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Abstract

This paper develops an overlapping generations model to study the dynamic effects
of teacher selection on aggregate income inequality. I propose that there is a two-way
relationship between teacher quality and population-wide human capital distribution.
On the one hand, declining teacher quality disproportionately hurts children from low-
income households, elevating the dispersion of human capital in future generations. On
the other hand, a greater dispersion of human capital amplifies (dampens) the decline
in teacher quality if the return to human capital among teachers is lower (higher)
than that in other occupations. I provide a constructive proof of identification of key
model parameters and calibrate the model to match the U.S. data. The results indicate
that static changes in teacher selection generate large dynamic effects on the level and

dispersion of children’s human capital that exceed one-generation estimates.
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1 Introduction

While teachers account for less than 5% of the workforce, they play a fundamental role in
shaping students’ achievements and path to upward mobility (Rivkin et al. 2005, Card et al.
2022). It is widely acknowledged that teacher selection has profound implications not only
on the equilibrium of the teacher labor market but also on the next generation’s outcomes
(Hanushek 2011, Chetty et al. 2014c).

While recent research has made significant progress in measuring such implications em-
pirically,! some important questions remain unanswered. In particular, how does teacher
selection affect the dynamics of income inequality among non-teachers and how will the ef-
fects vary as the children being affected grow up, join the labor market, and (some of whom)
become teachers themselves? The answers to these questions are challenging to obtain em-
pirically using one-generation estimates because the human capital distribution of workers is
time-varying and policy-dependent. Nevertheless, these questions are important for under-
standing the long-run general equilibrium impacts of teacher selection and the unique role
of teachers in shaping the aggregate labor market.

In this paper, I study teacher selection in an overlapping-generations economy with het-
erogeneous agents and endogenous human capital formation in the spirit of Bénabou (2002)
and Daruich (2018). In the environment, I introduce self-selection into teaching or non-
teaching occupations depending on the base wages and returns to human capital. After
choosing an occupation, adults become parents and make investments in their children’s hu-
man capital formation. Parental efforts and teacher quality jointly contribute to the human
capital of the next generation through a production function that allows for imperfect sub-
stitutability between these two inputs. Furthermore, motivated by Tamura (2001), I assume
that the effectiveness of an educator, whether she is a teacher or a parent, depends on the
relative position of her human capital to the average of the population. When children grow
up and become adults, the economy moves on to the next generation.

The key mechanism of this model lies in a two-way relationship between teacher quality
and population-wide human capital distribution. To be more specific, consider a scenario

'For example, see Jacob et al. 2018, Biasi et al. 2021, Lovenheim and Willén 2019, Lavy 2020, and Tincani
2021.



where decreasing rewards to human capital in the teaching profession pushes the most tal-
ented individuals into non-teaching occupations and thus reduces teacher quality. Deterio-
rating teacher quality harms human capital in the next generation, with the effects being
disproportionately larger among low-income families when teacher quality and parental in-
vestments are substitutes in the production of human capital.? As a result, the economy
has lower intergenerational mobility and a greater dispersion of human capital in the next
generation. Importantly, a greater dispersion of human capital itself further reduces (raises)
teacher quality if the return to human capital among teachers is lower (higher) than that in
other occupations. Therefore, static changes in teacher quality could be amplified or damp-
ened in the dynamic economy depending on the relative returns to human capital across
occupations.

To quantify the magnitude of the mechanism, I provide a constructive proof of the identi-
fication of key model parameters. The labor market parameters, such as base wages, returns
to human capital, and non-pecuniary benefits of teaching and non-teaching professions, are
identified using income ratio across occupations, income dispersion within occupations, and
teacher share of the labor force calculated using data from the Current Population Survey
(CPS). The preference parameters, in particular the preference weight on children’s human
capital, are identified using data on parental investments from the Panel Study of Income
Dynamics (PSID). Lastly, key parameters in the human capital production functions are
identified using empirical evidence on teacher value-added (VA) by Chetty et al. (2014a) and
the heterogeneous effects of duty-to-bargain (DTB) laws by Lovenheim and Willén (2019).

I use the calibrated model to simulate two counterfactuals. In the first counterfactual,
I simulate the transition path after a small reduction of returns to human capital among
teachers relative to non-teachers. I show that the outflow of talent from the teaching profes-
sion gets propagated over time — the short-run decline in teacher quality is only 60% of that
in the long run. Likewise, the short-run effect on intergenerational mobility understates the
long-run change by 35%. In addition, changing teacher selection spills over to non-teaching
occupations, with the effects approaching the new steady state in three to four generations.

In the second counterfactual, I plot the combination of the mean and standard deviation

2See Kotera and Seshadri (2017), Yum (2023), and Agostinelli et al. (2022).



of the population-wide human capital distribution in the long run as I vary the relative skill
bias across occupations to give a sense of optimal policy. I find that there is a local trade-off
where greater human capital dispersion accompanies a higher population average due to the
endogenous response of parental investments.

In Section 6, I explore an alternative measure of skill bias across occupations by leveraging
individual-level data from the National Longitudinal Survey of Youth 1979 (NLSY79). I find
that the correlation between the Armed Force Qualification Test (AFQT) percentile score
with hourly wage is smaller among teachers. This result is consistent with the calibration
results in the main analysis where the return to human capital is lower in the teaching

profession.

Related Literature

This paper contributes to the large body of empirical literature in labor and education eco-
nomics that studies the structure of the teacher labor market and its implications on students.
The most related papers include Hoxby (1996) and Lovenheim (2009) on teacher unions,
Bacolod (2007) on the importance of women’s alternative employment opportunities, Loven-
heim and Willén (2019), Lavy (2020), Biasi et al. (2021), and Tincani (2021) on collective
bargaining and performance-based compensation, and Card et al. (2022) on school quality
and minimum teacher salary laws. In various institutional settings, the literature finds that
rewarding more effective teachers raises teacher quality and improves children’s outcomes,
especially for those with disadvantaged backgrounds. To the best of my knowledge, this is
the first paper to incorporate these one-generation estimates into an overlapping-generations
general equilibrium setting and uncover large dynamic spillover effects into non-teaching
professions. The contribution is a dynamic perspective where I take the pool of potential
teachers in the future as endogenous.

This paper also builds on the literature that studies the determinants of aggregate in-
equality and intergenerational mobility. The literature has traditionally focused on factors
that affect the demand for education, such as credit constraints (Lee and Seshadri 2019,
Caucutt and Lochner 2020), information frictions (Hoxby and Turner 2015), the role of dif-
ferential fertility (De la Croix and Doepke 2004), and neighborhood effects (Chetty et al.



2014c, Durlauf and Seshadri 2018, Fogli and Guerrieri 2019, Chyn and Daruich 2022).?
This paper contributes to the less studied literature regarding the supply side of education
(e.g., Agostinelli et al. 2021, Fu et al. 2022, and Agostinelli et al. 2022) by showing that
teacher market reforms could be powerful instruments that move the economy along the
Great Gatsby curve toward lower inequalities and greater intergenerational mobility.

Last, this paper contributes to the literature that studies the aggregate impacts of re-
ward structure in some special occupations, such as government officials (Murphy et al. 1991,
Acemoglu 1995) and entrepreneurs (King and Levine 1993, Baumol 1996). This paper con-
tributes to the literature by studying another pivotal occupation in the economy — teachers.
Due to teachers’ role in the production of human capital for the whole future generation, I
show that the aggregate impacts of teacher selection are far-reaching. The framework devel-
oped here could be applied to other occupations if the same amplifying mechanism applies
and the identifying moments are available in the data.

The rest of the paper is organized as follows. I present the model and discuss its key
assumptions in Section 2 and explain the mechanism in Section 3. In Section 4, I present the
identification proof and the calibration results. Section 5 contains the main results on policy
counterfactuals. Section 6 discusses the alternative measure of occupation-specific returns

to human capital. Section 7 concludes.

2 Model

I study an overlapping-generations economy populated by agents that live for two periods
— children and adults. Children do not make any decisions. Their human capital is formed
through a production function that takes teacher quality and parental investments as inputs.
Adults with different levels of human capital supply labor inelastically and self-select into
two occupations: teachers and non-teachers (also called workers). After occupation selec-
tion, adults become parents and choose child investments to maximize their utility from
consumption and preferences on their children’s human capital. To simplify notations, I
omit the time/generation subscript ¢ from variables.

3See Blanden et al. (2023) for a recent summary of the literature.



2.1 Occupation Choice

There exist two occupations j € {1,2} in the economy where j = 1 denotes teachers and
j = 2 denotes workers. Let F'(h) stand for the human capital distribution of the adult
population — an endogenous object in the competitive equilibrium.

At the beginning of each period, individual adults with human capital A receive idiosyn-
cratic preference shocks v; that follow a Gumbel distribution with scale parameter 6. Then,

she solves the following occupation choice problem to maximize utility:
max a; +;log(h) + Lk +v;

where « is occupation-specific base wage; 1); is returns to human capital across occupations;
and k is non-pecuniary benefits of teachers relative to workers.

Individual’s occupation choices generate labor supply to teachers and workers. Define
p(h) as the share of workers who have human capital h and choose to become teachers. The

aggregate labor supply to the teaching profession is thus given by:

= / p(h) dF (h). (1)

2.2 Labor Demand

I assume that workers’ baseline wage s and returns to skill ¥y are governed by exoge-
nous technologies. Employers of workers also have perfectly elastic labor demand that can
accommodate as much labor as supplied.

Teachers’” baseline wage as and returns to skill 15, on the other hand, are posted by the
government and their salaries are financed by income taxes. Given that the paper focuses
on teacher quality, I abstract from changes in teacher quantity by assuming that the labor
demand of teachers is fixed at 7 = 7. The non-pecuniary benefits x adjust to clear the

labor supply and demand for the teaching occupation.



2.3 Teaching Resources

First, following the classic work on teacher quality by Tamura (2001), I assume that the

human capital of individuals is transformed into teaching resources h through technology:

>
I
| =

(2)

where h denotes the average human capital of parents in the population. The core idea behind
this assumption, which dates back to the seminal work by Galor and Weil (2000), is that
as human capital accumulates over time, the qualifications of educators, whether they are
teachers or parents, also need to rise in the economy to sustain their value added. Empirically,
recent work by Biasi and Ma (2022) on the education-innovation gap confirms the importance
of teachers’ relative human capital position in the economy for their effectiveness.

Summing up across individuals, I use Q to denote the aggregate teaching resources, i.e.,

Q- / p(h) - hdF(h). (3)

Second and more importantly, I assume that the aggregate teaching resources Q is dis-
tributed uniformly across households, both in terms of teacher-student ratio and teacher
quality. Therefore, from an individual household point of view, the amount of teaching

resources received is given by

where 1/7 is the ratio between teachers to parents.

This assumption has two parts. Regarding teacher-student ratio, existing empirical re-
search, such as Hoxby (2000) and Adusumilli et al. (2024) on the Tennessee STAR exper-
iment, Cho et al. (2012) using data from Minnesota, and Angrist et al. (2019) using the
Maimonides’ rule in Israel, finds little evidence of class size effects on student achievements.
Thus, despite the potential correlation between family income and class size, abstracting
away from the heterogeneous number of teachers across households is unlikely to lead to
significant biases in the results.

Regarding teacher quality, while existing research finds large effects of teacher value



added (VA) on student outcomes (e.g., Chetty et al. (2014a)), the sorting between the
socioeconomic status of parents and teacher VA is extremely small. Most notably, Chetty
et al. (2014b) find that “a $10,000 increase in parent income is associated with less than a

bM

0.0001 SD improvement in teacher VA (measured in student test score SDs).” They argue

that sorting is so limited because 85% of the variation in teacher VA is within rather than
between schools, and most sorting occurs through the choice of schools — a margin that the
model here captures via endogenous parental effort in the child’s human capital formation.

2.4 Human Capital Formation

After occupation selection, individuals become parents and have one child. An individual
adult with human capital h and occupation j pays linear income taxes, takes teacher quality

as given, and solves the following optimization problem:

max  log(c) + SE.log(h') (4)

e€(0,1)

subject to budget constraint
c=wj(h)(1—e)(1—7) where log(w;(h)) = a;+ ;log(h)
and child human capital production function
log(h') = A + log(e) + Ay log(eh) + Ay log(q) + Aslog(eh) log(q) + plog(h) (5)
where € is an idiosyncratic ability shock that follows a lognormal distribution
log(e) ~ N(=0?/2,07).

As discussed by Agostinelli and Wiswall (2016), the translog production function in
Equation (5) has two advantages over the commonly used CES production function (with
Cobb-Douglas being a special case). First, it does not restrict the elasticity of substitution

between inputs to be constant. Second, it allows the output elasticity with respect to indi-



vidual inputs to be higher than unity. These properties are useful for the model to match
the level and disparities in the impacts of changing teacher quality established in the ex-
isting empirical evidence to be discussed in Section 4. Lastly, an additional advantage of
the translog production function, as will be shown shortly, is that it allows for an analytical

solution of the model.

2.5 Government and Labor Markets

The government collects linear income tax at the rate 7 to finance teachers’ salaries. Thus,

the government budget balance is given by

(1=7)- [ p) = cam)yun(hy dF () =7+ [ (1= pW)(1 = ah)) wall) dF (). (6)

N
~ ~~

hours of teachers wage hours of workers wage
. g N o
Vv Vv
net payments to teachers net payments by workers

2.6 Competitive Equilibrium

Definition: A competitive equilibrium of this economy is a sequence of wages w;.(h), tax
rates 7, occupation choices p;(h), consumption c;,(h), child investments e;;(h), and human
capital distributions F;(h) such that households optimize, the government balances budget,
and the human capital distribution follows the law of motion governed by individual choices
and idiosyncratic shocks.

Definition: A stationary equilibrium is a competitive equilibrium where prices, allocations,

and human capital distributions stay invariant over time.

3 Solution and Model Mechanism

This section presents the solution to the stationary equilibrium of the economy and discusses
the model mechanism. To save space, the detailed steps of derivation are presented in the

Appendix A.



3.1 Model Solution

To generate a closed-form solution to the model, I first assume that the human capital

distribution in the stationary equilibrium is lognormal:
log(h) ~ N (1, o) (7)

As will be shown below, this assumption is self-fulfilling because the lognormality is preserved

over time under the optimal behavior of agents in the economy.

Labor Market

Define relative base wage o and relative skill bias 1 as

a = (x; — (g, 1/1:1#1—%-

The equilibrium conditions of the labor market can be summarized in the following set of

equations. First, the conditional probability of becoming teachers p(h) is given by
0
p(h) = (expla+ ) - 1Y) )

which is increasing in the relative base wage of teachers a and the relative non-pecuniary
benefits of teachers k. The probability is also increasing in the human capital of adults
h if and only if the teaching profession has higher returns to human capital, i.e., ¥ > 0.
Parameter 6 governs the elasticity of choice probability to payoff differentials, reflecting the
role of idiosyncratic taste shocks € in occupation choices.

Integrating the occupation choice probability p(h) over the population human capital

distribution F'(h) gives the aggregate share of teachers in the labor force:

7 = exp(Ba + k) - exp(Bup + (900)/2). (9)
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We can also derive the wage ratio between teachers and non-teachers in the economy:

E(wlj=1) >
Ew|j=2) exp(a) - exp(Ypu + (0¢)*(1 +20)/2) (10)

which provides a measure of inequality across occupations.
In terms of inequality within occupations measured using the coefficient of variations

(CV), the model generates
CV(w|j =1) = oty and CV(wl|j =2) = oihs. (11)

One important thing to note here is that within-occupation inequality is not only propor-
tional to the returns to human capital 1); but also scales with the dispersion of the underlying
human capital in the population o. Because teacher quality shapes o through human capi-
tal production, this condition provides an important channel where teacher selection affects

inequalities within non-teaching occupations over time.

Teaching Resources

Using the definition of aggregate teaching resource Q and the assumption on how it is
distributed, there is a closed-form expression of the amount of teacher quality received at

the household level:
q = exp(0vo”) (TS)

The relationship above illustrates the channel from human capital dispersion in the popula-
tion o to teacher quality ¢ through selection, and hence named the teacher selection (TS)
equation. In particular, teacher quality ¢ increases in human capital dispersion o if and
only if the return to human capital is higher in the teaching profession, i.e., ¢» > 0, so that
teachers are selected from the upper spectrum of the human capital distribution.

Another interpretation of Equation (TS) is that teacher quality ¢ is more sensitive to
teacher selection ¢ in an economy with greater dispersion of human capital o because (TS)

implies that
dlog(q)

a2
) = 0o”.

11



That is to say, selection is a more powerful instrument when there is more heterogeneity in
the underlying population.
Lastly, while the aggregate teaching resource Q is distributed uniformly, teachers are

nevertheless heterogeneous. The standard deviation of teachers’ effectiveness is given by
std(h|j = 1) = oq. (12)

In Section 4, I show that this equation is helpful in the identification of the human capital

production function.

Child Investments

Using the first-order condition of the household, it can be shown that parental investment

in children’s human capital formation is
e(h) = B(A + Aslog(q)) for all h. (13)

Intuitively, the amount of investment e(h) is increasing in the preference weight on children’s
human capital 8 and the direct productivity of the investment ;. Whether e(h) increases
or decreases with teacher quality ¢ depends on whether these two inputs are complements
or substitutes in the production function governed by As.

Plugging the optimal investment (13) back into the human capital production function

(5), we can obtain the relationship between parents and their children’s human capital:

log(h') = A +1log(e)+(p + A1 + Az log(q)) log(h) (14

+ A1 log(e) + A2 log(q) + A3 log(e) log(q)

Using Equation (14), we can also derive a closed-form expression for the intergenerational
elasticity of human capital (IGE):

Jlog(h)

QR = 22281
¢ 0log(h)

= p+ M + A3log(q) (15)
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As can be seen, when an improvement in teacher quality ¢ has smaller positive impacts on
high-income households, i.e., A3 < 0, such improvement reduces IGE and raises intergenera-
tional mobility.

Taking the derivative of Equation (14) and using the Envelope theorem, we have a closed-
form expression of the average impact of a marginal improvement of teacher quality ¢ on
children’s human capital in the population:

Olog(h') - {(‘Nog(h’)

Jloz(d) = Aglog(h) + As + Aslog(e) = E Jlog(d) } = A2 + Az log(e) (16)

which is synonymous with teachers’ value added (VA) in the literature.
Lastly, due to the interaction between parental input and teacher effectiveness, the impact
of teacher quality on children’s human capital depends on household characteristics. Taking

an additional derivative with respect to parental human capital,

0% log(h'))
0log(q)0log(h)

=\ (17)

Equations (15), (16), and (17), provided that we can measure their left-hand-sides, are
extremely useful in helping identify the key parameters in the human capital production

function {/\17 AQ, /\3}

Dynamics of Human Capital Distribution

Equation (14) indicates that a child’s (log) human capital log(h) is a sum of an idiosyncratic
shock e which follows a normal distribution and a linear transformation of the parent’s (log)
human capital log(h) which is also normal by assumption. Because the sum of independent
normal distributions is also normal, Equation (14) provides an analytical characterization of
the human capital distribution dynamics in the aggregate.

In particular, taking expectation on both sides of (14) yields:

2

o
w=A- ?e + A log(e) + A2 log(q) + Aslog(e) log(q). (18)

13



Furthermore, the evolution of the human capital dispersion follows

(6 =0+ (p+ X+ A log(q)J)2 o2 (19)

TV
IGE

In the stationary competitive equilibrium of the economy, Equation (19) implies that the
relationship between human capital dispersion and teacher quality follows a dispersion for-

mation (DF) equation:
2
2 O¢
= DF
1—(p+ A + A3log(q))? (DF)

o

When IGE is decreasing in teacher quality ¢, Equation (DF) indicates that human capital

dispersion ¢? in the stationary equilibrium is also decreasing in gq.

3.2 Model Mechanism

The main mechanism of the model can be summarized in a phase diagram on the relation-
ship between human capital dispersion o2 and teacher quality ¢. As discussed above, these
two variables affect each other through the teacher selection (TS) equation and the disper-
sion formation (DF) equation. While (DF) is downward sloping, whether (TS) is upward
or downward sloping depends on the relative returns to human capital across occupations
governed by parameter .

Figure 1 plots the case where 1) > 0. Point A is the original steady state (0%, ¢4). The
dashed line plots the teacher selection (TS) equation in the case where 1) is slightly reduced.
As can be seen, when the economy wakes up in the original steady state and faces a shock
where ¢ falls, teacher quality ¢ deteriorates from g4 to g in the short run. When the
economy reaches the new steady-state at point B, however, teacher quality recovers to qp
but the economy faces a greater dispersion in human capital o%.

Figure 2 plots the scenario where v» < 0. When % is slightly reduced in this case, the
short-run impacts on teacher quality (from g4 to go) understates the long-run impacts (from
qa to gg). Teacher selection and dispersion formation reinforce each other and generate a
vicious loop. Importantly, Equations (10) and (11) indicate that the increase in o2 puts

pressure on inequalities both within and across occupations.
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Figure 1: Phase diagram when 1) > 0

N

Figure 2: Phase diagram when ¢ < 0

In both cases, inspecting points A, B, and C' shows the difference between short- and
long-run impacts of changing teacher selection. The full transition path, on the other hand,
can be analytically characterized by repeatedly applying Equations (TS) and (DF) under
the new 1.

To sum up, with human capital formation, static changes in teacher quality can be
either amplified or dampened depending on the relative returns to human capital across
occupations. The magnitude of the channel depends critically on parameters characterizing
the labor market {¢), 0} and the human capital production {p, A1, A3}. The main task of the

quantitative section is therefore to identify these parameters from the data.
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4 Calibration

This section discusses the calibration strategy and results.

4.1 Calibration Strategy

The set of parameters to be pinned down includes:

04170427\7{177/)27’37 076 ) \)\17)\27)\‘3;‘4»@05 T

taxes

labor market preference human capital production

I divide these parameters into three groups:

1. Parameters to be normalized.
I set A = 1 because human capital in the model does not have an inherent scale. In
addition, because only the relative base wage o = a7 — ap and the relative return to
human capital ¢ = 1¢; — 1) matters for individual decisions and aggregate outcome,
I normalize s = 0 and 9 = 1. Therefore, identifying «; and ¢y is equivalent to

identifying o and .

2. Parameters to be calibrated exogenously.
[ follow Hsieh et al. (2019) and set § = 2. This parameter governs the extensive margin

elasticity of labor supply with respect to a wage change across occupations.

Following Lefgren et al. (2012), I choose p to be 60% of the observed intergenerational
elasticity of income (IGE). This puts an upper bound on how much the channels
included in the model, in particular parental investment and its interaction with teacher

quality, account for intergenerational human capital persistence.

3. Parameters to be identified using data.
The remaining parameters are aq, Y1, K, 5, A1, A2, A3, 0., 7. Here, I provide a construc-

tive proof of identification with the following steps:

i As 19 is normalized to be 1, we can recover 0 = CV(w[j = 2) from the second

part of Equation (11).
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Once we know o, we can back out ¢ using the first part of Equation (11). We

can also back out ¢? from Equation (DF) provided that we can measure IGE.

Given that we have derived ¢ and 1 = 11 — 1, we can calculate teacher quality

q using Equation (TS).

Equation (17) provides a direct way to identify A3 from the differential impacts

of changing teacher quality across households.

Once A3 is known, Equation (16) allows us to back out Ay from the average teacher

value-added provided that we can measure parental input e.

Given that we know A3 and ¢, we can compute \; from Equation (15).
Because we know Aq, A3, and ¢, we can back out  from Equation (13).
Equation (18) allows us to calculate pu.

Once p is known, Equation (10) provides a direct way to back out a provided

that we can measure wage differentials across occupations in the data.

Knowing «, we can back out the relative non-pecuniary benefits x from Equation

(9) provided that we can measure the share of teachers in the labor force 7.

Tax parameter 7 is backed out from the government budget balance (6).

4.2 Data Moments and Calibration Results

In this section, I discuss the data moments used in the identification and the calibration

results.

Table 1 contains the set of moments targeted in the calibration. These moments come

from several sources, and if possible, reflect the underlying data generating process in the

U.S. around the early 2000s.

Among these moments, the ones related to the labor market of teachers versus non-

teachers are collected from the Current Population Survey Annual Social and Economic

Supplement (CPS-ASEC). Further details regarding the data and sample selection proce-

dures are relegated to Appendix B.
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I target the amount of child investment as a share of total resources using moments
from the Panel Study of Income Dynamics Child Development Supplement (PSID-CDS)
and the Consumer Expenditure Survey (CEX). In particular, Daruich (2018) reports that
the average weekly quality time spent with children is about 17.8 hours in the PSID-CDS
sample. Dividing the estimate by 18 hours a day net of sleep time, 7 days a week, and
the presence of two parents gives the moment condition e = 0.07. Regarding monetary
investment, Daruich (2018) reports that the average expenditures on two children are $3,848
in the 1996-2000 sample. Dividing the estimate by the median household income ($42,148
in 2000) results in the moment condition e = 0.09. Taking the average of the two conditions,
I target e = 0.08 in the calibration.

The moment on the correlation of income across generations, which is the same as the
correlation between their human capital in this model, comes from Chetty et al. (2014c)
where the authors link parental and children’s income using administrative data. The value
of 0.34 is consistent with other papers in the literature, such as Lee and Seshadri (2019).

I target the average effect of teacher quality using estimates by Chetty et al. (2014a)
where the authors report that a one standard deviation increase in teacher quality in a single
grade raises annual earnings by 1.3 percent. I make two adjustments to make this estimate
comparable to the model object E(0log(h')0log(q)). First, I multiply the estimate by 12
to reflect the number of years of compulsory schooling. Second, I divide it by oq because
it represents the standard deviation of teachers’ effectiveness in the model (see Equation
(12)).

Lastly, I target the differential effect of teacher quality using the evidence from the
staggered adoption of duty-to-bargain (DTB) laws, i.e., mandates that school districts had
to negotiate in good faith with a teacher union. Lovenheim and Willén (2019) construct
exposures to DTB laws at the individual level and link the exposure measures to students’
lifetime outcomes such as education, labor supply, and earnings. They find that DTB laws
reduce the earnings of affected students. Relative to Black and Hispanic students, White
and Asian students have a 60% higher level of parental income on average (more details in

4Note that the values of o and g have already been identified in previous steps when we use the information
on teacher value added to identify As.
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Appendix B) and witnessed an 80% smaller effect of DTB laws on earnings. As shown in
Section 3.1, the ratio of these numbers informs the elasticity of substitution between parental
and teacher inputs in human capital formation.’

Applying the constructive identification steps provided above, the calibration results
are presented in Table 2. The fact that ¢; < 15 in the calibration results implies that
the propagation mechanism is represented by Figure 2. Parameter A3 < 0 indicates that
parental input and teacher quality are substitutes, consistent with prior research in the
literature such as Kotera and Seshadri (2017) and Yum (2023). Also, note that A;, Ay < 0
does not mean that the returns to parental input or teacher quality are negative because
one also needs to consider the interaction term to fully account for the total effects. For
example, dlogh'/de = A\ + A3log(q) with the second part A3log(q) being positive in the

baseline calibration.

5 Counterfactuals

I use the model to analyze two counterfactuals.

5.1 Dynamic Effects of Teacher Selection

In the first counterfactual, I decrease the relative skill bias ) by 0.01 from the benchmark
value. In reality, this change could come from technological changes such as an increase in ¥y
due to the convexification of the labor market (Katz and Murphy 1992) or from institutional
changes such as a reduction in ¢; due to the enactment of collective bargaining agreements
(Hoxby 1996). While the immediate impacts of such change on the teacher labor market, or
labor market in general, have been studied before, e.g., Autor et al. (2020) and Biasi et al.
(2021), the model offers a unique perspective in extrapolating its dynamic consequences, and

®One challenging question is about how to interpret the differential effects of unionization across house-
holds. Within the context of the model, such differences inform the degree of imperfect substitution of
private and public inputs, but one could also imagine a scenario where such differences reflect elements like
incomplete markets (e.g., heterogeneous degrees of borrowing constraints). This concern is important if one
wants to understand the best policy responses to such disparities and deserves to be explored in a separate
paper. The goal of this paper, however, is different given that I am focusing on the dynamic effects of teacher
selection. For that purpose, a mechanical model where I assume heterogeneous treatment effects without
specifying the micro-foundation will generate the same dynamic predictions as the approach currently used.
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in particular, through the teacher selection channel.

Figure 3 collects the transition path of several key variables in the model after the decrease
in v takes place at ¢t = 0.

Regarding short-run impacts, Figure 3a indicates that teacher quality ¢ deteriorates im-
mediately when v falls as individuals with high human capital choose to leave the teaching
profession and seek employment elsewhere. As teacher quality declines, Figure 3b indicates
that parents optimally step up in their efforts to make up for the losses in education re-
sources from teachers. Because parents have different levels of human capital and hence
heterogeneous ability to compensate, the changing composition of educational resources has
distributive consequences, elevating educational inequalities and pushing the IGE from 0.34
up to 0.355 at t = 0 (see Figure 3c). The greater degree of intergenerational persistence, in
turn, sustains a larger dispersion of human capital in the cross-section (see Figure 3d) and
higher inequalities within teaching and non-teaching occupations.b

In addition to these short-run impacts which are partly targeted in the calibration, the
main pay-off of the model structure comes in regarding the dynamic impacts along the
transition path. In particular, due to the feedback effects of the Equations (T'S) and (DF)
illustrated in Figure 2, the short-run reduction in teacher quality ¢ is only 60% of the changes
in the long run (see Figure 3a). Likewise, the short-run effect on IGE understates the
long-run level by 35%. The effects on within-occupation inequalities also unfold gradually,
occurring after ¢ = 1 and approaching the new steady state in three to four generations.
These propagation effects will be neglected by policymakers unless they take into account
the changing human capital distribution in the population and how it affects future teacher

selection.

5.2 Mean-Variance Trade-off

In the second counterfactual, I plot the tuple of the mean and variance of the population
human capital distribution in the long run across a range of .

6The model also generates a transition path of income inequality across occupations according to Equa-
tion (10), but the magnitude of such changes is not economically significant. This is because while a decrease
in 1 reduces the relative wage of teachers to non-teachers for individuals with high human capital, it simul-
taneously raises the relative wage for individuals with low human capital. The overall impact is rather small
in the equilibrium.

21



0.711 0.098

I 0.096 - I
0.094
| s I
%
50705 | Sooe2t
£ | g
& £ 009F
5 | E
5 20088
O "_; I
T o7} £0086
| s |
- 0.084
I 0.082 | I
0.695 I ‘ ‘ ; ‘ 0.08 I ‘ ‘ ‘ ‘
2 0 2 4 6 8 2 0 2 4 6 8
Generation Generation
(a) Teacher quality transition (b) Parental input transition
0.365 - l 0758 -
: 0.757
2
0.36 - S
| 5 0.756
Q.
35
é 0.755 |
0.355 | c
w £
O] 2 0.754
- &
0.351 | $0.753
2
©
I ® 0.752
0.345 |- g
I 0.751
0.34 I - - - ' 0.75
-2 0 2 4 6 8 -2
Generation Generation
(c) IGE transition (d) Wage dispersion transition

Figure 3: Transition path after a small decrease in 1

In particular, Figure 4 traces the frontier of ;1 and ¢ when I perturb the value of ¢ from
the original level. When ¢ falls, human capital dispersion o increases, but interestingly,
average human capital p also rises. On the other hand, when 1 increases, the effects go in
the other direction.

The reason why o is decreasing in v is intuitive and has been discussed in the first

counterfactual. To better understand why p is also decreasing in 1 locally, I consider the
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model-based decomposition

2
g
p=A—— + Alog(e) + Az log(q) + A3 log(e) log(q)

2
o? 1 1 2
=A- S+ <)\1 log(e) + 5 s log(e) log(q)) + (Az log(q) + 5As log(e) log(Q)) (20
N—— - 2 ~~ -
constant contribution by e contribution by ¢

where I split the interaction term half-half into “contribution by e¢” and “contribution by ¢”.
Figure 5 plots the two parts and their sum as I by changes in ). As can be seen, when 1 falls,
teacher quality deteriorates but parental investment rises to compensate. Quantitatively, the
model predicts that the rise in e overcompensates the fall in ¢ in the long-run steady state,
and thus the economy has a higher y accompanying the higher o.

To the extent that the social planner may prefer higher mean p and lower dispersion o,
i.e., the indifference curve is increasing in the south-east direction of the diagram, there is a
local mean-variance trade-off. A full characterization of the optimal policy requires taking

a stance on the social welfare function of agents within and across generations.
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Figure 5: Source of human capital formation

6 Alternative Measure of Returns to Human Capital

In Section 4, the two important parameters governing skill bias across occupations 1 and 1)y
are identified using aggregate moments on the income dispersion in teaching and non-teaching
occupations respectively. In this section, I take a more micro-level approach by directly
regressing wage on measures of cognitive ability using the Armed Forces Qualification Test
(AFQT) percentile score from the National Longitudinal Study of Youth 1979 (NLSY79)
data.

The NLSY79 survey tracks a cohort of individuals aged 14 to 22 when they were initially
interviewed in 1979. The survey collects their labor market history, including weeks worked,
occupation codes, and hourly wages. For each individual, their cognitive ability was assessed
in 1980 through ten intelligence tests known as the Armed Services Vocational Aptitude
Battery (ASVAB), and a summarizing measure known as the Armed Forces Qualification
Test (AFQT) percentile score was computed. With some caveats, the AFQT score was a
commonly used measure of cognitive skills in the literature (e.g., Neal and Johnson 1996).
I restrict the sample to college-educated individuals who worked at least 30 weeks on the
primary job last year with an hourly wage of at least one dollar.

Figure 6 plots the relationship between the AFQT score and the hourly wage of indi-
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viduals in the data. As can be seen, for both teachers and non-teachers, the hourly wage
is positively correlated with the AFQT score, but the correlation is stronger among non-
teachers.

Figure 6: Relationship between the AFQT Score and Hourly Wage
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Notes: This figure plots the relationship between the AFQT percentile score and log hourly wage
in year 1996 across occupations for individuals in the NLSY79 sample. The line plots the best
linear fitted value. The shaded area plots the 90% confidence interval around the fitted value.

To show this pattern more systematically, I run the following regressions:

}/i,t = Qjt + \I/j’t . AAFczTZ + Eit (21)

where 7 indexes individuals, j € {1,2} indexes teachers and non-teachers respectively, ¢
represents survey year, and Y;; is the log of hourly wage. I use the notation V¥;, because
the independent variable AFQT, denotes skill percentiles instead of skill levels, hence the
interpretation of the coefficient is a little different from the occupation-specific skill bias 1),
in the model.

Table 3 reports the regression results. As can be seen, AFQT percentiles are strongly
correlated with hourly wage. For example, a one percentile increase in the ranking of AFQT
score is correlated with a 0.515% higher hourly wage. Importantly, the regression results

suggest that the coefficient is larger in non-teaching occupations (j = 2) than that among
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Table 3: Regression Results

t = 1996 t = 2006
J=1 J=2 J=1 J=2
U,y 0.515 0.837 0.827 0.927
(0.113) (0.024) (0.122) (0.029)
# Observations 240 2490 227 2193

Notes: This table displays the results of regression (21). Subscript j € {1,2} indexes
teachers and non-teachers respectively. Standard errors in parentheses.

teacher (j = 1). Across the two waves of data, the ratio U, ;/Ws, is on average 0.754 which
is quite close to the ratio of skill bias v /15 = 0.69 in the model.

To sum up, using more direct measures of ability, empirical estimates using micro-
level wage data confirm that teachers have a more compressed wage distribution than non-

teachers, translating to a smaller skill bias in the model.

7 Conclusion

Teacher selection affects who becomes teachers among the current population and shapes
the distribution of human capital in the next generation. This, in turn, determines the
occupational sorting among the next generation.

This paper develops an overlapping generations model to study this feedback mechanism.
With assumptions on the human capital production function and how aggregate teaching
resource is distributed, I show that the model is highly tractable with analytical charac-
terizations. I then provide a constructive proof of identification of key model parameters
and calibrate the model to match the U.S. data. I find that static changes in teacher selec-
tion generate large dynamic effects on the level and dispersion of children’s human capital
that exceed one-generation estimates. Furthermore, there is a local mean-variance trade-off

regarding the long-run human capital distribution.
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Appendix

A Derivation of Model Solution

A.1 Labor Market

As the taste shock follows a Gumbel distribution, the share of workers choosing to become

teachers conditional on their human capital A is given by:

(h) = (exp(ay — oz + K) - hwl‘w)e
T + (exp(on — az + k) - htr—v2)’

(22)

Define o = a; — ay and ¥ = ¢ —1bo, I adopt a simplifying approximation given that the

share of teachers is small in the labor force:
p(h) = exp(B(a + k)) - h* (23)

I make an assumption that the human capital distribution in the stationary equilibrium

is lognormal:

log(h) ~ N (1, %) (24)

As will be shown below, this assumption will be self-fulfilling in the model.
Log-normal distribution has a convenient property that will be used repeatedly in the

model solution: if log(X) ~ N (i, c?), then
E(X) = explkn + (ko)?/2)

With the assumption on the human capital distribution, the aggregate share of teachers

in the labor force is therefore:

T = / p(h) dF(h)
— exp(f(ar + ) - E(R?) (25)

= exp(f(a + k) - exp(yp + (60)*/2)
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The average wage among teachers is

Blulj=1)= = - [ plhyu () dF(h)
_ % . / exp(0(a + K) + ) - B+ dF(h) (26)
= exp(ar) - exp(ip + 0 - (20991 +97)/2)
In addition,
Blu?lj = 1) =+ - [ o)) dF(h)
_ % . / exp(0(a + k) + 2a1) - 2 dF(B) (27)

= exp(2ay) - exp(2y1p + o? - (40yahy + 4947)/2)

Therefore,
E(w?|j =1)

(E(w]j = 1)?)

where CV(w|j = 1) = std(w|j = 1)/E(w|j = 1) represents the coefficient of variation of w

= exp(c®yi) = 1+ (CV(w|j = 1))* (28)

within teachers.

Using Taylor expansion around zero,
CV(wlj = 1) = ovy (20)

On the other hand, the average wage among workers is

1

B

R~ /exp(ag) -h¥2 dF (h) (30)

E(wlj =2) - [ (L= p(h))wa(h) dF(h)

= exp(ag) - exp(thap + 0°¢3/2)
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In addition,
E(wlj =2) = == - [ (1= p()(ws(h))? dF (D)

~ /exp(Zag) - h*2 dF(h)

— exp(20s) - exp(2upt + 07 - 203)
Therefore,

E(w?j=2) 2,12\ _ = 9))2
E(ulj =27 ~ ©PO°8) = L+ (CV(wlj = 2)

Again, using Taylor expansion around zero,

To compute the wage ratio across occupations:

_ % / p(h) - exp(a) - h¥ dF(h)

= exp(a) - exp(p + (09)*(1 +20)/2)
A.2 Teaching Resources

By definition, teaching resource is given by

p(h) - 2 dF(h)

/ exp(8(a + k) - W dF(h)

(@)
Il
Sl = >l —

-exp(f(a + k) - exp((0Y + 1)+ o*(0y + 1)%/2)

= exp(B(a + ) - exp(Bp + 0% - (942 + 200) /2)

Then, the amount of teaching resources each household receives is

q==-Q=-exp(o?)

A=
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The average amount of teaching resources is

B2 =1) = = / p(h) 12 A (h)
_L exp(8(e + k) - B2 dF (h) (37)

Th
— exp(o®(1 + 200))

Therefore,

std(hlj = 1) = /E(R2)j = 1) — E(hlj = 1)2 = \/exp(o?) — 1+ g ~ g (38)

A.3 Child Investments

The first-order condition of e is given by

! —6(1 %M):e: B Fdalosla)) gt tog(e)) (39)

1— 1+ B(M + Aslog(q))

B Moments

To generate the moments describing the labor market of teaching and non-teaching pro-
fessions, I collect micro-level data from the Current Population Survey Annual Social and
Economic Supplement (CPS-ASEC) from 1980. I keep the observations that satisfy the

following criteria:

e weeks worked last year was greater than or equal to 30,
e usual weekly hours worked last year was greater than or equal to 20, and

e had income greater than or equal to 100 dollars.

Then, I label the worker as a teacher if her occupation code last year (1990 basis) falls
between 113 and 163. Based on this sample, I compute the share of teachers in the labor

force, wage ratio across occupations, and wage dispersion within occupations.
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To compute the ratio of parental income across races, I further restrict the sample to
those with at least one child below the age of 18 in the household. To be more consistent
with the time frame in Lovenheim and Willén (2019), I experimented with dropping the
sample after the 2000s and the results are largely unchanged.

For all calculations, I use the Annual Social and Economic Supplement weight.
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