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Abstract

We assess how an economy’s wealth distribution shapes its labor market dynamics. We

do so in a quantitative job-ladder model featuring directed search, incomplete markets,

aggregate shocks, and endogenous on-the-job human capital accumulation. Poorer

workers apply for lower-wage jobs when unemployed and under-accumulate human

capital when employed to self-insure against unemployment risk. In response to an

aggregate downturn, poorer workers reduce their human capital accumulation, all else

equal, while richer workers increase it. The wealth distribution therefore matters for

the response of aggregate human capital. In the calibrated model, we show that a

negative aggregate productivity shock leads to a persistent decline in aggregate human

capital, and a more dispersed wealth distribution would amplify this decline.
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1 Introduction

This paper quantitatively examines how an economy’s wealth distribution shapes its labor

market and human capital dynamics following a recession. We are motivated by two ob-

servations in doing so. First, large wealth inequality is a well-documented fact in US data.

Second, a large body of research has argued that individuals’ wealth affects key labor market

decisions, key among them job search, labor supply, and human capital accumulation. Taken

together, these observations suggest that the economy’s wealth distribution at the onset of

a recession affects how aggregate human capital, and therefore aggregate output, responds

to the economic downturn.

To quantitatively examine the interaction between the wealth distribution, labor market

dynamics, and aggregate human capital, we develop an incomplete-markets job ladder model

with directed search off and on the job, life-cycle on-the-job human capital accumulation,

and borrowing constraints. Finitely-lived individuals engage in directed search off and on

the job similarly to Menzio and Shi (2010, 2011) and Menzio et al. (2016), and face a

production-training tradeoff while employed, similarly to Ben-Porath (1967) and Huggett

et al. (2011). There are two sources of idiosyncratic risk: unemployment risk, due to labor

market frictions, and shocks to human capital, which further differ for the employed and

unemployed. Individuals may self-insure against this risk through saving. There are two

key channels in the model through which wealth affects subsequent earnings. First, an

unemployed individual faces a tradeoff between the probability of finding a job and the

subsequent wage received. Poorer individuals resolve this tradeoff in favor of jobs that pay

lower wages but are easier to get. Lower wealth therefore results in more persistent earnings

losses from unemployment. Second, employed individuals face a tradeoff between working

and accumulating human capital. Crucially, this second tradeoff is affected by the first, since

an employed individual anticipates the benefit of additional wealth in the event of a layoff.

This creates an additional incentive for precautionary saving, which leads employed workers

to work more and accumulate less human capital, more so for low-wealth individuals.

Next, consider how these tradeoffs are impacted by a recession, which we model as a fall in

aggregate productivity. For unemployed workers, a recession amplifies the tradeoff between

wages and job-finding rates for unemployed workers. For employed workers, the effect of a

recession on the on-the-job human capital decision is, in general, ambiguous. On one hand,

lower productivity generates a substitution effect — the opportunity cost of human capital

accumulation is lower when wages fall, creating an incentive to work less and invest more
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in human capital. On the other hand, the precautionary work motive described above is

likewise stronger in a recession, because of heightened unemployment risk. We show that

the first channel is more likely to dominate for high-wealth individuals, whereas the second

is more likely to dominate for the low-wealth. As a result, human capital accumulation of

high and low-wealth workers may respond in opposite directions to an aggregate shock.

We calibrate the model by matching aggregate moments and cross-sectional distributions

of wealth, earnings, and worker transition rates. We then use the model to quantitatively

evaluate the effect of a large economic downturn. We find that a productivity drop leads to

a decline in human capital accumulation, which eventually leads to a persistent decrease in

average human capital. On impact, human capital accumulation drops, primarily among the

poor and young workers. As these workers gradually enter employment along the recovery

phase, the composition of the employment pool shifts towards workers with lower human

capital and persistenty flatter earnings trajectories. Heterogeneous responses of on-the-job

learning by wealth thus act as an important propagation mechanism. Finally, we conduct

counterfactual experiments in which we vary the pre-recession dispersion of wealth. A mean-

preserving spread of the initial wealth distribution leads to a less persistent decline in average

human capital.

1.1 Relationship to the literature

This paper integrates directed search, incomplete markets, and life-cycle human capital accu-

mulation into a business cycle model. As such, it combines key model elements that have not

been previously studied together. We next describe the contribution along each dimension

and why the interaction of these elements is key for the results.

Directed search under incomplete markets. Our paper extends the literature studying the

implications of worker wealth for job search decisions. Starting at least with Acemoglu and

Shimer (1999), it has been recognized in the labor search literature that wealth affects the

type of jobs workers apply for: poorer workers apply for jobs that pay lower wages but are

easier to get. This tradeoff and its implications have recently been explored quantitatively

by Griffy (2021), Chaumont and Shi (2022), Eeckhout and Sepahsalari (2024), Herkenhoff et

al. (2023), and Huang and Qiu (2021), all in a steady state environment with no aggregate

uncertainty. Our objective here is to consider the consequences of this tradeoff for business

cycles. Aggregate shocks are introduced into similar frameworks in Herkenhoff (2019), who
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considers the effect of credit access on unemployment, and Birinci (2019), who considers

spousal responses to job displacement. However, their focus is quite different, as they do

not consider the implications for endogenous human capital accumulation and the aggregate

productivity effects of a downturn.2

Human capital accumulation. Our modeling of human capital accumulation follows the

classic theory of Ben-Porath (1967), in which workers divide their time between working

and training. Huggett et al. (2011) embed this human capital accumulation process into

a life-cycle incomplete-markets framework; their framework is further extended to incor-

porate labor market search by Griffy (2021), which is the closest paper to ours. Perhaps

surprisingly, while this is a classic workhorse framework for understanding life-cycle earnings

growth, its business-cycle implications have — to our knowledge — not been fully explored.

As pointed out above, the effect of a negative productivity shock on human capital accu-

mulation is, in general, ambiguous in this framework. On one hand, such a shock triggers

an intertemporal substitution effect, whereby workers spend more time learning in periods

when the opportunity cost (in terms of foregone wages) is low. On the other hand, credit

constraints and precautionary savings motives may induce more work effort, and therefore

less learning, when wages are low. As a result, human capital accumulation has ambiguous

implications for the economy’s propagation mechanism, and these implications depend on

the wealth distribution. In an important empirical contribution on this dimension, Méndez

and Sepúlveda (2012) document that on-the-job training is countercyclical for wealthy work-

ers but procyclical for poor workers; as we argue, this is consistent with the mechanism of

our model.

The wealth distribution and aggregate shocks. More broadly, our paper is related to a

large literature examining how household heterogeneity matters for an economy’s aggregate

dynamics. As explained, e.g., in Krueger et al. (2016), the economy’s wealth distribution is

crucial for the response of aggregate consumption to an aggregate productivity shock. Our

analysis shows that the response of aggregate human capital to an aggregate shock likewise

depends significantly on the wealth distribution.

2More broadly, we build on Menzio and Shi (2010, 2011), who consider directed on the job search over
the business cycle, and Menzio et al. (2016), who consider directed search over the life cycle. Since these
frameworks do not incorporate asset accumulation, they do not address the question posed here.
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1.2 Organization of the paper

The paper is organized as follows: in Section 2, we develop a model that incorporates

employment and aggregate risk and discuss these margins in the context of this model.

In Section 3, we describe the model calibration. In Section 4, we use the model to study the

effect of a negative aggregate shock and the importance of the wealth distribution for it.

2 The Model

The model has three key ingredients. First, there are overlapping generations of agents,

who face idiosyncratic and aggregate risk and incomplete financial markets. Second, labor

markets are frictional: agents engage in directed search both on and off the job. Third, while

employed, agents choose how much time to allocate to human capital accumulation.

2.1 Environment

Time is discrete and continues forever. There is a continuum of overlapping generations

of workers, each of whom participates in the labor market deterministically for T ≥ 2

periods, before retiring. As described below, workers will also be heterogeneous with respect

to exogenous learning ability ℓ, employment status, eligibility for unemployment insurance

(UI) when unemployed, piece-rate wage µ when employed, human capital h, and wealth a.

Each worker is born unemployed without unemployment insurance, and receives a draw from

a correlated trivariate log-normal distribution Ψ ∼ LN (ψ,Σ) of wealth, human capital, and

learning ability: (a0, h0, ℓ). Learning ability remains fixed throughout the worker’s lifetime.

Once a worker reaches age T + 1, they face an exogenous death probability δM from that

period onward. Workers receive flow utility from consumption u (c) where the utility function

has the standard properties u′ (c) ≥ 0, u′′ (c) ≥ 0 u′ (0) = ∞. Workers discount the future

with the factor β.

The evolution of employment is as follows. An employed worker separates from their job

and becomes unemployed with exogenous separation probability δ. An unemployed worker

engages in directed search, described below, that determines their probability of becoming

employed. In addition, an employed worker is allowed to search on the job with probability

λE ≤ 1.

When employed, the worker has one unit of time, which they divide between working,

1−τ , and human capital accumulation, τ . An employed worker’s income is then µ (1− τ) zh,
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where µ is their piece-rate wage, 1 − τ is the time allocated to work, h is the worker’s

human capital, and z is aggregate productivity. Human capital for the employed accumulates

according to

h′ = eϵ
′
(h+H (h, ℓ, τ)) , (2.1)

where H is a non-decreasing function of h, ℓ and τ ; and ϵ′ ∼ N (µe
ϵ , σ

e
ϵ ) is an i.i.d. shock to

human capital. The unemployed do not accumulate human capital, but still face stochastic

shocks, so that

h′ = eϵ
′
h, (2.2)

where ϵ′ ∼ N (µu
ϵ , σ

u
ϵ ). The human capital shock distribution for the unemployed is allowed

to be different from that for the employed, to capture human capital depreciation during

unemployment.

An unemployed worker receives unemployment benefit bUI if eligible for UI and a sub-

sistence benefit bL ≤ bUI if ineligible. The amount bUI is assumed to be a function of the

worker’s last wage when employed. Specifically, bUI = min{max{bw, bL}, b̄}, where w is the

worker’s previous wage, b is the replacement rate of unemployment insurance, and b̄ is a

cap on unemployment benefits. In other words, consistent with the actual UI system, unem-

ployment benefits equal a fraction of the previous wage up to a maximum. An unemployed

worker eligible for UI stochastically loses eligibility with probability γ and regains eligibility

upon becoming employed.

Workers are allowed to smooth consumption over the life-cycle by borrowing and saving

at exogenous rate rF . Workers are not allowed to default on debt obligations or exit the

terminal period with negative asset holdings; we ensure this by assuming an age-dependent

borrowing constraint a′t at each working age t

There is a continuum of infinitely-lived risk-neutral firms, who discount the future with

the same factor β as workers. Firms post vacancies at cost κ. Posted vacancies specify the

piece rate wage µ paid as earnings; the piece rate is restricted to be fixed for the duration

of the contract. Search is directed, so that firms open vacancies for specific submarkets

indexed by the characteristics of the workers. Each submarket is therefore identified by

a tuple (µ, a, h, ℓ, t). Once matched with a worker, a firm receives (1− µ) (1− τ) zh in

profits each period. The match dissolves either through exogenous separation or through

the worker’s on-the-job search.

Matching in each submarket is characterized by a constant returns to scale matching

function, M (s, v), where s is the number of searchers in the submarket and v is the number
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of posted vacancies in the submarket. Define the submarket tightness θ = v/s to be the

vacancy-worker ratio in each submarket. Firms meet workers with probability q (θ) = M(s,v)
v

,

which is twice continuously differentiable and strictly decreasing, and bounded between 0 and

1; workers meet firms with probability p (θ) = θq (θ) = M(s,v)
s

, which is twice continuously

differentiable, strictly increasing and strictly concave, and likewise bounded between 0 and

1. We will denote the tightness in submarket (µ, a, h, ℓ, t) by θt (µ, a, h, ℓ).

The aggregate productivity shocks z evolve according to

ln z′ = ρz ln z + ϵ′z, where ϵ′z ∼ N (µz, σz) . (2.3)

The aggregate state of the economy consists of the aggregate productivity level z as well

as the distribution of workers across idiosyncratic characteristics. Following Menzio and

Shi (2011), we focus on block recursive equilibrium, in which decision rules depend on the

aggregate state only through aggregate productivity z, but do not depend on the distribution

of workers.

2.2 Worker’s Problem

2.2.1 Production, Savings, and Human Capital Accumulation

Each period is divided into two stages: job search and production. During the production

stage, workers choose consumption and savings allocations, and employed workers addi-

tionally choose the proportion of time spent accumulating human capital. Following these

decisions, age advances, workers receive human capital shocks, and unemployment insurance

benefits stochastically expire.

The problem of an unemployed worker eligible for unemployment insurance is given by

Ut (z, bUI , a, h, ℓ) = max
c,a′≥−a′t

u (c) + βE[(1− γ)RU
t+1 (z

′, bUI , a
′, h′, ℓ) + γRU

t+1 (z
′, bL, a

′, h′, ℓ)]

(2.4)

s.t. c+ a′ ≤ (1 + rF ) a+ bUI (2.5)

h′ = eϵ
′
h, where ϵ′ ∼ N (µu

ϵ , σ
u
ϵ ) (2.6)

ln z′ = ρz ln z + ϵ′z, where ϵ
′
z ∼ N (µz, σz) (2.7)

Unemployed agents stochastically lose their benefits with probability γ, and face shocks ϵ′
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to their human capital, both realized at the beginning of the search period. Unemployed

agents without unemployment insurance face a similar problem:

Ut (z, bL, a, h, ℓ) = max
c,a′≥−a′t

u (c) + βE[RU
t+1 (z

′, bL, a
′, h′, ℓ)] (2.8)

s.t. c+ a′ ≤ (1 + rF ) a+ bL (2.9)

h′ = eϵ
′
h, where ϵ′ ∼ N (µu

ϵ , σ
u
ϵ ) (2.10)

ln z′ = ρz ln z + ϵ′z, where ϵ
′
z ∼ N (µz, σz) (2.11)

Once an unemployed worker loses UI eligibility, they must become employed again to regain

it.

The problem of an employed worker is:

Wt (z, µ, a, h, ℓ) = max
c,a′≥−a′t,τ∈[0,1]

u (c) + βE[(1− δ)RE
t+1 (z

′, µ, a′, h′, ℓ) + δRU
t+1 (z

′, bUI , a
′, h′, ℓ)]

(2.12)

s.t. c+ a′ ≤ (1 + rF ) a+ µ (1− τ) f (z, h) (2.13)

h′ = eϵ
′
(h+H (h, ℓ, τ)) , where ϵ′ ∼ N (µe

ϵ , σ
e
ϵ ) (2.14)

bUI = min{max{b (1− τ)µzh, bL}, b̄} (2.15)

ln z′ = ρz ln z + ϵ′z, where ϵ
′
z ∼ N (µz, σz) (2.16)

Newly unemployed agents are assumed to be eligible UI benefits, which are determined by

a replacement rate b of previous wages and capped at b̄.

2.2.2 Job Search

Age advances and shocks are realized following the production period. Unemployed agents

in the job search period choose the piece-rate µ′ the apply to by solving the problem given

by Equation 2.17:

RU
t (z, bUI , a, h, ℓ) = max

µ′
P (θt (z, µ

′, a, h, ℓ))Wt (z, µ
′, a, h, ℓ)

+ (1− P (θt (z, µ
′, a, h, ℓ)))Ut (z, bUI , a, h, ℓ) (2.17)

For agents without unemployment insurance, the problem is identical except that bUI is

replaced by bL. Employed workers are allowed to search on the job, and solve the problem
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given by Equation 2.18:

RE
t (z, µ, a, h, ℓ) = max

µ′
λEP (θt (z, µ

′, a, h, ℓ))Wt (z, µ
′, a, h, ℓ)

+ (1− λEP (θt (z, µ
′, a, h, ℓ)))Wt (z, µ, a, h, ℓ) (2.18)

2.3 Firm’s Problem

Firms produce using a single worker as an input. They post piece-rate wage contracts in sub-

markets indexed by (z, µ, a, h, ℓ, t). Matches continue with probability (1− δ) (1− λEP ((θt+1 (z, µ
′, a′, h′, ℓ)))),

the probability that the match does not separate exogenously and the worker does not find a

new employer. The value function of a firm matched with a worker is given in Equation 2.19:

Jt (z, µ, a, h, ℓ) = (1− µ) (1− τ) zh+ βE[(1− δ) (1− λEP (θt+1 (µ
′, a′, h′, ℓ))) Jt+1 (µ, a

′, h′, ℓ)],

(2.19)

where h′ evolves according to (2.14), a′ = ga (z, µ, a, h, ℓ) and τ = gτ (z, µ, a, h, ℓ) are the

worker policy decisions over wealth and human capital accumulation, and µ′ = gµ′ (z, µ, a′, h′, ℓ)

is the on-the-job application strategy of the worker conditional upon his asset and human cap-

ital policy rule. New firms have the option of posting a vacancy at cost κ in any submarket.

Each submarket offers a probability of matching with a worker given by q (θt (z, µ, a, h, ℓ)).

By free entry the value of a vacancy is zero, and we have

κ = q (θt (z, µ, a, h, ℓ)) Jt (z, µ, a, h, ℓ) (2.20)

This free entry condition determines θt (z, µ, a, h, l).

2.4 Equilibrium

A Block Recursive Equilibrium (BRE) in this model economy is a set of policy functions for

workers, {c, µ′, a′, τ}, value functions for workers Wt, Ut, value functions for firms Jt, as well

as a market tightness function θt (z, µ, a, h, ℓ), that satisfy the following:

1. The policy functions {c, µ′, a′, τ} solve the workers problems, Wt, Ut, R
E
t , R

U
t .

2. θt (z, µ, a, h, ℓ) satisfies the free entry condition for all submarkets (z, µ, a, h, ℓ, t).

3. The aggregate law of motion is consistent with all policy functions.
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3 Estimation

Before describing our calibration procedure in detail, we lay out the overall estimation strat-

egy and the intuition for identification of key parameters. The centerpiece of the calibration

is identifying the joint distribution of initial conditions, which consist of wealth, human cap-

ital, and learning ability, together with the human capital production technology and the

the matching technology. Since initial wealth observed directly, the marginal distribution

of initial wealth is identified from initial wealth data. Next, both learning ability and the

human capital production technology α affect the life-cycle earnings profile. To separately

identify them, we target both the slope and the curvature of the earnings profile. We then

target the earnings variance profile to discipline the dispersion of learning ability. Finally,

the distribution of initial human capital is identified from the distribution of initial earnings.

The non-trivial aspect of this is that workers are not paid their marginal product. However,

the structure of the model disciplines the distribution of accepted piece rates, given other pa-

rameters, in particular the elasticity of the matching technology and the level of subsistence

consumption. Intuitively, the subsistence level of consumption affects how selective workers

of different wealth levels are in choosing what piece rates to apply for; in turn, the elasticity

of the matching function governs the mapping between piece-rates and job finding probabil-

ities. Therefore, we also target the distribution of job-to-job transition rates by wealth and

the distribution earnings changes from job-to-job transitions by wealth to identify these two

parameters.

3.1 Functional Forms and Distributional Assumptions

Worker utility is of the constant relative risk aversion form:

u (c) =
c1−σ − 1

1− σ
(3.1)

We use the matching function assumed by den Haan et al. (2000), which guarantees well-

defined probabilities:

M (u, v) =
uv

(uη + vη)
1
η

(3.2)
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The human capital accumulation technology takes the form

H(h, ℓ, τ, E) = ℓ (hτ)αH , αH > 0 (3.3)

To rule out negative asset holdings in the terminal period, the age-dependent borrowing limit

is set to the maximum amount a worker could repay if they experienced the worst-possible

sequence of shocks up to retirement:

a′t =
T∑
j=t

bL
(1 + rF )j

(3.4)

Initial conditions (a0, h0, ℓ) are drawn from a trivariate log-normal distribution with mean

ψ and variance-covariance Σ. We allow for correlations between each marginal distribu-

tion using a Gaussian Copula. We also allow each marginal distribution to be “displaced”

by constant, −a0, δh, and δl, for wealth, human capital, and learning ability, respectively.

Subtracting the initial borrowing constraint allows workers to enter the labor market with

debt, while δh and δl ensure that all workers experience positive earnings and human capital

growth.

3.2 Preset Parameter Values

The model period is a quarter, and agents live for T = 168 quarters. We set the minimum

age in the model to 23, implying that the model covers ages 23-65. We choose the separation

rate to match quarterly flows from employment to unemployment in Shimer (2012), δ = 0.03.

We set the quarterly interest rate to equal an annual rate of approximately 5% (rF = 0.012)

which is roughly its value for much of the period over which our model is calibrated, and set

β = 1
1+rF

. The risk aversion parameter is set to a standard value σ = 2. The average income

of an employed 25-year old worker is normalized to 1.

We calibrate the unemployment insurance system to closely resemble the system in the

US prior to the Great Recession. We set the unemployment insurance replacement rate to

its average in the data, b = 0.42, and cap unemployment insurance at a weekly maximum of

b̄ = $450, which is the average cap on UI during the period prior to the Great Recession. We

assume that unemployment insurance can be lost stochastically with probability γ = 0.54,

which matches the average weeks until expiration (≈ 24.1 weeks) for a new UI recipient in

the US. We also set the retirement income to bRet to the average Social Security income. The
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cost of opening a vacancy is set to 29.5% of average quarterly income.

Table 3.1: Preset parameter values

Parameter Symbol Value or Function Source

Work-Life T 168 Working Age 23-65
Risk Aversion σ 2 Standard
Risk Free Rate rF 0.012 Annual rate of ≈ 5%
Discount Factor β 0.9882 1

1+rF

Separation Rate δ 0.03 Shimer (2012)
Social Security bRet 0.98 US Average
Exit Prob. δD 0.02 US Mortality Tables
UI Replacement Rate b 0.42 U.S. Average
Max UI b̄ 2.74 High UI cap
UI Loss Probability γ 0.54 Potential UI Duration (≈ 26.5 weeks)
Subsistence Benefits bL 0.0204 Griffy (2021)
Initial Wealth (µA, σA) µA = 0.2311, σA = 0.9017 Initial wealth distribution (PSID)
Scale Factor 4, 277 Average quarterly earnings (Age 25, PSID)

3.3 Internally Calibrated Parameters

The remaining parameters are estimated using indirect inference, using a strategy simi-

lar (but not identical) to Griffy (2021). We target parameters other than the aggregate

productivity process in the steady state; conditional on these estimates, we calibrate the

productivity process to match the persistence and volatility of output per worker.

We target the unconditional distribution of initial net liquid wealth and the uncondi-

tional distribution of initial earnings at first employment, both drawn from the Panel Study

of Income Dynamics (PSID). Matching the initial wealth distribution in the data identifies

parameters from the marginal distribution of initial wealth in the model. Matching the

initial earnings distribution in the data identifies the marginal distribution of initial human

capital. Note that earnings do not equal human capital in the model, but the structure of the

model puts discipline on the mapping between the two, through endogenous choice of piece

rates and productive time. We also target the life-cycle earnings profile and the life-cycle

variance profile to identify the human capital accumulation technology and the marginal

distribution of learning ability. Intuitively, the life-cycle earnings profile identifies both the

mean learning ability and the curvature parameter α of the human capital technology. The

reason that mean learning ability and α are separately identified is that the former affects

earnings growth linearly, while the latter affects it non-linearly; they are thus jointly identi-

fied by the average earnings growth and the curvature of the earnings profile. In turn, the
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variance of learning ability is identified by the life-cycle profile of earnings variance: intu-

itively, if learning ability is more dispersed, then earnings variance increases more with age.

To discipline the correlations between initial conditions, we target two Mincer regressions in

which the slope and intercept are interacted with a worker’s initial wealth or learning ability

quintile.3 This identifies the correlations between initial wealth, initial human capital, and

initial learning ability (ρAH , ρAℓ, ρHℓ), which are estimated using a Gaussian Copula.4

Our model allows for shocks to human capital, which are further allowed to differ by

employment status. To discipline these parameters (µϵE , σϵE , µϵU , σϵU ), we modify the iden-

tification strategy used by Huggett et al. (2011). Specifically, we target earnings changes as

workers approach retirement, and do so separately by employment status. Between periods,

human capital may change due to investment or depreciation. As workers approach retire-

ment they are less likely to invest in human capital, which means that observed changes in

earnings are due to human capital depreciation. Because we would like to isolate human cap-

ital depreciation for the employed and unemployed separately, we focus on earnings changes

between ages-t− 1 and t+ n− 1 and use employment status at age-t.

Table 3.2: Estimated parameters

Category Symbol Model Value

Model Parameters
Aggregate Productivity (ρZ , σZ) ρZ = 0.8926 σZ = 0.0055

Elasticity of Matching Function η 0.449
[0.4444,0.4534]

Vacancy Creation Cost κ 1.747
[1.7323,1.7624]

On-the-job Search Efficiency λE 0.584
[0.5852,0.5918]

Human Capital Curvature α 0.561
[0.5644,0.5731]

Initial Conditions
Initial Human Capital (µH , σH) µH = −0.499 σH = 1.353

[−0.5212,−0.4762] [1.3463,1.3594]
Learning Ability (µℓ, σℓ) µℓ = 1.485 σℓ = 0.564

[1.4766,1.4939] [0.5601,0.5683]
Correlations ρAH , ρAℓ, ρHℓ ρAH = 0.323 ρAℓ = 0.468 ρHℓ = 0.674

[0.3169,0.3283] [0.4613,0.4752] [0.6704,0.6781]
Minimum h and ℓ (hmin, ℓmin) hmin = 2.543 ℓmin = 0.088

[2.5237,2.5621] [0.0872,0.0877]
Other Distributions

Human Capital Depreciation (Emp.) (µϵE , σϵE) µϵE = −0.021 σϵE = 0.039
[−0.0216,−0.0204] [0.0377,0.0411]

Human Capital Depreciation (Unemp.) (µϵU , σϵU ) µϵU = −0.019 σϵU = 0.035
[−0.197,−0.0191] [0.0336,0.0353]

Measurement Error (0, σξ) σξ = 0.108
[0.1072,0.1085]

Notes: The 95% confidence intervals of the estimates are shown in brackets beneath the
structural parameters.

3We proxy for learning ability using scores from the Armed Forces Qualifying Test (AFQT).
4Please see Griffy (2021) for a detailed identification argument.
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3.4 Estimation Results and Model Fit

The parameter estimates are reported in Table Table 3.1 and Table Table 3.2. The estimation

results of the auxiliary model are reported in Table A.1, Table A.2. and Table A.3. Despite

having more than 200 auxiliary parameters, difference-in-means tests show that the model

replicates the data along many dimensions. The model comes reasonably close to replicating

the average earnings profile (Figure 3.1a), but overestimates the variance profile, despite

capturing the overall shape (Figure 3.1b). The model also matches the initial distribution

of earnings (Figure 3.1c) as well as the initial distribution of wealth (Figure 3.1d).

(a) Earnings. (b) Variance.

(c) Initial earnings. (d) Liquid wealth.

Figure 3.1: Model fit.

Table 3.3: Aggregate Moments: Labor Productivity

Persistence Standard Deviation
Var. Data Model Data Model

Labor Prod. 0.743 0.684 0.0111 0.0078
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4 Results

4.1 The Impact of an Aggregate Productivity Shock

We now assess the effects of a recession on aggregate human capital, productivity, and

unemployment, and then explore the mechanisms driving these effects. To do so, we assume

that the economy is struck by a 6 quarter downturn of 3.5%, after which productivity returns

to the steady-state at a rate of zt+1 = ρzt. We initiate the model by assuming that the

economy was initially in steady state.

Figure 4.1 shows the path of the exogenous shock zt (in panel 4.1a) and the resulting

path of the unemployment rate (in panel 4.1b). The recession leads to a large and increase

and gradual recovery in unemployment. Figure 4.2 shows the corresponding paths of output

(panel 4.2a), output per worker (panel 4.2b), and the average human capital of employed

workers (panel 4.2c). The fall in output per worker is more persistent than the shock itself,

due to the decline in average human capital. Notably, as shown in panel 4.2c, average human

capital per employed worker rises during the period of the recession but then exhibits a

persistent decline during the recovery. Table 4.1 illustrates a similar point by comparing the

changes in key aggregates, relative to steady state, 6 quarters and 40 quarters after the initial

shock. While output and earnings recover, the fall in average human capital is persistent.

The subsequent figures explore why this is the case.

(a) Aggregate shock (pp) (b) Unemployment rate (levels)

Figure 4.1: Effect of a negative productivity shock: unemployment.

Figure 4.3 illustrates how the key decisions of the unemployed and employed respond

to the negative shock. Panel 4.3a shows that the average piece rate, µ, exhibits a gradual

14



(a) Output (percent change) (b) Output per worker (percent change)

(c) Human Capital (employed, normalized to 1).

Figure 4.2: Effect of a negative productivity shock: output and average human capital.

decline. Panel 4.3b shows that, unsurprisingly, this is largely driven by a large change in

the application strategies of the unemployed, who apply for lower piece rates. At the same

time, they remain unemployed for longer on average, as shown in panel 4.3c. These results

are consistent with the theoretical predictions of a canonical directed search model, in which

a drop in aggregate productivity exacerbates the wage/job-finding tradeoff, leading to both

lower targeted wages and a lower job-finding rate. Panel 4.3e plots the job-to-job transition

rates through on-the-job search, showing that employed individuals also suffer a slowdown

in the progression up the job ladder.

Of particular interest is panel 4.3d, which shows the average learning time among the

employed workers. Average learning time falls on impact, then exhibits a non-monotonic

pattern. The fact that average learning time falls on impact in response to the shock but no

such immediate fall is observed in average human capital in Figure 4.2c suggests that there
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(a) Piece-rate. (b) Application strategies. (c) Unemployment duration (mos).

(d) Time allocated to learning (employed). (e) Job-to-job transition rate.

Figure 4.3: Effect of a negative productivity shock: search behavior and learning time.

are important composition effects driving the results. Next, we try to better understand how

the heterogeneity in behavior explains these patterns.

First, we argue that it is the low-wealth workers, all else equal, who are likely to reduce

their learning time in response to the downturn. To this end, Figure 4.4b plots the difference

in learning times between a boom and a recession for workers of different wealth levels.

Specifically, we consider the learning policy function of a worker for a fixed age and piece rate,

and vary the worker’s wealth. We do this for a high and low aggregate productivity state and

compute the difference between the two decision rules. The figure illustrates that, for high-

wealth workers, optimal learning time is lower in booms than in recessions. This is because a

low productivity state triggers a substitution effect, whereby the opportunity cost of learning

falls, and this effect dominates for workers with ample wealth. On the other hand, for low-

wealth workers, optimal learning investment is lower in recessions than in booms: a low

aggregate productivty also amplifies the precautionary labor supply motive, which dominates

for the wealth-poor. The reason why the wealth-poor have a stronger precautionary motive

is that they anticipate applying for lower piece rates when unemployed, as confirmed in
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Figure 4.4a. In our simulations, we also find that the wealth-poor are disproportionately

likely to be young workers, for whom returns to learning are high, and who therefore matter

a lot in determination of average learning time. The fall in average learning time on impact

shown in figure 4.3d therefore comes about because the reduction in learning for the poor

dominates the increase in learning among the wealthy.

The fact that the initial drop in average learning time coincides with an increase in average

human capital suggests that composition effects are very important. The negative aggregate

shock leads to a “cleansing” effect: since unemployed workers with low human capital are less

attractive to employers and have disproportionately low job-finding rates, the composition

of the employment pool shifts toward workers of high human capital (indeed, the average

human capital per worker in the population falls while average human capital per employed

worker rises). Furthermore, as argued above, because wealth and age are correlated, the

reduction in learning is concentrated among the poor and young workers, who – at the onset

of the recession – account for only a small fraction of the employed and therefore of the

average employed human capital.

Crucially, the fact that the drop in learning is concentrated among the young and poor,

and that this drop appears temporary in figure 4.3d, does not imply that this drop is unim-

portant for aggregate human capital dynamics: quite the opposite is true. This response is,

in fact, critical for explaining the long-term decline in human capital in figure 4.2c. Since

the drop in human capital accumulation is concentrated among the young cohorts, these low

human-capital cohorts become progressively more important in the determination of the av-

erage human capital as the recession progresses. Moreover, as the aggregate shock recovers,

the “cleansing” effect dissipates, and the low human-capital workers re-enter employment:

the employment pool shifts toward workers who have lower human capital and are on per-

sistently lower learning trajectories. This accounts for the eventual persistent drop in both

average learning time (figure 4.3d) and average human capital (figure 4.2c). In other words,

the interaction between heterogeneous responses and the composition of the employment

pool is crucial for the propagation of the shock.
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Table 4.1: Effects of a negative productivity shock.

State of recovery over time
Variable 6 Qtrs 40 Qtrs

Output −2.99% −0.63%
Employment −6.40% +0.07%
Earnings −9.55% −0.97%

Human Capital −0.44% −0.64%
Piece− rate −8.72% −0.38%

(a) Difference between application strategies in Boom
and Bust for no-UI individuals by wealth

(b) Difference between learning time for average young
individuals in expansion and recession.

Figure 4.4: Decision rules by different dimensions of heterogeneity

4.2 Impact of Wealth Inequality on Recessions

To illustrate the importance of wealth heterogeneity in driving the aggregate response to a

recession, we conduct counterfactual experiments in which we subject the economy to the

same aggregate shock as above, but either increase or decrease the initial wealth dispersion.

Both counterfactuals take the form of a mean-preserving change in the wealth distribution.

Figure 4.5 reports the results; “spread decrease” and “spread increase” refer to a narrower

and wider initial wealth distribution, respectively. The exercises illustrate that a wider time-

0 wealth distribution amplifies the effect of a productivity shock on economic aggregates, in

particular average human capital. Notably, the effect on average human capital manifests

itself largely over the longer horizon rather than on impact. Lower wealth of the wealth-poor

amplifies the reduction in their human capital accumulation, but this does not instantly

produce large earnings losses as it takes time for these individuals to become a significant
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fraction of the employed human capital stock.

(a) Output (percent change) (b) Output per worker (percent change)

(c) Human Capital (employed, normalized to 1). (d) Unemployment rate (levels)

Figure 4.5: Effects of a negative productivity shock, various initial wealth distributions.

5 Conclusion

Our analysis makes a step toward understanding how an economy’s wealth distribution

shapes its labor market and productivity dynamics. The specific channel explored here has

to do with heterogeneous responses of on-the-job training by wealth. We show that our

heterogeneous-agent model implies a substantial drop in human capital in response to a

recession, and that this drop in human capital would be dampened under a less dispersed

wealth distribution.

Our findings have important policy implications. Even in the absence of aggregate un-

certainty, the framework used here implies that redistributive policies such as progressive
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taxation or unemployment insurance have the potential to not only provide insurance but

also increase aggregate earnings and human capital. They can do so by changing both the

job search strategies of the unemployed and the on-the-job training decisions of the employed.

With aggregate shocks, our findings suggest that such policies may also serve to dampen the

aggregate response to an aggregate downturn.

Our focus has been on the effects of the wealth distribution on economic aggregates.

Methodologically, our framework also naturally lends itself to a related but distinct question:

the heterogeneous effects of a recession by wealth. In particular, there is a well established set

of important results empirically documenting persistent earnings costs of job displacement

(Jacobson et al. (1993), Davis and von Wachter (2011)) and persistent earnings costs of

entering the labor market in a recession (Kahn (2010)), which has also spawned a substantial

theoretical literature incorporating these channels into labor market search models (see e.g.

Guo (2018), Wee (2013), Huckfeldt (2022), and Acabbi et al. (2023)). This literature has

abstracted, however, from the effects of wealth on labor market decisions, often assuming

risk neutral agents. Our analysis suggests that such scarring effects may differ systematically

by wealth through its effect on both job search and human capital. A full examination of

such heterogeneous effects is an important agenda for future research.
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A Estimation Tables and Figures

Table A.1: Estimated auxiliary parameters from elasticity and age-regression moments

Slopes and Intercepts by Wealth (PSID) Slopes and Intercepts by AFQT (NLSY) Late Career Employed Growth (PSID)

Var. Data Model P-Val Var. Data Model P-Val Var. Data Model P-Val

Age 0.0428 0.0511 0.0056 Age 0.0318 0.0321 0.3924 ∆ log(yt+1) -0.0203 -0.07181 0

(0.0030) (0.0014) (0.0064) (0.0015) (0.0075) (0.3258)

Q2 x Age -0.005358 -0.0004 0.1956 Q2 x Age 0.0016 -0.0037 0.0400 ∆ log(yt+2) -0.06164 -0.08980 0

(0.0051) (0.0026) (0.0022) (0.0021) (0.0094) (0.3562)

Q3 x Age -0.009965 -0.0011 0.0152 Q3 x Age 0.0015 0.0119 0 ∆ log(yt+3) -0.1018 -0.1057 0.41

(0.0036) (0.0019) (0.0014) (0.0020) (0.0014) (0.3760)

Q4 x Age -0.01292 -0.0014 0.0026 Q4 x Age 0.0081 0.0506 0 var(∆ log(yt+1)) 0.1299 0.0923 0

(0.0038) (0.0017) (0.0022) (0.0020) (0.0629) (0.3061)

Q5 x Age -0.0175 -0.0017 0.0010 Q5 x Age 0.0259 0.0408 0.0005 var(∆ log(yt+2)) 0.1755 0.0976 0

(0.0047) (0.0020) (0.0041) (0.0019) (0.0636) (0.3139)

Q2 0.1739 0.0156 0.1897 Q2 0.0531 0.1510 0.0658 var(∆ log(yt+3)) 0.2242 0.1236 0

(0.1598) (0.0830) (0.0699) (0.0637) (1.2101) (0.3526)

Q3 0.3977 0.0364 0.0018 Q3 0.1629 -0.2180 0 cov(∆ log(yt+1),∆ log(yt+2)) 0.0751 0.0478 0

(0.1088) (0.0603) (0.0543) (0.0635) (1.3244) (0.2196)

Q4 0.6233 0.0410 0 Q4 -0.04147 -1.0682209 0 cov(∆ log(yt+1),∆ log(yt+3)) 0.07851 0.0347 0

(0.1133) (0.0539) (0.0704) (0.0615) (0.3417) (0.1871)

Q5 0.8774 0.0545 0 Q5 -0.5702 -0.1372 0 cov(∆ log(yt+2),∆ log(yt+3)) 0.1030 0.0575 0

(0.1540) (0.0656) (0.1381) (0.2412)

Cons. 8.9360 9.0978 0.1113 Cons. 9.4300 9.3082 0.2565 Late Career Unemployed Growth (PSID)

(0.1247) (0.0452) (0.1805) (0.0461) Var. Data Model P-Val

Q1 x Age x (Age ¿= 40) -0.0420 -0.040736158 0.4077 Q1 x Age x (Age ¿= 40) -0.0206 -0.0305 0.0623 ∆ log(yt+2) 0.3135 0.3458 0.4945

(0.0048) (0.0025) (0.0026) (0.0059) (0.0026) (0.6008)

Q2 x Age x (Age ¿= 40) -0.03975 -0.0403 0.4763 Q2 x Age x (Age ¿= 40) -0.0343 -0.0256 0.2097 ∆ log(yt+3) 0.1512 0.2664 0.4802

(0.0084) (0.0040) (0.0100) (0.0036) (0.0443) (0.6100)

Q3 x Age x (Age ¿= 40) -0.0238 -0.0394 0.0002 Q3 x Age x (Age ¿= 40) -0.0214 -0.0159 0.2814 var(∆ log(yt+2)) 0.2119 0.2786 0.4567

(0.0039) (0.0021) (0.0091) (0.0032) (0.0624) (0.5736)

Q4 x Age x (Age ¿= 40) -0.0255 -0.0394 0 Q4 x Age x (Age ¿= 40) -0.0245 -0.0639 0 var(∆ log(yt+3)) 0.2506 0.3303 0.4567

(0.0034) (0.0015) (0.0015) (0.0028) (0.005) (0.5957)

Q5 x Age x (Age ¿= 40) -0.01461 -0.0389 0.0003 Q5 x Age x (Age ¿= 40) -0.0459 -0.0716 0 cov(∆ log(yt+2),∆ log(yt+3)) 0.0932 0.2664 0.4655

(0.0066) (0.0024) (0.0064) (0.0027) (0.0086) (0.5387)

Q1 x (Age ¿= 40) 1.639 1.5337 0.3247 Q1 x (Age ¿= 40) 0.7377 1.0803 0.1093

(0.2049) (0.1082) (0.1030) (0.2591)

Q2 x (Age ¿= 40) 1.597 1.5183 0.4218 Q2 x (Age ¿= 40) 1.3390 0.9097 0.1705

(0.3609) (0.1707) (0.4216) (0.1596)

Q3 x (Age ¿= 40) 0.8734 1.4886 0.0005 Q3 x (Age ¿= 40) 0.7940 0.5836 0.3058

(0.1658) (0.0885) (0.3892) (0.1420)

Q4 x (Age ¿= 40) 0.9885 1.4918 0.0004 Q4 x (Age ¿= 40) 0.9288 2.4940 0

(0.1385) (0.0584) (0.0847) (0.1208)

Q5 x (Age ¿= 40) 0.5070 1.4750 0.0008 Q5 x (Age ¿= 40) 1.8170 2.6537 0.0041

(0.2877) (0.1035) (0.2940) (0.1163)

Table A.2: Estimated auxiliary parameters from job-to-job transition rate by wealth

J2J Rate Q1 (NLSY) J2J Rate Q2 (NLSY) J2J Rate Q3 (NLSY) J2J Rate Q4 (NLSY) J2J Rate Q5 (NLSY)

Age Group Data Model P-Val Data Model P-Val Data Model P-Val Data Model P-Val Data Model P-Val

25 - 29 0.323 0.3964 0.0003 0.2232 0.3196 0 0.1907 0.2652 0 0.1959 0.2180 0.2260 0.1875 0.1897 0.4389

(0.0173) (0.0124) (0.0153) (0.0108) (0.0052) (0.0101) (0.0278) (0.0095) (0.0113) (0.0091)

30 - 34 0.2631 0.3072 0.0011 0.2167 0.2252 0.3048 0.1807 0.1738 0.2856 0.1434 0.1456 0.4163 0.1414 0.1591 0.0887

(0.0072) (0.0125) (0.0126) (0.0110) (0.0072) (0.0099) (0.0053) (0.0092) (0.0094) (0.0091)

35 - 39 0.2923 0.2784 0.3022 0.2389 0.1892 0.0072 0.1788 0.1525 0.0552 0.1486 0.1314 0.1555 0.1259 0.1675 0.0182

(0.0219) (0.0156) (0.0154) (0.0133) (0.0111) (0.0122) (0.0125) (0.0115) (0.0163) (0.0113)

40 - 44 0.2537 0.2620 0.4124 0.1839 0.1764 0.3513 0.1648 0.1480 0.4626 0.1575 0.1604 0.4626 0.1331 0.1583 0.0323

(0.033) (0.0167) (0.0124) (0.0147) (0.0213) (0.0136) (0.0279) (0.013) (0.0073) (0.0115)

45 - 49 0.2207 0.2481 0.2085 0.2223 0.1745 0.0594 0.1948 0.1525 0.1841 0.1679 0.1903 0.1403 0.1447 0.1473 0.4462

(0.0268) (0.0206) (0.0246) (0.0183) (0.0437) (0.0173) (0.0142) (0.0151) (0.0145) (0.0121)

50 - 54 0.1897 0.2336 0.1724 0.2451 0.1658 0.0147 0.1443 0.1655 0.2919 0.1753 0.2068 0.1449 0.1244 0.1416 0.033

(0.0343) (0.0313) (0.0228) (0.0284) (0.0284) (0.0262) (0.0205) (0.0216) (0.0286) (0.0170)
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Table A.3: Estimated auxiliary parameters from job-to-job earnings growth by wealth

J2J Growth Q1 (NLSY) J2J Growth Q2 (NLSY) J2J Growth Q3 (NLSY) J2J Growth Q4 (NLSY) J2J Growth Q5 (NLSY)

Age Group Data Model P-Val Data Model P-Val Data Model P-Val Data Model P-Val Data Model P-Val

25 - 29 0.1836 0.3800 0 0.1570 0.2824 0 0.1453 0.2134 0 0.1796 0.1649 0.0995 0.1716 0.1132 0.0183

(0.0075) (0.0073) (0.0088) (0.0068) (0.0142) (0.0063) (0.0093) (0.0066) (0.0272) (0.0065)

30 - 34 0.1685 0.2465 0 0.1543 0.1517 0.3581 0.1315 0.1017 0 0.1211 0.0694 0 0.1290 0.0450 0

(0.0077) (0.0063) (0.0046) (0.0054) (0.0014) (0.0059) (0.0102) (0.0060) (0.0083) (0.0055)

35 - 39 0.1401 0.2001 0.0049 0.1324 0.1167 0.2444 0.1129 0.0773 0 0.0893 0.0635 0.0351 0.1185 0.0285 0

(0.0219) (0.0077) (0.0211) (0.0081) (0.0030) (0.0081) (0.0114) (0.0086) (0.0147) (0.0067)

40 - 44 0.1151 0.1822 0.0001 0.1052 0.1027 0.4664 0.1086 0.0774 0.0634 0.09587 0.0624 0.0402 0.1134 0.0188 0

(0.0162) (0.0096) (0.0281) (0.0103) (0.0175) (0.0105) (0.0166) (0.0095) (0.0098) (0.0074)

45 - 49 0.1089 0.1740 0.0013 0.1486 0.1009 0.1686 0.05793 0.0812 0.2401 0.1177 0.0648 0.1268 0.0955 0.0128 0.0026

(0.0181) (0.0120) (0.0480) (0.0130) (0.0298) (0.0138) (0.0453) (0.0101) (0.0285) (0.0079)

50 - 54 0.1029 0.1668 0.0397 0.1500 0.0992 0.3506 0.1902 0.0926 0.0055 0.0831 0.0691 0.3782 0.0440 0.0088 0.1294

(0.0307) (0.0196) (0.1306) (0.0215) (0.0313) (0.0143) (0.0292) (0.0110) (0.0292) (0.0171)
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