jobs per market Nk ; (iv) for each market type
k and education level e, a quitting rule 'ke (i; j), and (v) for each market type
k, a cdf Gk (i; j) such that
e ( ; ") solves (4) for all ( ; "), given E Wek (i; j) ; computed according
PK
to G(i; j) = k=1 Lk Gk (i; j),

and, for each market type k,
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Nk follows from (3),
wk (e) follows from (2),
for each education level e, 'ke (i; j) equals one (zero) if W e
> Ei0 ;j 0 Wek (i0 ; j 0 ) ,
where the expectation is computed according to Gk (i; j); and
Gk (i; j) satis…es the worker reallocation and job creation conditions described above.

3

A simple case

So as to describe in a clearer way the e¤ect that signal quality may have, let us
resort to a simple version of the general model described above.
We will now concentrate on equilibria where educational choices generate
partial separation at the lowest possible educational cost. Speci…cally, each
worker type will be associated to an education level. That level will be the
lowest one such that a worker of the type that is immediately worse will never
select it, for any value of ". Then, workers of a given type will choose the
corresponding education level for low values of ". If " grows, however, that choice
will eventually be too costly, and the worker will rather select the educational
level associated to a lower type. Partial separation will follow: the highest level
of education will only be chosen by (some) workers of the highest type, whereas
each lower level will be selected by workers of the type associated to it and by
some workers of better types, for whom education is costly enough.
To examine this class of equilibria in our model, suppose 2 = f ; g.
Furthermore, assume as well that the shock to the cost of education, ", is normally distributed, with mean zero and variance 2" .
In the equilibria we will examine, then, two education levels will be selected
with positive probability: e, associated with
= , and e, associated with
= ; with e > e. We take strategies such that all workers of type select
e, for any value of ": A worker of type
chooses e unless his cost shock "
takes a very large value. All intermediate education levels are not rewarded by
the labor market: we assume that market beliefs about worker productivity for
those education levels coincide with those that would follow after observing e.6
Naturally, the corresponding incentive condition has to hold for low types:
for all "; they have to prefer e = e to e = e. That is,
h
i
E Wek (i; j)
e a [t + exp(")] E Wek (i; j)
e a [t + exp(")]
for all ".
So that (partial) separation follows at the lowest possible cost, we select the
equilibrium where education takes the lowest possible values. Then, e = 0 and
6 Since those education levels are chosen with zero probability, …rms’beliefs after observing
them are arbitrary.
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e is, given parameter values, the lowest value of e such that all low-type workers
weakly prefer e. That is, e is such that
h
i
E Wek (i; j) = E Wek (i; j)
e a t;

as Figure 1 shows. The …gure depicts indi¤erence curves for a -type worker
when " ! 1. Clearly, given the expected labor income premium associated
with education e, in that limiting case the worker is indi¤erent between choosing
that education level and not educating at all. Thus, all low-type workers prefere
e = 0, independently of their cost shocks.
Figure 1: Signaling model: indi¤erence curves of low skilled
W

W-eψ-at=u

E[Wek(i,j)]

E[Wek(i,j)]

0

e

e

In the case of high types, Figure 2 below depicts their situation. As " grows,
a high type’s indi¤erence curves become steeper, since the marginal cost of
education grows. The …gure shows indi¤erence curves for high types that select
e = e, given the expected labor income premium, for di¤erent values of ".
Eventually, if " grows enough, a high type will prefer mimicking a low type
by choosing e = 0 rather than e = e. Hence, there will be a cuto¤ value for ",
b
", given by
h
i
a
a
E Wek (i; j)
e
[t + exp(b
")] = E Wek (i; j)
e
[t + exp(b
")] :

Then, high-type workers with " < b
" (" > b
") would choose e (respectively, e = 0).
Notice that b
" depends on expected labor income, and parameters such as
a and t, but does not depend on " . Let the parameters be such that when
" ! 0 a separation equilibrium in the signaling problem can arise. In such a
case, and …xing expected labor incomes and b
" , a higher variance for " implies
that more high-type workers select a lower education level. In essence, a higher
variance for " reduces education’s e¤ectiveness as a signal. In these equlibria,
a higher education level still reveals high productivity, but is less frequently
12

Figure 2: Signaling model: idiosyncratic costs and partial pooling
^ u
W-eψ-at[t+exp(ε)]=

w
E[Wek(i,j)]

ε grows
E[Wek(i,j)]

0

e

e

chosen. A lower (in our case, zero) education level becomes less informative, as
it is chosen by all low types and a larger portion of high types. Fewer workers
tend to separate using education as a signal.
Needless to say, though, this is not the end of the process.
As signal
h
i
k
quality becomes worse, and educational choices change, both E We (i; j) and

E Wek (i; j) change as well. Indeed, as the signal is less informative, the labor
income premium will fall, since workers will more often be stuck at an ine¢ cient
labor match, and -given our equilibrium selection- so will e, the education level
selected by those high types that do separate. In addition, the cuto¤ value b
" will
also vary. As our quantitative exercises below will show, overall labor market
performance will su¤er.
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Data and empirical …ndings

In this section we describe the empirical …ndings that support the idea that education could be considered a noisy signal of skills. Additionally, these empirical
…ndings will allow us to calibrate our model. First, we describe the data. Then,
we discuss the evidence of higher mismatch and worse educational quality in
Latin America, as compared to OECD countries. Finally, we present the results
that follow from a regression analysis on wages, which are relevant to further
identify signaling problems and for the calibration of our model.

4.1

Data

Our …rst source of information is the Survey of Adult Skills, the main output of
the Programme for International Assessment of Adult Competencies (PIAAC),
run by the OECD. This survey is designed to be representative of the population
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between ages 16 and 65 in very diverse countries using a harmonized methodology. It includes data on occupation, education and skills (numeracy, literacy
and problem solving). Notably, though, the PIAAC provides this information
for OECD countries. There is no Latin American country with available data
in the program so far -results on Chile will be available in the future.
As for Latin America, there are a few important sources that provide information on skills (both cognitive and noncognitive) for adults in the region. Our
main source is the Encuesta Nacional de Habilidades y Mercado Laboral (ENHAB), carried out by the World Bank in Peru in 2010 (see Yamada et al., 2014).
In this survey, cognitive skills were measured through several tests on numeracy,
problem solving, working memory, verbal ‡uency and language. Noncognitive
variables are based on the GRIT scale and the Big Five personality traits.
Additionally, we use data from the World Bank’s Skills Measurement Program, STEP. This source covers several developing countries between 2012 and
2014, including Bolivia and Colombia. It is a household survey of adults (between 15 to 64 years of age) with the objective of analyzing workers’skills, as
well as their formal education and labor market outcomes. It recovers both cognitive (comparable to the PIAAC information) and socio-emotional skills (Big
Five, hostile attribution bias and other variables related to decision making).
Our main objective when using these data sources will be to explore differences between Latin American and OECD countries. We …rst focus on the
allocation of skills across occupations and we then present the relevant wage
regressions.

4.2

Mismatch of skills

A growing empirical literature examines mismatch from an empirical point of
view. Mismatch is usually measured by comparing the skills required for each
job/occupation, according to a standard job description, with the skills that
workers employed in each occupation have. The latter could be identi…ed by
using information on educational levels, as in Sicherman (1991) or Chevallier
(2003). To follow this approach, there are many available information sources,
both household surveys and census data.
Alternatively, skills required in a job could be compared with actual worker
abilities. This is the path taken, for example, in Pellizzari and Fichen (2013),
Allen and van der Velden (2001) and Desjardins and Rubenson (2011), among
others. Needless to say, the main hurdle in this approach is how to measure
worker skills directly.
We draw from these examples to measure mismatch as in Pellizzari and
Fichen (2013). That paper uses PIAAC information on skills and job descriptions to explore whether workers are under- or over-skilled for their current jobs.
Well-matched workers are identi…ed using two survey questions: (i) "Do you feel
that you have the skills to cope with more demanding duties than those that are
required to perform in your current job? ", and (ii) "Do you feel that you need
further training in order to cope well with your present duties? ". If an individual gives a negative answer to both questions, he is considered well matched
14

according to this method. Then, minimum and maximum skills in the group
of well-matched workers determine the skill thresholds by occupation that are
used to identify those who are under- or over-skilled. For example, over-skilled
workers would be those with skills that are higher than the maximum among
those who have been identi…ed as well-matched.
Table 1: Distribution of skills by occupations (PIACC & EHAB)
Germany

Peru

Well-matched
Under-skilled
Over-skilled

0.93
0.02
0.05

0.78
0.03
0.19

Well-matched
Under-skilled
Over-skilled

0.92
0.02
0.06

0.87
0.02
0.11

Between
Within

0.18
0.82

0.14
0.86

Between
Within

0.16
0.84

0.10
0.90

(A) Mismatch
Numeracy

Literacy

(B) Variance
Numeracy

Literacy

Notes: Panel (A) repro duces the m etho ds presented in Pellizzari and
Fichen (2013) to identify under- and over-skilled workers. Panel(B)
rep orts the prop ortion of variance within and b etween groups using
variance decom p osition m etho ds.
Source: PIAAC and ENHAB.

We follow the same procedure using PIAAC information at the two-digit
occupation level, and …nd that 93% (92%) of workers can be considered wellmatched according to their numeracy (respectively, literacy) skills in Germany
(see Table 1). We can exploit as well standardized numeracy and literacy scores
in ENHAB. When applying the same thresholds for Peru, we …nd that 78%
(87%) of workers can be identi…ed as well-matched considering numeracy (respectively, literacy). Notice that our underlying assumption in this exercise is
that, without distortions, jobs would require the same relative skills in Peru
as in Germany. By standardizing our measures of cognitive skills in di¤erent
countries, we are assuming that the range of skills is similar in both.
Additionally, we can analyze the distribution of skills across occupations. In
particular, we decompose the total variance of standardized scores in skills, using
a within- and between- group variance decomposition. The intuition behind
this exercise is that a higher within-group variance proportion is associated to
a higher likelihood that skills are mismatched. We …nd that the within variance
15

proportion is approximately …ve points higher in Peru than in Germany. As an
example, numeracy skills variance within occupations is 82% of total variance
in Germany, while it is 86% in Peru. Results are similar for literacy skills.
These results suggest that labor markets in Peru exhibit more mismatch
than those in Germany.

4.3

Skills distribution and signaling

There are di¤erent pieces of evidence that suggest that education does not perfectly signal worker’s abilities in Latin American countries. In order to discuss
this point, we will …rst resort to international skills assessments that build scores
of cognitive skills in a standardized way between countries. We use PIAAC results for OECD countries and STEP data for Latin American countries.7
The main quality indicator for education that we want to emphasize is the
distribution of skills within each level of education. We then associate higher
heterogeneity in abilities within each level of education with a less precise signal.
Table 2 displays the standard deviation of literacy scores. It shows that
skills in Latin American countries are more heterogeneous given education. In
particular, not only is the standard deviation of literacy scores larger overall, but
it is also larger within each level of education. This di¤erence is more noticeable
for primary, high school and tertiary education. On the other hand, panel (B) of
table 2 shows the same indicator, but after controlling for country …xed e¤ects
by simple OLS regressions (as the ones presented in tables 3 and 4). Di¤erences
between OECD and Latin American countries tend to be smaller but are still
strong.
Table 2: Standard deviation of literacy score

Education
Primary
High School
Tertiary
Some College
College
Total

(A)
Raw scores
OECD Latin America
49.10
77.72
39.99
52.77
39.84
58.54
38.04
47.64
39.75
39.46
48.47
70.80

(B)
Residuals of regressions
OECD Latin America
48.42
70.63
38.92
48.94
39.08
58.54
36.43
43.64
37.84
39.24
40.07
56.61

Notes: Latin Am erican countries are Colombia and Bolivia. Sam ple is restricted to individuals from 25 to 49 years of age and with com parable levels of education b etween
countries according to ISCED.
Source: PIAAC and STEP literacy scores for selected countries.

7 PIAAC covers Austria, Belgium, Canada, Denmark, Estonia, Finland, France, Great
Britain, Germany, Ireland, Italy, Japan, S.Korea, Netherlands, Norway, Poland, Russia, Slovakia, Spain, Sweden and the US. STEP countries are Bolivia and Colombia.
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The results of an OLS regression of literacy scores on indicator variables for
each level of education -where primary is the base category- are summarized in
Table 3. All coe¢ cients are measured with higher variance in Latin American
countries than in the OECD. Standard errors (in parenthesis in the table) are
about three times larger than in OECD countries, even after adding country
…xed e¤ects (columns 3 and 4).
As described above, we use as well Peruvian data, from ENHAB. The
methodology of this source, however, is not necessarily comparable to the measures in PIAAC and STEP. Accordingly, we standardize literacy scores by country (i.e. we substract the mean and divide by the standard deviation). Given
that the point here is to identify variance within each education level rather
than total variance, we believe that standardized variables are informative.
Figure 3 depicts the density of this standardized measure of literacy skills
for Peru. The analogous distribution for Germany is also included for the sake
of comparison. In Peru, the skills distribution is bimodal, with a relevant group
of individuals with lower skills than the median. While this type of bimodal
distribution is also found in Colombia and Bolivia, the corresponding distributions for all OECD countries, from PIAAC, are unimodal. Importantly, this
bimodality is still present for the subsample of those with secondary and tertiary education. This bimodal distributions by education level suggest that the
higher skills variance we have found in Latin American countries may follow
from a long left tail, from the lowest part of the skills distribution.

0

.1

Fraction
.2

.3

.4

Figure 3: Distribution of standardized literacy

-4

-2
0
Standardized Literacy score
Germany

2

4

Peru
®

Notes: The graphs show the Kernel density of the standardized m easures of literacy skills for two countries.
Source: PIAAC and ENHAB.
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The last two columns in table 3 present the coe¢ cients that obtain when
regressing the standardized measure of literacy on schooling level and country
…xed e¤ects. Even after standardizing, we …nd more dispersion in coe¢ cients,
with standard errors approximately doubling those for OECD countries. Table
4 shows that these results are robust when the same sample is restricted to
males.
Another relevant and noticeable point in the regressions in table 3 is that,
while all levels of education are signi…cantly di¤erent from primary education,
each level does not always imply a signi…cant improvement when compared to
the previous one. As an example, tertiary education does not imply a signi…cant
improvement when compared with high school in Latin American countries (see
columns 2 and 4). Something similar happens when we analyze ENHAB data
for Peru.
Table 3: Regressions of literacy scores on education
Variable
Countries
High School
Tertiary
Some College
College
Constant
Country dummies
R2
N

(1)
Literacy
OECD
41.81***
(0.81)
48.33***
(1.73)
55.60***
(0.90)
71.22***
(0.79)
234.96***
(0.69)
No
0.27
42,607

(2)
Literacy
L.A.
64.04***
(5.21)
50.56***
(7.69)
76.94***
(5.73)
96.92***
(5.07)
167.47***
(4.25)
No
0.26
2,614

(3)
Literacy
OECD
38.79***
(0.85)
47.54***
(1.77)
53.85***
(0.93)
69.17***
(0.82)
256.71***
(1.46)
Yes
0.32
42,607

(4)
Literacy
L.A.
56.28***
(4.47)
77.99***
(7.95)
76.51***
(4.86)
103.34***
(4.65)
140.04***
(4.69)
Yes
0.36
2,614

(5)
Lit. Stand.
OECD
0.82***
(0.02)
1.03***
(0.04)
1.15***
(0.02)
1.48***
(0.02)
-0.97***
(0.03)
Yes
0.25
42,607

(6)
Lit. Stand.
L.A.
0.82***
(0.05)
1.21***
(0.07)
1.27***
(0.06)
1.60***
(0.05)
-0.85***
(0.05)
Yes
0.33
4,002

Notes: OLS estim ations (standard errors) of the literacy scores on indicator variables of education.
In colum ns (3)-(6) we add …xed e¤ects by country. In colum ns (1) to (4) we use PIAAC and STEP
com parable literacy m easures. In colum ns (5) and (6) we use standardized m easures of literacy
skills and we include ENHAB m easure of literacy for Peru. Sam ple is restricted to individuals
from 25 to 49 years of age and with com parable levels of education b etween countries according to
ISCED. *, **, and *** indicate signi…cance at the 10% , 5% and 1% levels.
Source: PIAAC, STEP and ENHAB literacy scores.

To provide clearer evidence on this issue, we regress standardized scores on a
series of indicator variables that identify all observations with education higher
than a given level. In this sense, all coe¢ cients should be read as increments
from previous level. Table 5 compares OECD countries to Peru using this
de…nition of education. First, we still observe higher standard errors in Peru
for each coe¢ cient. Additionally, we …nd that “some college” is not correlated
with signi…cantly higher cognitive skills in Peru when compared to “tertiary,”
and that “college” is not correlated with higher literacy scores when compared
to “some college.” Importantly, this is not the case in OECD countries. This
is another type of evidence of relatively bad quality of education, since these
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Table 4: Regressions of literacy scores on education - Males
Variable
Countries
High School
Tertiary
Some College
College
Constant
Country dummies
R2
N

(1)
Literacy
OECD
42.51***

(2)
Literacy
L.A.
58.53***

(3)
Literacy
OECD
40.29***

(4)
Literacy
L.A.
51.29***

(5)
Lit. Stand.
OECD
0.85***

(6)
Lit. Stand.
L.A.
0.76***

(1.21)
43.80***
(3.41)
53.92***
(1.43)
72.14***
(1.17)
236.93***
(0.99)
No
0.28
18,484

(7.78)
31.89**
(14.37)
71.48***
(8.17)
90.13***
(7.44)
177.34***
(6.22)
No
0.24
1,079

(1.26)
42.82***
(3.54)
55.26***
(1.43)
70.16***
(1.21)
255.19***
(2.47)
Yes
0.33
18,484

(6.33)
62.11***
(14.74)
75.47***
(6.93)
102.92***
(7.13)
147.12***
(7.02)
Yes
0.35
1,079

(0.03)
0.92***
(0.07)
1.17***
(0.03)
1.50***
(0.03)
-0.99***
(0.05)
Yes
0.26
18,484

(0.09)
1.17***
(0.13)
1.29***
(0.08)
1.56***
(0.08)
-0.83***
(0.08)
Yes
0.32
1,565

Notes: *, **, and *** indicate signi…cance at the 10% , 5% and 1% levels. See notes from Table 3
Source: PIAAC, STEP and ENHAB literacy scores.

levels of education do not signal di¤erential skills.
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Table 5: Regressions of standardized
paring OECD with Peru
(1)
Countries
OECD
Sample
All
Primary
-0.88***
(0.03)
High School
0.82***
(0.02)
Tertiary
0.22***
(0.04)
Some College 0.11***
(0.04)
College
0.34***
(0.02)
R2
0.26
N
42,607

literacy scores on education levels - Com(2)
Peru
All
-0.92***
(0.07)
0.82***
(0.09)
0.54***
(0.08)
0.32***
(0.09)
0.11
(0.09)
0.39
1,388

(3)
OECD
Males
-0.99***
(0.05)
0.85***
(0.03)
0.07
(0.07)
0.25***
(0.07)
0.33***
(0.03)
0.27
18,484

(4)
Peru
Males
-0.78***
(0.14)
0.77***
(0.17)
0.69***
(0.14)
0.17
(0.12)
0.02
(0.11)
0.42
486

Notes: OLS estim ations (standard errors) of standardized literacy scores on indicator variables
of education and …xed e¤ects by country. Education is a set of dum my variables that identify
that the individual has com pleted the level. As an exam ple, High scho ol is “at least high scho ol
education”, etc. Then, each coe¢ cient should b e read as the addition of the level to the previous
one. Sam ple is restricted to individuals from 25 to 49 years of age and with com parable levels of
education b etween countries according to ISCED. In colum ns (3) and (4) we restrict further the
sam ple to m ales. *, **, and *** indicate signi…cance at the 10% , 5% and 1% levels.
Source: PIAAC and ENHAB standardized literacy scores. Literacy scores are standardized by
country.

20

So far, we have concentrated on measures of cognitive skills. In particular,
we have shown that some cognitive skills are correlated with schooling level,
but that skills seem to be more dispersed in Latin American countries within
each level of education. We interpret this as evidence of the fact that education
provides a worse signal.
A worker is not only productive because of cognitive skills, but also because
of noncognitive skills, as the literature has shown. If both types of skills are
important, then, the quality of education should be measured by its performance
in building and signaling both of them.
To examine this issue we use information from ENHAB, Peru. This source is
rich in the diversity of cognitive and noncognitive measures it provides, and thus
allows us to consider both types of skills. In order to provide simpler measures,
we use exploratory factor analysis to build single factors that summarize several
variables in a single combination. In particular, we estimate a single factor
of cognitive skills that captures information from scores in literacy, numeracy,
verbal ‡uency and working memory. Additionally we estimate a single factor
of noncognitive skills, combining the scores of six measures of socioemotional
abilities (Big Five and Grit).
Finally, we combine all these cognitive and noncognitive skills in one single
measure. For that purpose, and following the idea behind latent variables (see
Heckman et al., 2006) we included all these variables and two variables of income
(the log of hourly wages and the log of monthly labor income) to extract a single
factor combining them all. Intuitively, if a single latent variable characterized
an individual’s skills that in‡uence productivity, this latent variable should be
related to scores in standard tests of cognitive and noncognitive skills and, at the
same time, to the income the individual receives. To obtain this single indicator,
we run exploratory factor analysis on all these variables on the sample of wage
earners and then, taking the factor loadings from this sample, we predict factor
levels for the whole sample.
Table 6 shows the standard deviation of these factors (cognitive, noncognitive and a single factor for all skills) by education. There is no important
di¤erence in these factors’ overall standard deviations, but they have within
variance di¤erences when analyzing groups by education. The standard deviation is larger for the noncognitive factor. Furthermore, the standard deviation
for the single factor of skills is higher than that for cognitive skills. This suggests
that education performs worse as a signal of noncognitive skills than as one of
cognitive skills.
The cumulative distributions of cognitive and skills factors for some education groups are displayed in Figure 4. It is apparent that these skills do not
necessarily vary by much when the education level changes. In particular, when
we compare “some college” with “college,” skills are not distributed di¤erently
between the two groups. Not only are they similar in mean, but also in terms
of the whole distribution.
To sum up, we have provided additional evidence suggesting that the quality
of education as a means to signal cognitive ability is poorer in Latin American
than in OECD countries. We have documented as well that education has even
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Table 6: Standard deviation of one factor measures of cognitive, noncognitive
and overall skills - Peru
Education
Cognitive Noncognitive Skills
Incomplete primary
0.64
0.92
0.83
Complete primary
0.61
0.95
0.85
Incomplete High School
0.67
0.86
0.76
Complete High School
0.71
0.85
0.76
Incomplete Tertiary
0.60
0.97
0.83
Complete Tertiary
0.67
0.85
0.76
Incomplete College
0.61
0.87
0.77
Complete College
0.63
0.82
0.70
Postgraduate
0.54
0.90
0.85
Total
0.86
0.90
0.86
Notes: Standard deviations of factors m easures by education level. All the factors were generated using exploratory factor analysis. Cognitive m easure was
generated using …ve m easures of cognitive abilities (literacy, working m em ory,
num eracy and two m easures of verbal ‡uency). Noncognitive m easure was generated using six m easures of so cio em otional abilities (Big Five and Grit). The
one factor m easure for overall skills was generated using all previous m easures
and two m easures of lab or incom e (log of hourly wages and log of m onthly lab or
incom e).
Source: ENHAB.

higher problems to signal noncognitive abilities in Peru.

4.4

Education, skills and allocation in occupations

Let us now provide additional evidence of allocation within occupations. For
that purpose, we provide a very broad de…nition of occupation groups, education levels and skills that will be useful for the calibration exercise we will
later present. To do so, we resort to ENHAB information from Peru, and we
concentrate on individuals aged between 23 to 40.
We de…ne an unique indicator of skills by running a factor model on all
variables regarding skills, cognitive and noncognitive, and selecting only one
factor. We de…ned as high skilled those observations above the 70th percentile
in the distribution of this skills factor.
Additionally, we divide individuals according to their education into two
groups. We consider “highly educated”those workers with secondary or higher
education, while we regard the remaining workers as having “low education.”
Table 7 shows the proportion of individuals in each group according to their
education and skills. It is clear that, while high education and high skills are
correlated, this correlation is not perfect, as about 30% of the low skilled have
high education.
We now turn to the allocation of these workers in di¤erent occupations. For
that purpose we broadly divide occupations into three categories: (1) managers
and profesionals; (2) technitians; and (3) non quali…ed.
22
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Figure 4: Cumulative distribution of cognitive and noncognitive skills by education - Peru
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Notes: The graphs show the CDF of m easures of skills by groups of education. Panel (a)
plots the distribution of cognitive factor, panel (b) plots a single m easure of cognitive and
noncognitive skills. This last m easure was generated by using exploratory factor analysis on
four m easures of cognitive skills, six m easures of so cio em otional abilities (Big Five and Grit),
and on two m easures of lab or incom e (log of hourly wages and log of m onthly lab or incom e).
Source: ENHAB.

Table 8 reports the distribution of workers according to their education and
skills in these three categories. We …rst …nd that occupations di¤er widely
according to education: 97% of workers in occupation 1 have high education,
while 78.4% do in occupation 2 and 23% in occupation 3. However, skills are
not so sharply allocated among occupation categories: 45%, 55% and 24% respectively. The di¤erence in allocation according to education and according to
skills is possibly related to education performing poorly as a signal.

4.5

Wage regressions

As we described in Section 1, signaling theory has been empirically tested by
a large literature. However, this literature has not used information of actual
skills. In our context, this information could be crucial to determine whether
education has a signaling e¤ect through wage regressions. If education is a
perfect device for signaling skills, then returns to education should be the same
as returns to skills. In addition, if education was not a signaling device but
only a way of acquiring (observable) skills, then all returns to education could
be measured by the increase in skills between educational levels, and education
would have no e¤ect after controlling for skills.
On the contrary, if education was an imperfect signal of skills, these returns
would di¤er. Moreover, even comparing workers with the same skills, it is pos23
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Table 7: Education and skills - ENHAB - Peru
Low skills High skills
Low education
0.494
0.128
High education
0.206
0.171
Notes: Prop otion of individuals from 23 to 40 years of age in each group. High education are those
with education higher than high scho ol. High skilled are those ab ove the 70th p ercentile in the
distribution of a one factor variable describing the skill level.
Source: ENHAB.

Table 8: Education and skills by occupation - ENHAB - Peru
1. Managerial 2. Technicians 3. Other
1. Managerial 2. Technicians 3. Other
Prop. of highly educated
0.97
0.78
0.23
Prop. of high skilled
0.44
0.55
0.24
Notes: Prop otion of individuals from 23 to 40 years of age in each group. Education and skills are
de…ned as in table 7. Occupations are: 1. m anagem ent and professionals; 2. technical o ccupations;
3. rem aining occupations.
Source: ENHAB.

sible for education to have a positive impact on wages if signaling is imperfect.
This would happen if there was variation in education levels among workers
with the same skills, and if …rms’expectations are consistent with a positively
sloped wage schedule with respect to education.
Thus, taking our model as a basis, we analyze the relationship between
wages, skills and education so as to test for signaling quality: returns to education, after controlling for skills, will imply imperfect signaling.8
To do so, we run regressions of the log of labor income on indicators of
skills, education and other controls, including sex, age, age squared, as well
as indicator variables regarding household member and marital status over our
sample. Indicators of skills and education are de…ned as in the previous analysis.
Table 9 summarizes the results of these regressions. The …rst column shows
that employed workers with high education earn .52 log points more than those
with low education. Wages are also related to skills: workers with high skills
earn .31 log points more than the low-skilled, as shown in the second column.
Both of these coe¢ cients are highly signi…cant.
We compute the residuals of this regression to analyze whether they can
be explained by education. The third column shows the results of a regression
of these residuals on education. The coe¢ cient implies that higher education
yields .39 log points higher wages, even after controlling for skills.
An alternative way of showing that education is still relevant even after
considering skills is by a joint regression of wages on both skills and education.
8 We postpone the discussion of measurement error in skill variables that could a¤ect this
implication.
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Table 9: Regression of log wages on skills and education indicators - ENHAB Peru
(1)
(2)
(3)
(4)

High education

Education
0.52***
(0.11)

High skills

Skills

Residuals
0.39***
(0.10)

0.32***
(0.11)

Edu & Skills
0.47***
(0.12)
0.19*
(0.12)

By occupation

Occup. 2
Occup. 3
Occup. 2 x High Skills
Occup. 3 x High Skills
R2
N

0.126
362

0.07
362

0.06
362

0.14
362

Notes: OLS estim ations (standard errors) of log hourly wages on indicator variables of education
and skills. High education group are those workers with m ore than secondary education. High
skilled workers are identi…ed using factor m o del. Colum n (3) is the result of regression the residuals
of the regression in colum n (2) on the education dum my. Sam ple is restricted to individuals from
23 to 40 years of age. *, **, and *** indicate signi…cance at the 10% , 5% and 1% levels.
Source: ENHAB

The table’s fourth column shows that highly educated workers receive .47 log
points higher wages, while the wages of those with high skills are only .19 log
points higher.
On the whole, we …nd that wages are correlated not only with skill indicators, but also with education levels. In our model, this is only consistent with
education being a bad signal of skills.
The last column of Table 9 shows the results that follow from regressing
wages on a skills dummy interacted with occupation dummies (identifying the
three broad occupation categories described above). We will use these results
when calibrating our model.
Before turning to quantitative results, it is important to emphasize that
our main conclusions rest on the assumption that cognitive and noncognitive
indicators are a relevant and accurate measure of skills valued in the labor
market. If these variables were completely noisy, then our method would be
misleading. For that reason, it is important to report that skills are signi…cant
explanatory variables of wages, which implies that these variables are not pure
noise. Additionally, we …nd similar qualitative results when we use di¤erent
measures of skills and education, including factors for skills and several levels
of education. In all cases, we …nd that education is still relevant even after
25

(5)

.18
(.20)
-0.35*
(0.19)
-0.75***
(0.16)
-0.02
(0.29)
0.13
(0.25)
0.17
361

controlling for skills.

5

Calibration

Implications of the model According to our model, evidence of mismatch may be found in the distribution of education among occupations and
in unemployment. Indeed, without labor market frictions all workers would be
employed and would be allocated to the occupation where their productivity
is highest. Additionally, with no frictions, it is plausible that some markets or
occupations would close if their productivity is lower than that in some other
market for all skill levels. In the model, mismatch falls when the number of
workers per market increases, as well as when mobility costs vanish. In such
a case, there is no reallocation problem and no uncertainty, so …rms create as
many jobs as there are available workers.
An e¢ cient allocation would arise in a context in which there are no frictions
(no reallocation costs and no job creation costs) and no signaling problems (skills
are observable by …rms). Jobs would open up to satisfy a zero-pro…t condition,
so that all wages would equal workers’productivity. Workers would reallocate
to those market types where productivities are higher. In that case, market
types with lower productivities for all types of skills would close, emphasizing
that these occupations subsist just because of labor market frictions.
In the model, poor signaling in‡uences the variability of skills among workers
in the same education level, with more skill dispersion indicating poorer signaling. Additionally, similarly skilled workers can be paid di¤erently, according to
the signal rather than to their productivity. In other words, when signaling is
noisy skills and education are not mapped one to one, and even after controlling for skills, education is positively related to wages, the probability of being
employed and income. We make use of these two observations when linking the
data to our model.
Parameters We set the unit of time equal to a quarter and the interest
rate r to 1%. Abilities take discrete values, = f1; 2g, de…ning two types of
workers. We set M = 10 and the proportion of workers with
= 1 as 0.5,
so that we can interpret the results as those above or below the median in the
distribution of skills. We consider three groups of occupations/markets, with
proportions 0.1, 0.1 and 0.8.
For the signaling problem we assume that the distribution of idiosyncratic
shocks are normal with mean zero, so that we reduce its parametrization to
a single parameter: " , the idiosyncratic cost’s standard deviation. We also
asume t = 0 as another parameter of idiosyncratic distribution. We assume that
education e takes two levels: 0 and e, this last to be calibrated in equilibrium.
Importantly, the quantitative model is di¤erent from the one in Section 2 in
that we now allow both types of skills to pool in the two levels of education,
so that there would be low and high skilled workers both in low education and
in high education. We allow for this distribution in order to link the model
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with the data (see Table 7). Importantly, to analyze the impact of changes in
the signaling quality of education, in Section 6, we change the parameters of
idiosyncratic costs ( " and t) but …x e.
The parameters to be calibrated in equilibrium are those from the labor
market ( , z), those related to transitions in the labor market (q, l, ), to
productivity (such as the functions yk ( )), to the signaling problem, (a); and
the parameter of the distribution F ("), " .
We must emphasize, though, that not all of our parameters are identi…ed in
the model, but only up to proportional relations.
To match these parameters we use the series of moments that we compute
for Peru from ENHAB and ENAHO.9 Most of these moments were presented
in Section 4, with the exception of transition rates, which are described in the
Apendix. These moments are shown in the second column of Table 10.
The …rst four moments are those related to the distribution of workers by
education and skills, which are analogous to those presented in Table 7. These
moments are key to to calibrate the signaling problem.
As is standard when calibrating the mismatch model to identify the exogenous transition probabilities, we use the unemployment rate and transition
rates, in and out of unemployment (…nding and separation rates). These are the
next moments in the table. We also add transitions in and out of occupations:
the probability of a worker moving between occupation groups. Occupation
groups are de…ned by the skills required the occupation: unskilled, technical
and professional as in Section 4.
Some of the moments for calibration follow from regression analysis. The
regression of wages on skills by occupation, presented in Table 9 in Section 4, is
directly linked with the production function by occupation, whose parameters
it helps identify.
The last set of moments are related to the allocation of workers in occupations. These are analogous to those presented in Table 8 of Section 4, and help
identify the endogenous allocation decision by workers in each market type.
Table 11 lists the parameter values found when minimizing the distance
between data moments and those in the model. These values show a clear
order according to occupation: high-skilled workers are more valuable in managerial and professional occupations, while their productivity falls in types of
jobs. Low-skilled workers, though, are more productive in technical occupations. Productivity (and wages) in the third occupation category is lower than
in any of the other two. In an e¢ cient allocation this category would disapear.
In other words, a planner would allocate all skilled workers to professional occupations and all the unskilled to technical ones. Additionally, given these
values, aggregate per worker productivity in the e¢ cient allocation would be
28*0.5+16*0.5=22.
9 The National Household Survey (ENAHO for its acronym in Spanish) is a panel of hoseholds for which we can follow workers between years. Thus, we use ENAHO to construct
transition rates, which we then we transform into quarterly rates. We describe this source
and methods in the Appendix.
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Table 10: Model and data moments
(1)
(2)
Proportion of workers Model Data
Low skills and low education
0.43
0.43
Low skills and high education
0.07
0.07
High skills and low education
0.37
0.37
High skills and high education
0.13
0.13
Unemployment rate
0.11
0.11
Finding rate
0.14
0.12
Separation rate
0.06
0.05
Change of occupation rate
0.02
0.03
Wage regression, occup 2
-0.02
-0.05
Wage regression, occup 3
-0.62
-0.61
Wage regression, high skilled
0.15
0.35
Wage regression, occup 2 x hs
-0.06
-0.42
Wage regression, occup 3 x hs
-0.14
-0.14
Prop. of workers, occup1, ls
0.08
0.05
Prop. of workers, occup1, hs
0.11
0.10
Prop. of workers, occup2, ls
0.08
0.03
Prop. of workers, occup2, hs
0.11
0.17
Prop. of workers, occup3, ls
0.33
0.35
Prop. of workers, occup3, hs
0.28
0.30

(3)
Source
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENAHO
ENAHO
ENAHO
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB
ENHAB

When comparing productivity in the market with that in home production,
we …nd that the gains of being employed are higher for skilled workers.
The costs of reallocation ( ) and of job creation ( ) are not high and correspond to average productivity at the e¢ cient allocation and about twice this
value, respectively.
On the other hand, the job destruction rate is relatively low (1%) as compared to the quitting probability (5%).
Finally, in the calibrated model, the standard deviation of the idiosyncratic
cost of education, " , is substantial, 1.25.
Column (1) of table 10 includes the simulated moments using the calibrated
model, and a comparison with data moments in column (2). In some dimensions,
the model is able to reproduce exactly the moments in the data. This happens,
for example, in the case of education decisions. The model adequately captures
the transition and unemployment rates, too. However, it does not perform
so well in reproducing the proportion of workers by skills in occupations. For
instance, that proportion is very di¤erent in the data and in the simulated model
for technical occupations.
Besides calibrated moments, the model is also able to capture an additional
important aspect: the regression of wages on skills is signi…cant and the residuals
of this regression on education still generate a signi…cant and high coe¢ cient,
around 0.83.
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Table 11: Parameter values
Parameter
Job creation cost;
Home production ; z
Productivity in occ. 1 and = 1;
Productivity in occ. 1 and = 2;
Productivity in occ. 2 and = 1;
Productivity in occ. 2 and = 2;
Productivity in occ. 3 and = 1;
Productivity in occ. 3 and = 2;
Job destruction rate; l
Workers’reallocation rate; q
Workers’reallocation cost;
Std. of the idiosyncratic cost of education;
Idiosyncratic cost parameter; t
Education level; e
Cost function parameter; a

Value
50
8
28
14
24
16
12
11
0.01
0.05
25
1.25
0
15.62
-0.906

Notes: param eter values of the quantitative m o del.

Figure 5 shows the distribution of workers and jobs in all markets -that
is, the simulated counterpart of G(i; j). There are two relevant aspects of this
distribution. First, the highest peak corresponds to the allocation of workers and
jobs in lower skilled occupations. Given that there are many of these markets
and few workers in each of them, the distribution is strongly concentrated there.
The low-density portion of this distribution corresponds to the remaining two
occupation categories, which require higher skills.
The distribution of workers and slack in jobs, h, in market type 1 -i.e. in
managerial and professional occupations- is depicted in Figure 6. The typical
market of this type would have between 15 and 20 workers and more jobs than
workers. Nevertheless, the distribution is quite dispersed.
Figure 7 shows the joint distribution of workers and jobs in the case of
unskilled occupations. Signi…cantly, there are no highly educated workers in this
distribution, but only workers without education. Given that we are analyzing
(partial) pooling in the signaling problem, both high- and low-skilled workers
could select low education. Another important characteristic of this distribution
is that it can be roughly reproduced by a Poisson approximation. To show this,
the second panel in the …gure displays the bivariate distribution of two variables
distributed Poisson with parameter equal to the simulated mean of workers and
jobs. The similarities between the simulated and the limiting distribution are
apparent.

29

Figure 5: Distribution of workers in all markets

6

Results from the quantitative model

In this section, we describe the main exercise in the paper: quantifying the
impact of an improvement in the signaling quality of education on the economy.
Table 12 summarizes the model-generated data. In the …rst column we describe the case where " = 0:01, so that heterogeneity in costs is irrelevant.
To reach perfect separation with the …xed level of education we also changed
t = 0:85. Under such a parametrization the model provides a pure separating
equilibrium in which all skilled workers decide to invest in education. Total
income for skilled workers is higher than that of the unskilled. This di¤erence
is also related to the probability of unemployment: there is practically no unemployment among skilled workers while unemployment among the unskilled is
about 16% -which follows from the fact that skilled workers are …rst in the queue
in any market. Additionally, these workers have higher payo¤s for reallocating
between markets, because of a higher expected income compared to the cost of
reallocation (for skilled workers, W e = ' 40; while for the unskilled it is 33).
Then, skilled workers reallocate more often. This is a key point in what follows:
in the separating equilibrium, workers tend to allocate in those markets with
higher payo¤s for their skills.
The distribution of workers in market types is shown in Figure 8. Recall that
a planner would allocate all skilled workers to market type 1, and all unskilled
workers to market type 2. The simulation results show that skilled workers
end up in market types 1 and 2, but not in type 3. Unskilled workers are still
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Figure 6: Distribution of workers in market type 1 (managerial and professional
occupations)

misallocated, since they are distributed among the three market types as if at
random. As we mentioned, the gain from reallocation is not enough for them
to change occupations, mostly because the proportion of markets with potentially high payo¤s is relatively low (20%). Noticeably, 90% of the unemployed
unskilled are in market type 3.
We now compare the separating equilibrium to a partially pooling one in the
simulated model. Pooling arises when education is a poor signal of skills. In
our calibrated model, heterogeneity in costs is high - " = 1:25 when t = 0. This
case corresponds to the second column in Table 12. There, only 26% of skilled
workers and 14% of unskilled reach higher education. Thus, poor signaling
implies lower incentives to educate for skilled workers. In this calibration, this
implies lower incentives to educate overall.
While income for each educational group improves, total income does not
because of the composition e¤ect: there is less education overall with pooling.
In fact, total expected income goes down by 15%. This follows from the fact
that in a (partial) pooling equilibrium, some of the highly skilled do not provide
any signal of their abilities and end up receiving lower wages. Additionally,
even though the unskilled do not invest in education, their wages rise because
they cannot be separated from those skilled that have no education. Expected
productivity given a low level of education is then higher.
An important outcome of our quantitative model is that misallocation of
human capital is stronger in the pooling equilibrium. The …rst indication of
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this is that unemployment is higher (11% in partial pooling, as compared to 8%
in separation) and that the unemployment among the skilled is now high (10%,
as compared to 0%). Misallocation is also stronger in the pooling case, since
many of the highly skilled end up in markets in which their skills are not as
productive. For example, highly skilled workers get stuck in type 3 markets as
shown in Figure 8.
Incentives to reallocate are key to explain this result. If a worker cannot
signal his ability, then the payo¤ of reallocating to a new market is lower, because
the wage after doing so would be lower and the probability of unemployment
is higher. In both cases, he will be indistiguishable from an unskilled worker.
This lower payo¤ for reallocating worsens the misallocation problem.
Overall, poor signal quality generates lower productivity as compared to that
attained if signaling is perfect, due to human capital misallocation. The actual
productivity drop is 24% in our calibrated model.
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Table 12: Results from the simulated model
Separation

Pooling

Education
% of high education
% of high skilled with educ.

50
100

20
65

Income value in ‡ow terms ( rW )
Total
Education
No education

10.0
10.9
9.2

9.8
12.8
9.06

Average productivity

17.9

Notes: M odel generated data. Separation corresp onds to
and Pooling to epsilon = 1:25; t = 0.

epsilon

13.6
= 0; t =

:85,

Table 13: Results from the simulated economy - Unemployment
Separation

Pooling

Unemployment
Total

0.116

0.082

Education
No educ

0.005
0.135

0.003
0.163

High skills
Low skills

0.100
0.116

0.003
0.163

Notes: M odel generated data.
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Figure 8: Employed and unemployed workers in markets types 1 and 3

Notes: M o del generated data.
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Finally, to further examine e¤ects of poor signal quality, we solved and simulated a model with a di¤erent distribution of the idiosyncratic shock to education
costs, . Given that our exercise implies changing both
and t, the parameter
of the cost function for education, we computed a linear combination of both
parameters, so that we change " from 1.25 to zero at the same time that we
reduce t from zero to -0.85. Figure 9 reports the results of this exercise, plotting
average productivity and the proportion of educated workers as a function of
. We …nd that both variables are negatively a¤ected when we move from the
separation equilibrium (low ) to the pooling equilibrium.
An important use of these …gures is to analyze the e¤ect of reducing, rather
than eliminating, signaling problems. For example, if idiosyncratic costs halved
the proportion of educated workers would rise 50% and productivity would
increase about 10%.
Figure 9: E¤ect of poor quality of the signal

0.5

18
17.5

0.45
Prop. of educated

Productivity

17
16.5
16
15.5
15

0.4
0.35
0.3

14.5

0.25
14
13.5

0

0.5

1

1.5

0.2

0

0.5

1

Notes: Average productivity and prop ortion of workers with high education in the m o del after
changing
and t.

It is important to notice that in our model, as in any pure signaling model of
education, education does not impact productivity directly. The link between
them goes exclusively through allocation: better signaling implies easier separation between high and low skilled workers and, thus, better allocation. Thus,
the positive link between education level and productivity, implied in Figure 9
and made explicit in Figure 10, should be interpreted just as the e¤ect of signal
quality and its implications on worker decisions.
Signi…cantly, the between countries relationship between education and productivity has usually been considered within the human capital model. This
paper shows that the signaling model could also be relevant to explain this
relationship.
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Figure 10: Education and productivity
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Discussion

In this section we discuss the relevance of the model and the extent to which
it may explain the problem of low education levels, low quality, worker misallocation and low productivity in Latin America. In doing so, we describe a few
aspects of the model and its quantitative implementation, qualifying some of
our results. We begin with more speci…c issues to then focus on discussing the
general interpretation of the model and its policy implications.
For the quantitative analysis, the importance of the signaling model should
be identi…ed. There are two main outcomes that help in this identi…cation:
(i) the distribution of skills within education levels and (ii) wage regressions:
how much is still explained by education even after controlling for cognitive
and noncognitive skills. Arguably, …rms can be able to observe other signals
(for example, the quality or reputation of the university a worker has attended,
grades, and can even spend resources in interviewing workers). Thus, some of
the skills dispersion within an educational level can, eventually, be observed
by …rms. If such heterogeneity were to be easily identi…ed by employers, then
wages would be less related to education and much more related to skills. In
that sense, the proportion of wages explained by education after controlling for
skills is an important way of identifying signaling quality.
Of course, our identi…cation strategy rests on the observability of skills. In
the data, these observations are derived from noisy tests. While we try to reduce
this noise with the standard techniques of factor analysis, it would still tend to
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increase the signaling problem in our model. While we cannot correct for that
noise, this fact also highlights the importance of signaling. The di¢ culty for the
researcher to clearly measure cognitive and noncognitive skills with speci…cally
designed instruments also helps emphasize the problem of any employer that
wants to identify the same abilities.
Our model simpli…es the analysis by assuming spot markets. In such a case,
workers cannot attach to any particular …rm, so that the only information the
…rm ever has for each worker is his education level. Needless to say, if there were
contracts and stable relationships between …rms and workers, and if individual
productivity were to be observed on the job, the information problem would be
reduced with tenure and experience. This point implies that our model should
be interpreted as a framework more relevant for young workers, without any
other signal but education.
In our setup, the signaling problem is introduced through heterogeneity in
costs of education given skills. This modelling choice provides tractability but
is still ad-hoc. Alternative formulations, such as di¤erent productivity values
given abilities once education is chosen, are possible, and closely related, but
less easily related to the data. We assume that productivity in one market only
depends on skills, which are observable characteristics. If productivity were to
depend on a shock (beyond skills), it would be di¢ cult to identify in the data.
From the quantitative exercise we argue that the signaling problem could
be important, with strong consequences in unemployment and misallocation.
Education, though, does not consist only on signaling and selection. The role of
education is also to accumulate human capital. Our work concentrates on the
e¤ect of the signaling problem. Arguably, some of its e¤ects could be larger if
human capital accumulation were added to the process: if a signaling problem
reduces the incentives to educate, it would not only generate misallocation but
also lower productivity levels for the average worker.
Our analysis argues that education should provide clear signals of abilities
for workers to be able to gain incentives to allocate in the correct career path.
This is important, in particular, for high school education, which provides two
signals: to labor market and to the unmodelled college decision and outcome.
The quantitative e¤ects might depend on the calibration. Additionally, the
particular modeling of the labor market can also reduce the e¤ects of the analysis. To be sure, the mismatch model implies some misallocation even with
perfect signaling. Moreover, …rms’ pro…ts do not necessarily rise with separation as compared to pooling, which implies that the number of jobs could be
lower in separation -again, as compared to pooling. To provide an intuition for
this last observation, consider …rst complete pooling with a given, exogenous
worker allocation (which may follow from taking a very large value). In such
a case, productivity would be the average of both types of workers, and positive
pro…ts equal to productivity minus home production (i.e. unemployment) would
be probable. Consider now an exogenous allocation, but with complete separation. In that case, while productivity of educated workers would be higher, the
probability of unemployment of this group would tend to be lower just because
it is now a smaller group, and thus, pro…ts could be lower. Lower pro…ts would
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imply lower job creation. For these reasons, the mismatch model could then
reduce the positive e¤ects of improving signal quality.

8

Conclusions

Through a model that combines labor markets and signaling, we explore the implications of worsening the quality of education as a signal of skills on investment
in education and worker allocation.
Our qualitative analysis of the signaling model provides important insights.
In particular, and given higher wages for higher skills, reducing the quality of
education implies that a lower proportion of skilled workers would choose to
educate. The intuition is that with a poor quality signal, many unskilled would
be willing to invest in education; for that reason, the educational level required
to signal high skills tends to rise endogenously and only a proportion of skilled
workers, those with lower educational costs, would be willing to invest so much
in the signal.
In that case, when most skilled workers choose not to educate, then the
possibilities of misallocation are high. Given that workers cannot be separated
according to their skills, …rms cannot choose to employ …rst highly skilled workers (and pay them accordingly, so as to attract them), which implies that some
skilled workers could be unemployed while some unskilled could be employed.
Consequently, if skilled workers could end up unemployed in a market even if
they are much more productive for that job, incentives to reallocate into markets
in which they are more productive fall.
These e¤ects are present in our calibrated model. In particular, we focus on
Peruvian data moments, with available information on cognitive and noncognitive skills and education for a sample of the working age population. Trough this
calibration we …nd that misallocation is strong and quantitatively substantial:
poor signaling quality of education generates a productivity that is about 20%
lower in the model economy, and causes unemployment to rise by two percentage
points.
It is important to emphasize that our quantitative results should be analyzed as a plausible example, rather than as a precise measure, both due to the
speci…city of the labor market model we have adopted, and because some of
these results rest on the model’s calibration.
In any case, low quality in education, both as a builder and as signal of
skills, seems to be relevant to understand the relatively lower development of
Latin American countries. Both from our qualitative and quantitative results,
we …nd that lower quality of education could lead to low skilled workers in higher
education levels, to lower investment in education by skilled workers and to a
signi…cant misallocation of human resources.
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Appendix
Data for calibration
In this appendix, we explain how we compute the moments we select for the
calibration of our model.
Our data sources are ENHAO and ENHAB from Peru. In both cases we
keep only individuals aged between 23 to 40. We de…ne a unique skills indicator by running a factor model on all variables regarding skills, cognitive and
noncognitive abilities, and select only one factor. We de…ne as highly skilled
those observations above the 50th percentile in this skills factor. In addition, we
consider as educated those who have completed tertiary education or college.
The proportion of workers in each group, by skill level and education are used
as calibration targets.
We also resort to wage regression results. In particular, the last column of
Table 9 show the moments we use.
So as to analyze transitions, we use ENAHO (restricting to the 2010-2011
panel). We compute transitions from unemployment to employment and transitions from employment to unemployment.
Additionally, we …nd that 15% of workers changed occupations (broadly
de…ned in three categories) within a year. Among those that changed jobs,
about 40% changed occupations.
We convert all transition rates to quarterly transition rates and use them as
moments in the calibration.
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