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Quantifying the Signaling Role of Education∗

Barış Kaymak†

Federal Reserve Bank of Cleveland

Abstract

This paper quantifies the signaling role of education and measures the associated effi-
ciency losses from asymmetric information. To that end, I model educational attainment and
occupational choices in an asymmetric information environment with employer learning and
socially productive education. The model highlights how occupational sorting and the pace
of employer learning jointly determine the strength of the signaling motive in equilibrium. I
estimate the signaling role of education versus human capital by relating differences in em-
ployer learning across occupations, which generates variation in signaling incentives, to the
distribution of ability and educational attainment by occupation. The estimates suggest that
the role of job market signaling relative to the human capital model is 23 percent. On the
margin, a year of additional schooling raises productivity by 6.4 percent and the return to
signaling is 2.4 percent. In a counterfactual analysis, eliminating asymmetric information re-
allocates labor from education to workforce participation and improves occupational sorting.
Aggregate efficiency gains are equivalent to 7.6 percent of lifetime earnings.

∗The views expressed here are those of the authors and do not necessarily reflect the views of the Federal Reserve
Bank of Cleveland or the Federal Reserve System.

†Department of Economic Research, Federal Reserve Bank of Cleveland, 1455 E 6th St, Cleveland, OH 44114,
United States. E-mail: barkaymak@gmail.com
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1 Introduction

In a model of job market signaling, individuals invest in education not only to acquire valuable job
skills but also to signal their ability to otherwise uninformed employers (Spence, 1973). Hence, the
wage return to education captures both the value of acquired skills and the value of perceived
ability by potential employers. Since the signaling component does not raise productivity but
merely its perception, educational attainment in such models is inefficiently high. This paper
estimates the return to the signaling role of education and measures the associated efficiency
losses.

The key challenge in identifying the signaling model lies in distinguishing it from a human
capital model, since both predict similar equilibrium behavior. In both models, equilibrium wages
reflect expected productivity, and workers choose their education given the relationship between
education and wages. This makes it difficult to ascertain the relevance of the signaling motive for
schooling decisions.

I address this challenge by modeling educational and occupational choices in an asymmetric
information setting with employer learning. The empirical strategy exploits variation in em-
ployer learning across occupations, which creates differences in signaling incentives. In occu-
pations where productivity is easily revealed—either through interviews or on-the-job perfor-
mance—education plays a limited signaling role, resulting in lower educational attainment for a
given ability level.

An important hurdle for this strategy is that occupations might differ not only in signaling
returns but also in how education augments productivity. If education improves productivity
more in occupations where worker performance is harder to evaluate, one could falsely attribute
a larger role to signaling. I overcome this hurdle by allowing education’s contribution to produc-
tivity to differ across occupations and by exploiting the opposing sorting patterns predicted by
human capital and signaling theories. I show that while workers with higher ability have a com-
parative advantage in sectors where human capital is more valuable, workers with lower ability
have a comparative advantage where signaling is more important. This occurs because the signal-
ing equilibrium imposes a heavier burden on high-ability workers, who must invest substantially
in education to distinguish themselves from low-ability workers. Low-ability workers, who in
equilibrium achieve the lowest education levels regardless of the information environment, face
lower costs from signaling. These contrasting predictions allow me to distinguish the relative im-
portance of human capital versus signaling by examining ability sorting patterns in combination
with the patterns of employer learning and wage returns to education across occupations.

Using data on the distribution of ability and education across occupational groups, I find that
observed educational attainment is consistent with a hybrid model where signaling accounts

2



for 23 percent and human capital for 77 percent of returns to education. An additional year
of education raises productivity by 6.4 percent and provides a signaling return of 2.4 percent,
yielding a total private return of 8.8 percent.

Across the ability distribution, uncertainty about worker productivity resolves early (partly at
the recruitment stage) in occupations that attract high-ability workers, limiting signaling incen-
tives. By contrast, low-ability occupations display a delayed resolution. Because signaling costs
rise with ability, this sorting pattern, which is consistent with the signaling theory, suggests that
self-selection limits the efficiency losses from asymmetric information. In a counterfactual anal-
ysis where asymmetric information is eliminated, the resulting reallocation from education to
workforce participation generates efficiency gains of 7.6 percent of lifetime output for an average
worker.

This paper advances the literature on job market signaling in a couple of dimensions. First,
it quantifies the wage return to job market signaling and provides an estimate for the efficiency
losses associated with asymmetric information in terms of forgone output. Second, it extends the
standard job market signaling model (Spence, 1973) to multiple markets and integrates it with the
literature on statistical discrimination under employer learning (Farber and Gibbons, 1996; Altonji
and Pierret, 2001). These extensions result in a hybrid model of education, where the overall
strength of the signaling motive depends not only on how quickly the uncertainty resolves but
also on the occupational choices of workers. Both are important for aggregate efficiency losses
from signaling.

Earlier studies tested for job market signaling by comparing educational choices in mar-
kets where signaling incentives presumably differ in strength, such as the self-employed versus
salaried workers (Wolpin, 1977), or occupational and industrial categories (Riley, 1979a). Similarly,
Lang and Kropp (1986) and Bedard (2001) compare the distribution of educational attainment be-
fore and after a change in the institutional environment to test for signaling. While the findings
in this literature attribute a partial role to signaling, they do not measure its magnitude nor its
efficiency implications.

Subsequent work recognized the importance of employer learning for the signaling role of
education (Altonji and Pierret, 1997; Lange, 2007). Lange (2007), in particular, estimates the speed
of employer learning and provides an upper bound on the return to signaling using the optimality
condition for schooling choice under asymmetric information in a single-sector model. Nonethe-
less, whether educational attainment respects this optimality condition, i.e., whether agents do
in fact behave strategically in their schooling choices, remains unclear.1 Fang (2006) estimates a

1The employer learning literature typically does not distinguish between symmetric uncertainty, where workers
learn their ability alongside their employers, and asymmetric uncertainty, where workers know their ability but
employers do not. The signaling incentive is only present in the latter case.
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static model of college choice with ability signaling using data on the distribution of wages and
college attainment for young workers and finds that signaling explains about a third of the college
wage premium at labor market entry.2 While similar in its imposition of modeling restrictions on
the data, this paper differs by examining broad occupation groups that provide different signaling
incentives, and by establishing the consistency of educational choices and occupational sorting
patterns with the theory of signaling.3

Conceptually, this paper is also related to Riley (1979a), who compares differences in educa-
tional attainment by occupation to test for signaling. The analysis here uses estimates of employer
learning to distinguish occupations that are potentially subject to signaling, compares educational
attainment conditional on ability as proxied by cognitive test scores, and allows for non-trivial
sorting into occupations by ability.4

The rest of the paper is organized as follows. The next section presents the model and out-
lines the roles of employer learning and occupational choices for the signaling role of education.
Section 3 describes the empirical strategy and Section 4 presents the estimation results. Section
5 concludes.

2 AModel of Signalingwith Employer Learning andMarket
Choice

The objective of this section is to model schooling choice under asymmetric information when
there is employer learning. I start with a single-sector model and analyze the interaction between
employer learning and signaling. Section 2.1 extends the model to multiple sectors and provides
an analysis of occupational choice under asymmetric information.

The economy is populated by a continuum of infinitely lived workers with heterogeneous
skills. The marginal product of a worker with education si ≥ 0 and ability ai ≥ a is given by5

ln yit = q(si, ai) + ht + εi + νit,

where q(.) is increasing in education and ability and strictly concave in education (qs, qa ≥
2Fang (2006) also reports an estimate for workers with 21-24 years of experience, where signaling is 25 percent

of the college wage premium. This is at odds with the estimates of employer learning here and in Lange (2007),
which suggest that most uncertainty is resolved early, driving the return to signaling to nearly zero for experienced
workers.

3Altonji (2005) and Gibbons et al. (2005) study occupational sorting in a human capital model with employer
learning under symmetric uncertainty. I consider an asymmetric information setting instead, where occupations
differ in their valuation of not only human capital but also ability signaling.

4In Riley (1979a), compensating differentials ensure that agents are indifferent between different occupations, so
there is no reason to expect differences in ability across occupations.

5I assume that ability is bounded from below. This ensures the uniqueness of the informational equilibrium.
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0, qss < 0).6 Hence, education raises productivity regardless of its signaling value. The marginal
return to education is strictly increasing in ability, qsa > 0. Following the employer learning
literature (Altonji and Pierret, 2001; Farber and Gibbons, 1996; Lange, 2007), I assume that wages
increase with experience in a deterministic way described by ht. The worker-specific random
component εi is independent of ai and si.7 One could think of ai as cognitive ability and εi as
market ability. Workers are informed of their ai, but are uninformed about εi. Neither compo-
nent is directly observable to employers. Finally, νit is a stochastic productivity term that is not
observed by either party. For tractability, I assume that εi and νit are normally distributed with 0
means, and variances σ2

εi
and σ2

ν .
At the onset of a worker’s career, two pieces of information are available to employers: their

education and their application package. The application package is an umbrella term for addi-
tional information extracted by the employer from an applicant’s résumé, references, job inter-
view etc., during the recruitment process. These alternative screening tools limit the signaling
role of education and constitute the first component of the employer learning process. To capture
this component in a simple way, I assume that upon graduation, a worker’s true productivity is
observed fully with probability ρ < 1. Otherwise, his productivity is revealed slowly over time.
In what follows I set ρ = 0 for simplicity as the value of ρ has no bearing on the qualitative
features of the model. Later, I relax this assumption to estimate the model.

Once a worker starts his career, employers observe a noisy measure of his output every period.

ηit = ln yi + uit (1)

The noise term uit is normally distributed with mean 0 and variance σ2
u. Let Iit = {ηi1, ηi2, ..., ηit}

denote the history of worker i’s observed output up to experience level t. By construction, Ii0 = ∅.
Signals of output are observed by all employers in a competitive market.

Workers maximize their lifetime income by choosing their education level conditional on
their information set. For simplicity, workers are assumed to have infinitely long careers. This
assumption is relaxed below when the model is estimated.

V (ai; Λ) = max
s

∞∑
s

δt+sE[Wit(s)|si, ai], (2)

where Wit(s) denotes the wage offer to a worker with s years of education and t years of experi-
ence, and δ is the discount factor. The cost of education is determined by forgone earnings during
the time spent at school.

A signaling equilibrium in this simple setting is defined as follows.
6Strictly diminishing returns are not necessary when career length is finite.
7This is without loss of generality since any correlation can be embedded in q(.)
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Definition 1. (Riley, 1979a) A signaling equilibrium is a wage functionWit(s) and a policy function
S(a) such that,

1. For all ai ≥ a, S(ai) solves (2) givenWit(s)

2. Individual choices are consistent with the wage function,

Wit(s) = E[yi|si, Iit]

The second condition follows from the assumption that the labor market is competitive. The
existence of an equilibrium wage function with informational consistency is discussed in detail in
Riley (1979a). There are essentially two requirements. First, in the economy without asymmetric
information, where productivity is directly observed, there is a unique education level that solves
(2) for each ability level a. Second, the opportunity cost of attaining higher educational levels is
lower for workers with higher ability. The former is ensured by the concavity of q(s, a) in s,
and the latter is met by the complementarity between cognitive ability and education in human
capital production: qsa > 0. A separating equilibrium where workers with higher a choose higher
education thus exists.

I now turn to the characterization of the equilibrium. Denote the ability level inferred by the
market given an education level s by the function A(s) : R+ → [a,∞). Upon observing an
output signal ηit, the employer extracts noisy information on εi by ηit − q(si, A(si)) = q(s, ai)−
q(s, A(si))+εi+ui+νit. Note that these are unbiased observations around the true εi if and only
if the inferred ability A(si) equals the true ability ai, as in a perfectly separating equilibrium. The
wage offered to a worker is the expected productivity conditional on his education level si and
the history of signals Iit. Let σ̃y = σ2

ε + σ2
ν be the variance of wages conditional on education

and ability. Under the distributional assumptions for εi, ui and νit, wages can be expressed as:

lnWit(si, Iit) = (1− λt)q(s, A(s)) + λtη̄it + h̃t, (3)

where

λt =
σ̃2
y

σ̃2
y + σ2

u/t
, η̄it =

t∑
k=1

ηik/t, and h̃t = ht + 0.5(1− λ2
t )σ̃

2
y.

A worker’s wage is a weighted average of his productivity, as perceived by the market con-
ditional on education alone, and the average observed output up to t. Employers rely less on
education and more on average output as λt increases from λ0 = 0 to λ∞ = 1.
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Workers base their education decisions on the discounted value of expected wages in the
future conditional on their own ability. Given equation (3), the expected wage stream at the
beginning of a worker’s career is

lnE0[Wit(si, Iit)|si, ai] = q(s, A(s))(1− λt) + q(s, a)λt + ht + σ̃2
y/2. (4)

Plugging equation (4) into (2), the maximization problem is equivalent to8

lnV (ai; Λ) = max
s

Λq(s, A(s)) + (1− Λ)q(s, ai)− rs, (5)

where

Λ =

∑∞
0 (1− λt)e

−rt+ht+σ̃2
y/2∑∞

0 e−rt+ht+σ̃2
y/2

, (6)

and r = − ln δ is the discount rate. The objective function described above is a convex com-
bination of a typical signaling model, and a typical human capital model. The term Λ ∈ [0, 1]

measures the extent of signaling in the model. When the output signals are completely uninfor-
mative, σu → ∞, then employers rely only on education to estimate productivity at all times,
λt = 0 for all t, and the model reduces to a typical signaling model: Λ = 1. On the other extreme,
if output is fully observed, then employers do not rely on education at all, λt = 1 for all t, and
the model becomes a pure human capital model: Λ = 0.

In the more general version of the model, where the uncertainty about productivity partially
unravels during the recruitment process, ρ > 0, Λ is replaced by Λ̃ = (1 − ρ)Λ. The qualitative
features of the model are thus maintained as long as ρ < 1, i.e., some uncertainty remains.

The optimality condition for the schooling choice is

Λ (qs(s, A(s)) + qa(s, A(s))A
′(s)) + (1− Λ)qs(s, ai) = r,

which defines a one-to-one mapping from the ability level ai to the schooling choice s. There-
fore, at a separating equilibrium the schooling choice fully reveals a worker’s ability, implying
A(S(ai)) = ai for all ai. Using this equality, the first order condition simplifies to

qs(s, ai) + qa(s, ai)A
′(s)Λ = r. (7)

At the equilibrium, workers equate the private return to education to the discount rate. The first
term on the left side of equation (7) represents the increase in productivity due to higher human
capital. The second term represents the marginal return to signaling: an increase in education

8Constant terms that do not depend on s or a are dropped from the objective function.
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raises employers’ perception of ability by A′(s) units on the margin, which is priced at qa(si, ai)
per unit in the market. Since true productivity is eventually revealed by job performance, this
component is limited by Λ ∈ [0, 1].

Note that even though employers are trying to learn ε, a variable that is not related to ed-
ucation or ability, schooling choices are affected by the pace of learning. This is because the
information on ε that is inferred from observed output relies on the accuracy of employers’ prior
about ability. The latter gives the worker the incentive to try to delude the employer by attaining a
higher level of education, but, of course, the employers’ predictions are correct at the (separating)
equilibrium.

Equation (7) defines a differential equation in s, the solution to which describes the equilib-
rium strategy for employers. Without an initial condition, the solution to this problem is a contin-
uum of functions that differ in their intercepts. The following lemma establishes that the worker
with minimum ability chooses his schooling level efficiently, pinning down a unique equilibrium
strategy.

Lemma 1. Let S∗(a) = {s ≥ 0 : qs(s, a) = r} be the socially efficient level of education. For any
Λ ∈ [0, 1], S(a; Λ) = S∗(a) at a separating equilibrium.

Proof. S(0) < S∗(0) clearly cannot be the case, since the agent can still signal his ability and
improve his lifetime income by receiving S∗(a). Suppose for a contradiction that S(a) > S∗(a).
At a separating equilibrium we must have A(S(a)) = a. Consider a deviation to S∗(a), for
which A(S∗(a)) = a at the equilibrium, since it is still the minimum of all education choices.
But then, V (S(a), a) = e−rS(a)

∫∞
a

e−rt exp q(S(a), a)dt < e−rS∗(a)
∫∞
a

e−rt exp q(S∗(a), a)dt =

V (S∗(a), a) by definition of S∗(a), which contradicts the optimality of S(a) in the signaling
environment.

With this lemma, the signaling equilibrium with employer learning can be fully characterized.

Proposition 1. The fully separating equilibrium is characterized by functions, S(a) andA(s), such
that

1. A(s) solves the differential equation in (7) with the initial condition A(S∗(a)) = a.

2. Schooling choices are consistent with the market’s predictions.

S−1(a) = A(s)
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3. Given random components εi and {uit}∞t=1, worker i’s wage process is given by,

lnWit = q(si, ai) + λt(εi + ūit) + h̃(t)

where ūt =
∑t

k=1 uik/t

The last part of the proposition can be obtained by setting A(si) = ai and using equation (1)
in the wage equation.

Part 3 of the proposition highlights the infamous identification problem in the empirical liter-
ature on signaling. The returns to education and ability observed in the wage data do not depend
on the extent of signaling, Λ. At a separating equilibrium, employers observe education and cor-
rectly infer ability. The wages, therefore, correctly reflect the marginal returns to education and
ability, given the schooling choices.

In most applications, the econometrician does not observe ability. In this case, the estimated
return to education captures not only the increase in productivity (often referred to as the social
return), but also the differences in the abilities of workers with different education levels, known
as the ability bias. The private return to education lies between the estimated return and the social
return. To see this, consider the total derivative of the wage function with respect to education:

dE[lnWit|s]
ds

=

PrivateReturn︷ ︸︸ ︷
∂ ln q(s, a)

∂s︸ ︷︷ ︸
SocialReturn

+Λ
∂ ln q(s, a)

∂a
A′(s) + (1− Λ)

∂ ln q(s, a)

∂a
A′(s)︸ ︷︷ ︸

AbilityBias

, (8)

where the ability bias is conveniently decomposed into two by Λ ∈ [0, 1]. The first term is the
marginal increase in productivity and the second term is the return to signaling. Together, they
constitute the private return to education, which is equated to the discount rate at the optimum
(see equation (7)). The sum of the last two terms represent the ability bias, which is independent
of the value of Λ, given the schooling choices. Therefore, measuring signaling requires not the
elimination of the ability bias, but, instead, a decomposition of it.

While Λ ∈ [0, 1] measures the relative importance of the signaling model, the quantitative
significance of the return to signaling, the second term in (7), also depends on the significance of
ability for productivity, qa(), and the slope of the ability-education gradient, A′(s). These compo-
nents are generally functions of the economic environment as well as the severity of asymmetric
information. Consequently, the magnitude of the return to signaling relative to the social return
to education can be quite different than Λ.

The impact of the degree of signaling on the wage distribution operates through its effect
on educational choices. A larger role for signaling increases the marginal return to schooling
investment and raises educational outcomes for a given ability level:
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Proposition 2. For each ability type a, the schooling level at the separating equilibrium S(a; Λ) is
increasing in the degree of signaling, Λ.

In combination with Lemma 1, Proposition 2 suggests that agents with higher abilities are
affected more severely by signaling. Since the educational choice of the lowest-ability individuals
is always fixed at the efficient level, while the educational choices of higher-ability individuals
rise with Λ, the education ability profile becomes steeper with Λ.

A steeper education-ability profile in environments with a higher degree of signaling reduces
the inferred ability level by a given level of education, and implies a lower return to signaling,
A′(s). This implies that markets with a larger role for signaling are characterized by a smaller
ability bias, a point made by Lang (1994). Moreover, the additional investment in education in a
market with more signaling reduces the return to education on the margin due to diminishing
returns, which leads to a lower overall estimate.

The model also allows for a simple expression for the bound on signaling proposed by Lange
(2007). To see this, denote the total return to education that contains the true productivity-
augmenting effect and the ability bias by bs = qs(s, a) + qa(s, a)A

′(s). Substituting bs in the
first-order condition for education choice given by (7), and rearranging terms gives the following
expression for the return to signaling.

Λqa(s, a)A
′(s) =

Λ

1− Λ
(bs − r) (9)

Under linearity assumptions, bs can be estimated by a simple regression of wages on education
without controlling for ability. Given also an estimate ofΛ, the return to signaling can be obtained
up to the private return to education r. However, a consistent estimate of Λ requires full access
to the employers’ information set regarding each worker. Therefore, Lange (2007) considers his
estimate of Λ as a lower bound for the true value. As a result, the estimator for the return to
signaling suggested by equation (9) overestimates the true return to signaling.

The next section extends the model to multiple sectors with differing roles for signaling and
human capital, and analyzes the market choice of income-maximizing agents.

2.1 Multiple Sectors and Market Choice

To study the endogenous market choice, I make two critical assumptions for tractability. First,
workers must commit to a sector before entering the labor market. Once they are employed, the
information flow is common knowledge for all employers in all sectors. This rules out systematic
switching of sectors based on employer learning at the equilibrium. In the empirical section, I
use data on expected future occupations along with actual occupation to gauge the implications
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of this assumption for the results.
Second, I assume that workers are endowed with individual sector preferences that are uncor-

related with the fundamental variables in the model, such as education and ability. This prevents
the market choice itself from being an informative signal for ability.9 It also implies that all sec-
tors have some workers of all ability levels at the equilibrium, but, on average, some sectors will
have workers with higher ability.

Let j ∈ {1, 2} denote sectors. The productivity of a worker is given by:

ln yit = lnωj + pjq(si, ai) + ht + εi + νit,

where ωj is the sector-specific price of an efficiency unit of human capital and pj denotes the
sector-specific return to human capital. The experience profile of productivity is assumed to
be the same in both sectors.10 Note that εi is valued equally in both sectors. This ensures that
workers do not have an incentive to switch sectors based on the realizations of output signals
because both the current wage and the expected wage in the alternative sector change similarly
as information is common to the market.

A worker’s earnings are determined by his expected productivity valued at the sector-specific
price, ωj : Wijt = ωjE[yij|j, si, Iit]. Workers are endowed with preferences for market j, denoted
by τij ∈ (−∞,+∞). It is assumed that ∆τ = τi1 − τi2 is independent of ai, and is distributed
according to the cdf G(∆τ). The sectors differ primarily in two dimensions: the signaling role of
education, measured by Λ, and the return to human capital, denoted by p. The value of choosing
sector j for a worker with ability ai is:

lnV j(ai, τij) = max
s

lnωj + Λj pjq(s, A(s)) + (1− Λj) pjq(s, ai)− rs+ τij (10)

To establish the single crossing property that characterizes selection in this economy, consider
the slope of the value function with respect to ability. The envelope condition implies

dV j(ai, τij)

dai
= (1− Λj)pjqa(s, ai), (11)

which is increasing in p and decreasing in Λ. Workers with higher ability are more likely to sort
into markets where human capital is rewarded well and the signaling role of education is small.
To see the intuition behind the latter, recall that signaling is costly: it pushes workers beyond
the optimal level of education, but, at the equilibrium, employers always correctly infer ability.
Workers would, therefore, rather eliminate signaling altogether. This cost is particularly large

9Although sectoral choice as a signaling device is an interesting premise for further research, it considerably
complicates the informational equilibrium in the current setting with little value added to the analysis.

10I relax this assumption in the empirical section.
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for workers with the highest abilities since they need to invest the most in order to distinguish
themselves from everyone else. The worker with the lowest ability, for instance, never suffers
since he invests optimally in both markets.

The sector-specific prices, {ωj}j=1,2, are determined endogenously by the equilibrium demand
and supply in each sector. This prevents degenerate sorting behavior where all workers prefer the
sector where human capital is more valuable or where signaling is not important. It also gives a
more accurate prediction of occupational and educational choices in counterfactual simulations
that are used to measure efficiency losses associated with signaling. Let pj(∆τ) = {ai ∈ [a,∞) :

lnVj(ai, τij) > lnVk(ai, τik), j = 1, 2, k ̸= j} be the abilities of workers with sectoral preference
∆τ for whom sector j is optimal. Equation (11) implies that pj(∆τ) are intervals determined by
ability levels that are below or above a threshold ability level ã(∆τ). The total supply of human
capital in each sector is:

hj =

∫
∆τ

∫
a∈pj(∆τ)

exp
(
pjq(Sj(a), a) + ht + σ2

ỹ/2
)
.

Production in each sector is linear in the stock of human capital in that sector, hj , and total output
is obtained by a Cobb-Douglas aggregator: Q = zhϕ

1h
1−ϕ
2 . Assuming markets are competitive,

relative sectoral factor prices are given by:

ln (ω1/ω2) = ln (ϕ/(1− ϕ)) + ln(h2/h1). (12)

Equation (12) implies that the factor prices are consistent with the sectoral allocation of labor
implied by the sorting behavior. It also ensures a non-degenerate sorting of workers into sectors.
If all workers were to choose sector 1, then the relative wage rate per efficiency unit of human
capital in sector 2 approaches infinity. A positive measure of workers then would find it optimal
to switch to sector 2.

Figure 1 depicts the equilibrium sorting behavior between two sectors that differ in the strength
of signaling, ΛH and ΛL < ΛH , and the associated education choices in each sector. The straight
lines in Panel (a) show the mean value function in each sector, obtained when τij=0. For each abil-
ity level, a worker compares lnV L(a, 0) with lnV H(a, 0)] + ∆τ . Given the distribution of ∆τ ,
workers with lower ability are more likely to choose sector H and workers with higher ability
are more likely to choose sector L. Panel (b) displays the education choices in each sector. Those
in sector H attain higher levels of education. The slope of the education-ability profile is also
steeper for this sector. The dashed curve depicts the perfect information case, where workers’
education choices are socially efficient.
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Figure 1: Comparative Advantage in Signaling

(a) Sector Decision

  

lnV j (a)

a

!H

!L

!!

(b) Education Decision
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Note.– Panel (a) shows the value functions for two sectoral options that differ in the role of signaling, ΛL < ΛH . ∆τ
is the relative idiosyncratic preference for sector H. Panel (b) shows the associated education ability profile in each
sector. Workers with higher ability are more likely to sort into sectors where the signaling role of education (Λ) is
lower, and attain a lower level of education conditional on ability.

3 Quantifying the Model

The model predicts that markets with a larger role for signaling are characterized by higher edu-
cational attainment conditional on ability. Furthermore, schooling investment is more sensitive
to differences in ability, implying a larger variance of education in such markets. When worker
mobility is not restricted, workers with higher ability are concentrated in markets with a smaller
role for signaling. These predictions allow for the estimation of the return to signaling by com-
paring the implications of the model for educational attainment and ability across markets with
varying roles for signaling, defined here by occupations.

The choice of occupations as the relevant market relies on the presumption that the extent
of asymmetric information differs by occupations. In particular, the pace of employer learning
may be slower in some occupations due to production lags, or complex interactive tasks, e.g.,
teamwork, that are involved in the production process.11 The strategy here is to estimate the
potential roles for signaling in each category by estimating the speed of employer learning, and
then testing if the joint distribution of education and ability is consistent with the signaling model
given the potential roles for signaling.

The production function used in the estimations is q(s, a) = pjs
βaα. This function satisfies the

assumptions of the model and features equilibrium wage profiles that are log-linear in education,
11Riley (1979b) compares different occupations to test for signaling with a similar motivation.
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a salient feature of the data. With this specification, the parameters of the model can be classified
into four groups: the parameters that describe the distributions of ability and preferences (ε, a, τ ),
the environmental parameters (r, T ), the production function parameters (α, β, {pj}, ϕ) and the
signaling parameters, Λj , where j denotes occupational category. Some of the parameters are
observed in the data, and the remaining ones are estimated indirectly using the simulated method
of moments.

The estimation of the speed of employer learning is based on a version of the method intro-
duced in Lange (2007) adapted here to suit non-linear models.12 The procedure requires data on
wages, educational attainment, and ability, as measured by test scores, for a panel of workers.
Following Lange (2007) and Altonji and Pierret (2001), it is assumed that the test scores in the
data are not directly observed by employers, but contain information on ability that is learned
after a worker is hired.

Let zi denote the test score, and define the residuals from a regression of the test score on
educational attainment by z̃i = zi − E[zi|si]. Since the model features perfect separation, we
interpret the predictable component of the test score as the learning ability a in the model, and
the residuals as ε. With this interpretation, the parameters that describe the distributions of a
and ε are identified directly from the data. In particular, σ̂2

ε = var[z̃i] and σ̂ln a = var(E[z|s]),
where we assume that a is distributed log-normally and ε is distributed normally. Similarly, the
means are defined as µln a = E[z] and µε = 0.

To estimate the speed of learning, consider the following regression:

lnwit = q(s, A(s)) + κztz̃i +XitΓ + νit, (13)

where log-wages are regressed on a function of educational attainment, the residual test score
interacted with indicators of potential experience and other controls. If the test score residual, z̃i,
contains information that is not available to employers at the beginning, but is learned later on
the job, then it becomes increasingly important over time. This suggests that the coefficient on z̃

increases with experience. The speed of learning can be measured by how fast κzt rises. Note that
unlike in Lange (2007), the estimated relationship between wages and education, as approximated
by the derivative of q(s, A(s)), does not change with experience. The reason is that the method
here uses the residuals from the test score, which are, by construction, orthogonal to education.13

Given the equilibrium wage equation in (3), the coefficients on z̃ can be expressed as κzt =

κz0(1− λt) + λtκz∞, where κz∞ is the return to ability, and κz0 = (1− ρ)κz∞ is the part of that
12The estimation in Lange (2007) is based on the learning model in Altonji and Pierret (2001), whereas the estima-

tion here builds on a similar model by Farber and Gibbons (1996).
13Theoretically, this is because employers’ predictions regarding ability are correct on average. Therefore, updates

to inferred ability are zero on average.
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return that is captured by alternative signals of ability available to employers during the recruit-
ment process. The pace of learning that occurs on the job is captured by λt, which increases from
0 to 1 with experience (see equation (3)). The speed of learning implicit in λt is determined by the
signal to noise ratio κ = σ2

u/σ
2
ỹ . A higher κ implies that λt increases slowly with experience, cor-

responding to a slow learning process. Given the coefficients on z̃, the parameters {κz0, κ, κz∞}
can be estimated by the following non-linear regression.

κ̂zt = κz0
κ

t+ κ
+

t

t+ κ
κz∞. (14)

Once the signal to noise ratio, κ, is estimated, the role of signaling for each category, Λj ,
can be computed up to ρj . The true return to signaling could not be estimated this way because
employers may have access to alternative signals that is not available to the researcher. If this
information is correlated with the observed test score, it would show up in κz0, but otherwise, it
would not be captured. Therefore, ρj are estimated indirectly using the implications of the model.

The length of life T is set to 54, representing ages from 6, when agents start school, to 60
when they retire. The remaining parameters of the model are the discount rate, r, the signaling
parameters ρj , the standard deviation of the occupational taste parameter, στ , and the production
function parameters (α, β, {pj}j=1,2, ϕ). These parameters are estimated using the model’s pre-
dictions for the education profiles in the two occupations and the differences in the test scores.
The particular moments we match are the average education, and the gradient of the education-
ability profile in each sector, the mean and the standard deviation of ability in each sector and
the share of workers in the high-ability sector.

Although it is difficult to link the identification of each parameter to a particular moment,
an intuitive argument can be provided. The distributions of ability and education within occu-
pations are governed by both human capital and signaling roles of education in that occupation.
In principle, both components could explain the observed distributions. However, these compo-
nents have different implications for the sorting into occupations and, therefore, the differences
in the distribution of ability and education across occupations. Consider, for instance, a sector,
I, where workers have a higher level of education relative to another sector, II. This can occur
either because the signaling plays a major role, or because human capital is particularly valuable
in sector I. If the signaling theory is the primary explanation, then the sorting behavior suggests
that sector I is expected to contain high ability workers. Therefore, the degree of sorting by ability
indicates the relative role of each component.
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4 Data and Estimation Results

Data are taken from the NLSY, which contains results from the Armed Forces Qualification Test
(AFQT), a commonly used measure of cognitive ability. The particular sample used in the es-
timations is the nationally representative cross-sectional sample of men. Additional sampling
restrictions and the definition of variables used in the regressions are summarized in the Ap-
pendix.

Table 1: Average AFQT Score by Occupational Category

Average Percent
Occupation Title AFQT Score Frequency

Professional and Technical Workers 0.79 0.15
Sales Workers 0.43 0.05
Managers and Administrators 0.42 0.13
Farmers and Farm Managers 0.21 0.01
Clerical and Unskilled Workers 0.16 0.07

High Ability Total 0.51 0.41

Craftsmen and Kindred Workers -0.22 0.21
Service Workers -0.29 0.10
Operatives -0.37 0.11
Transport Equipment Operatives -0.43 0.06
Private Household Workers -0.44 0.00
Farm Laborers and Farm Foremen -0.51 0.01
Laborers -0.53 0.10

Low Ability Total -0.33 0.59

Note.– Data come from NLSY Men. Occupations are grouped in two based on the average standardized AFQT score
of a typical worker in that occupation.

Estimation of the speed of learning requires a substantial number of observations for each
occupation category and at each experience level. The small sample size in the NLSY prohibits an
accurate estimation for finely defined occupation classes. For this reason, I group the occupations
into two broad categories based on ability. Table 1 shows the average AFQT score by single digit
occupation classifications.14 Occupations with a less than average AFQT score are referred to as
the low-ability category. The average AFQT scores in high- and low- ability groups are 0.51 and
-0.33. High-ability occupations contain 41 percent of workers with a total income share of 0.56.

Table 2 compares the educational attainment in the two occupation groups. Average educa-
14Reported AFQT scores were standardized by age at the time the test was taken.
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Table 2: Education and Ability

Occupation Group: High Ability Low Ability

Average Years of Education 14.64 12.02

Education-Ability Gradient 1.26 0.81
(0.06) (0.04)

Note.– Education-ability gradient is obtained by regressing educational attainment on AFQT score controlling for
racial background, parental education and the presence of a library card in the household. Standard errors are
reported in parentheses.

tional attainment for the low-ability group is 12.02 years, whereas it is 14.64 years in high-ability
occupations. This is expected, since ability and education are positively correlated. The table
also reports the results from the regression of educational attainment on AFQT, controlling for
background variables. For the high-AFQT group, a one standard deviation increase in the AFQT
score leads to an increase of 1.26 years in educational attainment, whereas it leads to an increase
of 0.81 years for the low-AFQT occupations.

To estimate the speed of learning, AFQT is regressed on a full set of dummy variables for years
of education controlling for racial background. The residuals from this regression, corresponding
to ε, represent the component of the AFQT that cannot be inferred by education alone. Then
wages are regressed on a full set of experience dummies, the AFQT residual and years of education
interacted with experience dummies, and indicators for racial background. Recall that the speed
of learning is measured by how fast the coefficients on the residual AFQT rise with experience.

Figure 2 displays the estimated coefficients for each occupation group. The dots represent
the coefficients on the AFQT residual, and the dashed line traces the estimated coefficients on
educational attainment by experience. In both pictures, the coefficient on ability rises quickly
with experience for the first 10-15 years. Employer learning is, therefore, relatively fast, hinting
at a minor role for signaling theory. Meanwhile the coefficient on education is approximately
stable, which is consistent with the hypothesis that employers’ predictions of ability based on
education are correct on average.

The speed of learning is estimated by non-linear least squares applied to equation 13 using
the estimated coefficients on the AFQT residual by experience. The solid lines in Figure 2 show
the fitted learning curves. The estimation results are reported in Table 3. The speed of employer
learning is measured by the signal-to-noise ratio, which takes on values between 0 and 1 where
0 represents the absence of learning and 1 stands for immediate learning. The estimate of the
speed of learning for high-ability occupations is 0.19, significantly lower than the 0.33 estimated
for low-ability occupations. This implies that on-the-job employer learning is slower for high-
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Figure 2: The Speed of Learning across Occupational Categories
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Note.– Figure shows the estimated coefficients from a regression of log wages on residual AFQT score and years of
education interacted with indicators for experience. The control variables are indicators for experience and racial
background. The solid line shows the fitted learning curve (see Table 3).

ability groups, suggesting a larger potential role for signaling. Notice, however, that the estimated
coefficient on the AFQT residual for new entrants, κz̃0, is 3.9 percent, indicating that employers
in this category also rely on alternative signals to extract information about ability at the time
of hire. By contrast, κ̂z̃0 is essentially zero for the low-ability group, suggesting that prior to
employment, employers have little information on the productivity of these workers besides what
can be inferred from their education levels. This is not too surprising, since in jobs where it is
difficult to assess individual productivity, employers may find it optimal to invest more heavily
in recruitment technologies to reduce mistakes in hiring. Tests of aptitude and cognitive ability,
often used by firms, are especially useful for this purpose.

Although the coefficients on the AFQT residuals for new entrants are indicative of the extent
of recruitment efforts, they likely underestimate the true values of ρj in the model for two reasons.
First, if employers have access to signals that are correlated with education, but not with cognitive
ability, then κ̂z̃0j exaggerates the uncertainty faced by employers, and, hence, overestimates the
return to signaling. Indirect estimates of ρj are, therefore, expected to be higher than those
implied by the estimates in Table 3. Second, if workers are equally uncertain about their own
abilities, i.e., when the uncertainty is symmetric, then one cannot speak of signaling. Estimating
ρj allows for this possibility. If learning is symmetric, the estimated speed of learning has no
bearing on education decisions. This would be captured in the estimation by a value of ρj close
to 1.

18



Table 3: The Speed of Employer Learning

Gradient: High Ability Low Ability

κ̂z̃0 0.039 -0.005
(0.024) (0.016)

Speed 0.190 0.328
(0.151) (0.105)

κ̂z̃∞ 0.146 0.115
(0.023) (0.009)

Note.– Results from the non-linear least squares estimation of equation (14). The speed of employer learning takes
on values between 0 and 1 where 0 represents the absence of learning and 1 stands for immediate learning. Standard
errors are reported in parentheses.

The regression of the standardized AFQT score on indicators for different education levels
and race, interacted by indicators for the occupational group yields a correlation coefficient of
0.52. Accordingly, σ2

a is set to 0.52.
The change in productivity by experience, captured byh(x), is estimated for each occupational

group by regressing log wages on fixed worker effects and a quadratic term in experience. The
coefficients on the linear and quadratic components are 5.13 and -0.14 for low-ability occupations
and 7.81 and -0.18 for high-ability occupations. The estimated profiles are input directly in the
computations.

The remaining parameters of the model are estimated using the simulated method of mo-
ments. The procedure is carried out in two steps. First, the differences between the simulated
moments and the data moments were minimized for several random draws of ability, a, and oc-
cupational taste, τ , for a population of 1,000 workers weighting each moment equally. In the
second step, the variance-covariance matrix for parameters is constructed based on the com-
puted simulations, and the first step was repeated weighting the moments by the inverse of the
variance-covariance matrix.

4.1 The Return to Job Market Signaling

Table 4 shows the fitted moments. The simulated moments are close to the data moments, but the
fit is not perfect due to the non-linearities in the model. The corresponding parameter estimates
are reported in the first four columns of Table 5. The results reveal that education better enhances
productivity in high-ability occupations. Estimated values for p1 and p2 are 0.75 and 0.79, respec-
tively. This suggests that at least part of the differences in educational attainment between the
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Table 4: Estimation Results: Moments

High Ability Low ability
Data Simulations Data Simulations

Mean AFQT 0.51 0.38 -0.33 -0.30
Std. AFQT 0.57 0.64 0.56 0.47

Mean Education 14.64 14.77 12.02 11.92
Education-AFQT Gradient 1.26 1.15 0.81 0.92

Employment Share 0.41 0.44 0.59 0.56

Note.– Results from the SMM estimation. Standard errors are reported in parentheses.

Table 5: Estimation Results: Parameters

A1 α r ρ1 Λ1

0.7519 0.0775 0.0806 0.2526 0.2104
(0.0054) (0.0033) (0.0016) (0.0293) (0.0064)

A2 β στ ρ2 Λ2

0.7897 0.3863 0.0078 0.4047 0.2401
(0.0065) (0.0076) (0.0001) (0.0191) (0.0062)

Note.– Results from the SMM estimation. Standard errors are reported in parentheses.

two occupation groups should be attributed to the human capital role of education.
The estimated effective discount rate is 8.06 percent. This captures not only the typical rate

of return on alternative investments, but also other cost factors that are not explicitly modeled
here, such as tuition costs. The standard deviation of the occupational preference parameter is
estimated to be 7.8 percent of lifetime output per worker, which is comparable to a year of forgone
earnings at the margin.

The estimated value for ρ1 implies that in low-ability occupations, about 25 percent of the
uncertainty is unraveled during the recruitment process by interviews or alternative signals. The
corresponding estimate for high-ability occupations is 41 percent. These estimates are consistent
with the finding that in high-ability occupations, wages of young workers correlate better with
test scores conditional on education (Table 3). They thus confirm the earlier conclusion that the
recruitment process is more important in occupations that are typically occupied by high-ability
workers.

Better recruitment methods in high-ability occupations compensate for the slow on-the-job
learning by employers. Combining the estimated values for ρ1 and ρ2 with the estimated speeds
of employer learning in Table 3 gives the estimates for Λj reported in the fifth column of Table 5.
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Table 6: Decomposing the Private Return to Education

Average Low Ability High Ability

Return to Job Market Signaling 2.38 (0.06) 2.13 (0.06) 2.68 (0.08)
Return to Human Capital 6.36 (0.21) 6.22 (0.21) 6.53 (0.21)
Private Return to Education 8.74 (0.15) 8.35 (0.15) 9.21 (0.16)

Note.– Table shows the average estimated marginal return to different functions of education.

Λj measures the total extent of uncertainty faced by employers regarding worker abilities. The
estimates are similar at 0.24 for high-ability occupations and 0.21 for low-ability occupations.

Recall from equation (5) that Λ ∈ [0, 1] also represents the relative weight of the signaling
model. The results show that the contribution of the signaling model to schooling decisions is
about 22.4 percent. The remaining 77.6 percent is explained by the human capital model, which
is thus the dominant model in the data.

Given the estimates of the production function, and the educational choices, an additional
year of schooling raises worker productivity by 6.4 percent on the margin.15 The marginal re-
turn to signaling is 2.7 percent on average for a year of education for workers in high-ability
occupations and 2.1 percent for those in low-ability occupations. Given the shares of workers in
each group, the average for the entire workforce is 2.4 percent. The average private return to a
year of education is, then, 8.8 percent (=2.4 percent + 6.4 percent). Therefore, on the margin, the
return to signaling represents 27 percent of the total private return to education. This percentage
differs from Λj above since it also factors in the relative returns to education and ability. If ability
mattered little for a worker’s productivity, for instance, the return to signaling would also have
been little, regardless of Λ.

The human capital component of the return is in principle comparable to the estimates in the
literature that purge the standard OLS estimates of the ability bias. Although a formal analysis
is not conducted here, equation (8) hints that an estimate that successfully eliminates ability bias
also eliminates the signaling bias, since the latter is contained in the former. Therefore, such an
estimate should be compared with the estimated social return to schooling in particular. In this
regard, 6.4 percent is at the lower end of the reported estimates: similar to the ones reported by
Kaymak (2009) and Angrist and Krueger (1991), but smaller than those reported by Card (1995)
(see Card (2001) for a survey).

Under more restrictive assumptions, the human capital role of education can also be tested
using wage data on experienced workers, for whom employer learning is mostly completed. At

15There’s a small variation in the marginal return to education arising from finite career length. The reported
figure is the average marginal return.
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the limit, when the uncertainty about worker productivity is completely unraveled, wages should
reflect the true returns to education and ability. Generally, the consistent estimation of these
returns requires that the econometrician has access to all productivity signals that the employers
have or that these signals are not correlated with educational attainment.16 This should be kept
in mind when interpreting the results below.

The estimated speeds of learning in Table 3 suggest that it takes about 22 years of experience
for the uncertainty to be unraveled by 90 percent on average. Using data on workers with more
than 22 years of experience, wages are regressed on education controlling for AFQT score, indi-
cators for potential experience, survey year and occupational group (as defined in Table 1.).17 The
estimated return to education is 6.8 percent (1.0 percent), which may still contain a slight upward
bias since 10 percent of the uncertainty still remains. Nonetheless, the difference between this
estimate and the 6.4 percent estimated above is statistically insignificant, reinforcing the results
from the SMM. When split, the estimate for low- and high-ability occupations are 6.1 percent (1.19
percent) and 8.5 percent (2.1 percent). While this is consistent with the finding that education is
more productive in high-ability occupations, the difference between the two estimates is slightly
higher than what is obtained with the SMM, albeit not statistically significant.

4.2 The Efficiency Cost of Job Market Signaling

The incentive to signal one’s ability compels individuals to invest more in education than they
would if there were no asymmetric information. The additional investment is excessive since the
value of the additional skills acquired does not make up for the cost of schooling. The significance
of this externality depends on a multitude of factors, such as the human capital role of education,
the extent of asymmetric information, and the cost of schooling.

To gauge the size of the social loss in the model associated with signaling, I simulate two
hypothetical economies where the relative weight of signaling, Λj , is reduced by 50 percent and
by 100 percent. Then using the estimated values of the parameters, I compute counterfactual
schooling decisions, occupation choices, and associated productivities for each worker. When
the role of signaling is cut by a half, educational attainment declines by 2.6 years on average from
13.1 years to 10.5 years. Given the estimates, this results in a loss of 17 log-points of productivity
per year of work. However, lower educational attainment releases more time for work, allowing

16For instance, a letter of recommendation from one’s college professor that vouches for an applicant’s attention
to detail, a productive trait, is a positive signal of productivity that is also correlated with overall educational attain-
ment. If this additional signal is omitted from the regression, then the estimated return to education with data on
experienced workers would still overestimate the human capital role of education. (See Altonji and Pierret (2001) for
a detailed treatment of this case.)

17Since the NLSY 1979 contains relatively younger workers, the number of observations diminish quickly with
experience, leading to higher standard errors. Using workers with more than 25 years of experience yields an estimate
of 6.1 (1.6) percent, and using those with more than 27 years of experience yields an estimate of 6.8 (2.8) percent.
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each worker to enjoy a longer career. Additional output due to increased work time is 1.2 log-
points, resulting in a net loss of 15.8 log-points in lifetime earnings. On the other hand, lower
educational attainment induces cost savings. Given the discount rate in the model, the associated
savings are 21.2 log-points, resulting in a gain of approximately 5.4 percent. When the asymmetric
information is eliminated completely, by settingΛj = 0, the associated net loss in average lifetime
output is approximately 7.6 percent.

4.3 Occupational Mobility

Although the model endogenizes the occupational choice at entry, it abstracts from occupational
mobility after workers enter the labor market. Allowing occupational mobility may affect the
findings here if workers make their education decisions based on the human capital and signaling
roles of education along a mobile career path. A related complication arises if workers are not
certain of their desired occupation and make their decisions based on an expected career path.

A detailed analysis of occupational mobility with employer learning and the associated sig-
naling strategies is beyond the scope of this paper. Nonetheless, the concerns above can in part
be addressed using data from the attitudes survey in the NLSY. In 1979, when the survey was ini-
tiated, workers were asked what type of job they saw themselves doing when they reached the
age of 35. The answers were classified by three-digit occupation categories. Using these answers,
it is possible to construct the relevant moments used in the estimation based on expected occu-
pation rather than actual occupation. The joint distribution of education and ability by expected
occupation provides the appropriate statistics if the NLSY workers decided on their educational
attainment according to the type of job they expected to do.

The correlation between expected occupational group and the actual occupation group at the
age of 35 is 0.35. The expectations appear somewhat optimistic. Of the workers who expected
to work in a low-ability occupation, 75 percent did so and 25 percent worked in a high-ability
occupation. Of the workers who expected to work in a high-ability occupation, only 61 percent
successfully did, and 39 percent worked in a low-ability occupation.

The results from an SMM estimation using moments by expected occupation are similar to
those obtained by using actual occupation. The details of the moments and the corresponding
parameter estimates are shown in Tables B.1 and B.2 in the Appendix. Table 7 shows the relative
roles of signaling and human capital by occupation. The estimates imply that the average return to
signaling is 2.2 percent, which is similar to the 2.4 percent obtained in the benchmark estimation.
The rate of increase in human capital on the margin is 7.7 percent, slightly higher than the 6.4
percent obtained in the previous section. That the results are robust to using expected occupation
categories instead of actual occupational choices suggests that occupational mobility may not be a
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Table 7: Return to Education with Expected Occupation

Average Low Ability High Ability

Return to Job Market Signaling 2.24 (0.10) 2.03 (0.11) 2.47 (0.11)
Return to Human Capital 7.66 (0.34) 7.56 (0.34) 7.78 (0.34)
Private Return to Education 9.90 (0.23) 9.59 (0.15) 10.25 (0.28)

Note.– Table shows the average estimated marginal return to different functions of education. Results based on
expected occupation as reported by the respondent in 1979. See text for details.

concern for the measurement of signaling. Nonetheless, it possible that the reported expectations
are only partially responsible for actual educational choices, and a more general model with
optimal occupational mobility may yield different results. Understanding the effect of learning
on the market’s ability to re-assign occupations is a promising venue for future research.

5 Conclusion

The findings suggest that the relationship between educational attainment and wages is better un-
derstood through a human capital model, where schooling raises a worker’s market productivity.
The decisions regarding educational and occupational choices are driven mostly by differences in
how valuable the skills acquired in school are in different occupations. The role of the theory of
job market signaling in shaping these decisions is non-trivial, albeit quantitatively limited.

This result is driven essentially by two factors. First, in the data, occupations with higher
educational attainment, conditional on ability, attract workers with higher ability on average.
This type of sorting behavior cannot be reconciled with a labor market described mainly by a
signaling model, where one would expect high-ability workers to avoid such occupations. Sec-
ond, employers appear to learn worker types rather fast, preventing a major role for signaling
strategies. Furthermore, where the learning process is slow, employers seem to have developed
alternative means of extracting information about worker types, particularly through better re-
cruitment techniques.
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A Data
The data come from the 1979-2004 waves of the National Longitudinal Survey of Youth (NLSY).
The analysis here is restricted to the nationally representative cross-sectional sample of 3003
men of all races. The 192 subjects who did not have AFQT scores in the data were dropped. The
remaining AFQT scores are standardized within age groups.

The wage variable used in the regressions is the real average hourly rate of pay for the subject’s
current or most recent job. The consumer price index was used to express wages in 2002 prices.
Hourly wage observations less than a $1 and more than $100 were dropped. This resulted in a
loss of 16 subjects. The analysis was restricted to jobs after the subject left the school for the
first time. This was determined by the first interview when the respondent was not enrolled
in school. Invalid observations for educational attainment and observations with less than 8
years of education were dropped. These restrictions resulted in a loss of 206 subjects who were
either not finished with their education during the sample or did not have a valid education
higher than 8 years. The final data available for regressions consisted of 2588 respondents and
37,136 observations. Further restrictions imposed by the availability of the variables in particular
regressions, such as parents’ education, are mentioned in the text and the corresponding tables.

The reported estimation statistics are unweighted statistics.
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B Additional Tables

Table B.1: Estimation Results with Expected Occupation: Moments

High Ability Low ability
Data Simulations Data Simulations

Mean AFQT 0.28 0.26 -0.44 -0.21
Std. AFQT 0.58 0.69 0.45 0.67

Mean Education 13.64 13.65 11.83 11.69
Education-AFQT Gradient 1.34 1.16 0.77 0.96

Employment Share 0.61 0.46 0.39 0.54

Note.– Results from the SMM estimation based on expected occupation as reported by respondents in 1979. See text
for details.

Table B.2: Estimation Results with Expected Occupation: Parameters

A1 α r ρ1 Λ1

0.7318 0.0726 0.0941 0.3452 0.1976
(0.0090) (0.0024) (0.0025) (0.0436) (0.0103)

A2 β στ ρ2 Λ2

0.7531 0.4275 0.0077 0.4742 0.2240
(0.0093) (0.0118) (0.0002) (0.0257) (0.0089)

Note.– Results from the SMM estimation. Standard errors are reported in italics. Results based on expected occupa-
tion as reported by respondents in 1979. See text for details.
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