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Abstract

We study how aggregate financial conditions shape the extent of firm insurance and, through it,
labor income risk. In a directed search model with dynamic wage contracts and two-sided limited
commitment, firms partially insure workers against idiosyncratic shocks, but this insurance
erodes when risk premia rise and employment relationships lose value. The model predicts that
the pass-through of firm shocks to worker earnings rises in bad times, especially for lower-paid
workers near the separation margin, which is consistent with new evidence we document using
U.S. administrative data. It also reproduces a broad set of features of earnings risk across workers
and over time. We use the model to quantify objects the earnings process alone cannot identify:
substantial welfare costs of idiosyncratic risk, high private discount rates on human capital, and

large welfare gains from recession-contingent labor market transfers.
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Workers face large and heterogeneous earnings risks that vary systematically over the business
cycle.! Implicit contracts could in principle buffer part of this risk by smoothing labor income over
time (Baily, 1974; Azariadis, 1975). Yet firm insurance is incomplete and varies across workers (Guiso,
Pistaferri, and Schivardi, 2005; Friedrich, Laun, Meghir, and Pistaferri, 2019; Chan, Xu, and Salgado,
2019). There remain gaps in our understanding of what determines the extent of this insurance,
whether it deteriorates when aggregate financial conditions worsen, and how that variation shapes the
cyclical dynamics of worker earnings and the valuation of human capital. Crucially, these earnings
and employment dynamics are equilibrium outcomes of workers’ and firms’ choices, so recovering
their welfare cost—or how policy would alter them—requires a structural model of why they occur.

We develop a directed search model with endogenous firm insurance and time-varying risk
premia to study how financial conditions drive labor income risk. Firms partially insure risk-averse
workers through dynamic wage contracts, but neither firms nor workers can commit to continue
a match that yields less than its outside option. When risk premia rise, the value of employment
relationships falls, limited-commitment constraints tighten, and the scope for firm insurance shrinks.
Workers therefore lose insurance precisely when labor markets are slack and job prospects are weak.

In the model, shocks are partially passed through to worker earnings along both intensive (earnings
of job stayers) and extensive margins (probability of separation and reemployment earnings of job
losers). Within continuing matches, optimal contracts trade off an insurance motive, which smooths
wages against idiosyncratic shocks, and a retention motive, which backloads compensation to deter
on-the-job poaching. For higher-wage workers who remain employed, pass-through operates mainly
through wage adjustment within continuing matches, where the retention motive is strongest. For
lower-wage workers, by contrast, pass-through operates mainly through endogenous job destruction:
because they are close to the separation threshold and their gains from employment are especially
backloaded, higher risk premia make these matches fragile and job loss costly.

Our model also generates large, persistent, and countercyclical scarring effects of job loss on
earnings. Workers who lose their jobs in bad times—whether through endogenous destruction or
exogenous displacement—face weaker hiring prospects, lower surplus upon reemployment, and less
insurance in newly formed matches. Workers who enter the labor market in bad times face the same
combination of weak hiring prospects and low-surplus matches. As a result, even temporary spikes
in risk premia can have persistent effects on earnings and employment. However, our model adds
nuance to the interpretation of these patterns, since worker choices influence them: they partially
reflect outside options in nonemployment which are less sensitive to aggregate shocks than the value

of employment.

'Individual income growth rates are highly volatile and feature fat tails, countercyclical left-tail risk, and large
differences in volatility across income groups (Guvenen, Ozkan, and Song, 2014; Guvenen, Karahan, Ozkan, and
Song, 2021). Earnings losses from job displacement are large and roughly twice as large in recessions (Davis and
Von Wachter, 2011). Unemployment fluctuates sharply over the business cycle, far more than can be explained by
productivity fluctuations alone (Shimer, 2005). Worker separations are strongly countercyclical.



We inform our model using a new empirical object: the interaction between firm-specific shocks
and aggregate risk premia in worker earnings. In our model, higher risk premia lower match
surplus, tighten limited-commitment constraints, and make low-surplus matches more fragile, thereby
reducing the scope for firms to smooth idiosyncratic shocks. A key prediction is therefore that the
pass-through of firm-level shocks rises with risk premia, with the amplification concentrated among
workers near the separation margin and operating primarily through job loss.

In U.S. administrative data, we show that the pass-through of firm-specific TFP shocks to
worker earnings rises with aggregate risk premia, especially for lower-paid workers. Because elevated
risk premia increase the probability that adverse firm shocks induce job loss, the amplification is
concentrated among workers who separate from their initial employer rather than among job stayers.
Further tests suggest these results are not driven by standard business cycle channels. First, we rank
workers based on their earnings relative to other workers in the same firm, which eliminates much of
the concern that firm-level differences drive the observed patterns. Second, controlling for aggregate
conditions (growth in GDP, or an NBER recession indicator) leaves our estimates unchanged.

We calibrate the model to jointly match asset pricing moments, labor market dynamics, and
the heterogeneous pass-through of firm and aggregate shocks to worker earnings. A central object
is the value of nonemployment, which is not directly observed but which we infer from the level
and cyclicality of separation and job-finding rates across income groups, building on Meeuwis,
Papanikolaou, Rothbaum, and Schmidt (2025). The model rationalizes the evidence we document by
making this value less sensitive to productivity and less backloaded than the value of employment, so
that separation rates—especially for low-income workers—respond strongly to risk premia, limiting
the scope for firm insurance in bad times. This discipline allows our calibrated economy to reproduce
realistic unemployment fluctuations, worker flows (overall and across income groups), and labor
market tightness, both in unconditional moments and along the realized path of risk premium shocks.

As validation, we show that the model reproduces a broad set of features of earnings risk that
we do not target in the calibration. Under the optimal contract, wages are stable when limited-
commitment constraints are slack but adjust sharply when they bind or when the match dissolves.
This nonlinear mapping from productivity shocks to earnings generates non-Gaussian earnings
dynamics even though the model’s underlying shocks are Gaussian. The implied distribution of
individual earnings growth matches the fat tails, excess kurtosis, and negative skewness documented
by Guvenen et al. (2021), with model kurtosis 11.3 versus 14.9 in the data. The model also
quantitatively replicates many facts about how earnings risk varies across workers, including declining
volatility over most of the income distribution, higher volatility for movers than stayers, substantial
dispersion in cumulative lifetime earnings growth and lifetime employment rates, and the rise in
left-tail earnings risk in downturns. As in the data (Catherine, 2022; Schmidt, 2025), stock market

declines are associated with more negatively skewed distributions of earnings growth, with the model



generating a time series of downside risk similar to its empirical counterpart from Guvenen et al.
(2014). In addition, it generates large and persistent earnings losses from job displacement that are
amplified in recessions (Davis and Von Wachter, 2011), as well as persistent earnings shortfalls for
cohorts entering the labor market during downturns (Kahn, 2010; Schwandt and von Wachter, 2019).

Next, we use our model to quantify objects that the earnings process alone cannot identify:
the welfare cost of idiosyncratic risk, the value of human capital, and the effects of labor market
policies. Each depends on how much workers value nonemployment and on how employment and
wages respond to shocks and policy—equilibrium outcomes of workers’” and firms’ choices. The cost
of job loss illustrates the distinction between earnings losses and welfare losses. A worker’s earnings
fall sharply after an exogenous separation, but the value of nonemployment offsets part of the loss,
so her welfare loss is far smaller than her earnings loss; for a worker who separates endogenously, it
is zero. This gap between earnings and welfare losses is largest for low-paid workers, who face the
highest job-loss risk, and it resolves a long-standing puzzle—why firms let workers go rather than
retain them at lower pay (Bewley, 1999)—because a match near the separation margin has little
surplus left to preserve. More generally, normative analysis requires an equilibrium model in which
the values workers place on employment and nonemployment are consistent with the endogenous
earnings risk they face. We next use our model to perform two quantitative experiments.

First, we quantify the welfare cost of uninsurable idiosyncratic risk. Firm insurance is incomplete,
leaving workers with large and heterogeneous exposures that have first-order implications for welfare.
Even with modest aversion to idiosyncratic risk, a worker would require a permanent consumption
increase of more than 30 percent to be compensated for bearing it. Although substantial, this cost
is smaller than in models that treat the income process as exogenous and assign a low value to
nonemployment (Krebs, 2007; De Nardi, Fella, and Paz-Pardo, 2020; Constantinides, 2024; Guvenen,
Ozkan, and Madera, 2024): our model infers a higher value of nonemployment, disciplined by
observed labor market behavior, which lowers the welfare cost of risk—especially for lower-paid
workers for whom separation risk is highest. Idiosyncratic risk also depresses the value of human
capital: the implied private discount rate rises from about 7 to 9 percent per year for the median
worker, and from 13 to 16 percent for low-wage incumbents, who face the most volatile earnings
paths. Workers with higher expected earnings growth—low-experience workers, a rough proxy for
the young—face even higher discount rates.

Second, we evaluate different labor market policies, internalizing how policy changes endogenously
affect workers’ labor supply decisions, firms’ labor demand, and optimal contracts. We find that
recession-contingent unemployment subsidies raise ex-ante welfare; these welfare gains do not reflect
higher mean consumption—mean consumption is in fact lower than without policy—but optimal
insurance provision. The gains are driven by reallocating consumption across time (from good to

bad aggregate states) and across workers (toward those near the separation margin, where marginal



utility is highest). These policies, however, dampen incentives to work, lowering average employment
and output. Employment subsidies operate on a different margin: they support employment and
output but provide less insurance, because they direct resources toward more productive workers
who are more likely to remain employed. The optimal policy balances insurance against employment
support—the welfare-maximizing policy heavily emphasizes insurance, while sustaining higher
employment shifts this mix toward employment subsidies.

Our paper connects several strands of literature that have largely developed in parallel. One
strand studies how discount rate shocks and financial conditions affect employment and labor
market allocations (Hall, 2017; Kehoe, Midrigan, and Pastorino, 2019; Kehoe, Lopez, Midrigan, and
Pastorino, 2023; Meeuwis et al., 2025); the other studies long-term contracts and firm insurance in
frictional labor markets (Rudanko, 2011; Balke and Lamadon, 2022; Acabbi, Alati, and Mazzone,
2026). Relative to prior work, our framework emphasizes how the extent of firm insurance varies
with aggregate financial conditions and how this interaction shapes both earnings risk and labor
market allocations. Meeuwis et al. (2025) show that, in a model with exogenous wage contracts and
complete markets, risk premium shocks disproportionately reduce the earnings and employment of
lower-paid workers, and that this pattern is distinct from the generic fact that low-wage workers
fare worse in downturns. In addition to endogenizing wage dynamics with incomplete risk sharing
and risk averse households, we further ask whether aggregate financial conditions alter the extent to
which firms insure workers against firm-specific shocks. Endogenous wage contracts are essential
for this question: they allow us to interpret variation in pass-through as variation in firm-provided
insurance, to trace its implications for worker welfare, and to evaluate labor market policies in a
setting where wages respond to policy changes.

Malgieri and Citino (2025) also study how aggregate financial frictions affect workers’ earnings.
A key difference, however, is that risk premium shocks in our model affect both firms and workers,
whereas their financial friction affects firms only. Because their model also features firing costs,
tighter financial frictions can lead firms to borrow from workers—in effect, workers insure firms by
remaining in low-surplus matches. That channel is absent here. As a result, their mechanism operates
through the wage dynamics of continuing workers, whereas in our setting quantitatively important
effects also operate through the extensive margin. Relatedly, Souchier (2023) and Nattinger and
Rothbaum (2025) study how long-term contracts shape workers’ earnings exposure to productivity
shocks and firm-level volatility shocks, respectively. More broadly, Michelacci and Quadrini (2009)
show how financial constraints affect the wage profiles firms offer workers, while Kehoe et al. (2019)
shows how debt constraints reduce the value of employment relationships and depress job creation.

Our model’s implications for earnings risk also relate to a broader literature that explains
similar facts through different, often complementary mechanisms. Hubmer (2018) shows that a job

ladder model can account for non-Gaussian earnings growth through frictional job mobility and



employment transitions. Our model adds additional richness but abstracts away from the job ladder:
nonlinear wage contracting generates non-Gaussian earnings dynamics within matches, while cyclical
variation in earnings risk arises mainly through the extensive margin. Huckfeldt (2022) and Acabbi
et al. (2026) explain the scarring effects of recessions through selective hiring and the collapse of
human capital ladders, providing mechanisms that are complementary to our discount-rate-based
channel (see also Moscarini and Postel-Vinay, 2018, for a survey on cyclical job ladders). Ai and
Bhandari (2021) study optimal dynamic contracts between workers subject to idiosyncratic shocks
and diversified owners that can generate a time-varying price of aggregate risk. In their framework,
countercyclical tail risk in idiosyncratic productivity is exogenous and gives rise to endogenous
variation in risk premia (see also McKay, 2017, for a study of implications of exogenous cyclical
variation in tail risk for aggregate consumption). To our knowledge, our paper is also the first to
quantitatively replicate the cyclical pattern documented in Guvenen et al. (2014) endogenously,
where countercyclical tail risk in earnings growth arises in periods of elevated risk premia.

Our empirical analysis also relates to the literature on firm insurance. Guiso et al. (2005) show
that firms partially insulate workers from shocks to firm performance, while Friedrich et al. (2019)
and Chan et al. (2019) document heterogeneity in the pass-through of firm shocks to worker earnings
across the earnings distribution. We show that this pass-through also varies systematically over
time with aggregate risk premia, with the amplification concentrated among lower-paid workers and
closely tied to the extensive margin.

Finally, we relate to the literature on optimal policies over the business cycle. A large literature
studies how unemployment insurance and related labor market transfers should vary over the
business cycle, weighing the insurance value of transfers against search incentives and macroeconomic
stabilization (Mitman and Rabinovich, 2015; Jung and Kuester, 2015; Kroft and Notowidigdo,
2016; Landais, Michaillat, and Saez, 2018b,a; McKay and Reis, 2021; Kekre, 2023). Our model
highlights a distinct rationale for recession-contingent transfers: when risk premia rise, employment
relationships lose value, limited-commitment constraints tighten, and firm-provided insurance erodes,
so public transfers substitute for private insurance precisely in the states—and for the workers—
where marginal utility is highest. Another related argues that financial conditions and risk premia
are central to monetary transmission so that central should explicitly stabilize them (Curdia and
Woodford, 2010; Caballero and Simsek, 2020; Bauer, Bernanke, and Milstein, 2023; Kashyap and
Stein, 2023; Caballero, Caravello, and Simsek, 2024). While we abstract away from the aggregate
demand externalities emphasized in that literature, our model points to potential new rationales for
monetary policy to target financial conditions. In our framework, risk premia also govern the extent
of firm insurance and the incidence of job destruction, so policies that stabilize financial conditions
could additionally stabilize the level, cyclicality, and distributional incidence of labor income risk.

Taking stock, the paper makes two main contributions. First, a single mechanism—a time-



varying risk premium acting through optimal dynamic contracts—provides a unified explanation for
a broad set of facts about how earnings risk and mobility vary over time and across workers, and
for the level and cyclical variation in workers’ exposures to firm-level shocks. Second, because this
earnings risk is an equilibrium outcome of workers’ and firms’ choices rather than an exogenous
process, the model can recover objects that earnings data alone cannot: the welfare cost of risk, the
value of human capital, and the effects of policies to which employment and wages respond. The
remainder of the paper is organized as follows. Section 1 presents the model, and Section 2 discusses
its key mechanisms. Section 3 presents the empirical evidence on heterogeneous and time-varying
pass-through of shocks to earnings and describes the calibration. Section 4 evaluates the model’s fit.

Section 5 studies how state-dependent exposure shapes earnings risk, valuation, and policy.

1 Model

The model features a frictional labor market (Diamond, 1982; Mortensen, 1982; Pissarides, 1985)
in which firms partially insure workers through dynamic contracts subject to limited commitment
and time-varying risk premia. Workers are risk averse, heterogeneous, and subject to persistent
productivity shocks. Firms search for workers through a directed search process (Montgomery, 1991;
Moen, 1997). Firms cannot commit to continue matches that ex post yield negative value, so when
surplus falls they either cut wages to restore profitability or terminate the match. As in Kehoe et al.
(2019, 2023), worker productivity grows faster in employment than in nonemployment. The model
also features on-the-job search (Postel-Vinay and Robin, 2002), which generates a retention motive
in wage setting.

We model risk premium shocks as shifts in agents’ effective risk aversion toward aggregate risk.
These shocks induce fluctuations in the effective discount rates that workers and firms apply to
risky future cash flows, in the spirit of Lettau and Wachter (2007) and Meeuwis et al. (2025). A
rise in risk premia lowers the value of risky future payoffs. Because hiring and retention decisions
depend on the present value of uncertain future surplus, fluctuations in risk premia affect labor
market allocations directly. They also change the surplus available within the match and, through

that channel, the amount of insurance firms provide workers.

1.1 Environment

Time is discrete. There is a unit measure of ex ante identical workers and a large number of ex ante
identical firms. Workers differ in productivity and can be employed, unemployed and searching, or
out of the labor force. Firms produce output with labor and post vacancies targeted to workers of

specific productivity types.



Timing

Fach period consists of five stages:

1. A fraction ¢ of workers die and are replaced by new nonemployed workers, and aggregate and

worker-level productivity shocks are realized.

2. A fraction s of existing matches is destroyed for exogenous reasons, and the remaining worker—

firm pairs decide whether to continue or terminate their match.

3. Firms randomize the continuation values promised to surviving workers over a two-point

lottery. This randomization ensures concavity of the firm’s value function.

4. Search and matching take place. Employed workers receive an opportunity to search on the
job with probability y, unemployed workers search for new jobs, firms post vacancies, and
new matches are formed. Following Balke and Lamadon (2022), the current employer cannot

match a worker’s outside offer ex post, so a successful outside offer ends the existing match.

5. Continuing and newly formed matches produce output and pay wages. Nonemployed workers
then choose whether to enter the unemployment pool and search next period or to remain out
of the labor force, receiving the corresponding flow payoff.

Production

The output produced by employed worker ¢ at time ¢ is
Y (i) = Athipzighig. (1)

Here, A; is aggregate productivity, while h; ¢, 2+, and \;; are components of worker productivity.
We summarize the worker’s productivity state by € ; = (hi, 2it, Ait)-

Aggregate productivity follows a random walk with drift:
AlogApp1 = pa+oacaitt, €ai+1 ~ N(O,1). (2)
The first component of worker productivity, h, is permanent and evolves according to
Alog hi 41 = it + Onenit+1, Ehjii+1 ~ N(0,1). (3)

We interpret h as general human capital that grows with experience. Its growth rate depends on
the worker’s employment status, with g;+ € {gr, go}. As in Ljungqvist and Sargent (1998), human
capital grows faster in employment than out of employment, so gg > go.

The second component, z, follows a mean-reverting process:

log zit41 = . logzis + (1 — ;) log 2 + 064 141, €xit+1 ~ N(0,1). (4)



Unlike h, which captures general human capital, z captures a component of worker productivity
that matters primarily in employment. We model this distinction by assuming that the flow values
of unemployment and nonparticipation scale perfectly with h but only imperfectly with z. As a
result, shocks to h do not affect labor market allocations, whereas shocks to z do.

The third component of worker productivity, A € {5\ LA i}, captures experience accumulated
while employed. While the worker remains employed, A evolves according to
1—-f f

0o 1|

T = (5)
An inexperienced worker becomes experienced with probability f each period, and an experienced
worker remains experienced as long as employment continues. Unlike h, which captures general
human capital that accumulates gradually over time, A is lost when the worker passes through
nonemployment and is reset to Ar. By contrast, a worker who moves directly from one job to
another without a nonemployment spell retains her A\ type. As with z, A affects productivity in
employment but not the flow value of nonemployment.

Newborn workers enter the economy at time (7)) without a job and with low employed experience,
Aito(s) = M. Their initial permanent human capital is i to(i) = h, and their initial z is drawn from

10g 2 4(s) ~ N (log 2, 0%).
Worker Preferences and Payoffs

Workers care about consumption. Their lifetime utility is defined recursively by
1
V;,t = {Cz‘l,tipy + 4 (1 - C) E [Ft+1 ‘/z’lt;z | fi,t} } e (6)

Here, V;; is utility in consumption units, and F;; is worker i’s information set at date ¢. This
recursion follows Epstein and Zin (1989), with one modification: attitudes toward aggregate risk are

governed by
L 5
Iiy1 =exp 5T T TEA (7)
where the effective degree of risk aversion toward aggregate shocks varies over time according to
log i1 = the logay + (1 — hy) log @ — o5 €a 41 (8)

Equation 8 implies that risk premia are perfectly negatively correlated with aggregate productivity
shocks, in line with Campbell and Cochrane (1999); Kehoe et al. (2023), which simplifies the
numerical solution of the model.

Equations (6)—(8) imply that workers evaluate continuation utility under a distorted conditional
distribution for the aggregate shock €4 ¢+41. The Radon-Nikodym derivative in (7) captures this

distortion. Appendix A.1 shows that this specification can be microfounded by ambiguity aversion



over the aggregate shock ¢4, in the spirit of Hansen and Sargent (2001). The degree of ambiguity
aversion varies over time through x;. An alternative interpretation is that agents hold distorted,
pessimistic beliefs about future aggregate shocks, with (7) capturing the deviation from the objective
distribution.

The time variation in effective risk aversion applies only to aggregate shocks, not to idiosyncratic
productivity shocks. Workers therefore exhibit source-dependent risk aversion, as in Skiadas (2013):
aversion toward aggregate risk varies over time with z;, while aversion toward idiosyncratic risk is
constant at 7. The elasticity of intertemporal substitution is 1/7.

Workers are hand-to-mouth: they do not save or borrow. Employed workers therefore consume
their wage, so ¢;; = w; ;. Nonemployed workers receive and consume an outside-option payoff that

depends on whether they search. Workers who enter the unemployment pool and search consume
be(Q) = Ay h (by + b1 2). (9)

As in Hall (2017) and Kehoe et al. (2023), the opportunity cost of employment scales one-for-one
with aggregate productivity A and permanent human capital h, consistent with Chodorow-Reich
and Karabarbounis (2016). Following Kehoe et al. (2019), we also allow it to depend on worker
productivity z in order to match labor market flows across the earnings distribution.

Workers who do not search and remain out of the labor force consume

ny(Q) = n A h. (10)

Unlike unemployment benefits, nonparticipation does not depend on z. This captures the idea
that unemployment benefits are imperfectly tied to prior earnings, whereas nonparticipation is
not. It also helps keep labor-force participation from being too cyclical, consistent with the data

(Mukoyama, Patterson, and Sahin, 2018).

Firms and Financial Markets

Firms are owned by infinitely lived shareholders. Shareholders collect output, pay wages, post
vacancies, and maximize the present value of profits. Their preferences take the same recursive form
as in (6), with two differences. First, shareholders are infinitely lived, so ( = 0. Second, they are
fully diversified and therefore bear no idiosyncratic risk. We capture this by setting v = 0, which in
our preference specification also implies an infinite elasticity of intertemporal substitution.
These assumptions imply that the price of a claim to a future cash-flow stream X is
o /T
Py ZEt{Z (H At+s> Xt+7}, (11)
=1 \s=1

where the one-period stochastic discount factor is

1
Ay = PBexp {—295? — $t€A,t+1} ) (12)



Thus, the shareholders’ stochastic discount factor has the same form as in Lettau and Wachter

(2007), with the risk-free rate pinned down by /.

Directed Search and Matching

Nonemployed workers decide each period whether to search for a job. Employed workers also receive
an opportunity to search on the job, with probability
P2

Q - —=.
X =75

(13)

Thus, the search pool consists of unemployed workers and a subset of employed workers who receive
an on-the-job search opportunity.

Firms post vacancies directed at workers of a given productivity type. Labor markets are
competitive: in each period, firms can freely enter any market. The per-period cost of posting a

vacancy directed at worker type {2 is

Ht(Q) = Ro At hzkl. (14)

As in Afrouzi, Blanco, Drenik, and Hurst (2024); Meeuwis et al. (2025), vacancy posting becomes
more costly for more productive workers. Scaling vacancy costs with A and h ensures a nondegenerate
limiting employment distribution, while allowing costs to rise with z helps the model match the
weak dependence of job-finding rates on prior earnings in the data.

Vacancies are directed not only at worker type €2 but also at a promised lifetime utility value V.
Labor markets are therefore organized into submarkets (€2, V). Workers who search choose which
submarket to enter, taking as given their current productivity type Q and the utility value offered
by each market.

In each submarket, matches depend on market tightness § = v/u, where u is the measure of
searchers and v is the measure of posted vacancies. Following den Haan, Ramey, and Watson (2000),
the matching function is

uv

m(u, V) = 7(11}1 n ya)l/a.

(15)

This specification implies bounded job-finding and vacancy-filling rates. In particular, the probability
that a vacancy is filled is ¢(f) = (1 + #%)~'/®, and the probability that a searcher finds a job is
p(8) = 6(1+ )1/,

1.2 Labor Market Search and Contracting

Firms partially insure workers through dynamic labor contracts. A contract specifies the wage paid
to an employed worker as a function of the worker’s productivity history, which is observable to

both parties and contractible. Worker search decisions on the job, however, are private information

10



and are not contractible. Workers and firms also have limited commitment: either side can walk
away from a match that delivers less than its outside option.

Apart from these frictions, the contract is fully flexible, so the pass-through of aggregate and
idiosyncratic shocks to wages is determined endogenously. Following Spear and Srivastava (1987), we
summarize the relevant history by the worker’s current promised utility, which keeps the state space
tractable. Thus, the optimal contract solves a dynamic problem with forward-looking constraints

and assigns a promised utility V' to a worker of type (.

Worker Problem

Employed workers decide whether to keep their current match. Job seekers, whether unemployed or
employed, choose which submarket to search in. Nonparticipants decide whether to enter the search

pool next period.

Continuation decision. Consider a worker in an existing match that has not been exogenously
destroyed. Let V,.2(2) denote the worker’s value of nonemployment. Limited worker commitment
implies that a worker with continuation value V, remains in the match if and only if V,¢ > V,2(Q);

otherwise, she leaves for nonemployment.

Worker directed search. Consider a worker who searches for a new job in the current search-
and-matching stage. Her current outside option is V', which may be the value of unemployment or
the value of her current job. If she is already employed, the current firm cannot match a successful
outside offer ex post; instead, it can only affect the probability of retention in advance through
the continuation value it promises. Given productivity type {2, she chooses the submarket that
maximizes the expected gain in lifetime utility:

Pl=v _ yl-v

- (16)

Ri(Q,V) = Sup p(0:(2,V))

Thus, the worker trades off the probability of finding a job against the utility gain conditional
on finding one. We denote the solution by V} (€2, V') and the associated job-finding probability by
pi(Q, V) = p(0,(2,V(2,V))). For a worker in an existing match, the implied retention probability

for the firm is
Participation decision. Consider a worker of type {2 who ends the current period in nonemploy-

ment. Next period, she either remains out of the labor force, which yields value V;V(Q), or enters the

unemployment pool and searches, which yields value VU (Q2). Her nonemployment value is therefore

V2 (9) = max{V¥ (), ;" (0)}. (18)

11



A worker who remains out of the labor force receives the nonparticipation payoff (10) and, conditional

on surviving, stays nonemployed next period. Her continuation value is
1
VN ©) = {n()' 7+ (1= O Bra D V(@) ]} (19)

An unemployed worker receives unemployment benefits (9) and, conditional on surviving, searches

in the next search-and-matching stage. Her continuation value is

1

V(@) = {07+ B(1 = Q) Era [Ten { V21 ()7 + (1 = 9) Rt (2, V(@) }] ] (20)

Firm Problem
Due to the linear production technology, the firm’s problem can be analyzed individually for each job.

Continuation decision. Let JFC(Q, V%) denote the value to the firm of continuing a match in
the second stage when the worker has promised utility V. Limited firm commitment implies that
the firm terminates the match whenever JF¢(Q, V%) < 0, its outside option. Combining this with
limited worker commitment, the continuation decision is

1 if JFO(Q,VE) >0 and VC > VO(Q),
17(Q,v0) = CRvE - (21)

0 otherwise.

Randomization. In the third stage, the firm chooses the continuation utility V*° promised to a
worker who stays rather than leaving through on-the-job search. The promise-keeping constraint
requires that the worker’s ex ante value equal the value promised previously. As in Thomas and
Worrall (1990), the firm may randomize over continuation utilities in order to preserve concavity
of the value function J. In particular, it chooses probabilities 7; and promised utilities VjS over a

two-point lottery:

2

HEQVE) = max 3w p( V) Q) (22)
TV =1
j , o
st VO (Em{ e x@u-n @V} T @)
j=1

Vacancy posting. The value to a firm of posting a vacancy directed at workers of type €2 and

promising utility V' is
(2, V) = —r(Q) +q(6:(2, V) I3 (2, V). (24)

A firm posts such a vacancy if and only if IT;(£2, V') is weakly positive. With free entry, vacancies

are posted until expected profits are nonpositive in every submarket:

IL(2,V)<0 V(EQ,V), (25)
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with equality whenever 6;(2, V') > 0.

Optimal dynamic contract. Consider a worker who remains employed through the final stage of
the period. Let V° denote her current continuation value. The contract delivers this value through
two objects: a current wage w, which the worker consumes today, and a state-contingent promised
continuation value V¢ for the next period, conditional on the match surviving until the end of the

second stage. Promise-keeping requires that these objects satisfy

VS = {wlf’y +B(1=)Eeq {Ft_H{Vtgl(Q/)lf»y i
+(1—8)18 (€, VC’)((VC’)PV _ Vt(il(Q/)ky) H }ﬁ

The firm chooses the current wage w and the state-contingent promised utility V¢’ to maximize the
value of the match:

THQUVE) = max (@) —w+ (1= Q0 = ) Bua[Aen 15, (¥, V) JEG@, V], )
w,

subject to the promise-keeping constraint (26), which holds with equality along the equilibrium path.

1.3 Competitive Search Equilibrium

We construct a competitive search equilibrium in the spirit of Montgomery (1991) and Moen (1997).
An equilibrium consists of firm and worker value functions, contract and search policies, market
tightness in each submarket, and distributions of workers and vacancies across states and submarkets.

The model admits a block-recursive equilibrium.

2 Model Mechanisms

This section uses the model’s numerical solution to illustrate the mechanisms behind the main

predictions.

2.1 Job-Finding and Separation Rates

Higher risk premia x reduce vacancy creation and lower job-finding rates (Figure A.1). They also
raise both the separation threshold z*(z,\) and the participation threshold z(x), increasing job
destruction and reducing labor force participation (Figure A.2). The mechanism follows Kehoe et al.
(2019, 2023); Meeuwis et al. (2025): employment payoffs are more backloaded than nonemployment
payoffs, so an increase in risk premia lowers the value of a match relative to nonemployment. This
effect is strongest for low-productivity (z) and low-experience (\) workers, whose productivity is
expected to grow the most and whose matches have the least surplus.

The novel element is worker risk aversion. Figure A.2 compares the baseline thresholds with a

counterfactual in which workers are risk neutral over idiosyncratic shocks. In the numerical solution,
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risk aversion raises the level of both thresholds. With incomplete markets and limited commitment,
employment exposes workers to substantial idiosyncratic risk. Risk-averse workers therefore value
the uncertain, backloaded payoffs from employment less than risk-neutral workers do, which lowers
match surplus and shifts more workers into nonparticipation and more matches into separation.
Risk aversion also lowers the slope of the thresholds with respect to risk premia. Separation
destroys the partial insurance that firms provide against both aggregate and idiosyncratic risk. When
risk premia are high, nonemployment becomes riskier as well: unemployment spells are expected to
last longer, duration uncertainty rises, human capital erodes more during nonemployment, and newly
formed matches provide less insurance, especially for workers near the separation threshold. These
forces make separation and nonparticipation especially costly for low-productivity workers when risk

premia are elevated, which dampens the response of z* and z to x relative to the risk-neutral case.

2.2 Firm Insurance and Wage Dynamics

A central feature of the model is that firms partially insure risk-averse workers through optimal
dynamic contracts. Two forces shape the wage path. The first is an insurance motive: firms smooth
wages to shield hand-to-mouth workers from idiosyncratic risk. The second is a retention motive:
firms backload compensation to deter on-the-job poaching. We discuss each in turn and then

illustrate how wages respond to shocks. Appendix A.2 provides further details.

Optimal wage path. Along any path on which neither limited commitment constraint binds—
that is, VY > V,2,(Q) and JES (Y, VY") > 0—the firm’s first-order conditions, together with
the promise-keeping constraint (26), imply the following condition linking the current wage to the

worker’s continuation value:

QJFC(Q/ VC’/) [VC,}_’Y
R Cn—y _ t+1 ’ —
w B Ft+1[v ] / l AH‘l oVt 8‘]5—01 ., venl’ (28)
marginal effect of B over
VC on lifetime utility marginal cost to
(per unit probability) firm of providing V¢’
(per unit probability)
which (abstracting from randomization) can be rearranged to yield:
N 1/
/ Ve 9 log pr 1 (2, V)
— = 14— JSw,vY ’ . 29

Equation (28) is a Borch-style risk-sharing condition within the match: the ratio of the worker’s
marginal utility of promised value to the firm’s marginal cost of providing it is equalized across
states in which neither limited commitment constraint binds. The first equality follows from the
envelope theorem, and the second equality uses the fact that 3T';11/A;y1 = 1. Thus, risk sharing

within the match is efficient, subject to limited commitment. Because workers are risk averse over

14



both aggregate and idiosyncratic shocks while firms only price aggregate risk, firms can lower wage
costs by insuring workers against idiosyncratic fluctuations. This is the insurance motive.

Equation (29) characterizes wage growth along the equilibrium path. The second term in brackets
captures the retention motive: it depends on the elasticity of the retention probability (17) with
respect to the worker’s promised value. This elasticity is weakly positive, since higher continuation
values reduce the probability that the worker receives a better outside offer. Because firms cannot
counter a successful outside offer once it arrives, they must make the current match attractive
enough in advance to discourage on-the-job search and limit poaching. This gives firms an incentive
to backload wages. Without on-the-job search, the elasticity is zero and wages remain constant as
long as the constraints do not bind, as in Thomas and Worrall (1990).

In sum, the optimal contract balances two forces: an insurance motive, which smooths wages,
and a retention motive, which backloads compensation to deter outside offers. When neither limited
commitment constraint binds, firms insure workers while still making the match attractive enough

to limit poaching.

Behavior at the bounds and separation. At the limited commitment bounds, equation (29)
no longer applies, and wages adjust to satisfy the promise-keeping constraint (26). When the
worker’s outside option binds (V" = V,9;(€')), the firm raises wages. When the firm’s participation
constraint binds (JEG (€Y, V") = 0), the firm lowers wages. If JEG (€2, V,91(2')) < 0, no feasible
contract satisfies both constraints, and the match is dissolved as in (21). Higher risk premia reduce
match surplus, raise the separation threshold, and move more workers—especially low-productivity
workers—into the region where no feasible contract satisfies both limited-commitment constraints.

Insurance therefore erodes precisely when workers are most vulnerable.

Illustration: response to shocks. Figure 1 uses the model’s numerical solution to illustrate the
qualitative forces at work. The purpose is to clarify how the insurance, retention, and separation
margins map into continuation values and earnings responses. We focus on a worker with productivity
z = Z, experience A = Ay, and promised utility at the midpoint of the limited-commitment bounds,
with aggregate risk premia fixed at their unconditional mean (z = ).

The left panels show the response to human capital shocks h. Since separation risk does not
depend on h, and because on-the-job search is limited for typical values of z, the insurance motive
dominates. For small shocks, the firm fully insures the worker: wages remain flat while continuation
values adjust within the nonbinding region. Once h’ moves far enough from h, one of the limited-
commitment constraints binds and wages respond one-for-one. For higher values of z, on-the-job
search becomes more important, so the retention motive also matters: wages respond to h even
inside the bounds in order to deter outside offers, through the final term in (29).

The right panels show the response to productivity shocks z, which also affect separation and
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outside offers. For small negative shocks, the firm absorbs the shock through lower continuation
values, so wages fall only once the firm’s limited-commitment constraint binds. If z falls below the
separation threshold, no feasible contract exists and the match dissolves. For large positive shocks,
the retention motive becomes active. Because firms cannot respond to a successful outside offer
once it arrives, they must discourage on-the-job search in advance by making the current match
sufficiently attractive. Since the probability of an outside offer rises with z (see (13)), the firm raises
wages and continuation values to reduce the worker’s incentive to search and to deter poaching. For
high-z workers, the threat of leaving comes mainly from successful on-the-job search rather than
from separation into nonemployment, so the firm keeps continuation values close to—but not at—
the upper bound (Figure 1b). The optimal contract therefore balances insurance against retention,

smoothing wages as much as possible while limiting poaching.

Pass-through of idiosyncratic shocks to earnings. The bottom panels of Figure 1 summarize
two patterns highlighted by the numerical solution of the model: pass-through varies systematically
across workers in the earnings distribution, and for some shocks it also varies with aggregate risk
premia x. Each line reports the coefficient from a regression of annual earnings on the realized
annual idiosyncratic shock, estimated separately by aggregate shock €4 and for incumbent workers
in three prior-earnings bins based on the previous three years of labor income.

In the numerical solution, the pass-through of human capital shocks (Figure le) rises with prior
earnings but is nearly flat across aggregate states. The cross-sectional pattern reflects the retention
motive: for higher-value workers, firms raise wages more in response to increases in h in order to
deter outside offers. By contrast, the model implies little state dependence in this pass-through.
Because h is portable across jobs, unemployment, and nonemployment, shocks to h do not materially
affect separation risk or the incentive to search for a new job. They therefore operate mainly through
within-match contracting rather than through the extensive margin. Since risk premia in the model
matter primarily by changing the value of backloaded employment relationships and the likelihood
of separation, they have only a limited effect on the pass-through of h shocks.

The pass-through of shocks to z (Figure 1f) instead displays a U-shaped pattern across the
earnings distribution. Pass-through is highest for top earners, lowest in the middle, and intermediate
at the bottom. At the top, the retention motive raises pass-through on the intensive margin:
workers with high z have better on-the-job search opportunities (equation (13)), so the contract
tilts toward retention rather than insurance, making stayers’ wages more responsive to shocks. In
the middle, the retention motive is weak and limited commitment constraints rarely bind, so firms
provide substantial insurance. At the bottom, pass-through is elevated through the extensive margin:
low-productivity workers are close to the separation threshold, making total earnings—including
nonemployment spells—highly sensitive to shocks.

A second implication of the model is that the pass-through of z shocks to worker earnings increases
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when risk premia rise, especially for low-wage workers. The source of this state dependence is again
the extensive margin. Adverse aggregate shocks raise risk premia and shift z* upward (Figure A.2),
so a given negative z shock is more likely to destroy the match. This effect is concentrated at the
bottom of the earnings distribution, where workers are already close to the separation threshold,
while pass-through at the top is shaped primarily by the retention motive and therefore changes
less over the cycle.

In sum, the model highlights systematic heterogeneity in the pass-through of shocks to worker
earnings across the earnings distribution. For some shocks, this pass-through also varies with

aggregate risk premia x. These patterns guide our empirical analysis in the next section.

3 Mapping the Model to the Data

Our goal in this section is to quantitatively discipline the model. The previous section highlighted
the mechanisms that govern earnings pass-through in the model: retention matters more for higher-
earning workers, while endogenous separations matter more for lower-earning workers and become
especially important when risk premia are elevated. Guided by these mechanisms, we focus on
empirical moments that capture how the pass-through of shocks to worker earnings varies across
workers and over time.

We proceed in two steps. First, we document in the data the cross-sectional and time-series
variation in the pass-through of shocks to worker earnings. We then use these moments to discipline
the quantitative analysis. Our key empirical object is how the pass-through of firm-specific shocks
changes with aggregate risk premia. More broadly, we study how pass-through varies across the
earnings distribution and over time with aggregate financial conditions.

To map the model to these empirical objects, we introduce a notion of firm-level shocks. Since
decisions in the model are bilateral—between a single worker and a single firm—the boundary of the
firm is indeterminate without further assumptions. We therefore assume that workers employed at the
same firm are exposed to common components of the idiosyncratic shocks z and h. This extension lets

the model speak directly to the pass-through of firm-level and aggregate shocks to worker earnings.

3.1 Data and Methodology

We study empirical moments that are informative about the model’s main mechanisms by relating
worker earnings to firm-specific and aggregate shocks. Our analysis uses a stratified random
subsample of earnings records from the Longitudinal Employer—-Household Dynamics (LEHD)
database for 1990-2019, matched to firm data from Compustat. The matched panel follows incumbent
U.S. workers employed by public firms and tracks their subsequent earnings. Appendix B.1 provides
further details.

Our main outcome is cumulative, age-adjusted earnings growth, following Autor, Dorn, Hanson,
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and Song (2014) and Guvenen et al. (2014):

ot = Wiret b — Wi » ~ log ( 7=, real wage earningsw>
1,0+ = t,t+1,1+ - Lt—24,0y 1,T1,T2 — T
b 7'2:7'1 D(a‘gei,T)

(30)

This measure emphasizes persistent changes by averaging earnings over multiple years while adjusting
for the life-cycle earnings profile. We include workers employed by a Compustat firm in year ¢ and
then follow them regardless of subsequent employment status, so the measure captures both wage
changes and nonemployment spells.

We relate worker earnings to two sources of shocks. The first is firm productivity growth, ejcf b 1
measured as annual revenue-based TFP following Imrohoroglu and Tiizel (2014) (Appendix B.2).
The second is an aggregate risk premium shock, egl. We construct this series as the first principal
component of AR(1) residuals from nine monthly financial indicators, including the excess bond
premium of Gilchrist and Zakrajsek (2012), the VIX, the financial uncertainty index of Jurado,
Ludvigson, and Ng (2015), and the risk appetite index of Bauer et al. (2023), following Meeuwis
et al. (2025). Because the underlying indicators are asset prices and risk spreads observed at daily or
monthly frequency, they have a direct interpretation as time-varying compensation for risk rather than
as proxies for slow-moving labor demand or credit conditions. This common factor explains 60% of
the variance across the nine series. Because earnings are measured annually, we cumulate monthly risk

premium shocks from mid-year ¢ to mid-year ¢ 4+ 1 to construct eiﬁl. Appendix B.3 provides details.

3.2 Cross-Sectional Heterogeneity in Pass-Through to Workers

Before turning to the interaction between firm-specific shocks and aggregate risk premia, we revisit
two empirical objects that are informative for the model’s two main channels. First, the direct pass-
through of risk premium shocks to worker earnings varies systematically with workers’ prior earnings
rank (Meeuwis et al., 2025). This object is informative because risk premia directly affect match
surplus and the separation margin. Second, the pass-through of firm-specific shocks rises toward the
top of the earnings distribution, consistent with Friedrich et al. (2019). Together, these estimates
discipline the retention motive, which raises pass-through at the top of the earnings distribution,
and endogenous separation, which raises exposure at the bottom.

We estimate the pass-through of firm productivity shocks and risk premium shocks to worker

earnings and allow the coefficients to vary with the worker’s prior earnings rank within the firm:
¢
Gitit+H = Z{/Bs GfJZZt),tH + Vs 6:21} Lr0=s + dZiy+nigsn. (31)
S

Here, f(i,t) denotes worker i’s employer at time ¢, and 1,(; ;)—, indicates the worker’s prior within-
firm earnings bin. Because workers are ranked by prior earnings within the firm rather than economy-
wide, the heterogeneity we estimate reflects differences across workers employed at the same firm,

not differences across firms. Controls include a third-order polynomial in prior log average earnings,
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the lagged risk premium index interacted with earnings-group dummies, industry x earnings-group
fixed effects, and worker industry x age x gender fixed effects. Standard errors are clustered by
worker and year. Appendix B.4 provides details.

The pass-through of firm TFP shocks to cumulative earnings growth is roughly flat—around
3 to 5 percent—across the bottom 90 percent of the within-firm earnings distribution, and then
rises sharply to 15-20 percent for workers in the top few percentiles (Figure 2a). This pattern is
consistent with Friedrich et al. (2019). Adverse firm shocks also raise nonemployment risk, especially
for lower-rank workers, for whom firm downturns translate primarily into separations rather than
wage cuts (Figure 2b). In the model, these patterns line up with the two main channels: retention
raises pass-through at the top, while the extensive margin drives exposure at the bottom.

The direct pass-through of risk premium shocks to worker earnings is U-shaped at short horizons—
high for both low- and high-wage workers, and low in the middle—and becomes more strongly
decreasing with income at longer horizons as cumulative exposure at the bottom rises further
(Figure 3a). Again, the strong exposure of low-wage workers primarily reflects job destruction rather
than wage declines (Figure 3b). This pattern is useful for our purposes because, in the model, risk
premia directly affect worker earnings by changing match surplus and the separation margin, with

especially strong effects for workers near endogenous job destruction.

3.3 Time Variation in Pass-Through to Workers

We now turn to a robust implication of the model: the pass-through of firm-specific shocks to worker
earnings should vary with aggregate risk premia, with the amplification concentrated among lower-
paid workers (Figure 1f). In the model, higher risk premia tighten limited-commitment constraints,
weaken firm insurance, and move workers near the separation margin closer to endogenous job
destruction. This mechanism is strongest at the bottom of the earnings distribution, where the
extensive margin is most important. We begin by documenting the time variation in pass-through

directly, estimating time-varying pass-through coefficients:
¢
Gitt+H = Pre f{ﬁt),m + 1) (i)t + C L+ i w, (32)

where £7(; 1),7(i,1),¢+ are industry x earnings group x year fixed effects. Figure 4 shows that the degree
of pass-through varies considerably over time, and that periods of high pass-through systematically
coincide with increases in risk premia.

We then estimate a variant of equation (31) that interacts firm productivity shocks with risk

premium shocks and allows the coefficients to vary with the worker’s prior earnings rank:
¢ t
Gigtrt = Y _{Bo.s Ef]zit),ﬂrl + Bi,s 6f{fﬁt)’t+1 ey Fyse Y Lrgn=s + € Zig + Miprm- (33)
S

Table 1 reports the estimated coefficients 5y and 5y for a three-year horizon. A key pattern emerges:
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although the average pass-through [y of firm-specific shocks increases with workers’ prior earnings, the
interaction coefficients 31 are large and positive for lower-paid workers and decline sharply with prior
earnings: higher risk premia amplify the pass-through of firm-specific shocks, with this amplification
concentrated among low-wage workers. This finding is robust across alternative specifications: it is
unchanged when controlling for aggregate output growth or the fraction of the year spent in NBER
recessions, and it holds across horizons of one to five years (columns (1)—(3) of Table 2). The fact
that our estimates are largely invariant to including these controls implies that the amplification we
document is tied directly to fluctuations in risk premia rather than the business cycle.

In the model, the time variation in these earnings losses arises because higher risk premia
shift the separation margin upward, so adverse firm shocks are more likely to destroy low-surplus
matches. We therefore examine two direct implications on the extensive margin. First, using a
nonemployment indicator—equal to one if the worker experiences at least one full quarter with zero
wage earnings over the next H years—as the outcome variable, columns (4)—(6) of Table 2 show
that the interaction between firm TFP shocks and risk premia also raises the probability of job loss,
with the effect again concentrated among lower-paid workers.

Second, Table 3 reports estimates of equation (33) separately for movers (workers who leave
their initial employer) and stayers (those who remain). The increased pass-through during periods of
elevated risk premia is substantially larger for movers than for stayers, particularly among lower-paid
workers, providing direct evidence that the amplification operates primarily through the extensive
margin rather than through greater wage cyclicality among stayers.

In sum, the pass-through of firm-specific shocks to worker earnings varies systematically across
both time and workers. Higher risk premia increase the pass-through of firm shocks to workers,
especially for lower-paid workers, primarily through higher rates of job destruction. We next
interpret this reduced-form fact through the lens of our structural model. Calibrating the model to
the degree to which pass-through varies across workers and with the level of risk premia allows us

to infer the extent to which increases in risk premia erode firm insurance.

3.4 Model Calibration

We now discipline the model quantitatively. We proceed in two steps. A subset of parameters is
pinned down a priori using external evidence, while the rest is chosen jointly to match moments
from asset markets, labor market dynamics, firm-level and worker-level volatility, and the cross-
sectional and time-series pass-through of shocks to worker earnings. Table 4 summarizes the baseline

calibration.

Parameters Calibrated a Priori

We first calibrate a subset of parameters using a priori information, listed in Panel A of Table 4.

We set the mean p4 and volatility o4 of aggregate productivity growth to match the corresponding
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moments of aggregate labor productivity growth from the U.S. Bureau of Labor Statistics (BLS)
between 1947 and 2019, which are 2.2 percent and 1.8 percent per year, respectively. The model is
calibrated at a monthly frequency, and all values are converted accordingly.

We normalize the initial level h of permanent human capital h, the long-run mean of persistent
worker productivity z, and the lower level of worker experience A to one. The long-run growth rate
of permanent human capital during employment, gg, is 3.5 percent per year, following Kehoe et al.
(2023). The persistence of the worker productivity process z is 1, = 0.991 at a monthly frequency,
consistent with Menzio, Telyukova, and Visschers (2016), which implies a half-life of roughly six
years. The volatility of persistent productivity shocks is o, = 10.9%, as in Meeuwis et al. (2025),
and the dispersion of initial worker productivity is 0,9 = 0.666, chosen to match the interquartile
range of earnings at age 25 documented by Guvenen, Kaplan, Song, and Weidner (2022). We assume
that it takes on average three years for a worker to progress to the upper level of A, corresponding
to a transition probability of f = 1/36 per month.

Finally, we choose the mortality rate ¢ so that the average model lifespan of a worker equals
30 years, and we set the curvature parameter of the matching function to a = 0.407, following

Hagedorn and Manovskii (2008).

Parameters Calibrated to Targeted Moments

The second step of the calibration chooses the remaining parameters jointly to match the targeted
moments listed in Panel B of Table 4. We target 91 empirical moments with 20 parameters. Many
of these moments come from asset markets and aggregate labor market dynamics. In addition, we
target heterogeneous pass-through coefficients and their interaction with risk premia. For exposition,
we group the targeted moments and the parameters most closely associated with them into four

categories, while recognizing that equilibrium outcomes reflect the joint interaction of all parameters.

Asset markets. We assume that dividends represent a levered claim on aggregate TFP, and choose
the parameters governing the dynamics of the aggregate stochastic discount factor to match key
moments of U.S. asset markets: the average real risk-free rate, the mean and persistence of the
price—earnings ratio, and the mean and volatility of annual equity returns. Specifically, we set
B = 0.9988 so that the real risk-free rate is 1.4% per year as in the data. The calibrated values
wr = 0.08%,z = 0.079, ¢, = 0.993, and o, = 10.7% imply that fluctuations in the market price
of risk are highly persistent and sufficiently volatile to reproduce the historical behavior of equity

valuations and returns (Appendix A.3).

Labor market dynamics. We discipline the 7 parameters governing job flows, search frictions, and
match surplus values to match key features of aggregate and cross-sectional labor market dynamics.
We target the mean (6.5%) and volatility (1.4%) of the HP-filtered unemployment rate; the cyclicality

of the labor force participation rate, measured by its regression beta on the unemployment rate; the
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mean and cyclicality of aggregate job-finding and separation rates constructed from CPS microdata
(1978-2019) using Abowd—Zellner corrected transitions following Elsby, Hobijn, and Sahin (2015);
Krusell, Mukoyama, Rogerson, and Sahin (2017) (see Appendix B.5); and the mean and cyclicality
of relative job-finding and separation rates by prior earnings level, estimated from the Survey of
Income and Program Participation (SIPP) between 1990 and 2019 (see Appendix B.6).

We set the exogenous separation rate s to 0.75%, targeting average separation rates of higher-wage
workers. The unemployment benefit parameters (by = 1.8, b; = 0.77) and the nonparticipation payoff
n = 2.3 determine the level of match surplus and the value of job search across worker productivity
states z, and hence the rate of endogenous separations and the average unemployment rate. The
growth rate of human capital during nonemployment, go = 0.3% per year, shapes time variation
in endogenous separation and job-finding rates. This relative decline in labor productivity during
nonemployment aligns with Kehoe et al. (2019, 2023) and with micro estimates of human capital
depreciation (Couch and Placzek, 2010). Last, the vacancy cost parameters (kg = 0.016,k; = 2.7)
are chosen to match average job-finding rates by prior earnings in the data.

Because the value of nonemployment is not directly observed, we infer it from workers’ transitions
into and out of unemployment. Its level is disciplined by separation rates across the earnings
distribution, while the strong cyclicality of separation and job-finding rates requires the net value of
employment to have a long duration, so that the separation threshold and labor market tightness are
sensitive to discount rates. This long duration is driven by the gap between human capital growth
in employment and nonemployment (g — go = 3.2 percent per year) and, for workers near the
threshold, from mean reversion in z, a mechanism that Meeuwis et al. (2025) discuss in detail. The
implied average payoff in nonemployment is 73 percent of the average wage in employment—within
the range of values used in the literature (Shimer, 2005; Hagedorn and Manovskii, 2008; Chodorow-
Reich and Karabarbounis, 2016) and somewhat lower than the 85 percent used by Rudanko (2011)
in a model with hand-to-mouth workers. We discuss the labor market dynamics implied by the

calibrated model and their fit to the targeted moments in Section 4.1.

Firm-level shock structure and volatility moments. The empirical analysis is organized
around firm-level TFP shocks, while the model is written at the level of individual worker—firm
matches. To connect the two, we assume that a component of individual productivity shocks
is common to all workers currently employed by the same firm. Since production is linear, this
extension induces comovement in worker outcomes within firms while preserving the tractability of
ex-ante identical firms.

Formally, consider a worker ¢ who is employed by firm j at the beginning of period ¢. Following
Balke and Lamadon (2022), we assume that worker productivity shocks are partly driven by

firm-wide productivity shocks. Specifically, shocks to permanent human capital h and persistent
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productivity z are given by

€hyit = PhEhyt + mgii,t (34)
Exit = PzEzjt + MEii,ta (35)

where &3, ;+ and &, ;; denote firm-level standard normal shocks and et ;0 and Eim are independent
worker-specific standard normal shocks. The parameters pp, and p, determine the within-firm corre-
lation of productivity shocks and thus the strength of firm-level comovement in worker productivity
growth.

Let I;; denote the set of incumbent workers at firm j in period ¢. We define firm-level TFP

6;{;{)#1 = log (/ Yit+1 di) — log </
Lis I
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growth as
Yit di) + Ok €k j+1, (36)
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where £, ;41 is an independent firm-level standard normal shock capturing residual firm-specific
fluctuations that do not affect worker fundamentals, as well as measurement error.

We discipline the strength of the firm-level component by targeting the empirical standard
deviation of firm TFP growth (24% per year), which implies a value of o3, = 5.9%. On the worker
side, we target the average volatility of annual worker earnings growth (53%) reported by Guvenen

et al. (2014), which implies o;, = 2.7%.

Pass-through regressions. Finally, we discipline the remaining 6 parameters using the pass-
through moments documented above. These moments connect the model to the paper’s central
empirical object: the exposure of worker earnings growth and nonemployment to firm TFP growth,
risk premium shocks, and their interaction at horizons of one and three years, separately for the five
income groups used in the empirical analysis.

The parameter Ay = 2.4 governs the upper level of worker experience, which creates scope
for firms to insure workers against shocks. The parameters Yo = 44.4 and 1 = 2.7 imply that
the monthly probability of on-the-job search is approximately 2 percent for low-skill workers and
increases with individual productivity z. This heterogeneity in search opportunities affects workers’
outside options and, consequently, the degree of pass-through of productivity shocks to wages. The
parameters pp = 27.3% and p, = 25.0% govern the correlation of worker productivity shocks within
firms and are disciplined by the combined pass-through of firm shocks on both the intensive and
extensive margins, as well as its variation across horizons. The risk aversion parameter v = 0.48 is
calibrated so that the model matches the pass-through of risk premium shocks to worker earnings.
While this value is somewhat lower than is typically assumed in the literature, our model abstracts

away household self-insurance via savings, a channel that Souchier (2025) shows amplifies workers’
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tolerance for idiosyncratic earnings risk. Section 4.2 discusses the resulting model’s fit to the

empirical pass-through regression estimates.

4 Model Fit

We first assess the calibrated model against the labor market and pass-through moments targeted in
calibration. We then examine the forces behind the fit and, finally, subject the model to a stricter

test: can it reproduce realized fluctuations when driven by the empirical series of financial shocks?

4.1 Heterogeneous Labor Market Dynamics

Table 5 reports the aggregate labor market moments targeted in the calibration. The model matches
the mean unemployment rate (6.5%) and its volatility (1.4%), as well as the cyclicality of labor
force participation (Panel A). It also matches the mean and cyclicality of aggregate job-finding and
separation rates (Panel B): job finding falls in recessions, while separations rise.

Figure A.3 turns to cross-sectional heterogeneity in worker flows, which is also targeted in
calibration through the mean and cyclicality of relative job-finding and separation rates by prior
earnings. The model matches these patterns closely. Job-finding rates are nearly flat across income
groups, whereas separation rates are sharply concentrated among low-wage workers, both in level
and in cyclicality.

Beyond these targeted moments, the model captures several additional features of labor market
dynamics. Unemployment is highly persistent, labor market tightness is volatile and strongly
procyclical, and the employment-to-population ratio comoves closely with the business cycle. The
main discrepancy is labor force participation volatility, which the model overstates, likely because it
abstracts from non-economic motives for non-participation. Panel C provides a further untargeted
check: following Shimer (2005, 2012), the job-finding margin accounts for most unemployment
fluctuations in both the data and the model. The model thus captures the central role of job creation

while also generating realistically countercyclical separations.

4.2 Pass-Through of Productivity and Risk Premium Shocks

We now turn to the pass-through moments targeted in the calibration. We estimate regression (33)
on model-simulated data and compare the resulting coefficients with their empirical counterparts
from Section 3.

Figure 5 compares model-implied and empirical pass-through coefficients for earnings growth
across horizons and income groups. The fit is close. Three patterns are common to the model
and the data. First, the unconditional pass-through of firm TFP growth to earnings rises with
worker income (panel a), consistent with the retention motive and the greater wage sensitivity of top

earners. Second, the model reproduces workers’ direct exposure to risk premium shocks (panel b).
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Third, the interaction between firm TFP growth and risk premia is positive for low-wage workers
and near zero for high-wage workers (panel c). For lower-paid workers, this interaction is modest at
short horizons but stronger at medium horizons, in line with the data.

Figure 6 repeats the analysis using job destruction—an indicator for a zero-earnings quarter—as
the outcome. The model again matches the data closely. Adverse TFP shocks raise the probability
of job loss, especially for lower-paid workers (panel a), the other side of the U-shaped exposure
documented in Section 3.2: earnings pass-through rises with income, whereas the separation margin is
concentrated at the bottom. Rising risk premia also increase nonemployment risk disproportionately
for low-wage workers (panel b). The amplification of firm TFP shocks when risk premia are high is
again modest at short horizons but lines up with the data at longer horizons (panel c).

Although stayer—mover differences are not targeted in the calibration, Appendix Figure A.4
shows that the model also speaks to this margin. The model overstates the unconditional TFP
response for low-wage movers—Ilikely due to our assumption that firm shocks are correlated with
general worker productivity z—but it captures the central empirical pattern: earnings respond much
more strongly to risk premium shocks—and to the TFP-risk premium interaction—for movers than

for stayers, especially among lower-paid workers.

4.3 Why the Model Fits the Data

Two ingredients are central to the model’s fit: worker heterogeneity and differential exposure to

worker shocks.

Worker heterogeneity. Labor productivity has three idiosyncratic components—human capital
h, current productivity z, and experience A—all of which raise earnings. Figure A.5 shows that
higher-paid workers therefore tend to rank higher along all three dimensions: they have accumulated
more human capital, draw higher current productivity, and are more likely to have high experience.
Human capital displays the steepest gradient—about 2.5 log points from bottom to top of the
earnings distribution, compared with 1.6 for z. Yet substantial dispersion in both A and z remains
within each earnings percentile, so no single component pins down a worker’s rank. The share of

high-experience workers rises from roughly 60% at the bottom to over 90% at the top.

Earnings exposures to productivity shocks. Figure A.6 quantifies the contribution of each
shock to variation in worker earnings. At short horizons, current productivity shocks z dominate
(panel a), both because they are more volatile (o, = 10.9%, versus o, = 2.7%) and because they
directly affect separation risk (panel ¢). Their earnings impact is largest at the bottom and top
of the distribution, but for different reasons: at the bottom because job loss is more likely, and at
the top because stayers’ earnings are more sensitive. The same asymmetry explains why exposure
to z shocks becomes more state dependent when risk premia rise (panel b), with the additional

sensitivity concentrated among lower-wage workers. Human capital shocks are the second most
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important source of earnings variation and matter most for higher-paid workers. Experience and

aggregate shocks matter less because their within-period volatility is smaller.

4.4 Model-Implied Fluctuations

Figure 7 traces the model’s response to a negative aggregate shock. The shock raises risk premia and
lowers TFP, reducing output and employment while increasing unemployment. Earnings decline,
especially for low-income workers, because separations rise and wages of stayers fall.

We then ask whether the same mechanism accounts for realized fluctuations in labor market
quantities and pass-through. To do so, we feed the model the empirical series of financial shocks,
using the risk premium shocks €%, from Section 3.1 as proxies for the model’s aggregate shocks
€4,t+1, and compute the implied time series for labor market variables. Because of scale invariance,
these series do not depend on the realized path of aggregate TFP A.

Figure 8 plots the resulting series. Consistent with its shared ingredients with Meeuwis et al.
(2025), the model tracks aggregate labor market dynamics closely: the correlation between model-
implied and observed unemployment is 64%. Episodes of elevated risk premia—most notably the
early 2000s and the 2008-09 financial crisis—are accompanied by sharp increases in unemployment
and slow recoveries in both the model and the data. Job-finding rates and labor market tightness
(V/U) are strongly procyclical, whereas separations are countercyclical. The model-implied path of
V/U closely tracks the data, capturing the sensitivity of vacancy creation to aggregate conditions
emphasized by Shimer (2005). Total employment also comoves strongly with the data, although the
model overstates the volatility of the employment-to-population ratio (Section 4.1).

More importantly, the model matches the paper’s central new empirical fact: the pass-through
of firm shocks to worker earnings rises with aggregate risk premia, with the strongest amplification
among lower-income workers near the separation margin. Because the model is calibrated to
unconditional and cross-sectional pass-through moments, the realized time-series comovement is a
genuine out-of-sample prediction. We show this by estimating the model analog of equation (32) on
the realized paths, obtaining time-varying pass-through coefficients for three-year earnings growth
by income group (Figures 8g and 8h; series are demeaned). For low-income workers, model-implied
pass-through tracks both risk premia and the empirical estimates closely, with a correlation of 69%,
although the data exhibit somewhat larger swings. For high-income workers, neither the data nor
the model display systematic cyclicality in pass-through.

In sum, the same mechanism that matches the cross section also accounts for the realized
time-series variation in exposure. Because wages are endogenous, pass-through has a structural
interpretation as firm-provided insurance. This allows us to quantify what these facts imply for
worker welfare and to evaluate labor market policies in a setting where wages respond endogenously

to policy changes. Section 5 pursues these implications.
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5 Model Implications

Section 4 showed that the model matches how workers’ exposure to firm shocks varies with aggregate
financial conditions, especially among lower-income workers near the separation margin. We now
use the model to study the consequences of this state-dependent exposure, in two steps. Sections 5.1
and 5.2 first show that the model reproduces a broad set of untargeted facts about earnings risk
and scarring. We then exploit our calibrated structural model in Sections 5.3 and 5.4 to recover
objects that earnings data alone cannot deliver: the welfare cost of idiosyncratic risk, the value of

human capital, and the gains from counterfactual labor market policies.

5.1 Worker Earnings Risk

We first assess whether the model can quantitatively account for the main empirical facts on earnings

risk.

Overall Distribution of Earnings Growth

Administrative data from the U.S. Social Security Administration show that individual earnings
growth is far from Gaussian (Guvenen et al., 2021). The distribution is sharply peaked at zero, has
fat tails, and is negatively skewed. Roughly one-third of workers experience almost no earnings
change in a given year, yet large increases and large declines occur far more frequently than a
Gaussian benchmark would predict. The log density declines approximately linearly in both tails,
consistent with Pareto-like behavior.

The model reproduces these features quantitatively, even though idiosyncratic productivity
shocks are Gaussian. None of these moments are targeted in the calibration. Figure 9a plots the log
density of annual earnings growth, where a Gaussian benchmark would appear quadratic; Appendix
Figure A.7a plots the density in levels. The model matches the sharp peak, the fat tails, and the
negative skewness observed in the data. The kurtosis of annual earnings growth is 11.3 in the model
versus 14.9 in the data.

Two channels in the model generate these non-Gaussian properties endogenously. On the intensive
margin, firm insurance makes earnings a nonlinear function of productivity shocks. Inside the limited-
commitment region, optimal contracts smooth wages, while the retention motive generates some
pass-through to deter on-the-job poaching. When the firm’s or the worker’s limited commitment
constraint binds or a match dissolves, wages are reset discretely, producing large earnings changes
even from small shocks. This nonlinear mapping from productivity to earnings generates the mass
near zero and the fat tails. On the extensive margin, infrequent transitions between employment and
nonemployment produce temporary zero earnings and large, asymmetric earnings changes, much as
in the job-ladder model of Hubmer (2018). What our framework adds is that both margins—wage

resets and job destruction—become more frequent when aggregate risk premia are elevated.
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Appendix Figure A.7 decomposes the distribution along these margins. Panel (b) compares all
workers to those continuously employed in years ¢ and ¢+ 1: conditioning on continuous employment
sharply compresses the left tail but only slightly compresses the right tail, so nonemployment spells
account for most large earnings declines but few large gains. Panel (¢) compares stayers (same
employer throughout ¢ and ¢ + 1) to movers (everyone else): stayers are concentrated near zero,
reflecting on-the-job wage smoothing under firm insurance, while movers’ distribution is wide and
roughly symmetric. Taken together, the two panels imply that large negative earnings changes are

largely due to job loss, while large positive changes are largely driven by job-to-job transitions.

Earnings Risk across Workers

Earnings risk also varies systematically across workers (Guvenen et al., 2021). Lower-income workers
face much higher variance and a more symmetric distribution of earnings growth, whereas higher-
income workers face lower variance but more asymmetric and leptokurtic growth.

Figure 9b shows that the model captures this cross-sectional pattern well. Earnings volatility
declines from the bottom to roughly the 90th percentile, although the model does not reproduce the
sharp rise at the very top.? The model also reproduces the much greater volatility of movers relative
to stayers, especially among low-income workers (Figure 9¢). Appendix Figures A.8a—A.8d show
that the model also captures the broad cross-sectional patterns in skewness and kurtosis, though
the model matches these higher-order moments somewhat less closely than it matches the volatility
of earnings across the income distribution.

In the model, these cross-sectional patterns reflect heterogeneity in exposure along both the
extensive and intensive margins, as illustrated in Figure A.6. Low-income workers are closer to
the separation margin and face higher separation risk, so modest negative shocks are more likely
to translate into job loss and large earnings declines. Higher-income workers rarely separate
endogenously but experience more earnings variation through wage adjustment, because on-the-job
search intensity is higher at the top. The same logic explains why movers are much more volatile
than stayers—job changes entail wage resets and, for some workers, nonemployment spells—and
why wage growth volatility among stayers is higher for high-wage workers, who benefit less from
wage smoothing.

Earnings shocks also vary in persistence. Guvenen et al. (2021) show that for low-income workers,
negative earnings shocks are short-lived while positive shocks are highly persistent; among high-
income workers, the pattern is reversed. Appendix Figure A.9 shows that the model reproduces the
low-income pattern quite closely: negative earnings changes mean-revert strongly, whereas positive
changes do not. The model misses the heterogeneity across the earnings distribution: these model-

implied patterns are broadly similar across worker groups.

20ne candidate for the missing source of risk at the very top is firm-specific human capital and creative destruction,
as emphasized by Green, Kogan, Papanikolaou, and Schmidt (2025).
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Earnings Risk over Time

Guvenen et al. (2014) show that cyclical variation in earnings growth is driven mainly by higher-
order moments rather than the variance. In recessions, the left tail expands and the right tail
contracts—large negative earnings shocks become more frequent, while large positive shocks become
rarer—producing strongly countercyclical skewness even as overall dispersion moves little.

Figure 10 illustrates the mechanism in impulse-response form: following an adverse aggregate
shock, the left tail of earnings growth widens persistently, while the right tail initially compresses
before recovering.

We then ask whether the model replicates the observed time series of left-tail risk. Using the
empirical series of risk premium shocks as a direct proxy for the model shocks, as in Section 4.4, we
compare the time path of earnings risk in the model and the data. The top panel of Figure 11 plots
the difference between the median and the 10th percentile of earnings growth, capturing left-tail
risk; the bottom panel plots the difference between the 90th percentile and the median, capturing
right-tail risk. In both the model and the data, downturns coincide with a widening left tail and
a narrowing right tail of the earnings growth distribution. Quantitatively, the model tracks these

fluctuations well, with correlations of 57% for the left tail and 34% for the right tail.

5.2 Scarring and Lifetime Consequences

We next turn to the longer-run consequences of the same state-dependent exposure for displaced

workers and recession entrants.

Earnings Losses from Job Displacement

Job displacement causes large and persistent earnings losses, especially in recessions (Davis and
Von Wachter, 2011). We ask whether the model can reproduce these facts.

Following the empirical design of Davis and Von Wachter (2011), we focus on incumbent workers
below age 50 with at least three years of tenure at their current employer. Because displacement in
the data is concentrated among lower-tenure and lower-wage workers (see also Farber, 2017; Margolis
and Montana, 2024), we also restrict attention to workers with pre-displacement earnings below the
median. In the model, a worker is displaced in year y if she receives an exogenous separation shock
during year y — 1, so that she has positive earnings from her pre-displacement employer in y — 1 but
not in y. We then compare average earnings around the displacement event to those of otherwise
similar workers who are not displaced.

Figure 12 shows that displacement generates large and highly persistent earnings losses, with a
sharp deterioration in the first few years after job loss and only partial recovery at long horizons.
These losses reflect both nonemployment spells and lower wages upon reemployment. As in the

data, earnings losses are substantially larger when displacement occurs in recessions, defined in
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the model as periods in which the unemployment rate exceeds 8%, than in expansions. The model
somewhat understates the long-run difference in earnings losses between expansions and recessions.
A likely reason is the absence of a job ladder, a complementary channel that helps explain this
pattern in recent work (see, e.g., Huckfeldt, 2022; Jarosch, 2023; Acabbi et al., 2026).

These are earnings losses, not welfare losses: after displacement, unemployment benefits and the
value of nonemployment replace part of the lost employment income. Section 5.3 quantifies this
distinction and shows that it reshapes both the magnitude and the cross-sectional incidence of the

cost of job loss.

Entering the Labor Market in a Recession

Entering the labor market in a recession also leaves persistent scars. Kahn (2010) and Schwandt
and von Wachter (2019) document sizable and long-lived earnings shortfalls for cohorts that begin
working lives in downturns.

In the model, workers who enter in recessions face weaker hiring prospects, lower-surplus
initial matches, and less insurance in newly formed employment relationships. Early setbacks in
employment and earnings therefore cumulate into persistent losses. These effects are strongest for
workers who enter with low initial productivity zg, consistent with the evidence that recession-entry
costs are larger for less skilled workers.

To quantify this effect, we compute average earnings by horizon for newborn workers who enter
the labor market and compare those who enter in recessions to those who enter in expansions.
Figure 13 shows that entering when unemployment is high has a large initial effect on earnings;
the effect fades only gradually and remains visible for up to 10 years. The magnitudes are broadly
comparable to the estimates of Schwandt and von Wachter (2019). In particular, the model matches

the large initial decline in earnings but understates the persistence of the losses at medium horizons.

Lifetime Earnings and Employment across Workers

A central finding in Guvenen et al. (2021) is that lifetime labor market outcomes are highly dispersed.
Cumulative earnings growth between ages 25 and 55 rises steeply with lifetime earnings rank, and
years employed over the life cycle vary widely across workers. To fit these patterns, their reduced-
form specification requires the risk of nonemployment to be strongly worker- and time-dependent.

Figures 9d and 9e show that the model reproduces these broad patterns well. Figure 9d plots
cumulative earnings growth between ages 25 and 55 against workers’ lifetime earnings percentiles.
The upward slope is partly mechanical, but the degree of heterogeneity is large and close to the
data: average earnings grow by 154% at the median, 635% at the top 5%, and 1024% at the
top 1%. Figure 9e shows substantial dispersion in lifetime employment rates, although the model

understates the share of workers with very long nonemployment spells. To complement this analysis,
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Figure 9f plots the cross-sectional variance of log earnings by age, a moment the model also matches
reasonably well.

These lifetime patterns arise because short-run nonlinear earnings risk cumulates over time. Low-
productivity workers are closer to the separation threshold, so modest negative shocks are more likely
to induce job loss, and their subsequent job prospects are weaker. As a result, the model generates
persistent nonemployment spells and substantial dispersion in lifetime earnings and employment.
The model therefore provides a structural rationale for the state-dependent nonemployment risk in
Guvenen et al. (2021). This mechanism shares an important element with Jung and Kuhn (2019):
workers with weaker labor market prospects recover more slowly after adverse shocks. In our model,
however, this heterogeneity arises from worker productivity, endogenous separation risk, and firm
insurance rather than from job-ladder dynamics.

Taken together, these results imply that the aggregate state x governs both short-run earnings
risk and longer-run scarring. When risk premia are high, lower-productivity workers are more likely
to separate, and, conditional on separation, their subsequent earnings losses are larger and more
persistent. These nonlinearities cumulate into substantial heterogeneity in lifetime earnings and

employment.

5.3 Valuation Implications

We now turn from the dynamics of labor income to its valuation: what do the risks documented
above imply for workers and for the firms that partially insure them? These exercises share a
common logic: they require an equilibrium model in which the earnings risk that arises endogenously
is consistent with the value that workers place on nonemployment—an object that is not observed

from earnings data alone.

Cost of Job Loss

We begin by assessing the cost of job loss, the normative counterpart to the positive displacement
results of Section 5.2. Evaluating the welfare consequences of earnings losses around displacement—
or any policy that would mitigate them—requires more than the observed income process: after
displacement, unemployment benefits and home production replace part of the worker’s lost
employment income, so focusing on observed earnings losses alone overstates the welfare impact of
job loss.

We therefore contrast two present-value measures of losses due to an exogenous separation. The
first is the loss in the present value of the worker’s earnings, discounted with the aggregate SDF (y =
0)—an earnings-based measure in the spirit of the displacement literature (Davis and Von Wachter,

2011). The second is the loss in worker welfare, measured in certainty-equivalent consumption,

CEiy=(1-801-))YIM v, (37)
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where V;; is the worker’s expected lifetime utility; welfare aggregates her entire flow-utility stream
and so credits the value of nonemployment she receives after job loss. The two measures give very
different answers.

Panels (a) and (b) of Figure 14 plot both losses by the worker’s state—current productivity z
and experience A—at average risk premia. Near the separation margin the two measures starkly
diverge: displaced workers with low z forgo a sizable share of future labor earnings but the welfare
loss remains close to zero. An experienced low-z worker, for example, loses about 13% of the present
value of her earnings but under 1% in welfare terms. Although she is displaced by an exogenous
shock, she was close to leaving for her outside option in any case, so the lost job is worth almost
nothing to her, and inferring her welfare loss from her earnings loss is misleading. As z rises and
workers are further away from the separation threshold, the welfare loss starts tracking the earnings
loss more closely; both losses are larger for experienced (M) workers, who have more valuable
matches to lose, than for inexperienced (A1) workers.

This welfare loss has a direct interpretation: it is the compensation a worker would require to
accept separation, or equivalently the amount she would pay to keep her job. Near the separation
margin this willingness to pay is small, and for a worker who separates endogenously it is exactly
zero—at the threshold she is indifferent between employment and her outside option. This logic
resolves a tension that arises when earnings losses are read as welfare losses. If job loss were as
costly as the earnings loss implies, separating rather than accepting a pay cut would leave large
gains from trade unexploited, an apparent symptom of wage rigidity (Bewley, 1999). In our model
there is no such puzzle: the marginal worker’s flow value from employment already lies below her
outside option—she stays only for the backloaded value of continued employment—so when that
surplus erodes, separation is privately efficient rather than a failure to adjust wages.

Panels (c) and (d) of Figure 14 show how these patterns translate into losses across the earnings
distribution and by aggregate state. Again, welfare losses are much smaller than earnings losses,
especially at the bottom: in recessions, displaced workers in the bottom decile lose about 15 percent
of the present value of their earnings but only 2 percent in welfare terms, because nonemployment
payoffs replace a large share of their employed consumption. Moreover, the cross-sectional incidence
reverses: earnings losses are roughly flat across the earnings distribution, whereas welfare losses rise
steeply with earnings—from about 2 percent at the bottom to 10 percent at the top—because the
nonemployment payoff replaces a smaller share of high earners’ consumption. Observed earnings
losses therefore misrepresent both the size and the incidence of the welfare cost of job loss, and

recovering it requires the value of nonemployment that the model infers from observed behavior.
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Welfare Cost of Idiosyncratic Risk

We now move to the welfare cost of all idiosyncratic risk, comparing the baseline economy with
calibrated risk aversion, v = 0.48, to a counterfactual valuation with v = 0; the two valuations share
the same labor and consumption dynamics and differ only in how workers value idiosyncratic risk.
The gap between the certainty equivalents under the baseline and counterfactual valuations is our
measure of the welfare cost of idiosyncratic risk.

From behind the veil of ignorance, overall welfare is the expectation of welfare for newborn workers
over the unconditional distribution of the aggregate state x and initial productivity zg. Certainty-
equivalent consumption in the baseline valuation is 25% lower than under the counterfactual
valuation with v = 0. Equivalently, workers would require a permanent increase in consumption
of about one third to be as well off as under risk neutrality with respect to idiosyncratic shocks.
These large welfare losses reflect the substantial lifetime variation in consumption generated by the
model’s earnings dynamics and the assumption that workers are hand-to-mouth.

Figure 15 plots the welfare loss as a function of initial productivity zo (black line), integrating
over the unconditional distribution of x. Losses are sizeable everywhere, ranging from 22 to 27
percent across initial productivity types, but the pattern is nonmonotonic: losses are largest for
workers around the middle and at the top of the productivity distribution rather than at the very
bottom. This pattern reflects a key advantage of our framework: labor supply is endogenous,
and the value of nonemployment is inferred from behavior rather than imposed. Workers at the
very bottom of the productivity distribution often choose nonparticipation and rely on relatively
safe home production, so their welfare is less exposed to labor market risk than their low realized
earnings might suggest. Workers near the participation and separation margins, by contrast, remain
attached to the labor market but face large fluctuations in employment and reemployment prospects.
Because part of observed earnings volatility reflects optimal choice rather than uninsured risk—and
our welfare estimates account for these decisions—rankings by observed earnings losses need not
coincide with rankings by certainty-equivalent losses.

To gauge how much this outside option matters, we recompute the welfare loss under a standard
exogenous-income assumption. We leave the dynamics of workers’ employment status and wages
unchanged from the baseline economy but replace the model-implied nonemployment payoffs—b;(€2)
for the unemployed and n.(£2) for nonparticipants—with a single fixed payoff that is independent of

worker type:
bix = pfix — pw/A x Ay, (38)

where w/A is average earnings per unit of aggregate productivity among the employed, so nonem-
ployment income is a constant fraction p of the average wage. Following Guvenen et al. (2024), we

set p to their benchmark and high-floor values, 6.75% and 22%. This is the natural analogue of the
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safety net in incomplete-markets models, in which the nonemployed consume a low, productivity-
independent transfer with no separate value of home production or leisure.?

This change in nonemployment payoffs sharply raises the calculated welfare cost of idiosyncratic
risk (colored lines in Figure 15). The overall loss rises from 25 percent in the baseline to 29 percent
at p = 22% and 38 percent at p = 6.75% —in the range of existing exogenous-income estimates:
33 percent in Guvenen et al. (2024), 26 percent in De Nardi et al. (2020), and 36-39 percent in
Constantinides (2024). The discrepancy is largest precisely where the model infers the most valuable
outside option: for the lowest-zy workers, who spend the most time nonemployed, the fixed-payoff
assumption nearly doubles the welfare cost—from 22 to 41 percent—and inverts its cross-sectional
gradient. Calculations that take the income process as given therefore overstate the welfare cost
of idiosyncratic risk, most severely for low-paid workers, because they underestimate the value of
nonemployment that the model infers from observed labor market flows.

One caveat for interpreting these estimates is that our model shuts down self-insurance through
savings, which Souchier (2025) shows increases workers’ tolerance for idiosyncratic risk. We partially
compensate for this by calibrating v = 0.48, roughly four times smaller than the benchmark value
of 2 used in much of the literature, to reflect that workers’ marginal propensity to consume is well
below one. Even with this adjustment, the model likely understates heterogeneity in welfare losses:
if higher-income households can smooth idiosyncratic shocks through savings while lower-income
households remain closer to hand-to-mouth, welfare losses at the top would be smaller than in our

benchmark, and cross-sectional dispersion in welfare losses correspondingly larger.

Human Capital Discount Rates

We now turn from worker welfare to the value of workers’” human capital—the present value of their
future labor income—and to the discount rate this value implies. Appendix Figure A.11 reports
workers’ private value of human capital as a ratio to annualized current consumption, an analog of
the price—earnings ratio for equity. In the baseline model this ratio averages about 15, well below
its counterfactual value at v = 0, because idiosyncratic earnings risk discounts future labor income
more heavily, on top of the discounting already applied for aggregate wage and employment risk
(see also Huggett and Kaplan, 2016, for a related discussion).

We summarize this discounting with an implied human capital discount rate: the internal rate of
return that equates the present value of a worker’s expected future labor income to her private value
of human capital. This rate is the sum of three pieces: a risk-free rate; a premium for exposure
to aggregate risk, which is priced even under v = 0 through the time-varying aggregate price of

risk x; and a premium for exposure to idiosyncratic risk—the gap between the v > 0 and v =0

3An alternative approach would be to assume that workers receive a fixed replacement of labor productivity when
unemployed. Doing so would magnify how the differences we highlight below vary across the income distribution.
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valuations. Human capital is risky both because labor income covaries with priced aggregate shocks
and because workers cannot diversify their idiosyncratic earnings risk.

Figure 16 reports these human capital discount rates. Among incumbent workers, the average rate
under risk neutrality with respect to idiosyncratic shocks (v = 0) is about 7% per year and embeds
a 2.1% premium for aggregate risk—similar to the 2.4% estimate in Lustig, Van Nieuwerburgh,
and Verdelhan (2013). Pricing idiosyncratic risk raises the average to around 9% per year, adding
roughly two percentage points. Figure 16a shows that the aggregate human capital discount rate is
countercyclical and peaks following the Great Recession.

The cross section is also informative. For incumbent workers sorted by prior earnings (Figure 16b),
the additional discount induced by idiosyncratic risk is largest for low-wage workers, who face
the largest earnings risk and the highest expected consumption growth. For all workers sorted by
labor productivity (Figure 16¢), the key difference appears in the left tail and is driven by the
nonemployed. Among the least productive workers, discount rates are similar under v = 0 and v > 0,
since nonparticipating workers have payoffs that are not subject to idiosyncratic productivity shocks
and have relatively low expected consumption growth. At the far right of the distribution, the two
lines converge because two effects offset each other (Appendix Figure A.12): a higher subjective
risk premium and a lower subjective risk-free rate as productivity is expected to decline and firm
insurance becomes weaker.

Discount rates also vary along the experience dimension—a rough proxy for worker age in
the model.* Figure 16d plots the average human capital discount rate by current productivity z,
separately for inexperienced (A1) and experienced (Agy) workers. At every level of z, inexperienced
workers face higher discount rates: they sit closer to the separation margin, have more volatile
earnings, and receive less firm-provided insurance, so their human capital is more equity-like.

This result has implications for optimal portfolio choice: it cuts against the textbook lifecycle
prescription that early-career human capital is bond-like and warrants a heavier equity tilt for
younger workers in their portfolio decisions. Relative to this benchmark, our model suggests that
younger workers should tilt their savings portfolio away from stocks towards safer investments since

their human capital is more exposed to discount rates than the human capital of older workers.

Value of Firm Insurance

We next value wage contracts from the firm’s perspective, computing the net present value of the
compensation stream embedded in the contract. This differs from the calculations above: it is the
present value of wages—discounted with the shareholders’ stochastic discount factor (y = 0)—rather

than the valuation of a worker’s lifetime consumption or human capital. Figure A.13 reports the

“Workers in our model have finite lives, but the perpetual youth assumption makes it hard to capture the relevant
notion of worker age in the model: young workers have earnings of longer duration than older workers; differences in
worker experience partly capture that, since low-experience workers have earnings that are expected to grow faster
than experienced workers.
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present-value difference between the optimal contract of a new hire and a piece-rate benchmark that
holds allocations fixed but constrains wages to be proportional to productivity. The piece rate is set
so that the worker derives the same value from the newly formed match as under the optimal contract.
A negative present-value difference means that the optimal contract is cheaper for the firm to provide.

Providing insurance to risk-averse workers allows firms to pay lower wages. That is, over most of
the z distribution, insurance provision significantly reduces the NPV of compensation. In the right
tail the sign reverses, because the retention motive dominates the insurance motive. To retain its
most productive workers, the firm offers strongly nonlinear, backloaded pay, making stayers’ earnings
highly sensitive to z shocks at high productivity levels (Figure A.6e). Because these valuation
differences are driven primarily by idiosyncratic rather than aggregate risk, they are not very
sensitive to risk premia x: higher x reduces insurance gains for low-z workers by raising endogenous

separation risk, while it shrinks the retention premium for high-z workers by lowering poaching risk.

Welfare Cost of On-the-Job Poaching

The optimal wage contract trades off insurance against retention: firms backload compensation to
deter on-the-job poaching, which limits the insurance they can provide to risk-averse workers. We
quantify the welfare cost of this distortion by comparing the baseline economy to a counterfactual
in which the on-the-job search probability x(€2) is set to zero, holding other parameters constant.
Figure A.14 reports the certainty-equivalent welfare gains as a function of initial productivity z,
integrating over the unconditional distribution of x. Welfare gains are uniformly positive and
monotonically increasing in zg, rising from about 2 percent at the bottom to about 7 percent at
the top. These are sizable magnitudes: removing on-the-job search recovers 10 to 25 percent of the
welfare cost of idiosyncratic risk in Figure 15, depending on initial productivity.

The cross-sectional pattern reflects heterogeneity in baseline on-the-job search intensity. At low
z, x(€) is small—about 2 percent per month—so the retention motive barely distorts the contract.
As z rises, x(Q2) rises with it, and firms backload compensation more aggressively to deter poaching,
exposing high-productivity workers to more idiosyncratic risk; the welfare benefits of muting the
retention motive grow accordingly. Two features of our model explain the uniformly positive sign of
these effects. First, firms in our model are homogeneous, so on-the-job search plays no productive
role: worker mobility does not improve match quality. Second, free entry competes away firm rents,
so the retention premium paid to high-z workers in the baseline model reflects limited firm insurance
rather than a transfer from firms to workers. We find that expanding the scope for firm insurance

has large welfare benefits.

5.4 Policy Counterfactuals

The valuation results suggest large gains from interventions that either provide insurance in

unemployment or support employment relationships. We therefore consider two labor market
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policies that are activated only in recessions. Both are financed by a flat consumption tax chosen so
that the net present value of transfers equals the net present value of tax revenue, computed using
the shareholders’ SDF.

We define recession states using the level of risk premia z;, the aggregate state variable that
drives business cycles in the model. Specifically, we define the recession indicator 1} that marks
periods in which labor markets are slack as

1 if loga; > logZ + o d~1(1 -4

0 otherwise,
where ® is the standard normal cdf and § is the unconditional frequency of recessions.
The first policy is an unemployment subsidy that raises the flow value of unemployment when

17 = 1. The total payoff in unemployment becomes
be(Q) = (1+ & 1) Ay h(bo + by 2), (40)

so that in recessions the worker receives a fraction &, more than under the baseline policy.

The second policy is an employment subsidy that pays the firm a transfer equal to a fraction &,
of output when ]lﬁ = 1. It is intended to capture policies that subsidize the cost of employment in
downturns—for example, a temporary payroll tax cut or a wage subsidy.

The two policies operate on different margins. The unemployment subsidy provides insurance to
workers near the separation margin exactly when job-finding rates are low and marginal utility is
high, but it weakens employment incentives. The employment subsidy raises the value of employment
to the firm and therefore supports job creation and retention, but it is a less targeted insurance
device because it reallocates resources toward more productive workers, who are more likely to
remain employed. We first study these policies at empirically motivated magnitudes, then trace out

the welfare-employment frontier when their sizes are chosen optimally subject to a fiscal constraint.

Pre-Specified Labor Market Policies

We first study policies at magnitudes roughly matching what has been used in practice. We set
& = 20% to capture historical UI benefit extensions, and &, = 6% to roughly match the employer
share of Social Security contributions that a payroll tax holiday would suspend.

Table 6 reports results for each policy in isolation and combined, at two activation thresholds
d = 10% and 0 = 20% that bracket the empirical frequency of NBER recession months (13% over
1960-2019). The tax rate T needed to fund these policies ranges from 1.0 to 3.1 percent. Despite
the balanced-budget requirement, both policies raise ex-ante welfare: workers value transfers in
bad states more than shareholders value the taxes that fund them. Welfare gains are larger when

intervention is rarer. At § = 10%, welfare rises by 1.7% under the unemployment subsidy, 0.7%
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under the employment subsidy, and 2.2% when the two are combined; at § = 20%, the corresponding
gains are 1.4%, 0.4%, and 1.7%. The combination delivers the largest welfare gains in either case.

These welfare gains do not come with gains in output or consumption, and more frequent
intervention amplifies the effects on average quantities. The unemployment subsidy reduces average
GDP by 2.3% at 6 = 10% and 4.6% at § = 20%, and raises the average unemployment rate by 3.5
and 7.6 percentage points. The employment subsidy moves in the opposite direction: GDP rises by
1.2 to 1.6%, and average unemployment falls by 0.6 to 0.8 percentage points. The combined policy
delivers the largest welfare gains, but output and employment still fall relative to the baseline: the
unemployment subsidy’s disincentive effects outweigh the employment subsidy’s incentive effects.

These endogenous responses to the policies are central to the welfare gains. Holding employment
and wage dynamics fixed (the “no behavioral response” rows of Table 6), the policies look both
cheaper and less valuable: at § = 10%, the unemployment subsidy requires a tax of 0.3 rather than
1.2 percent and raises welfare by 1.1 rather than 1.7 percent, and the combined policy delivers 1.7
rather than 2.2 percent. With behavior frozen, the subsidy induces no additional take-up, so the
policy reaches fewer workers. Its budget therefore balances at a lower tax, and, transferring fewer
resources to the states where doing so raises welfare, it also delivers smaller welfare gains. Taking
the income process as given thus understates both what these policies cost and what they achieve—
like the valuation exercises above, evaluating policy requires a model in which employment and
earnings respond to the policy environment rather than being held fixed.

Figure 17 decomposes the welfare gains by initial productivity zo for 6 = 10%. The unemployment
subsidy mainly benefits workers in the left tail of the distribution, with the largest gains for
workers near the employment margin, who value additional unemployment insurance the most.
The employment subsidy instead benefits workers in the right tail, where its incidence is higher
because these workers are more likely to be employed; for the far left tail, its welfare effect is
slightly negative. The combined policy delivers positive welfare gains throughout the distribution,
peaking among middle-productivity workers, who benefit from both insurance at the bottom and

employment support to the right.

Optimal Labor Market Policies

We now solve for the policy magnitudes (&,&,) that maximize ex-ante welfare subject to two
constraints: the consumption tax 7 that finances the policy cannot exceed 10%, and the average
employment-to-population ratio is fixed at a target €. Varying e traces out a welfare—employment
frontier. We hold the recession threshold at § = 10% throughout.

Figure 18 plots this frontier; Table 7 reports the underlying policies and outcomes at four points
along it. The frontier is hump-shaped: welfare rises with employment on the left, peaks, then declines.

Column (1) sits at the peak—the welfare-maximizing policy when no employment constraint binds,
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with average employment 2.4 percentage points below the no-policy baseline. Columns (2)—(4) lie
on the right side of the peak, with average employment at the baseline, 2 percentage points above it,
and 4 percentage points above it. The fiscal constraint binds throughout: 7 = 10% in every column.
Welfare gains are large everywhere on the frontier, ranging from 9.5% to 12.7%—four to six times
larger than the 2.2% gain delivered by the combined pre-specified policy at the same threshold.

The composition of the optimal policy shifts sharply along the frontier. At the welfare-maximizing
point, the policy is heavily insurance-loaded: the unemployment subsidy nearly doubles the flow
payoff in unemployment during recessions (&, = 92%), while the employment subsidy is much smaller
(& = 18%). As the employment target rises along the frontier, the composition shifts: ¢, falls from
92% to 47%, while &, rises from 18% to 52%. At the high-employment end of the frontier, the
employment subsidy is the dominant instrument.

Three features of the frontier stand out. First, the welfare-employment trade-off is mild near the
welfare maximum: the planner preserves almost all of the welfare gain at column (1) while bringing
average employment back to the no-policy baseline (column (2)). The trade-off steepens further
out: pushing average employment 4 percentage points above the baseline (column (4)) costs 3.2% of
welfare. Second, average consumption is below the no-policy baseline everywhere on the frontier, by
7.8% at column (1) and 3.7% at column (4). Optimal welfare-improving policies do not raise mean
consumption: the gains come from reallocating consumption toward bad aggregate states and toward
workers near the separation margin, where marginal utility is highest. Third, the effect on the
volatility of employment and earnings growth flips sign along the frontier. At the welfare-maximizing
point, income growth volatility rises by 4.5 percentage points relative to the no-policy baseline; by
column (4), it falls by 2.3 percentage points. The unemployment subsidy reduces consumption risk
by transferring resources to bad states, but it also raises employment risk by weakening labor supply

incentives; the employment subsidy offsets this disincentive by directly supporting employment.

Conclusion

We study how aggregate financial conditions shape firm-provided insurance and, through it, labor
income risk. In our model, higher risk premia reduce match surplus, tighten limited-commitment
constraints, and erode the insurance firms provide to workers. The result is state-dependent pass-
through of firm shocks to earnings, with countercyclical amplification concentrated among lower-
paid workers near the separation margin.

Using U.S. administrative data, we document this interaction: the pass-through of firm-specific
TFP shocks to worker earnings rises when risk premia are elevated, especially through job destruction
at the bottom of the earnings distribution. The calibrated model matches these targeted moments
and accounts for a broader set of untargeted facts about income risk, including non-Gaussian earnings

growth, countercyclical left-tail risk, and persistent scarring from displacement and recession entry.
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The model implies large welfare costs of residual labor income risk and materially lower human
capital values, especially for low-wage workers. State-contingent labor market transfers deliver
substantial welfare gains. Their optimal design trades off the insurance value of unemployment
subsidies against the employment incentives provided by employment subsidies.

The model abstracts from a job ladder and from firm-specific human capital accumulation, both
of which could amplify the effects we emphasize by making downturns more disruptive for workers
attempting to move to better jobs. The central message is that financial conditions shape not only
asset prices but also the amount of firm insurance, and hence the distribution of labor income risk
over the cycle and across workers. An equilibrium model that reproduces these facts about earnings
risk endogenously—rather than with an exogenous income process—is what allows us to quantify

welfare, workers’ valuations, and the gains from state-contingent labor market policies.
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Figure 1: Wage and Earnings Dynamics in Model
Response of Worker Continuation Value to

(a) Human Capital Shock (gp,) (b) Productivity Shock (e.)
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Panels (a) and (b) plot worker continuation values against the realized idiosyncratic shock, with h shocks on the left
and z shocks on the right; dashed lines show the limited commitment bounds. Panels (c) and (d) plot wage growth
against shock size; the dashed line shows labor productivity growth. These are for a worker with z = z, A = A,
x = &, and promised utility at the midpoint of the limited commitment bounds. Panels (e) and (f) plot the average
pass-through of annual idiosyncratic shocks to annual worker earnings, by prior earnings percentile and conditional on
the aggregate shock €4.
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Figure 2: Pass-Through of Firm TFP Growth to Workers in Data
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This figure plots estimated coefficients 3 from regression (31) by within-firm prior earnings percentile at horizons of
one and three years. Panel (a) uses cumulative age-adjusted earnings growth g; ::t+m as the outcome; panel (b) uses
an indicator for at least one zero-earnings quarter over the next H years. The sample consists of incumbent workers
at Compustat firms in the LEHD, 1990-2019. Shaded areas are 95% confidence intervals based on standard errors
clustered by worker and year.
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Figure 3: Pass-Through of Risk Premium Shocks to Workers in Data
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Horizon: 1 Year == 3 Years

This figure plots estimated coefficients s from regression (31) by within-firm prior earnings percentile at horizons of
one and three years. Panel (a) uses cumulative age-adjusted earnings growth g; +:++m as the outcome; panel (b) uses
an indicator for at least one zero-earnings quarter over the next H years. The sample consists of incumbent workers
at Compustat firms in the LEHD, 1990-2019. Shaded areas are 95% confidence intervals based on standard errors
clustered by worker and year.
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Figure 4: Time-Varying Pass-Through of Firm TFP Growth in Data
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This figure plots estimated year-by-year pass-through coefficients 3; from regression (32) of three-year cumulative
age-adjusted earnings growth on firm TFP growth (red, left axis), together with monthly risk premium shocks €™
(black, right axis). The sample consists of incumbent workers at Compustat firms in the LEHD, 1990-2019. The
shaded area is a 95% confidence interval based on standard errors clustered by worker and year. Gray bands indicate
NBER recession dates.
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Figure 5: Response of Wage Earnings: Model vs. Data
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This figure compares estimated coefficients from regression (33) in the data (dots with 95% confidence intervals)
and in model-simulated data (bars), by earnings group at horizons of one and three years. The outcome variable is
cumulative age-adjusted earnings growth. Panel (a): pass-through of firm TFP growth (8o,s). Panel (b): pass-through
of risk premium shocks (ys). Panel (c): interaction of firm TFP growth with risk premium shocks (81,s).
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Figure 6: Response of Job Destruction: Model vs. Data
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This figure compares estimated coefficients from regression (33) in the data (dots with 95% confidence intervals) and
in model-simulated data (bars), by earnings group at horizons of one and three years. The outcome variable is an
indicator for at least one zero-earnings quarter over the next H years. Panel (a): pass-through of firm TFP growth

(Bo,s). Panel (b): pass-through of risk premium shocks (vs). Panel (c): interaction of firm TFP growth with risk
premium shocks (f1,s).
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Figure 7: Impulse Responses to Aggregate Shock in Model
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This figure shows the impulse responses of key model quantities following an aggregate shock of one annual standard

deviation.
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Figure 8: Realized Fluctuations in Labor Markets: Model vs. Data
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This figure compares the realized paths of key variables between the model and the data. We directly feed into the
model our (scaled) empirical measures of risk premium shocks €”. We detrend all macroeconomic series using an HP
filter with quarterly smoothing parameter 10°.
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Figure 9: Labor Income Risk: Model vs. Data

(a) Log Density of Annual Earnings Growth (b) Volatility of Annual Earnings Growth
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This figure compares key measures of worker earnings risk in the model and in the data. The data series are from
Guvenen et al. (2021).
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Figure 10: Impulse Responses of Earnings Growth Distribution to Aggregate Shock in Model

(a) Earnings Growth: Left Tail (p50-p10) (b) Earnings Growth: Right Tail (p90-p50)
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This figure shows the impulse responses of the left and right tails of earnings growth following an aggregate shock of
one annual standard deviation.

Figure 11: Realized Fluctuations in Earnings Risk: Model vs. Data
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This figure compares model-implied and empirical measures of earnings risk over time, feeding the model with realized
risk premium shocks €"P. Panel (a) plots the difference between the median and the 10th percentile of annual earnings

growth (left-tail risk); panel (b) plots the difference between the 90th percentile and the median (right-tail risk). Data
series are from Guvenen et al. (2014).
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Figure 12: Earnings Losses Due to Job Displacement: Model vs. Data
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This figure plots average earnings around a displacement event relative to a control group of otherwise similar workers
who are not displaced, following the empirical design of Davis and Von Wachter (2011). The sample is restricted to
incumbent workers below age 50 with at least three years of tenure and pre-displacement earnings below the median.
A worker is classified as displaced in year y if she receives an exogenous separation shock in year y — 1. Recessions in
the model are periods where the unemployment rate exceeds 8%.

Figure 13: Earnings Losses from Entering the Labor Market in a Recession: Model vs. Data
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This figure plots average earnings by years since labor market entry for workers who enter in recessions versus
expansions, comparing the model to the estimates of Schwandt and von Wachter (2019). Recessions in the model are
periods where the unemployment rate exceeds 8%.
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Figure 14: Losses Due to Job Displacement Across Workers
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This figure plots present value losses due to an exogenous separation. The left panels (a) and (c) report the loss in the
net present value of earnings, discounted with the aggregate SDF (v = 0); the right panels (b) and (d) report the loss
in worker welfare, measured in certainty-equivalent consumption (v > 0). Panels (a) and (b) plot losses by current
productivity z, separately for inexperienced (A1) and experienced (Az) workers, at average risk premia (z; = Z).
Panels (c) and (d) plot losses across the earnings distribution and compare expansions and recessions, where recessions
in the model are periods in which the unemployment rate exceeds 8%.
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Figure 15: Welfare Loss Due to Idiosyncratic Risk
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This figure plots welfare losses from idiosyncratic risk as a function of initial productivity zo, measured as the difference
between certainty-equivalent consumption under the baseline worker valuation (7 > 0) and under a counterfactual
valuation with v = 0. The baseline (black) uses the model-implied value of nonemployment. The colored lines hold
employment and wage dynamics fixed but replace the model-implied nonemployment payoffs with a fixed payoff equal
to a constant fraction p of the average wage, bf* = nf* = pw/A x As.
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Figure 16: Human Capital Discount Rates in Model
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This figure plots the human capital discount rate under the worker (y > 0) and firm (y = 0) valuations, defined as the
internal rate of return: for each worker, we compute expected payoffs by horizon, then find the per-period discount
rate such that the resulting net present value equals the value of human capital. Panel (a) plots the time series of the
aggregate annual rate; panels (b)—(d) plot average annual rates for incumbent workers sorted by prior earnings; for all
workers sorted by labor productivity; and for incumbent workers sorted by productivity z and experience A, respectively.
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Figure 17: State-Contingent Labor Market Policies: Welfare Gains by Initial Productivity
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This figure plots welfare gains from state-contingent labor market subsidies as a function of initial productivity zo, for
a recession threshold of § = 0.1. The unemployment subsidy raises the flow payoff in unemployment by 20%; the
employment subsidy pays firms 6% of output; the combined policy implements both. Welfare gains are measured as

the percentage change in certainty-equivalent consumption for newborn workers (integrated over aggregate states)
relative to the no-policy baseline.

Figure 18: State-Contingent Labor Market Policies: Welfare-Employment Frontier
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This figure plots the welfare-employment frontier of state-contingent labor market policies for a recession threshold of
d = 0.1. Each point corresponds to the policy (&,&,) that maximizes ex-ante welfare subject to a 10% cap on the
financing consumption tax 7 and a fixed value for the average employment-to-population ratio. The change in the
average employment-to-population ratio and the welfare gain (certainty-equivalent consumption for newborn workers)
are relative to the no-policy baseline.
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Table 1: Heterogeneity in Pass-Through of Firm TFP Growth

(1) (2) (3) (4) (5) (6)
etfp
x Worker Earnings, 0-25th Percentile 4.21 3.79 4.29 3.97 6.32 3.53
(5.01) (5.29) (31.15) (28.33) (22.83) (23.33)
x Worker Earnings, 25-50th Percentile 4.41 4.14 4.42 4.21 6.59 3.80
(6.23) (6.50) (39.48) (37.16) (29.73) (30.93)
x Worker Earnings, 50-75th Percentile 4.81 4.60 4.87 4.71 6.78 4.33
(7.20) (7.61) (45.46) (43.27) (31.31) (36.70)
x Worker Earnings, 75-95th Percentile 6.69 6.54 6.81 6.69 9.26 6.19
(8.66) (9.15) (54.29) (52.43) (36.33) (44.82)
x Worker Earnings, 95-100th Percentile 13.74 13.80 13.93 13.97 17.48 13.32
(10.03) (10.61) (44.45) (43.72) (26.53) (38.45)
P « P
x Worker Earnings, 0-25th Percentile 14.33 11.52 5.76 5.61
(3.30) (11.46) (4.93) (4.42)
x Worker Earnings, 25-50th Percentile 9.44 7.52 1.67 1.98
(2.44) (9.28) (1.76) (1.90)
X Worker Earnings, 50-75th Percentile 7.46 5.92 0.82 0.81
(1.68) (7.80) (0.92) (0.83)
x Worker Earnings, 75-95th Percentile 5.23 4.25 -2.05 -2.59
(0.94) (4.86) (-1.99) (-2.30)
x Worker Earnings, 95-100th Percentile -2.29 -1.44 -10.08 -10.27
(-0.31) (-0.67) (-3.94) (-3.74)
Controls:
Earn Grp x €"P v v
Earn Grp x €/ x GDP Growth v
Earn Grp x €//? x NBER Recession v
Fixed Effects:
NAICS2 x Age x Gender v v v v v v
NAICS2 x Earn Grp v v
NAICS2 x Earn Grp x Year v v v v
Observations 23.1m 23.1m 23.1m 23.1m 23.1m 23.1m

This table reports estimated coefficients from regression (33) at a three-year horizon. The outcome variable is
cumulative age-adjusted earnings growth g; +.++3. The upper panel reports the pass-through Bo s of firm TFP growth by
within-firm prior earnings group; the lower panel reports the interaction §1,s with risk premium shocks. Columns (1)—
(2) include industry x earnings group fixed effects; columns (3)—(6) replace these with industry X earnings group X
year fixed effects. Columns (5) and (6) additionally control for the interaction of firm TFP growth with GDP growth
and the NBER recession indicator, respectively. t-statistics based on standard errors clustered by worker and year are
in parentheses. The sample consists of incumbent workers at Compustat firms in the LEHD, 1990-2019.
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Table 2: Pass-Through of Firm TFP Growth across Horizons

Cumulative Earnings Growth Probability of Nonemployment

1 Year 2 Years 5 Years 1 Year 2 Years 3 Years

(1) (2) (3) (4) (5) (6)
etfp
x Worker Earnings, 0-25th Percentile 2.21 3.48 3.98 -0.93 -2.45 -3.14
(4.82) (6.18) (4.71) (-3.23) (-5.33) (-5.36)
x Worker Earnings, 25-50th Percentile 2.67 3.84 4.41 -0.81 -2.04 -2.80
(6.43) (7.67) (5.56) (-3.73) (-4.79) (-4.90)
x Worker Earnings, 50-75th Percentile 2.85 4.25 4.89 -0.48 -1.84 -2.55
(7.17) (8.86) (6.41) (-2.69) (-4.87) (-4.82)
x Worker Earnings, 75-95th Percentile 4.19 6.08 6.86 -0.40 -1.60 -2.37
(9.39) (10.55) (7.80) (-2.95) (-5.62) (-5.80)
x Worker Earnings, 95-100th Percentile 9.22 13.04 14.37 0.01 -1.14 -2.04
(9.44)  (11.23)  (9.46)  (0.04)  (-3.74) (-4.43)
etfP x P
x Worker Earnings, 0-25th Percentile 19.26 17.84 9.87 -11.42 -11.84 -6.55
(6.17) (5.59) (1.95) (-6.50) (-4.15) (-2.45)
x Worker Earnings, 25-50th Percentile 14.54 12.68 5.79 -6.57 -7.29 -2.90
(5.32) (4.34) (1.26) (-5.60) (-2.72) (-1.03)
x Worker Earnings, 50-75th Percentile 12.30 10.29 3.69 -4.78 -4.86 -1.98
(4.64) (3.21) (0.68) (-4.43) (-2.00) (-0.66)
x Worker Earnings, 75-95th Percentile 9.88 7.66 1.77 -2.22 -1.52 1.55
(4.17) (1.91) (0.26) (-3.52) (-0.82) (0.64)
x Worker Earnings, 95-100th Percentile 3.94 1.87 -8.47 0.39 1.72 4.26
(0.88) (0.31) (-1.10) (0.64) (1.19) (1.96)
Controls:
Earn Grp x €'P v v v v v v
Fixed Effects:
NAICS2 x Age x Gender v v v v v v
NAICS2 x Earn Grp v v v v v v
Observations 24.9m 24.0m 21.3m 24.9m 24.0m 23.1m

This table reports estimated coefficients from regression (33) across horizons. Columns (1)—(3) use cumulative age-
adjusted earnings growth g; +:++m as the outcome; columns (4)—(6) use an indicator for at least one zero-earnings
quarter over the next H years. The upper panel reports the pass-through Sy s of firm TFP growth by within-firm prior
earnings group; the lower panel reports the interaction £i1,s with risk premium shocks. t-statistics based on standard
errors clustered by worker and year are in parentheses. The sample consists of incumbent workers at Compustat firms
in the LEHD, 1990-2019.
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Table 3: Pass-Through of Firm TFP Growth across Horizons: Stayers versus Movers

1 Year 3 Years

Stayer Mover Stayer Mover

(1) (2) (3) (4)

etfp
x Worker Earnings, 0-25th Percentile 1.95 -2.23 2.75 0.16
(5.46) (-2.46) (5.58) (0.20)
x Worker Earnings, 25-50th Percentile 2.54 -0.97 3.27 0.94
(7.39) (-1.15) (8.24) (1.12)
x Worker Earnings, 50-75th Percentile 2.99 -0.78 4.11 1.65
(9.42)  (-0.82)  (10.94)  (1.95)
x Worker Earnings, 75-95th Percentile 4.58 0.19 6.69 3.07
(12.56) (0.20) (12.55) (3.31)
x Worker Earnings, 95-100th Percentile 10.74 1.05 16.17 7.52
(11.99) (0.77) (12.74) (5.99)
€tIP x e
x Worker Earnings, 0-25th Percentile 11.44 23.03 4.64 27.23
(5.62) (4.30) (2.36) (3.25)
x Worker Earnings, 25-50th Percentile 10.04 24.28 3.99 24.91
(5.41) (3.60) (2.04) (4.09)
x Worker Earnings, 50-75th Percentile 8.96 22.72 4.87 20.13
(4.65) (3.40) (2.12) (2.78)
x Worker Earnings, 75-95th Percentile 9.37 16.19 5.67 14.16
(4.88) (3.26) (1.44) (1.71)
x Worker Earnings, 95-100th Percentile 3.39 12.44 -0.22 5.20
(0.82) (1.97) (-0.03) (0.56)
Controls:
Earn Grp x €'P v v v v
Fixed Effects:
NAICS2 x Age x Gender v v v v
NAICS2 x Earn Grp v v v v
Observations 19.9m 4.2m 13.3m 8.9m

This table reports estimated coefficients from regression (33) at horizons of one and three years, estimated separately
for stayers (workers who remain with their initial employer) and movers (workers who leave). The outcome variable is
cumulative age-adjusted earnings growth g; +..+ . The upper panel reports the pass-through Sy s of firm TFP growth
by within-firm prior earnings group; the lower panel reports the interaction 81 s with risk premium shocks. ¢-statistics
based on standard errors clustered by worker and year are in parentheses. The sample consists of incumbent workers
at Compustat firms in the LEHD, 1990-2019.
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Table 4: Calibrated Parameters

A. Parameters Calibrated Ex Ante Symbol Value
Average TFP growth (%) HA 0.18
Volatility of TFP growth (%) oA 0.52
Mortality rate (%) ¢ 0.28
Matching function elasticity «a 0.41
Initial value of h h 1
Growth of h in employment (%) JE 0.29
Persistence of z P, 0.991
Long-run mean of z z 1
Volatility of z (%) o 10.9
Volatility of initial z (%) 020 66.6
Low value of A AL 1
Transition probability of A (%) f 2.8
B. Parameters Calibrated to Asset and Labor Markets Symbol Value
Time preference parameter I5; 0.999
Average dividend growth (%) UE 0.08
Persistence of price of risk Vg 0.993
Average price of risk x 0.079
Volatility of price of risk (%) Oy 10.7
Vacancy posting cost, scale Ko 0.016
Vacancy posting cost, elasticity to z K1 2.7
Exogenous separation rate (%) s 0.75
Unemployment benefit, intercept bo 1.8
Unemployment benefit, dependence on z by 0.77
Nonparticipation benefit n 2.3
Growth of h in nonemployment (%) 9o 0.03
Volatility of h (%) o, 2.7
High value of A Ay 24
Worker risk aversion ¥ 0.48
On-the-job search, intercept X0 44.4
On-the-job search, dependence on z X1 2.7
Correlation of h in firm (%) Ph 27.3
Correlation of z in firm (%) Pz 25.0
Volatility of orthogonal firm TFP shocks (%) o 5.9

This table reports the parameter values in our baseline calibration of the model. The model is calibrated at a monthly
frequency. See Section 3.4 for details.
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Table 5: Labor Market Dynamics: Model vs. Data

Volatility Autocorrelation Cyclicality

A. Labor Market Indicators Model  Data  Model Data  Model Data
Unemployment rate (%) 1.43 1.44 0.94 0.97 1.00 1.00
Long-term unemployment share (%) 6.05 5.78 0.75 0.97 2.61 3.45
Employment-population ratio (%) 2.53 1.08 0.96 0.97 -1.59 -0.72
Labor force participation rate (%) 1.65 0.35 0.95 0.91 -0.85 -0.07
Labor market tightness (log V/U ratio, %) 23.89  37.71 0.86 0.97 -14.91 -25.32
B. Job Flows

Job-finding rate (%) 4.07 2.93 0.80 0.92 -2.10 -1.91
Separation rate into unemployment (%) 0.16 0.17 0.47 0.83 0.05 0.10
C. Decomposition of Unemployment Rate

Unemployment rate w/ constant separations (%) 0.82 0.79 0.95 0.97 0.55 0.51
Unemployment rate w/ constant job finding (%) 0.45 0.61 0.82 0.94 0.21 0.40

This table reports key labor market moments in the model and in the data. We report the volatility and persistence
(autocorrelation) of these series, together with their cyclicality—the slope coeflicient (beta) of a regression of each
series on the unemployment rate. Panel C reports the moments of counterfactual unemployment rate series that hold

either the separation rate or the job-finding rate constant.
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Table 6: Pre-Specified Labor Market Policies

Labor Market Subsidy

Unemployment  Employment Both

(1) (2) B @ () (6
Threshold parameter (3, %) 10 20 10 20 10 20
Unemployment subsidy (&, %) 20 20 0 0 20 20
Employment subsidy (&,, %) 0 0 6 6 6 6
Tax rate (7, %) 1.2 1.8 1.0 1.6 2.0 3.1
Tax rate, no behavioral response (7, %) 0.3 0.5 1.0 1.6 1.3 21
A welfare (%) 1.7 1.4 0.7 0.4 22 1.7
A welfare, no behavioral response (%) 1.1 1.1 0.6 0.2 1.7 1.3
A average GDP (%) -2.3 -4.6 1.2 1.6 -1.0  -25
A average consumption (%) -1.7 -2.7 -0.2 0.1 -1.7 23
A employment-population ratio mean (ppt) -1.8 -3.6 1.0 1.4 -0.7  -2.0
A employment-population ratio vol (ppt) 1.5 2.2 -04 -04 1.0 1.5
A unemployment rate mean (ppt) 3.5 7.6 -0.6 -0.8 27 6.3
A unemployment rate vol (ppt) 4.8 6.3 -04  -0.5 4.2 55
A income growth vol (ppt) 1.6 3.0 -0.6  -0.9 08 1.6

This table reports the effects of state-contingent labor market subsidies that are active when risk premia x; exceed
a threshold (recession frequency ¢). The unemployment subsidy raises the flow payoff in unemployment by &; the
employment subsidy pays firms a fraction £, of output. Both are financed by a flat consumption tax 7 such that
the policy is budget-balanced in net present value (using the shareholders’ SDF). Welfare is measured as certainty-
equivalent consumption for newborn workers. The rows labeled “no behavioral response” recompute the tax and the
welfare gain holding employment and wage dynamics fixed at their no-intervention values.

Table 7: Labor Market Policies on the Welfare—Employment Frontier

O @ 6 &

Threshold parameter (0, %) 10 10 10 10
Unemployment subsidy (&, %) 92 81 66 47
Employment subsidy (&,, %) 18 34 44 52
Tax rate (1, %) 10 10 10 10
A welfare (%) 127 122 111 95
A average GDP (%) -46 -0.7 21 47
A average consumption (%) -7.8  -63 -5.0 -3.7
A employment-population ratio mean (ppt) -2.4 0.0 2.0 4.0
A employment-population ratio vol (ppt) 5.1 3.0 1.4  -0.2
A unemployment rate mean (ppt) 5.9 3.7 2.0 0.4
A unemployment rate vol (ppt) 8.8 6.6 4.7 2.9
A income growth vol (ppt) 4.5 20 -0.2 -23

This table reports four policies on the welfare-employment frontier and their effects, for § = 0.1 and subject to a 10%
tax cap. Column (1) is the welfare-maximizing policy without an employment constraint; columns (2)—(4) fix average
employment at the no-policy baseline, 2 percentage points above it, and 4 percentage points above it.
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Online Appendix

A Model Appendix

A.1 A Microfoundation for Worker Preferences

The worker preferences in equation (6) arise from Epstein-Zin utility combined with time-varying
ambiguity aversion over aggregate risk, in the spirit of Hansen and Sargent (2001) and Skiadas
(2013a).

Consider an agent with Epstein-Zin preferences and certainty equivalent R;:
1
Vi ={cir 0+ B(1=¢) (Ru(Vigsn)' 72} 7 (A1)

Under standard expected utility, Ry(V) = E;[V'=7]"/0-7)_ We modify the certainty equivalent to
incorporate ambiguity aversion over aggregate risk, while maintaining standard risk aversion - over
idiosyncratic risk. Under an approximation described below, this modification yields the worker

preferences in equation (6).

Entropic penalty for ambiguity. The modified certainty equivalent evaluates V;lt:{ under a

worst-case measure (Q* rather than the reference measure P:

*

Ri(Vigr1) = B¢ [V 3V 0, (A.2)

Following Hansen and Sargent (2001), @* minimizes the agent’s certainty-equivalent continuation
utility, penalized by its Kullback—Leibler divergence from P:
. . L Q- ol  dQ
Q = arg CISIEHQI {1—'}/ ]Et |:‘/i,t+’}i:| + \Ili,t Et log dip . (AB)
The set of measures Q distort only the distribution of the aggregate shock € 4 111, leaving idiosyncratic
shocks unchanged. This restriction ensures that ambiguity aversion is source-dependent in the sense
of Skiadas (2013a): the agent is ambiguity-averse toward aggregate risk but evaluates idiosyncratic

risk under standard expected utility with risk aversion ~.

Following Maenhout (2004), we scale the penalty coefficient by the value function,

_~O0A
Wiy =V ' 2, (A.4)

Tt

to preserve homotheticity. The F;-measurable process x; > 0 governs the time-varying degree of
ambiguity aversion: higher z; reduces the penalty for deviating from the reference measure, so the

agent’s worst-case distortion is larger.

65



Optimal distortion. The first-order condition of (A.3) yields an optimal distortion that depends

on the agent’s continuation value and hence on her idiosyncratic state:

aQ* (Vi1 / Vi) ™7
dip O(eXp{—u_WA$t}. (A5)

The degree of pessimism would therefore be endogenous to the agent’s state. We approximate
by assuming that (V;;11/Vis)!™7 is a function of the aggregate shock alone and is given by the
following log-linear expansion:

1=y
Vi
(;:1) Rk+(1—7)oacaiti- (A.6)

Substituting into the first-order condition, the constant k is absorbed into the normalization
EF[dQ*/dP] = 1, and the optimal distortion reduces to

dQ* 1
dQP = exp {—21:§ — Xy €A,t+1} =Ty (A.7)

Equation (A.7) is an approximation that would be exact if v = 1 and every agent’s consumption were
proportional to A; state-by-state. Workers are hand-to-mouth and their consumption equals their
wage, which is not exactly proportional to A;; however, all wages and flow payoffs are cointegrated
with aggregate productivity, so the approximation is reasonable. This is in the spirit of Campbell
and Cochrane (1999) and Kehoe et al. (2023), who formulate habit preferences over the exogenous
endowment or productivity process rather than endogenous consumption.

Under the distorted measure Q*, the aggregate shock is distributed as €4 4+1 ~ N(—z¢,1)—a

pessimistic shift proportional to the degree of ambiguity aversion.

Properties of the distortion. This specification satisfies properties that Skiadas (2013a,b) show

are necessary for scale-invariant, source-dependent ambiguity-averse preferences:
1. Proper density: EF['s11] = 1, so Q* is a valid probability measure.

2. Source dependence: I'ty1 depends only on the aggregate shock €441 and Fi-measurable

parameters, not on idiosyncratic shocks.

3. Time variation: The degree of distortion is governed by x;, which varies over time following
the process in (8), so both the mean and conditional variance of the worst-case distortion vary

with the aggregate state.

4. Controlled divergence: The Kullback—Leibler divergence of Q* from P equals
KL(Q"|P) = Ef [logTyi1] = Ef [Tey1logThya] = a7, (A.8)
which is increasing in the degree of ambiguity aversion xy.
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From entropic penalty to multiplicative distortion. Since R; is the CES certainty equiv-
alent evaluated under Q*, and Q* has Radon-Nikodym derivative I'ty1, we have Ri(Vit41) =
E, [Ft+1V ) +1]1/ (1=7): the distortion enters multiplicatively inside the CES aggregator. Substituting
into the Epstein-Zin recursion (A.1) yields

1-1/¢ 1) T8
Vig = { +B(1—-C)E, [Ft+1 V@Hﬂ - } . (A.9)

In the main text, we set ¢ = 1/, under which 11_71,/;1) = 1 and (A.9) simplifies to equation (6).
This restriction ties the elasticity of intertemporal substitution to risk aversion; the Epstein-Zin

formulation nests alternative calibrations where ¢ # 1/~.

A.2 Optimal Wage Contracting

At the final stage of the period, given current promised utility V¥, the firm chooses the optimal wage

and state-contingent future promised utility to solve the following dynamic optimization problem:

THQUVE) = max (@) = w+ (1= Q= 8) Bug[Aen 15, (2, V) JES(@, V)] (A10)

st. VI9< {wl—v +8(1—-¢)E 0 [FtH{Vt?rl(Q’)l_V )
+{1 -8 t+1(Q, VC,)((VC,)1_7 - ‘/%21(9’)1—7) H }H

The indicator 1¢, (€, V") captures limited commitment: the contract will be terminated by the
worker if the worker’s continuation value V¢ is less than the outside option V,Q; () or if the firm’s
continuation value J (Y, V) is negative. Without loss of generality, we can impose that the firm
always offers a contract that is not terminated by the worker, and the match will be terminated if
and only if the firm’s maximum continuation value when evaluated at the worker’s outside option is

negative. Thus, we can rewrite the firm’s optimization problem as:

JES@, V) = max y(©Q) = w+ (1= Q1= 8) Brg A 15,(2) JET (@, V)] (A12)

w, {VC'}
st. Vo= {uﬂ” +8(1 =) Eo [Ft+1{vt?rl(9/)lﬂ (A.13)
(=918, @) () = V@)
ve > Vt?-l(ﬂl) (A.14)
15,,(Q) JEG(@, v > (A.15)
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where the continuation indicator ]ltqu(Q’ ) does not depend on promised utility and is given by

1if JES(,v2(92)) >0

0 otherwise.

If the continuation indicator is zero, there is no feasible continuation value that satisfies the limited
commitment constraint on both ends, so that any promised utility in this state will lead to a
termination of the match. If there exists a feasiable continuation value, it is always optimal for the

firm to offer a continuation value to the worker that is at least as high as her outside option.

First-order conditions and risk-sharing. Let £ denote the Lagrange multiplier on the promise-
keeping constraint. In future states where neither the firm’s nor the worker’s limited commitment

constraint binds, the first-order conditions are

1=¢(VH w7, (A.17)
QJES (', v

_At-‘rl avc,

= EATen (VI (V) 7T, (A.18)
for the wage w and state-contingent continuation value V', respectively. The envelope condition

gives
AJFS(Q,vS
tai/kg) = _6. (A..].g)

Combining (A.17) and (A.19):

aJEs(Q,vSy  [(vS\
_ ’ = — ) A2
ovs w (A.20)
Substituting € = w?(V¥)™ from (A.17) into (A.18) and using Ayy; = BT41:
IR (v, v AN
_ t+1( ) ) — V ) (A21)
over w

Together, (A.20) and (A.21) yield the risk-sharing condition (28): the ratio of worker marginal
utility to the firm’s marginal cost of providing value is equalized across all states where neither

limited commitment constraint binds.

Wage dynamics without on-the-job search. Without OJS (x = 0), the continuation and
post-search values coincide (V¢ = V%) and JFC = JFS. Combining (A.20) (evaluated at ¢ + 1)

with (A.21) yields
c\ 7 4% -
(Vw ) _ ( ~ ) I —, (A.22)

Wages are constant as long as neither constraint binds, as in Thomas and Worrall (1990). When
the worker’s limited commitment constraint (A.14) binds (V" = V,€,(2')), the FOC (A.18) holds
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as an inequality and the same logic yields w’ > w: wages rise to satisfy the worker’s outside option.

Symmetrically, when the firm’s participation constraint (A.15) binds, w’ < w.

Wage growth with on-the-job search. With OJS, J¥C and J¥S are linked through the
randomization stage. Abstracting from the lottery, the relationships at ¢t + 1 are

TSV = prn (2, V) JEZ (2, V), (A.23)

(VY7 = (V)T 4 x(Q) (1 =) Rea (2, V), (A.24)

where (A.24) is the promise-keeping constraint (23) of the randomization stage. Differentiating (A.23)

with respect to V¢ via the chain rule:

= 1 Y781 ~ 8JFS Q’,VS/
OIFG (@, V) BV JES (0, V') + g (2, V) PEES) (A.25)
C - 1 /S . .
over (VCryy [(VS/)fv + x() 3Rt+81‘(/ﬂs;V )}

The envelope theorem applied to the worker’s search problem gives OR; 1 (Y, V5")/oVS =
—p(Or1 (U, VY, V")) (VS)™7. The bracketed term in the denominator of (A.25) therefore sim-
plifies to pyy1 (Y, V") (V) ™7, by the definition (17) of the retention probability.

Substituting (A.21) for the left-hand side and (A.20) (applied at ¢ + 1) for 8.J/5/0V®, and

rearranging,
, 0log P (2, V)
v

which yields the wage growth equation (29) in the main text. The second term captures the retention

(W) =w + (V) TR, V), (A.26)

motive: since dlogpr+1/0VY > 0 and JES > 0, wages are weakly increasing (backloaded) even

when neither limited commitment constraint binds.

Behavior at the bounds. When the worker’s limited commitment constraint binds, the post-
search value V' is determined by inverting the promise-keeping constraint (A.24) at V<" = V., (),
and the wage w’ follows from the envelope condition (A.20) evaluated at this V'%'. When the firm’s
participation constraint binds, the post-search value V¥ is determined by inverting the promise-
keeping constraint (A.24) at the value V' that solves JEG (€, V") = 0, and the wage w’ again

follows from the envelope condition (A.20).

A.3 Calibration of the Stochastic Discount Factor

We choose the parameters that govern the dynamics of the stochastic discount factor (SDF) to match
asset pricing moments, as in Meeuwis et al. (2025). To do so, we make the common assumption

that corporate earnings E; represent a levered claim on aggregate productivity,
AlogEi1 =pp+Loacaitt, (A.27)

where g is expected earnings growth and L is the leverage parameter. Based on the average value

of nonfinancial corporate business debt as a percentage of the market value of corporate equity
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between 1952 and 2019 from the Flow of Funds, which is 49%, we assume a leverage parameter
L equal to 1.49. The total value of the stock market is given by the present value of aggregate
earnings as specified in (11).

To calibrate the price of risk process x;, we follow a strategy similar to that of Lettau and
Wachter (2007), with two important distinctions: first, we assume that z; follows an AR(1) process
in logs instead of levels, so that it cannot get negative; second, we assume that aggregate productivity
shocks and risk premium shocks are perfectly negatively correlated so that risk premium shocks are
also priced.

We simulate the model at a monthly frequency and aggregate all financial variables to an annual
frequency to compute annual moments. We choose 3, pg, , ¥, and o, to target the average risk-
free rate, the average price—earnings ratio, the autocorrelation of the log price—earnings ratio, and
the mean and volatility of aggregate stock market returns.

Table A.1 shows that our calibration (8 = 0.999, ug = 0.08%, £ = 0.079, 1, = 0.993, o, = 0.107)

closely matches the targeted moments. The maximum monthly Sharpe ratio that can be attained

VVarAv] _ Jexp (a7} — 1~ . (A.28)

E[A¢41]

When z; is at its long-run mean z, the maximum monthly Sharpe ratio is 0.079, or approximately

in financial markets is

0.27 per year.

We assume that our empirical measure of risk premium shocks 6:5)_1 corresponds to the aggregate
shock —e4,44+1 in the model, which jointly drives aggregate productivity and risk premia. In
quantitative comparisons of the model with the data, we therefore assume that e:il is proportional to
€4t+1. Given that the empirical distribution of eﬁl is positively skewed and leptokurtic, we calibrate
the proportionality coefficient such that the interpercentile range (p99-p1l) of monthly risk premium
shocks matches between the model and the data: 6:-14)-1 = —0.045 x €4,¢+1. Under this assumption, the
sample moments of model-implied quantities given the realized risk premium shock series are similar
to the unconditional moments. Appendix Figure A.15 further shows that the resulting model-implied
price—earnings ratio captures the major swings in Shiller’s CAPE ratio over time. We maintain the

timing assumption from Section 3.1 in linking financial shocks to labor market outcomes.

B Additional Details on the Empirical Analysis

Here, we provide further details on the data construction and empirical analysis.

B.1 Worker Earnings Data

Our main data are employer—employee linked data from the Longitudinal Employer—Household
Dynamics (LEHD) database. The LEHD contains earnings and employer information for U.S.
workers, collected from state unemployment insurance filings. The LEHD data start in 1990, although
many states joined the sample in later years as coverage became more complete. By the mid- to late-

1990s, the LEHD covers the majority of jobs. We use data for years until 2019; only a few states drop
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out of the sample for years before then. The LEHD data are based on firms’ unemployment insurance
filings to the state and contain total gross wages and other taxable forms of compensation as a
measure of earnings. For the state—quarters in the LEHD, coverage of private sector jobs is nearly
100%. We link worker earnings to demographic information such as age and gender and convert all
nominal earnings measures to real figures by deflating with the consumer price index (CPI).

The data allow us to track the incomes of individual workers over time and across employers. Our
sample in year t covers individuals between ages 25 and 60 who live in a state in year ¢ that is in the
LEHD between years t —2 and t+5 and who have labor earnings in years t, t—1, and ¢ —2 that exceed
a minimum annual threshold as in Guvenen et al. (2014): the federal minimum wage times 20 hours
times 13 weeks (1885 dollars in 2019). We merge leads and lags of individual annual labor earnings to
the base year, where individuals without any earnings are assigned zero wage earnings for that year.

In addition to total earnings, we separately observe earnings and employer identity for the top
three jobs (by income) of an individual in that year. We use the Employer Identification Number
(EIN) of the employer associated with the highest annual earnings for the individual to assign
workers to firms. In selecting the sample for year ¢, we require individuals to have strictly positive
earnings from this employer in year t+ 1 to make sure that the employment relationship is still active
by the end of year ¢t. For workers for whom we observe a complete earnings history between years
t — 5 and ¢, we construct indicators for employment tenure by counting the number of consecutive
years that the worker has received income from the current main employer.

A key focus of our analysis is on heterogeneity in the effects of risk premium and productivity
shocks across the income distribution. We rank workers by their prior earnings relative to their peers.
In particular, we sort workers by their last three years of total age-adjusted wage earnings, w; 2,
and compute the income rank of workers within their own firm. To compute these earnings ranks, we
require observing at least 50 workers in the sample for a firm—year. We focus on quartiles of the initial
earnings distribution, where we further separate out the top 5% from the remainder of the top quartile.

We use an internal Census table for mapping EIN to GVKEY identifiers to link firm information
from Compustat to the worker earnings data. For most of our analysis, we focus on employees
of publicly traded companies, for whom we have better measures of risk premium exposures and
productivity shocks. We build our sample by first collecting data for all U.S. workers in the LEHD
who are linked to Compustat firms in the base year ¢t and constructing the yearly income ranks for
this full sample. We exclude workers employed by firms with missing industry codes or who work in
the utilities sector (NAICS codes starting with 22) or financial sector (NAICS codes starting with
52 or 53) from the sample.

After constructing all relevant variables, we draw a stratified random subsample of workers
within each firm-year to keep the analysis computationally feasible. Let Ny; denote the total
number of incumbent workers in firm f in year t. Workers at or below the 95th percentile of the
within-firm earnings distribution are sampled with probability p;+ = min(500 / (0.95 - Ny;), 1), and
workers above the 95th percentile with probability p;; = min(250 / (0.05 - Ny;), 1). For large firms,
this selects on average 500 workers from the bottom 95% and 250 from the top 5%; for smaller
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firms, all workers are included. The top 5% is oversampled relative to its population share to ensure
adequate coverage of the top earnings bin used in our analysis.

In all pass-through regressions, observations are weighted by w;; = 1/(Ny-pi¢), where p;; is the
worker’s sampling probability. The inverse sampling probability corrects for the stratified design, and
the additional scaling by 1/N; weights firms equally regardless of size, as e.g. in Green et al. (2025).

An additional benefit of the LEHD is that it contains total earnings for each quarter in addition
to the annual information. We use this information to construct a nonemployment indicator that
takes the value of one if an individual has a quarter of zero earnings over a particular period. We
also use worker earnings data split out per employer in future years to classify workers as stayers

versus movers with respect to their initial job.

B.2 Productivity Shocks

We use the approach from Imrohoroglu and Tiizel (2014) to estimate a revenue-based measure of

total factor productivity (TFP) growth at the firm level based on the production function
yjt = Bo + Brkjt + Biljt + wjs + nje, (A.29)

where y;; is the log of value added for firm j in year ¢, kj; and lj; are log capital and labor,
respectively, wj; is log firm TEFP, and 7;; is an error term. We estimate the parameters 3;, and 3; by
implementing the semiparametric methodology of Olley and Pakes (1996). From these estimates,

we then compute firm-level TFP growth as
Awj = Ayje — BrAkje — BiAL. (A.30)

In their estimation of 8, and f;, Imrohoroglu and Tiizel (2014) use industry-time fixed effects to
separate firm productivity from industry or aggregate effects. To obtain estimates of firm-level TFP
growth that are suitable for aggregation, we re-estimate firm TFP growth based on their methodology
but replace the industry—year fixed effects with industry fixed effects at the 3-digit SIC level.

We apply this methodology using data from Compustat, complemented by output and invest-
ment deflators from the Bureau of Economic Analysis and wage data from the Social Security Ad-
ministration. We estimate the production function parameters for every year between 1964 and
2020 using all data up until that year to avoid using any forward-looking information. We winsorize
the resulting firm-level growth series at the 1% and 99% levels.

We use this series rather than the TFP series from the Bureau of Labor Statistics (BLS) for
several reasons. First, the Imrohoroglu and Tiizel (2014) series is a direct estimate of revenue-based
total factor productivity (TFPR) at the firm level, which Guiso et al. (2005) show has some pass-
through to worker wages. By contrast, the TFP series from the BLS are defined as the difference
between real output and a shares-weighted combination of factor inputs at the sector or industry
level. Second, the BLS series are available only at a granular level for manufacturing industries.

Third, for some industries, there are some salient differences between private and public firms; our
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analysis is based on public firms, and the Imrohoroglu and Tiizel (2014) measure of productivity

directly applies to these firms.

B.3 Risk Premium Shocks

To measure variation in risk premia, we follow Meeuwis et al. (2025) and construct an index of risk
premium shocks that captures fluctuations in either the level of risk or investors’ risk-bearing capacity.
We draw on nine existing monthly series from the literature: the excess bond premium of Gilchrist
and Zakrajsek (2012); Shiller’'s CAPE ratio; the Chicago Fed’s National Financial Conditions Index
(NFCI); the financial uncertainty index of Jurado et al. (2015); the risk appetite index of Bauer et al.
(2023); the risk aversion index of Bekaert, Engstrom, and Xu (2022); the variance risk premium of
Bekaert and Hoerova (2014); the CBOE VIX; and the SVIX of Martin (2016). All series are signed
so that an increase indicates elevated risk premia; innovations to all series are negatively correlated
with stock market returns in the same month. Since the majority of the series are available from the
1980s and we link them to worker data starting from 1990, we collect data from December 1984.
Because each series is a noisy proxy, we focus on their common component. For each, we measure
innovations by estimating AR(1) residuals. We then extract the first principal component across
these residuals, following Bauer et al. (2023) in dealing with missing observations. We denote the
resulting series of risk premium shocks as €?. This common factor explains 60% of total variance,
with correlations with individual series residuals ranging from 51% to 75%. Since earnings are
annual, we construct annual risk premium shocks eﬁl by cumulating monthly shocks from mid-year

t to mid-year ¢ + 1.

B.4 Pass-Through Regression Specification

In the pass-through regressions (31) and (33), the outcome variable g; +++p is cumulative, age-
adjusted earnings growth defined in equation (30), f(4,t) denotes the employer of worker i at time ¢,
and 1,(; ;)—, is an indicator for the worker’s prior earnings bin 7(i,t), defined as the worker’s rank
by prior earnings relative to other workers within the same firm.

The controls Z;; include: a third-order polynomial in the log of average earnings over the past
three years; the lagged risk premium index interacted with labor income group dummies; fixed
effects for the worker’s industry (defined at the 2-digit NAICS level) interacted with her labor
income bin; and worker industry x age x gender fixed effects. Standard errors are clustered by
worker and year. In the time-variation specification (33), we also consider alternative specifications
that interact the firm-specific shocks by earnings group with aggregate output growth or the fraction

of the year spent in NBER recessions.

B.5 CPS Data on Worker Flows

We measure gross flows between worker employment states using microdata from the Current
Population Survey (CPS) between January 1978 and December 2019. The flows are calculated by

making use of the rotating-panel sampling procedure, where households are included in the sample
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for four months, rotated out for eight months, and then rotated back in for another four months.
We follow the algorithm of Elsby et al. (2015); Krusell et al. (2017) in estimating worker flows
for all respondents and the associated monthly transition flow probabilities between employment,
unemployment, and nonparticipation.

It is well known that survey-based measures of gross flows between recorded employment
states are sensitive to classification errors, especially between the states of unemployment and
nonparticipation. We implement the Abowd-Zellner correction for classification errors that adjusts
transition probabilities for the estimates of misclassification probabilities from Abowd and Zellner
(1985), which are based on resolved labor force status from follow-up CPS interviews. The literature
has found that all labor market states become more persistent after correction than what is implied
by the unadjusted flows. Following the prior literature, we also implement a margin-error adjustment
that restricts the estimates of worker flows to be consistent with the published aggregate labor

market stocks of workers in employment, unemployment, and nonparticipation.

B.6 SIPP Data on Worker Flows

Given our focus on heterogeneity in labor market dynamics across workers with different income
levels, we also want to measure worker flows conditional on wage earnings in the data. Since it is
not possible to compute a time series of transition rates by income in the CPS, we turn to data
from the Survey of Income and Program Participation (SIPP) of the U.S. Census Bureau to assess
the relation between gross worker flows and earnings.

The SIPP is a longitudinal national household survey where participants are repeatedly inter-
viewed on their labor market participation, income, demographic characteristics, and other economi-
cally relevant dynamics over a multiyear period. The SIPP consists of multiple panels that each last
for several years. The SIPP had major redesigns in 1996 and 2014. Respondents are interviewed
every four months (before 2014) or year (from 2014) about monthly outcomes over the past months.

We use data from the 1990-2019 panels of the SIPP, which cover the period from November 1989
to December 2019 with some gaps. We measure monthly employment status from reports in the
last week of each month. Analogous to the CPS, we classify individuals as employed if they have a
job and are working, absent without pay, or on paid leave. Individuals are classified as unemployed
if they have no job and are either looking for work or on layoff. We also track workers who are not
participating in the labor market.

In our calibration, we separately target the dynamics of separation and job-finding rates by
worker earnings levels. For separation rates, we restrict attention to incumbent workers with positive
wage earnings who report having a job in all weeks of the initial month. We sort these employed
workers into income groups based on their wage earnings in the current month and compute the
share of workers that become unemployed in the next month by earnings quartile bin. For job-
finding rates, we sort unemployed workers into income groups based on their last reported (full-
month) monthly wage income during the prior 12 months, if any. We then compute the share of

workers that report having a job in the next month by prior earnings quartile bin.
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It is well established that there is a significant level difference in flow rates computed using
the CPS versus the SIPP (Fujita, Nekarda, and Ramey, 2007). Since we calibrate the model to
conventional moments of aggregate flows based on the CPS, we adjust the flow rates from the SIPP
by removing the level effect. Specifically, we scale the monthly transition probabilities for each
earnings group by the respective unconditional average flow rate. That is, we only use the SIPP to

estimate relative differences in flows across the earnings distribution.

B.7 Cyclical Dynamics

Both in the data and in the model, we average all monthly labor market stocks and flows at the
quarterly frequency. Following Shimer (2005), we apply a low-frequency HP filter with smoothing

parameter 10° to these series to capture business-cycle fluctuations.
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Figure A.1: Job-Finding Rate and Nonemployment Duration

(a) Probability of Finding a Job for Unemployed Worker: p*(z, z)

p*(z,2)

log z

(b) Expected Duration of Nonemployment for Workers Without Job
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Panel (a) plots the monthly job-finding rate p; (Q,YtO (©2)) for unemployed workers against worker productivity z.
Unemployed workers enter nonemployment with A = Az, so the job-finding rate depends only on x and z. Panel (b) plots
the expected duration of nonemployment for workers without a job against z. Each curve corresponds to a different level

of aggregate risk premia: one unconditional standard deviation below, at, and above the unconditional mean of log z.



Figure A.2: Risk Premia and Thresholds for Worker Search and Separation

(a) Worker Search Threshold: z(xz)

x|

log

(b) Worker Termination Threshold, Low Experience: z*(x, A1)

2*(x, M)

log x

(c¢) Worker Termination Threshold, High Experience: z*(z, Ax)

2*(x, Agr)

=~ > () (Baseline) ==y =0 (Counterfactual)

Panel (a) plots the search threshold z(z) as a function of risk premia z. A nonemployed worker enters the search
pool when z > z(z), i.e., when V;V(Q) > V;¥(Q), and exits the labor force otherwise. Panels (b) and (c) plot the
separation threshold z*(z, A) as a function of z for low-experience (Ar) and high-experience (Agr) workers, respectively.
An existing match is continued when z > 2*(z, \), i.e., when J;(Q, V,2(Q)) > 0. Solid lines: baseline calibration with

risk-averse workers (y > 0). Dotted lines: counterfactual with risk-neutral workers (y = 0).
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6.

Figure A.3: Separation and Job-Finding Rates by Worker Income: Model vs. Data

(a) Job-Finding Rate, Average by Last Wage (b) Separation Rate, Average by Wage
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This figure compares the average and cyclicality (unemployment beta) of the job-finding rate (U—E) and the separation rate into unemployment (E—U) by income
group in the model and in the data. The empirical counterparts are computed from the SIPP, adjusted for flow level differences from the CPS. Unemployed workers in
panels (a) and (c) are binned into groups based on their earnings the last time they were employed in the prior twelve months (if any). Incumbent workers in Panels
(b) and (d) are binned into groups based on their current wage earnings.



Figure A.4: Response of Wage Earnings, Stayers vs. Movers: Model vs. Data

(a) Firm TFP Growth
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This figure compares estimated coefficients from regression (33) in the data (dots with 95% confidence intervals) and in
model-simulated data (bars), by earnings group at a three-year horizon, estimated separately for stayers (workers who
remain with their initial employer) and movers (workers who leave). The outcome variable is cumulative age-adjusted
earnings growth. Panel (a): pass-through of firm TFP growth (8o s). Panel (b): pass-through of risk premium shocks
(vs). Panel (c): interaction of firm TFP growth with risk premium shocks (81,s).
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Figure A.5: Distribution of Worker Productivity Components

Distribution of Worker Human Capital h by

(a) Worker Earnings (Incumbents)

(b) Labor Productivity (All Workers)
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This figure plots the ergodic distribution of the three worker productivity components—permanent human capital h
(panels a—b), persistent productivity z (panels c—d), and experience A (panels e—f)—in the calibrated model. Left
panels sort incumbent workers by earnings percentile; right panels sort all workers (including nonemployed) by labor
productivity percentile.



Figure A.6: Response of Worker Earnings and Nonemployment to Model Shocks

(a) Wage Earnings, Unconditional
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(e) Wage Earnings for Stayers, Unconditional
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(b) Wage Earnings, RP Interaction
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This figure shows the response of annual worker earnings and nonemployment to a one annual standard deviation
shock to each model variable, by prior earnings percentile. Left panels plot unconditional responses; right panels plot
the additional effect when risk premia = are one standard deviation above their mean.
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Figure A.7: Distribution of Worker Earnings Growth

(a) Density of Annual Earnings Growth
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(b) Log Density of Annual Earnings Growth: All vs. Continuously Employed
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Panel (a) compares the density of annual earnings growth to the data (Guvenen et al., 2021). Panel (b) plots the log

density for all workers versus continuously employed workers (employed throughout years ¢ and ¢ 4+ 1) in the model,

and panel (c) plots the log density for stayers versus movers.
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Figure A.8: Labor Income Risk, Higher Order Moments: Model vs. Data

(a) Skewness of Annual Earnings Growth

(b) Kurtosis of Annual Earnings Growth
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This figure compares higher-order moments of worker earnings risk in the model and in the data. The data series are

from Guvenen et al. (2021).
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Figure A.9: Impulse Responses of Earnings Growth

(a) Workers with Low Recent Earnings
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This figure plots impulse response functions of earnings, following Guvenen et al. (2021). Workers are sorted by their
initial earnings change from ¢t — 1 to t into quantiles. For each quantile, the y-axis shows the change in log average
earnings from t to ¢ 4+ 1, plotted against the average initial change on the z-axis. Panel (a) shows workers with low
recent earnings (P6-P10); panel (b) shows workers with high recent earnings (P91-P95). A flat line at zero indicates
full persistence; a line with slope —1 indicates full mean reversion.
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Figure A.10: Fraction of Nonemployed Workers
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This figure plots the fraction of workers with positive earnings in year ¢ — 1 that become full-year nonemployed in year
t, sorted by recent worker earnings percentile.
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Figure A.11: Value of Human Capital in Model
(a) Average Human Capital to Consumption Ratio by Earnings (Incumbent Workers)
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(b) Average Human Capital to Consumption Ratio by Labor Productivity (All Workers)
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Panels (a) and (b) plot the annualized ratio of human capital to current consumption—under the worker (y > 0)
and firm (y = 0) valuations—for incumbent workers sorted by prior earnings and for all workers sorted by labor

productivity, respectively.
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Figure A.12: Human Capital Discount Rate in Model: Decomposition

Average Human Capital Discount Rate by Earnings (Incumbent Workers):

(a) Risk-Free Component
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(b) Risk Premium Component
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This figure plots a decomposition of annualized human capital discount rates—under the worker (v > 0) and firm
(v = 0) valuations—for incumbent workers sorted by prior earnings and for all workers sorted by labor productivity,
respectively. The human capital discount rate is the internal rate of return: for each worker, we compute expected
payoffs by horizon, then find the per-period discount rate such that the resulting net present value equals the value of
human capital. The risk-free component is the corresponding discount rate under risk-neutral valuation, and the risk
premium component is the difference between the human capital discount rate and the risk-free component.
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Figure A.13: Value of Insurance: Firm NPV of Wages vs. Piece Rate Contract for New Hires
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This figure plots the net present value of wages under the optimal contract relative to a piece-rate contract that sets wages
proportional to productivity, for newly hired workers. The NPV is computed using the firm’s stochastic discount factor.
The horizontal axis is initial productivity z; each line corresponds to a different level of the aggregate risk premium .
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Figure A.14: Welfare Gains From Eliminating On-the-Job Search
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This figure plots welfare gains from a counterfactual in which the on-the-job search probability x(€) is set to zero, as
a function of initial productivity zo, holding other parameters constant. Welfare gains are measured as the percentage
change in certainty-equivalent consumption for newborn workers (integrated over aggregate states) relative to the

baseline economy.
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Figure A.15: Realized Fluctuations in Price-Earnings Ratio: Model vs. Data (p = 53%)
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This figure plots the price-earnings ratio in the model (computed by feeding the model the empirical series of risk
premium shocks €?) and in the data (Shiller’s CAPE ratio).

Table A.1: Asset Market Moments: Model vs. Data

Model  Data
Average P/E 17.6 18.2
Autocorrelation of log P/E 0.9 0.9
Average risk-free return (%) 14 1.4
Average excess market return (%) 8.2 7.9

Volatility of excess market return (%) 20.3 20.0

This table reports targeted asset market moments in the model and in the data. The price—earnings ratio and equity
returns in the model are computed from a levered claim on aggregate TFP.
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