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1 Introduction

What employers believe about the skills of workers is bound to determine their labor

market outcomes. How schooling a↵ects these beliefs is thus crucial for determining

the returns to an additional year of schooling. Thus, schooling might act as a signal

to the job market and this function might distort decisions to acquire schooling from

the social optimum (Spence, 1973).

Job Market Signaling is di�cult to test since it is about objects that are inherently

hard to observe: the latent skills of workers and how costs of schooling vary with these

skills. As such, it is di�cult to measure how much Job Market Signaling contributes

to the private returns to education and how much the social and the private returns

diverge from each other due to Job Market Signaling.

This viewpoint describes one approach to quantify how large this gap might be,

an approach that builds on the specification proposed of the common employer learn-

ing model proposed by Farber and Gibbons (1996) and further developed by Altonji

and Pierret (2001). Central to this approach are the assumptions that (i) individual

productivity has a persistent, time-invariant component, that (ii) individual com-

pensation equals expected productivity, and (iii) that employers learn about this

persistent component as workers spend time in the labor market. To empirically

operationalize these assumptions, the literature on common (or public) employer

learning that grew out of Farber and Gibbons (1996) and Altonji and Pierret (2001)

explicitly formulates both how potential employers learn about unobserved skills

of workers and what information about underlying skills researchers have access to.

These assumptions are leveraged to derive testable predictions of the employer learn-

ing model for how earnings vary with schooling and proxies of productivity across
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the life-cycle.

In this paper, we use a simplified version of the employer learning model to

illustrate this approach to quantify how important job market signaling is. Two

papers form the basis of this discussion. Lange (2007) follows Altonji and Pierret

(2001) and assumes that the researcher has access to a correlate of productivity that

employers do not use in wage setting. That paper shows (i) how functional form

assumptions can be used to summarize the process of employer learning in a single

parameter, the “Speed of Employer Learning,” (ii) derives conditions under which we

can identify this parameter, and (iii) proceeds to estimate it. Lange (2007) goes on

to impose additional structure on the schooling decision to bound the contribution

of signaling to the economic returns from years of schooling.

The second paper, Aryal et al. (2022), takes a di↵erent but related approach.

Again, the analysis starts with the specification proposed by Farber and Gibbons

(1996) and shows under what circumstances one can interpret instrumental variable

estimates of the causal e↵ect of schooling on earnings as either representing private

or social returns to education.1 The main insight is that how one interprets the IV

estimates depends on whether or not potential employers know that the instrument

induces the variation in schooling in the population. To the extend that employers do

know about this variation, instrumental variable estimates of the returns to education

represent social returns to education. To the extend that they do not, they represent

private returns.

As we discuss these approaches to bound or estimate the returns to signaling, we

also reference empirical work that implement these approaches. In two appendices,

1A natural interpretation of the gap between social and private returns is the returns to job
market signaling.
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we both provide additional evidence (appendix A) and review the existing empirical

literature (appendix B). Our view is that the evidence in this field suggests that

on balance the reported evidence suggests that the returns to signaling make up at

most 25% of the returns to education. However, we also find that the empirical

basis for this conclusion is narrow and more work, using either of the approaches

highlighted above, is necessary to firm up our confidence in this assessment. Ideally,

new work will use the basic model following Lange (2007) to provide estimates of the

learning process and the returns to signaling that can be compared with the existing

estimates.

We begin by first introducing in Section 2 the basic model of wage setting and

learning that we will rely on throughout the remainder of the article. It is based

on but less general than the model analyzed by Farber and Gibbons (1996), Altonji

and Pierret (2001), and Lange (2007). We then show in section 3 how access to

a hidden correlate, that is a correlate of productivity not observed by employers,

enables the researcher to test this model and estimate its parameters using the partial

correlation of earnings with schooling and the hidden correlate across the life-cycle.

The section also briefly reviews the empirical work based on a hidden correlate and

discusses how Lange (2007) proposes to bound the returns to signaling. The following

section, section 4, explores how to interpret instrumental variable regressions in a

model of employer learning. Again, we need to make assumptions on what employers

observe, notably how much they know about the variation in schooling induced by

the instrument. Instrumental variables have the advantage that rather than bound

the returns to schooling, they allow, under suitable assumptions, to point-identify

the private and/or the social returns to schooling. Section 5 concludes.
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2 A Model of Productivity, Wages, and Informa-

tion

Assume that log productivity yit is additively separable into an individual hetero-

geneity Ai, an experience-component H(t) common to all, and an iid shock "it.

yit = Ai +H(t) + "it (1)

Next, use �
A|S to define the causal e↵ect of schooling on productivity and write

Ai = �
A|S

Si + Ãi (2)

Ãi than stands for unobserved components of ability that are not caused by

schooling. Crucially, we do not restrict cov(Ãi, Si) = 0 so that schooling can be

correlated with productivity not caused by schooling. The coe�cient �A|S represents

the social return to education as it captures the increase in productivity independent

of whether it accrues to the worker.

Combining, we obtain that log output yit depends on (Si, Ãi, t) as follows:

yit = �
A|S

Si + Ãi +H(t) + "it (3)

Further, assume that (Ãi, Si, "it) are jointly normally distributed and {"it} is iid.

Throughout, we maintain that compensation Wit of individual i with experience

t equals expected productivity conditional on the information employers at time t

have access to. This information at experience level t is Eit = {Si, {yi,⌧}⌧<t, t}. This
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information set grows with experience t which implies that employers learn about un-

observed productivity Ãi. The literature on employer learning hypothesizes that with

time in the labor market more information is revealed and limt!1 (Wit � E[exp(yit)|Eit]) =

0. This becomes useful for di↵erentiating between Human Capital and Signaling as

we make additional functional form and substantive assumptions.

Two brief remarks are in order. First, this is a model of common employer

learning in the sense that any information is shared among a su�cient number of

competing employers to ensure that compensation equals expected productivity. We

also rule out long-term contracts linking compensation to expected productivity over

longer time-periods. Common employer learning is a strong assumption, but models

of private or asymmetric employer learning entail complex strategic interactions on

the part of firms and workers that make them hard to use to model the life-cycle of

earnings.2

Second, it is straightforward to incorporate additional observable controls in

the analysis. Importantly, Farber and Gibbons (1996) and all authors following

in their footsteps also allow for employers to observe productivity correlates Qi that

researchers do not have access to. This implies that standard Mincer earnings equa-

tions will not identify the parameters of the learning model nor the private or the

social returns to education as estimated returns to education will always be biased

by the correlation between Qi and Si. This paper abstracts from both Qi and ob-

servable controls as this simplifies the expressions and since we believe we can still

communicate the basic arguments without these.

Yi,t is log normally distributed and we can write:

2Those interested in empirical models of asymmetric employer learning might want to consult,
among others, Waldman (1984), Schönberg (2007), and Kahn (2013).
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log(Wit) = log(E[Yi,t|Eit]) = �
A|S

Si +H(t) +
var(Ãi + "i,t|Eit)

2
+ E[Ãi|Eit] (4)

One of the features of updating expectations about normal variables using normal

signals is that the posterior variance does not depend on the realization of the signal

itself. This property of normal-normal learning applies here and we therefore have

that var(Ãi + "i,t|Eit) = var(Ãi + "i,t|t). Thus, we can control for H̃(t) = H(t) +
var(Ãi+"i,t|t)

2 in equation (4) with a set of experience controls. The interesting object

is E[Ãi|Eit] and we can again draw on the properties of normal random variables to

characterize this:

E
h
Ãi | Eit

i
= ✓(t,)

�
�A|SSi

�
| {z }
E[Ãi|S]

+ (1� ✓(t,)) ⇠̄ti (5)

where ⇠̄ti =
1
t⌃⌧t{yi⌧ � �

A|S
Si �H(⌧)}. That is, at t, the observed output yit net of

the predictable component �W |S
Si +H(t) serves as a signal ⇠it on unobserved ability

Ãi with noise "it. The average of these signals received up to period t is ⇠̄ti .

Equation (4) and (5) together produce the experience-t private return to an ad-

ditional year of education. At t = 0, an additional year of education raises expected

earnings because of the direct productivity e↵ect �A|S and because it raises the in-

ferred Ãi by �A|S. At experience t, the private return �
W |S
t an individual can expect

from an additional year of schooling is thus

�
W |S
t = �

A|S + ✓(t,)�A|S (6)
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Equation (5) shows that the conditional expectation of ability Ãi at experience

t is a weighted average of the conditional expectation of ability prior to entry to the

labor market (at t = 0) and the average signal received up to t. The relative weights

✓(t,) depend only on the number of signals t received and one single parameter, .

✓(t,) =
1� 

1 + (t� 1)
with  =

�0

�0 + �"
(7)

Here var(Ãi) = �
2
0 and var("it) and the parameter  is the signal-to-noise ratio

in the learning process, ie the ratio of the variance of the object to learn about (ie

Ãi) and the variance of the signal ⇠it = Ãi + "it.

This model of wages developed so far forms the basis of the discussion that fol-

lows. We invoke stronger assumptions than strictly required, sometimes significantly

so, but they allow uncovering in a fairly transparent way the reasoning behind the

empirical employer learning literature.

3 The Hidden Correlate Approach

Predictions

The two foundational papers in this literature, Farber and Gibbons (1996) and Al-

tonji and Pierret (2001) combine a wage-setting model similar to the one developed

in Section 2 with the assumption that the researcher has access to a variable Z that

employers do not have direct access to. We will refer to this variable as a hidden

correlate. Farber and Gibbons (1996), Altonji and Pierret (2001), and Lange (2007)
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assume access to such a hidden correlate and derive predictions for the partial re-

gression coe�cients on S and Z in log earnings regressions and how these evolve

with experience.3 A main reason for the popularity of this literature is that these

predictions conform to simple intuitions about learning models.

So, what do we predict for a regression of log wages on a hidden correlate Z as

well as schooling S at experience t? Substituting (5) into (4) we obtain the linear

projection (denoted by E⇤) of log wages at experience t on (Si, Zi).

E⇤[log(Wit)|S, Z, t] = ↵t + �
A|S

Si + E⇤[E[Ãi|Eit]]

= ↵t + (�A|S + ✓(t,)�A|S)Si + (1� ✓(t,))E⇤[⇠̄ti |S, Z] (8)

We note that E⇤[⇠̄ti |S, Z] = E⇤[Ãi|Si, Zi] and use (�̂AS, �̂AZ) for the coe�cients

that project Ai on (Si, Zi). From this follow the coe�cients projecting wages on

(Si, Zi):

�̂wS,t = �
A|S + ✓(t,)�A|S + (1� ✓(t,))�̂AS (9)

�̂wZ,t = (1� ✓(t,))�̂AZ (10)

These coe�cients and their evolution over the life-cycle are the primary empirical

objects of interest in the literature following Farber and Gibbons (1996), especially

in Altonji and Pierret (1997), Altonji and Pierret (2001), and Lange (2007). Each of

these papers can be associated with a di↵erent set of predictions on these coe�cients.

3Farber and Gibbons (1996) actually consider regressions in levels.
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First, Farber and Gibbons (1996) (in a level specification analogous to this log

specification) show that {�̂wZ,t} (eq. (10)) increase in experience if Zi correlates

positively with unobserved ability Ãi. Second, Altonji and Pierret (2001) observe

that when projecting log wages on Si but not Zi the projection coe�cient on Si

exceeds �̂wS,t by (1 � ✓(t,))�̂AZcov(Z, S)/var(S).4 Thus, across experience, one

can use the emerging di↵erences between the projection coe�cients on schooling in

a projection of log wages on schooling alone and on schooling and Z jointly to test

whether employers screen for unobserved ability using schooling. Third, Lange (2007)

exploits the functional form restrictions implied by normal-normal learning on ✓(t,)

(see eq. (7)) to summarize the learning process with the single parameter . This

parameter can be estimated using the partial regression coe�cients {�̂wS,t, �̂wZ,t}.

The contrast between equation (9) and the private return to education defined

in equation (6) also shows that the projection of log earnings on education will not

directly deliver an estimate of the social returns to education even when controlling

for the hidden correlate Zi as long as schooling correlates with the component of

ability not caused by education.

Evidence

Empirically, the literature on employer learning has relied heavily on the NLSY 1979,

the data used by Farber and Gibbons (1996), Altonji and Pierret (2001), and Lange

(2007). The NLSY 1979 is a long panel of individuals during the early part of their

careers with good earnings data as well as a cognitive skill measure that can serve

as a hidden correlate.5 This measure, the Armed Forces Qualification Test (AFQT)

4To derive the latter use the omitted variable formula.
5Of course, the fact that the NLSY 1979 is US data is another major advantage in securing a

prominent place for this data-set in the literature.
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score is based on a battery of tests administered to respondents to the NLSY 1979.

In 1979, the NLSY 1979 started collecting data on a panel of US residents born

between 1957 and 1964. From 1997 on, collection of data on a new cohort born

between 1980 and 1984 commenced. This panel is known as the NLSY 1997. Figure

1 shows the partial regression coe�cients on schooling and the AFQT in regressions

by year of experience in both data. Each scatter point represents the coe�cient

estimate on either schooling or the AFQT (measured in standard deviations) up to

experience 17.6

For both data-sets, we obtain that the regression coe�cients on Z increase and

those on S decrease with experience, as we expect in a learning model. Visual

inspection suggests that the functional form implied by the normal-normal learning

model developed above fits the data quite well. The line fitted to the experience

profiles is obtained by estimating the parameter  using the regression coe�cients

on S or Z and the restrictions of the normal learning model. As described by Lange

(2007), these regression coe�cients at experience t are weighted averages of the

regression coe�cients at experience t=0 and a limit value to which the coe�cient

converges as t ! 1. Thus, the projection coe�cients at any experience level are a

function of 3 parameters only (the initial and limit values of the projection coe�cients

and the parameter ) and we can estimate these by fitting the estimated coe�cients

using non-linear least squares.7

Data generated by other learning processes would generate the basic features

6The online appendix A contains information on the precise specification and data selection
criteria.

7Our results di↵er from Castex and Kogan Dechter (2014) in that we find increasing returns
to the AFQT and decreasing returns with experience for both males and females. The di↵erences
in the findings can be largely accounted for by the fact that we have access to a longer panel and
estimate a non-linear specification. Additional details are available from the authors on request.
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Figure 1: Returns to schooling and AFQT over the life cycle

Notes: The scatters display the estimated coe�cients on schooling and the standardized AFQT
score for each experience level. The line shows the predicted returns to schooling and AFQT score
over the life cycle implied by the estimates in table 1. The estimation of these parameters is
described in Online Appendix Section A2.

shown in figure 1 as well. The usefulness of the normal learning model is not in

that it delivers a particularly good fit (even though it does), but that it allows

summarizing the learning process in a simple manner whose main features can be

summarized in a single parameter .

Table 1 shows the estimated speed of learning parameter  for both data-sets

and both variables (Si, Zi). Columns 1 and 2 reproduce the main empirical results
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(1) (2) (3) (4) (5) (6) (7)
NLSY 1979 NLSY 1997 Aryal, Bhuller, Lange (2022)

Years of AFQT Years of AFQT Years of IQ Test Years of
Schooling Score Schooling Score Schooling Score Schooling (IV)

Speed of Learning  0.236 0.253 0.061 0.114 0.476 0.126 0.550
(0.002) (0.001) (0.001) (0.002) (0.069) (0.034) (0.126)

Initial Errors Decline by %50 (Years) 3.238 2.953 15.455 7.808 1.101 6.936 0.818
Initial value b0 0.109 -0.017 0.100 -0.004 0.100 0.011 0.195

(0.007) (0.001) (0.000) (0.012) (0.007) (0.005) (0.012)
Limit value b1 0.055 0.159 0.034 0.102 0.023 0.093 0.055

(0.001) (0.000) (0.027) (0.042) (0.002) (0.006) (0.008)

Table 1: The Speed of Employer Learning

Note: The reported parameters are estimated by nonlinear least squares using the coe�cient es-
timates on schooling and Armed Forces Qualification Test (AFQT) score at di↵erent experience
levels. The reported initial errors decline is obtained using eq. (7). The standard errors in columns
1-4 are obtained by bootstrapping with 5,000 repetitions. Columns 5-7 are from Aryal et al. (2022).

from Lange (2007) using data stemming from a longer time period and document

identical findings as in Lange (2007). The estimated coe�cient on  for AFQT score

(column 2) implies that initial expectation errors by employers on average decline by

25% after workers spend around one year in the labor market. After three years, the

initial error will have declined by around 50%. After workers spend around 9 years

in the labor market, initial expectation errors will on average have fallen by 75%,

and after around 27 years they will have declined by 90%. The point estimate of ,

therefore, suggests that a worker’s productivity is mostly revealed to the employer

within the first few years of her labor market career.

The point estimates in columns 3 and 4 on the other hand suggest that employer

learning is relatively slow for the cohort entering the labor market in the early 2000s.

Specifically, the estimate of  from column 4 implies that initial expectation errors by

employers on average decrease by around 11% during the first year a worker spends

in the labor market. It takes about 8 years for initial expectation errors to on average

decline by 50%, 23 years to decline by 75%, and a full 70 years to decline by 90%.
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This finding suggests that the speed of employer learning has slowed down between

the 1980s and 2000s.

Columns 5 and 6 report analogous estimates based on a sample of Norwegian

males and their IQ test scores collected as part of military conscription procedures.8

The estimates from the Norwegian data bracket the estimates from the two NLSY

cohorts. Those using schooling coe�cients imply very rapid learning, while those

using the IQ score imply learning similar to those from the NLSY 1979. Nevertheless,

even the lower point estimate indicate that substantial learning about individual skills

does take place in the first 10 years of an individual’s career.9

Unfortunately, the evidence from other countries and settings is not as abundant

as desirable. And, unfortunately, few of these papers explicitly use the learning

structure proposed by Lange (2007) to provide parameter estimates of the Speed

of Learning that would allow comparing and synthesizing across sometimes quite

di↵erent economic environments. We review this literature in appendix B.

Bounds on the Returns to Signaling

Lange (2007) takes the analysis one step further and uses the estimates of the speed

of learning to quantify the contribution of the private returns to signaling in the total

gains from schooling.10

8The same data is discussed in section 4. The data consists of administrative data on the
population of Norwegian males born between 1950 and 1980 with earnings data between 1967 and
2014.

9The NLSY cohorts have also been a rich source of data to explore heterogeneity and channels
of learning. Arcidiacono et al. (2010), Mansour (2012), Light and McGee (2015) explore the role
of education, occupations, and skill types in the employer learning framework. We review this
literature in online appendix B.

10See Altonji and Pierret (1997) for a similar attempt to use estimates of how rapidly information
is revealed to inform the question of how large signaling returns are.
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Two aspects of this approach bear particular mentioning. First, since the infor-

mation available to employers Qi (which we abstracted from above) is not available

to researchers, the estimate Lange (2007) arrives at is an upper bound for the con-

tribution of signaling to the total return to education.

Second, he relies on additional information in the form of an estimate of the

cost of schooling. Lange (2007) here follows the tradition in the literature that views

schooling primarily as an investment and assumes that the cost of schooling is largely

determined by the opportunity costs and thus the discount rate on future earnings.

His estimate of the bound on the returns to signaling thus depends on the assumption

that schooling costs are largely due to discounting as well as the particular rate of

discounting used. Both are strong assumptions are central to the bound he provides.

For discount rates between 3 and 7% and using his preferred estimate of the Speed of

Learning parameter of  = 0.26, he finds that the upper bound on the contribution

of signaling to the overall private returns to schooling varies between 3 and 26%.

The lower bound of the 95% confidence interval on the speed of learning parameter

is  = 0.14. If learning is this slow, then the upper bound varies between 6% and

47%.

4 Instrumental Variables and Employer Learning

The hidden correlate approach discussed above delivers testable predictions for Em-

ployer Learning and allows summarizing in a single, estimable parameter how rapidly

firms learn about unobserved ability. And, with suitable assumptions, we can bound

the contribution of signaling to the private returns to education. However, this ap-

proach does not produce a point estimate of the private or the social returns to
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education. And, the additional assumptions required to arrive at the bound on the

Signaling returns are strong.

Aryal et al. (2022) show that instrumental variable estimates can provide useful

information on the social and the private returns to education without having to

invoke strong assumptions on the costs of schooling as required by Lange (2007).

Rather, if the researcher is willing to take a stand on whether or not an instrument

can be observed by employers, then the instrumental variable estimates can inform

discussions about the productivity and signaling returns to education.

We follow Aryal et al. (2022) and discuss a binary instrument for schooling.11

How to interpret the IV estimates depends on whether or not employers understand

and price the variation induced by the instrument correctly. The usual reason of-

fered to justify instrumenting is ability bias. Using our formulation in equation (2)

the concern is that Ãi correlates with schooling Si. Various instruments have been

proposed claiming to increase schooling but to also be orthogonal to Ãi. We are not

interested in re-opening debates about these claims but posit that there indeed is

an instrument Li 2 {0, 1} that satisfies both the rank and orthogonality condition.

That is, we assume that

E[Si|Li = 1] 6= E[Si|Li = 0] (11)

E[Ãi|Li] ⌘ 0 (12)

11Importantly, their argument extends beyond instrumental variables (binary or not) to all quasi-
experimental approaches.
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The IV coe�cient for our binary instrument is (Wald, 1940):

bIV,t =
E[log(Wit)|Li = 1]� E[log(Wit)|Li = 0]

E[Si|Li = 1]� E[Si|Li = 0]
.

And, using eq. (4) we have that E[log(Wit)|Li = 1] � E[log(Wit)|Li = 0] = �
A|S ⇤

(E[Si|Li = 1] � E[Si|Li = 0]) + E[E[Ãi|Eit]|Li = 1] � E[E[Ãi|Eit]|Li = 0]. Thus, we

have

bIV,t = �
A|S +

E[E[Ãi|Eit]|Li = 1]� E[E[Ãi|Eit]|Li = 0]

E[Si|Li = 1]� E[Si|Li = 0]
(13)

Equation (13) shows that interpreting bIV,t comes down to making assumptions

about how the instrument Li enters into the information Eit held by employers. Aryal

et al. (2022) focus on two polar cases. First, they consider “transparent instruments”

that form part of the information held by firms so that Eit = {Si, ⇠
t
i , Li}. And, they

constrast this with “hidden instruments” that are not observed by employers and

thus do not form part of the firms information set. For these, Li /2 Eit.

For transparent instruments, applying the LIE to (13) and using (12) implies

that bIV,t = �
A|S

. Intuitively, when potential employers are aware of the instrument,

they will not use the induced variation in schooling to infer Ãi. By assumption, we

imposed that the instrument is orthogonal to the endogenous unobserved ability Ãi.

Thus, transparent IVs identify the e↵ect of schooling on productivity itself: �A|S
.

For hidden instruments, we have from equation (5) that E[Ãi|Eit] = ✓(t,)
�
�A|SSi

�
| {z }
E[Ãi|S]

+

(1� ✓(t,)) ⇠̄ti and thus E[E[Ãi|Eit]|Li] = ✓(t,)�A|SE[Si|Li] since E[⇠̄ti |Li] = 0. Sub-

stituting in (13), we find that for a hidden instrument, the instrumental coe�cient

is bIV,t = �
A|S + �A|S✓(t,). Hidden instruments thus identify the private returns to

additional schooling which consist of both the productivity return and the signaling
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return. Employers are unaware of the instrument and thus variation in schooling

induced by the instrument induces them to update their conjectures of Ãi. Thus,

hidden instruments identify the private returns to schooling.

Causal estimation using instruments already requires a priori assumptions on

the validity of the instrument that cannot be tested. As such, when researchers

employ instruments they need to carefully argue based on contextual evidence that

an instrument will in fact satisfy the exclusion restrictions. In such cases, researchers

might also be able to determine whether or not an instrument is in fact plausibly

hidden or transparent. As Aryal et al. (2022) show, being willing to make such a

determination reaps rewards in being able to identify deep policy-relevant parameters

when the analysis is embedded in the employer learning framework.

For instance, as argued above, with a transparent instrument one can recover im-

mediately the policy-relevant parameters �A|S that describe the productivity e↵ect of

schooling. A hidden instrument delivers the private returns bIV,t = �
A|S+�A|S✓(t,).

But, using data from repeated cross-sections allows recovering �
A|S as the limit to

which bIV,t converges as t ! 1. And, it also allows estimating  using an approach

analogous to that using a hidden correlate.

Of course, all this does not come for free. The assumptions on whether employers

are aware of the instrument will be debatable. And, the strong identification results

described above derive partially from the functional form assumptions, in particular

the assumption that �
A|S does not vary with experience. Aryal et al. (2022) and

their companion working paper Aryal et al. (2019) however do show ways to relax

some of these assumptions, especially if access to multiple instruments with di↵erent

information assumptions is available.

Aryal et al. (2022) illustrate how to use this approach using a compulsory school-
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ing law lengthening the mandatory school length. The data draws on administrative

records for Norwegian males that also includes IQ scores collected as part of the

military draft.12

The e↵ect of the law was to extend minimum required schooling from 7 to 9

years across Norway, but the law was locally implemented at di↵erent times during

the 1960-1975 period. The e↵ect was to induce variation in the law across di↵erent

jurisdictions which were often geographically very close. Frequently, small communi-

ties with a few thousand inhabitants would extend the compulsory schooling period

at earlier or later dates than much larger jurisdictions within the same broad la-

bor market. Empirically, this provides variation across locations and time that can

be used to identify the causal impact of the law on wages. More important in the

present context is that it allows dividing the sample in distinct populations that are

separated by how plausible it is that the instrument is either hidden or transparent.

As such, this setting provides an opportunity to illustrate and apply the ideas on

transparent and hidden instruments.

In particular, Aryal et al. (2022) argue that for the central communities in com-

muting zones in which the majority of the population of a given labor market lives,

the variation induced by the instrument is plausibly understood by market partic-

ipants. They interpret the estimates obtained from this sample as generated by a

transparent instrument and thus they identify the social (or productivity) returns to

additional schooling. By contrast, employers are much less likely to be informed of

variation in the time when the law was implemented across small localities forming

part of a large labor market. The instrument can thus plausibly be argued to be

hidden for the sample of individuals growing up in smaller communities surrounding

12Columns 5 and 6 in Table 1 report estimates of the Speed of Learning measure based on these
IQ scores and schooling measures using the hidden correlate approach discussed in Section 3.
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the larger central community forming the core of a labor market. Thus, Aryal et al.

(2022) construct two samples, one for which the instrument is plausibly hidden and

one for which it is observed.

The coe�cients on years of schooling over the life-cycle estimated using this

instrument are shown in figure 2.

Figure 2: Returns to Schooling estimated using a Hidden and a Transparent Instru-
ment

Notes: This figure reproduces figure 3 in Aryal et al. (2022). It shows the returns to education
estimated using the compulsory schooling reform discussed in the main text. The right panel shows
the estimates on the sample that permits interpreting the instrument as transparent. The left panel
shows the estimates on the sample for which the instrument is hidden.

The right panel shows the estimates using the transparent instruments. These

estimates do not display the typical decline in the returns to education associated

with learning model, suggesting that the assumption that this instrument is trans-

parent is indeed valid. We see that the returns to education are high and roughly

stable across experience levels. By contrast, the estimates from the hidden sample

(left panel) display the typical shape expected from a learning model when the in-

strument is not observed. The rapid decline in the estimated returns to education
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during the first few years in the labor market gives rise to the high estimated value

for  reported in column 7 of table 1.

What does all this imply for the productivity and signaling returns to education?

Aryal et al. (2022) report a total return to education of 7.9% per year of schooling.

70% of is accounted for by a causal e↵ect of schooling on productivity with the re-

mainder due to signaling e↵ects. These estimates are local average treatment e↵ects

applying to an extension of required minimum schooling 50 years in the past and

might therefore be of limited utility for current use. We hope that more current esti-

mates will emerge from other settings that explicitly try to implement this approach

to inform on the social and private returns to education.

Aryal et al. (2022) are able to distinguish signaling and productivity e↵ects of

schooling because they are willing to take a stand on whether or not employers price

the instrument correctly. This idea is related to a literature examining variation in

education credentials induced by variation in test scores across a cut-o↵ required for

graduation (see the review of the related literature in online appendix B).13 Clark

and Martorell (2014) employ this approach to estimate the causal e↵ect of a diploma

by comparing individual who just passed or failed high school exit exams. This

approach is clearly related to the instrumental variable approach as discussed by

Aryal et al. (2022) in that employes don’t observe the variation in test scores around

the discontinuity. Thus, this regression discontinuity approach sets up a contrast

between the treated group (those with scores just above the discontinuity) and the

control group (just below) that is analogous to the hidden instrument case. Graetz

13An early related literature pointed to higher than usual returns to years of schooling required
to complete a degree as evidence of information rents (Hungerford and Solon (1987),Layard and
Psacharopoulos (1974)). However, those not completing degree years are likely to be negatively
selected, casting doubts on these conclusions (Lange and Topel, 2006). Hungerford and Solon
(1987) themselves note that diploma e↵ects can’t be understood without relying on screening.
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(2021) provides a useful discussion of how RD estimates of returns to degrees or

diplomas should be interpreted in light of the employer learning model.

5 Conclusion

This paper discussed how one approach to quantify the relative contributions of sig-

naling versus human capital to the private return to education based on the assump-

tion that firms learn over time about unobserved productive skills of individuals. In

the process, we showed how to estimate the speed of employer learning. Our view of

the literature is that the evidence on balance suggests that learning is rapid but not

instantaneous. There is evidence from a variety of countries that supports the basic

linear tests of employer learning following Altonji and Pierret (2001), but few papers

estimate the Speed of Learning parameter (Lange, 2007) or use this parameter to

bound the returns to signaling. Those that do tend to find that signaling accounts

at most for one quarter of the returns to education, but we argue that the empirical

basis for these conclusions is narrow.

The model of Job Market Signaling emphasizes that incomplete information dis-

torts the returns to invest into observable signals of productivity, such as schooling.

Incomplete information however also lowers the returns to other investments into

one’s productivity as long as these investments are not directly observable. How

large these distortions are will generally depend on the Speed of Employer Learning.

Kahn and Lange (2014) for instance show evidence of employer learning throughout

individuals’ careers. This evidence suggests a wedge between the social and private

returns to on-the-job investments. Graetz (2022) explores how gradual employer

learning a↵ects the returns for unobserved investments through studying and e↵ort

21



while in school. Again, as in Kahn and Lange (2014), individuals will underinvest

in their skills if their investments can not be directly observed. And, the degree to

which they invest less than the first best depends on the Speed of Employer Learning.

Obtaining better estimates of the Speed of Employer Learning and more generally

of learning processes in the labor market should thus be high on the priority list of

empirical labor economists.
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Online Appendix

A Data, Estimation, and Sensitivity Analysis

A.1 Data and Sample Selection

A.1.1 NLSY 1979

The data used in this study stem from the 1979 and 1997 waves of the National

Longitudinal Survey of Youth (NLSY). The NLSY 1979 is a nationally representative

sample of 12,686 men and women. The survey was conducted annually from 1979

to 1993 and since then participants were interviewed biannually. The NLSY 1979

consists of three samples. The cross-sectional main sample consists of 6,111 young

non-institutionalized men and women aged 14 to 21 at the first interview in 1979. The

supplemental sample, which consists of 5,295 young men and women, oversamples

the Hispanic, black, or disadvantaged white individuals. The military sample consists

of 1,280 youths aged 17-21 at the time of first interview.

We closely follow Lange (2007) to construct our sample. We employ the cross-

sectional main sample of the NLSY 1979. Our analysis use individual-year observa-

tions from all genders and races. We removed 808 individuals with no valid informa-

tion on AFQT score. Subsequently, we drop individuals for which the only reported

observations occur prior to graduation and restrict the sample to individuals with

at least 6 years of completed education. We restrict the analysis to years in which

individuals are not enrolled in school, work for pay and earn between $1 and $100

hourly wages. We follow Lange (2007) and limit the sample to observations with 17
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years of experience or less. The analysis sample consists of 5,253 individuals with

47,261 observations stemming from the 1979–2014 waves of the NLSY 1979.

Panel A of table A1 summarizes the statistics of the key variables in the NLSY

1979 sample. The wage is the natural logarithm of the real hourly rate of pay

measured in cents for the current or most recent job. Hourly wages are indexed to

2019 using the Consumption Price Index (CPI). We follow Lange (2007) and calculate

experience as years since left school for the first time. The year of graduation is

defined as the last year respondents attended formal education before leaving school

for the first time. The AFQT scores are measured by the respondent’s score on the

Armed Forces Qualifying Test (AFQT). Altonji et al. (2012) construct a mapping

of the AFQT score across NLSY waves to account for di↵erences in age-at-test, test

format, and other idiosyncrasies. We take comparable AFQT scores from Altonji et

al. (2012) and normalize them separately for each sample to have a mean of 0 and a

standard deviation of 1.

A.1.2 NLSY 1997

The NLSY 1997 is a nationally representative sample of 8,984 young men and women

aged 12–17 in 1997. The survey was conducted annually from 1997 to 2011 and bi-

ennially starting from 2011. The NLSY 1997 follows a nearly identical structure to

the NLSY 1979 and provides information on respondents’ background characteris-

tics, education, and labor market outcomes. We follow the same sample selection

criteria as above to construct the NLSY 1997 sample. It is not possible to construct

the AFQT score for 1,982 individuals. We drop individuals with less than 6 years of

completed education. Subsequently, we restrict the sample to years in which individ-

uals are not enrolled in school, work for pay, and earn between $1 and $100 hourly
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wages. We drop observations with less than 1 and more than 17 years of experience.

This leaves us with 6,462 individuals with 45,391 observations stemming from the

1997–2019 waves of the NLSY 1997.

Panel B of table A1 summarizes the statistics of the key variables in the NLSY

1997 sample. The variables are defined in the same way as in the NLSY 1979 sample.

Hourly wages are indexed to 2019 using the Consumption Price Index (CPI). We

measure the first graduation year using actual graduation dates along with monthly

schooling histories.
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(1) (2) (3) (4) (5)
Observation Mean Std. dev. Min Max

Panel A: NLSY 1979
ln (wage) 47,261 7.418 0.524 4.629 9.205
Highest grade completed 47,261 13.155 2.299 6 20
Standardized AFQT 47,261 0 1 -2.769 1.729
Experience 47,261 8.428 4.623 1 17
Female 47,261 0.487 0.500 0 1
Black 47,261 0.109 0.311 0 1
Hispanic 47,261 0.064 0.245 0 1

Panel B: NLSY 1997
ln (wage) 45,391 7.367 0.545 4.640 9.210
Highest grade completed 45,391 13.257 2.751 6 20
Standardized AFQT 45,391 0 1 -2.591 1.820
Experience 45,391 7.321 4.541 1 17
Female 45,391 0.481 0.50 0 1
Black 45,391 0.250 0.433 0 1
Hispanic 45,391 0.201 0.400 0 1

Table A1: Summary statistics

Note: All statistics are unweighted. Hourly wages are indexed to 2019 using the CPI. The data
source is the 1979 and 1997 waves of the National Longitudinal Survey of Youth. The data stems
from the 1979–2014 waves of the NLSY 1979 and the 1997–2019 waves of the NLSY 1997. The
AFQT scores are measured by the respondent’s score on the Armed Forces Qualifying Test (AFQT)
and are normalized to have a mean of 0 and a standard deviation of 1 for each sample. Test format
and age-at-test adjusted comparable AFQT scores are taken from Altonji et al. (2012). Education
is the completed years of education in a given year.
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A.2 Estimating the Speed of Employer Learning

We follow Lange (2007) and perform our analysis in two steps. In the first step,

we estimate a wage regression that relates log wages to schooling and ability over

the life cycle. Specifically, the following estimation equation regresses log wages on

schooling s and ability z interacted with a complete set of experience dummies.

log (Wt,x) = ⌃x�ws,x (sDx) + ⌃x�wz,x (zDx) + �
0
��i,t + "x (A1)

Wt,x is the real hourly rate of pay at time t at experience level x indexed to 2019

dollars. Dx is an indicator function taking the value one if the experience is x

and zero otherwise. �i,t is a vector of year-fixed e↵ects and demographic dum-

mies including gender and race. We estimate this specification separately for both

NLSY samples and obtain the coe�cient estimates
n
�̂ws,x, �̂wz,x

ox=T

x=0
. As described in

great detail in Lange (2007), these are known functions of the structural parameters,

{bs,0, bs,1, bz,0, bz,1,} where bs,0 and bz,0 are initial values of schooling and ability

coe�cients and bs,1 and bz,1 are limit values. The following equation characterizes

the structural relationship between five parameters of interest and coe�cients.

{�ws,x, �wz,x}Tx=0 = {(1� ✓x) bs,0 + ✓xbs,1 (1� ✓x) bz,0 + ✓xbz,1}Tx=0 .
(A2)

where ✓x is defined as ✓x = x/ [1 + (x� 1)]) and represents the weights on ini-

tial and limit values of regression coe�cients. This equation implies that the re-

gression coe�cients at experience level x are weighted averages of regression coe�-
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cients at experience level x = 0 (initial values bs,0 and bz,0) and at experience level

x = 1 (limit values bs,1 and bz,1). This suggests that the estimated coe�cients,
n
�̂ws,x, �̂wz,x

ox=T

x=0
, at any experience level are characterized by three parameters: the

speed of learning parameter , initial values, and limit values.

We treat each of the estimated coe�cients
n
�̂ws,x, �̂wz,x

ox=T

x=0
as an observation to

estimate five structural parameters {bs,0, bs,1, bz,0, bz,1,} and thus obtain the speed

of employer learning. We estimate structural parameters by fitting two non-linear

functions to the estimated coe�cients using the method of nonlinear least squares.

Specifically, we fit the nonlinear function of schooling, bs(x) = (1� ✓x) bs,0 + ✓xbs,1,

to
n
�̂ws,x

ox=T

x=0
by the choice of {bs,0, bs,1,}. Similary, we fit the non-linear function

of ability, bz(x) = (1� ✓x) bz,0+✓xbz,1, to
n
�̂wz,x

ox=T

x=0
by the choice of {bz,0, bz,1,}.

We follow Lange (2007) and set T to 17 in the main analysis. Also, we allow T to

go up to 30 for the NLSY 1979 and 20 for the NLSY 1997 and find similar results

(see figure A1 and table A2).
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A.3 Sensitivity Analysis

A.3.1 Restrict sample to a new maximum experience

Figure A1: Returns to schooling and AFQT over the life cycle

Note: The scatters display the estimated coe�cients on schooling and the standardized AFQT score
for each experience level. The line shows the predicted returns to schooling and AFQT score over
the life cycle implied by the estimates in table A2.
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(1) (2) (3) (4)
NLSY 1979 NLSY 1997

Schooling AFQT Schooling AFQT
Speed of Learning  0.459 0.255 0.052 0.165

(0.003) (0.001) (0.001) (0.052)
Initial value b0 0.125 -0.016 0.099 -0.009

(0.022) (0.000) (0.000) (0.019)
Limit value b1 0.065 0.158 0.028 0.086

(0.000) (0.000) (0.037) (0.010)

Table A2: The Speed of Employer Learning

Note: The reported parameters are estimated by nonlinear least squares using the coe�cient es-
timates on schooling and Armed Forces Qualification Test (AFQT) score at di↵erent experience
levels. The NLSY 1979 sample consists of individuals who accumulate less than or equal to 30
years of labor market experience and the NLSY 1997 sample includes individuals who accumulate
less than or equal to 20 years of labor market experience. The standard errors are obtained by
bootstrapping with 5,000 repetitions.
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A.3.2 Classic potential experience measure

Figure A2: Returns to schooling and AFQT over the life cycle

Note: The scatters display the estimated coe�cients on schooling and the standardized AFQT score
for each experience level. The line shows the predicted returns to schooling and AFQT score over
the life cycle implied by the estimates in table A3.
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(1) (2) (3) (4)
NLSY 1979 NLSY 1997

Schooling AFQT Schooling AFQT
Speed of Learning  0.271 0.298 0.001 0.131

(0.003) (0.002) (0.000) (0.125)
Initial value b0 0.119 0.010 0.112 0.011

(0.008) (0.015) (0.000) (0.016)
Limit value b1 0.065 0.148 -2.659 0.088

(0.005) (0.002) (0.175) (0.017)

Table A3: The Speed of Employer Learning with classic potential experience

Note: The reported parameters are estimated by nonlinear least squares using the coe�cient es-
timates on schooling and Armed Forces Qualification Test (AFQT) score at di↵erent experience
levels. Both samples consist of individuals who accumulate less than or equal to 17 years of la-
bor market experience. The labor market experience is defined as age-years of education-7. The
standard errors are obtained by bootstrapping with 5,000 repetitions.
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B Scholarly Literature

This appendix reviews the literature on employer learning and statistical discrimina-

tion following and based on Farber and Gibbons (1996), Altonji and Pierret (2001),

and Lange (2007).

B.1 US Evidence based on the NLSY 1979 and NLSY 1997

Much of the literature relies on a single data source, the NLSY 1979. In particular,

the rich tapestry of information in the NLSY 1979 lends itself to explore heterogene-

ity in employer learning. Arcidiacono et al. (2010) investigate heterogeneity across

education levels. They document evidence for employer learning subsequent to grad-

uating from high school among those who do not continue with higher education. By

contrast, much of the discovery process about skills of college graduates is completed

by the time these graduate from college. Mansour (2012) studies the heterogene-

ity in learning across occupations. His findings reveal that employer learning varies

across workers’ initial occupations. He relates di↵erences in the growth rate of wage

residual variance across occupations to di↵erences in the occupation-specific speed

of employer learning and finds that these are related, as predicted by the model.

Light and McGee (2015) study whether the employer learning process depends on

skill type and on the importance of skill for the occupation. By merging data from

O*NET with the NLSY 1979, they document that employer learning occurs for each

skill type, for college and high school graduates, and for white- and blue-collar work-

ers. Also, they show that employer learning does not vary across workers or skill

types. There are some indicators of non-cognitive skills in the NLSY 1979, and these

are used by Petre (2018) to study employer learning about non-cognitive skills. The
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findings suggest that employers reward self-esteem, internal control, and schooling

initially and learn about cognitive ability and workers’ motivation as workers gain

experience in the labor market.

Castex and Kogan Dechter (2014) use both the 1979 and the 1997 waves of the

NLSY and study the changing role of education and ability in wage determination.

Their analysis suggests that returns to formal education increased between the 1980s

and 2000s while the return to cognitive ability decreased during the same time pe-

riod. They also estimate the empirical employer learning model developed by Altonji

and Pierret (2001) and while they find evidence in support of employer learning for

the NLSY 1979 cohort, they do not find that the Mincerian returns to AFQT and

schooling change with experience in the NLSY 1997 cohort. In this, they di↵er from

the present paper which documents that the return to schooling declines while return

to the AFQT score increases with experience in both the NLSY 1979 and the NLSY

1997.14 Our results do however suggest a lower speed of employer learning in the

more recent NLSY cohort.
14The di↵erences can largely be accounted for by the fact that we use significantly more data and

estimate a non-linear specification. Castex and Kogan Dechter (2014) use data from the NLSY 1997
up to 2008 which restricts them to ages 19-28. Our estimates are based on individuals 15-39 in the
NLSY 1997, which is particularly valuable for obtaining data on those with Bachelor’s degrees. In
addition, Castex and Kogan Dechter (2014) drop observations not enrolled in school based on the
year school enrolment variable, a variable that is frequently missing. We follow the same strategy,
but fill in the school enrolment using monthly schooling histories when the enrollment variables are
missing. Moving to a non-linear specification as in 1 is particularly important when estimating the
employer learning model across a wide age range.
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B.2 International Evidence following the Hidden Correlate

approach

The predictions of the employer learning model have also been explored in non-US

data. Evidence for employer learning is found in Germany (Bauer and Haisken-

DeNew, 2001), Switzerland (Falter, 2006), Sweden (Hensvik and Skans, 2016), Canada

(Pan, 2005), and Britain (Galindo-Rueda, 2003). The evidence from Denmark is

mixed (Lesner, 2018) in that evidence for learning is found when using fathers in-

come and years of schooling as a hidden correlate, but not when using birth-weight.

Interestingly, Bauer and Haisken-DeNew (2001) report evidence for employer learn-

ing only among low-wage, blue-collar workers and similarly Galindo-Rueda (2003)

report that learning is particularly strong for blue-collar workers. Combined with

the evidence from Arcidiacono et al. (2010), this suggests that employer learning

might be particularly strong among those with relatively low levels of education.

Lesner (2018) develops an employer learning model which incorporates screening

discrimination, stereotyping, and prejudiced beliefs.

Strobl (2004) studies the employer learning hypothesis in Ghana and finds evi-

dence in support for employer learning but only among workers without occupational

training and with employment through formal channels. Wang and Li (2020) finds

evidence in support of employer learning using Chinese data - and this study finds

stronger evidence for advantaged workers such as males, college graduates, highly

skilled workers, high-wage earners, and workers in large businesses or the urban

labor market.

Comi and Grasseni (2021) exploit an exogenous change in the number of ap-

prenticeship contracts in Italy to study the relationships between training during
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apprenticeship and employer learning about worker ability. Their findings show that

employers use apprenticeships to learn about worker ability and use this learned in-

formation to screen workers when o↵ering continued employment subsequent to the

apprenticeship. They also show apprentices that are revealed to be of high ability

receive more training, potentially putting into question the assumption in Farber

and Gibbons (1996), Altonji and Pierret (2001), and Lange (2007) that productivity

growth with experience is unrelated to unobserved ability.

Two papers that fail to find evidence for employer learning are Cheung (2010)

and Zhangaliyeva et al. (2019). Cheung (2010) reports that ability of Australian

males aged 19–26 years is perfectly observed at the time of labor market entry. Sim-

ilarly, Zhangaliyeva et al. (2019) find no evidence supporting the employer learning

hypothesis in Russia.

Broecke (2015) estimate the specification proposed by Altonji and Pierret (2001)

using data from the Program of International Assessment of Adult Competencies

for 22 OECD countries. For 18 out of 22 countries they find a positive interaction

between their skill measure and skill. Out of these, 8 are significant at the 5% level.

The results reported by Broecke (2015) also report the interaction between years

of schooling and experience with and without controlling for their skill measure

interacted with education. For 19 of the 22 countries this interaction declines once

controlling for skill*experience, while it increases for the remaining 3.15 Our reading

of Broecke (2015) is that the patterns in the interactions between experience and

ability and schooling that Altonji and Pierret (2001) propose as evidence of employer

learning and statistical discrimination are generally found in the international data.

At times, there is too little power to reject the absence of these patterns, but only

15The decline is significant for 6 countries for which the schooling-experience interaction declines
and for 1 for which it increases.

40



rarely do studies report rejections of the employer learning hypothesis.

B.3 Evidence based on Diploma E↵ects

A related literature considers what has been termed the ”sheepskin e↵ect” that

is excess correlation of earnings with degree completion exceeding the Mincerian

returns observed for non-degree years. Hungerford and Solon (1987) and Layard

and Psacharopoulos (1974) are the starting point for this literature. Hungerford and

Solon (1987) estimate a standard Mincer earning equation but allow for excess returns

during years of schooling commonly associated with degree completion (S=8,12,16).

Returns associated with these degree years exceed those for non-degree years, a

finding that might be considered evidence for signaling. However, as the authors

themselves acknowledge, this robust and common finding (see also Kane and Rouse

(1993); Jaeger and Page (1996); Chatterji et al. (2003); Ehrmantraut et al. (2020)) is

open to alternative explanations such as dynamic selection (see eg. Lange and Topel

(2006)). As few students drop out in the final year of schooling foregoing the degree,

the concern is that degree e↵ects are estimated using a small number of students who

are systematically selected on negative realizations during the final year of a degree

program.

One way to address this selection concern is to compare individuals that di↵er only

by small di↵erences in their performance on an exam that result in them receiving a

degree or not. This approach is taken by Clark and Martorell (2014) and Mazrekaj

and Cabus (2019). They show that average earnings between workers who barely

passed and barely failed high school exit exams are not significantly di↵erent from

each other, suggesting that the signaling value of a high school diploma is close to

zero.
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The other set of papers studies the signaling value of degree class among stu-

dents with similar lengths of study. The researchers in this line of the literature

extensively use a Regression Discontinuity (RD) design and provide evidence in sup-

port of the signaling value of degree class (Khoo and Ost, 2018; Feng and Graetz,

2017; Di Pietro, 2017; Freier et al., 2015).16 Graetz (2021) contributes to the debate

about explanations of returns to the diploma or similar credentials, by pointing out

that a positive RD estimate is evidence for information frictions in the labor market.

Also, his analysis suggests that the rate at which return to diploma or credentials

decreases with experience can be attributed to the speed of employer learning.

Researchers in this line of the literature also study the signaling value of college

quality (a coarse measure of productivity) and to what extent employers discriminate

on the basis of college quality among students with similar lengths of study. These

papers mostly exploit the discontinuity around the college admission cuto↵ to study

the e↵ects of admission to more selective colleges on labor market wages over the

life cycle. MacLeod et al. (2017) use data from Colombia and provide evidence that

employers use college reputation to make inferences about workers’ productivity. In

line with the employer learning hypothesis, they show that the introduction of a

new measure of individual skill decreases the return to college reputation. They

further document that earnings growth over the life cycle is positively correlated

with her college’s reputation, suggesting that beyond its signaling value colleges add

to skill. Also, Barrera-Osorio and Bayona-Rodŕıguez (2019) find evidence in support

of the statistical discrimination on the basis of college reputation which disappears

16A closely related literature examines the role of GPA in labor market outcomes for individuals
with otherwise similar credentials and provides evidence in support of the signaling value of GPA
(eg., see Hansen et al. (2021)). Also, the signaling value of high-school grades depends on whether
they are obtained in local or centralized exams (Schwerdt and Woessmann, 2017). The awards
given to top-performer students on an exam can possess signaling value and influence early labor
market outcomes (Busso et al., 2022).
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as employers learn about workers’ productivity, in Columbia. Bordón and Braga

(2020) investigate to what extent college reputation signals workers’ ability in Chile

using a regression discontinuity design. Their findings suggest that employers use

college reputation as a signal of true productivity at the wage determination upon

labor market entry and the college reputation becomes gradually less important for

employers as workers gain experience in the labor market. Moreover, their finding

suggests that the role of ability (measured by Prueba de Aptitud Académica (PAA),

the Chilean university selection test) in wage determination increase over the life

cycle.

Araki et al. (2016) use personnel data from two large Japanese manufacturers on

white-collar university graduates in Japan and study the extent to which employers

discriminate on the basis of college prestige and whether they learn about workers’

true productivity over the life cycle. Their findings posit that performance evalua-

tions (as a measure of true productivity) become a more important determinant for

promotion than educational credentials as workers gain experience in the labor mar-

ket. Moreover, they estimate the speed of employer learning and find that observing

workers’ performance on the job allows employers to learn quickly about workers’

ability. Employers’ expectation errors decline by half after around 3 to 6 years of

labor market experience. The signaling value of college reputation and its evolution

over the life cycle is also documented for some other countries such as Israel (Lang

and Siniver, 2011) and Australia (Carroll et al., 2019).
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B.4 A brief detour: the literature on asymmetric employer

learning

Our paper is situated within the symmetric or common employer learning framework.

A rich literature explores asymmetric employer learning which allows for incumbent

employers to have an informational advantage. Here we briefly touch upon a few

papers in this literature.

Schönberg (2007) uses the NLSY 1979 and tests whether current employers are

more informed about workers’ ability compared to outside firms (i.e, asymmetric

learning). Like others, she uses the AFQT score as a hidden correlate. Her findings

suggest that employer learning is mostly symmetric, especially for workers without

a post-secondary education. Using the same data, Kim and Usui (2021) reaches a

similar conclusion suggesting that employer learning is public (symmetric) for high

school graduates while it is private (asymmetric) for college graduates. Also using the

NSLY 1979, Pinkston (2009) likewise explores symmetric and asymmetric learning -

he concludes that employer learning is mostly asymmetric.

Kahn (2013) tests the asymmetric employer learning model investigating job tran-

sitions in the NLSY 1979. Her findings suggest that learning about workers’ AFQT

scores is asymmetric across incumbent and outside firms. Specifically, she finds that

incumbent firms learn three times as rapidly about worker ability than do outside

firms. Once more using the NLSY 1979, Ge et al. (2021) study the implication of

asymmetric learning and statistical discrimination on the basis of race using the data

from the NLSY 1979. They find that employer learning is mostly asymmetric (in-

crease in return to ability over the life cycle is stronger when one uses job tenure as

opposed to experience) for non-college-educated workers and employers statistically
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discriminate against black workers, which is in line with the findings in Arcidiacono

et al. (2010).
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