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Abstract

The hollowing out of routine employment has been a defining feature of the U.S. labor

market since 1980, yet the reallocation of workers across occupations has been far more

pronounced than changes in the wage structure. We examine this disconnect in an

equilibrium framework where jobs differ in both wages and unobservable latent values.

Our estimates suggest that labor supply is significantly more elastic to latent values

than to wages. Holding latent values fixed at their 1980 levels eliminates much of the

observed employment polarization, while wage polarization remains largely intact. The

model accounts for the resilience of routine wages without assuming downward rigidity.

In equilibrium, the supply-driven outflow of workers raises the marginal productivity

of those who remain, providing an endogenous floor that cushions wage declines. These

results suggest that employment polarization and wage stability are joint outcomes of

a single process driven by shifting non-wage job attributes.
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1 Introduction

The hollowing out of routine employment since 1980 is well documented (Autor et al., 2006;

Acemoglu and Autor, 2011; Autor and Dorn, 2013; Cortes et al., 2017; Acemoglu and Re-

strepo, 2022). There is evidence that wages polarized too, but the shift in the occupational

wage structure was considerably less striking.

The empirical evidence for this asymmetry is well-established, even if rarely foregrounded.

Autor and Dorn (2013) present smoothed plots of changes in employment and hourly wages

by skill percentile between 1980 and 2005 (their Figure 1): the U-shape in employment shares

is considerably more pronounced than the corresponding U-shape in wages. Acemoglu and

Autor (2011) document the same pattern across task categories and note that employment

shares in routine occupations declined by 8–10 percentage points while wage differentials

between routine and non-routine occupations moved by substantially less. More recently,

Acemoglu and Restrepo (2022) show that between 50 and 70 percent of changes in the U.S.

wage structure can be attributed to the displacement effects of automation, yet the employ-

ment reallocation driven by this displacement exceeds what the estimated wage effects would

predict in standard models. Bárány and Siegel (2018) extend the evidence to 1950, showing

that employment polarization is considerably more pronounced than wage polarization across

all thirty-year windows since mid-century, with employment swings substantially larger than

the corresponding wage changes in each decade they study. This evidence suggests that the

bodies-vs-wages disconnect is a persistent feature of the U.S. labor market rather than the

product of a specific episode.1

We provide direct evidence on the magnitude of this gap over our sample period (1980–

2018). Figure 1 in Section 2 replicates the polarization exercise of Autor and Dorn (2013) by

gender, using full-time workers aged 25 to 35 and extending the horizon to 2018. The focus

on younger workers is intentional: workers who have spent decades in an occupation are

less likely to respond to current incentives, so the employment patterns of younger cohorts

offer a cleaner picture of active occupational sorting. The figure documents substantial

employment reallocation across the skill distribution for both men and women. Wages tell a

different story: they are essentially flat for most occupations, with a sharp increase confined

to a narrow band at the very top of the skill distribution, more pronounced for women than

for men. The employment reallocation is broad; the wage response is not. Figure 2 quantifies

1Hunt and Nunn (2022) argue that pre-2000 polarization reflects breaks in occupation coding, and that
reallocation was concentrated in the 2000-2018 period; more details on post-2000 employment declines are
in Charles et al. (2019). Our analysis indicates the employment-wage disconnect was more pronounced
post-2000. Hunt and Nunn (2022) also argue that inequality grew primarily within rather than between
occupations; we allow for within-occupation wage and employment variation across gender and education
groups.
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this asymmetry. We estimate a discrete-choice regression of changes in log employment shares

on changes in log wages for every possible time interval in the data, separately by gender

and education group. Wage changes account for a modest share of employment reallocation

across all combinations. As Figure 2 shows, wages account for a modest share of employment

variation across all groups and horizons, with the highest explanatory power among college-

educated women. The evidence is consistent with the view that non-wage forces are a primary

driver of occupational reallocation, and motivates the structural investigation that follows.

Can one resolve the employment-wage disconnect by looking beyond pecuniary returns?

Recent work has shown that non-wage amenities and latent match values dictate a substan-

tial share of employment choices (Mas and Pallais, 2017; Sorkin, 2018; Lamadon et al., 2022;

Taber and Vejlin, 2020; Maestas et al., 2023; Bagga et al., 2023). To explore their role,

we estimate an equilibrium model of occupational choice (building on Alonzo and Gallipoli,

2023)2 and find that unobservable job values exhibit greater heterogeneity than observable

wages and that labor supply is substantially more elastic to them. Our quantitative analysis

suggests that the occupational polarization of the last four decades is largely a polarization

of ‘bodies’ driven by worker responses to non-wage job attributes, rather than a straight-

forward wage-clearing reallocation. The estimated latent values are consistent with several

interpretations: changes in the task content of occupations as technology evolved (Autor

et al., 2003), shifts in search friction intensity (Martellini and Menzio, 2021), declining bar-

riers to occupational entry (Hurst et al., 2024), or changes in the amenity content of jobs

(Mas and Pallais, 2017; Maestas et al., 2023). The equilibrium also delivers a prediction

on wage dynamics: muted declines in routine wages are a consequence of the employment

outflow itself, which raises the marginal product of workers who remain. No assumption of

downward wage rigidity is required.

The structural approach addresses a natural concern: that attributing reallocation to

latent values amounts to naming the residual. Two features of the equilibrium discipline

this. First, wages are determined by firm optimization on the production side; latent values

enter only on the supply side, so any admissible estimate must simultaneously satisfy both.

Fixing latent values at 1980 levels and re-solving the model yields joint predictions for

employment and wages moving in opposite directions, with employment polarization largely

disappearing while wage polarization survives. A residual extracted from the employment

equation alone would be silent on wages by construction. Second, the equilibrium constrains

2The framework accommodates search frictions implicitly. More persistent frictions are embedded in the
latent match values bijt: following McFadden (1974), the lower present value of jobs with higher access costs
is reflected in workers’ occupational choices. Short-run frictions are less binding at the decadal horizons we
study, given the high rate of occupational mobility documented by Kambourov and Manovskii (2008). See
Section 3.
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latent values across demographic groups simultaneously: fitting women’s reallocation while

misfitting men’s is inadmissible. The finding that women’s supply is more responsive to

non-wage attributes is what the equilibrium requires, not an assumption. This aligns with

independent evidence from the amenity literature (Mas and Pallais, 2017; Maestas et al.,

2023).

The paper proceeds as follows. Section 2 presents motivating reduced-form evidence on

the employment-wage disconnect. Section 3 describes the proposed model modifications.

Section 4 describes identification and estimation. Section 5 presents baseline results on the

role of technology versus latent values. Section 6 formalizes why muted wage polarization

is an equilibrium prediction rather than a puzzle. Section 7 examines gender heterogeneity.

Section 8 concludes.

2 Motivating Facts

Figure 1 replicates the exercise of Autor and Dorn (2013): smoothed cumulative changes

in employment shares and real hourly wages across the skill distribution, with occupations

ranked by their 1980 mean log wage. Both figures use a locally weighted polynomial smoother

applied to cumulative changes; the exercises are directly comparable. The original covers

1980–2005 and pools across gender. We extend the horizon to 2018 and disaggregate by gen-

der, using full-time workers aged 25–35. The focus on younger workers is deliberate: workers

who have spent decades in an occupation are less likely to respond to current incentives, so

employment patterns among younger cohorts offer a cleaner picture of active occupational

sorting.

The employment panel broadly replicates the U-shape of Autor and Dorn (2013), but

the gender split reveals asymmetries the pooled figure obscures. Men show a sharp peak at

the very bottom of the skill distribution that falls steeply before recovering; women show

less growth at the bottom and a more monotone increase from the middle upward. The

muted bottom-end growth relative to Autor and Dorn (2013) may partly reflect the sample

restriction. Low-skill service occupations draw disproportionately from workers outside the

25–35 window: teenagers and workers in their early twenties account for a large share of

employment in food service, cleaning, and personal care, while older displaced workers rep-

resent another substantial group. The full-time restriction compounds this, since part-time

arrangements are especially prevalent at the bottom of the skill distribution. Restricting

to full-time workers aged 25–35 could therefore thin out precisely the group where A&D

document the most pronounced employment growth.

The wage panel departs more clearly from the original. Autor and Dorn (2013) find
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wages roughly U-shaped or gently rising across the skill distribution. In Figure 1, wages

are essentially flat from the 5th to the 85th percentile for both groups, with a sharp spike

confined to a narrow band at the very top. That spike is considerably more pronounced for

women than for men, a feature invisible in the pooled figure. Extending the horizon to 2018

amplifies the contrast: post-2005 top-end wage growth, particularly for women, accounts for

much of the divergence from the original.

The central observation is the asymmetry between the two panels. Employment reallo-

cation is broad, spanning most of the skill distribution for both men and women. The wage

response is narrow, concentrated at the top and negligible elsewhere. The near-universal flat-

ness of wages below the top percentiles is not simply a data regularity: Section 6 shows it is

an equilibrium prediction. In occupations that shed workers, the exit of marginal employees

raises the marginal product of those who remain, supporting wages. The model implies this

force is strongest in the middle of the skill distribution, where routine employment declined

most sharply; only at the top, where technology gains are large enough to dominate, does it

fail to absorb the shock.

2.1 A Discrete Choice Approximation

To quantify the disconnect, we estimate how well wage changes can account for employment

shifts across occupations and demographic groups. We consider a discrete choice model

(McFadden, 1974; Berry, 1994) in which workers of demographic group i choose among N

occupations indexed by j:

max
j=0,...,N

u(wj) + ϵj

where ϵj is Type I extreme value and j = 0 is the outside option (non-employment). At

equilibrium, the share of group i choosing occupation j is

sj =
exp

(
u(wj)

σ

)
∑

j′ exp
(

u(wj′ )

σ

)
Dividing by s0 (occupation zero, the baseline) and taking logs:

log (ŝj) =
u(wj)− u(w0)

σ
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where ŝj = sj/s0. Comparing two cohorts observed at times t0 and t1 and assuming the

utility function is stable over time:

∆ log (ŝjt0) =
u(wjt1)− u(w0t1)− (u(wjt0)− u(w0t0))

σ
(1)

Adopting a flexible polynomial representation u(w) =
∑N

n=0 α̌nw
n, equation (1) becomes

∆ log (ŝjt0) =
N∑

n=0

αnw
n
jt1

−
N∑

n=0

αnw
n
0t1

−

(
N∑

n=0

αnw
n
jt0

−
N∑

n=0

αnw
n
0t0

)

=
N∑

n=0

αnw̃
n
jt1

−
N∑

n=0

αnw̃
n
jt0

=
N∑

n=0

αn∆w̃n
jt0

where αn = α̌n

σ
and w̃n

jt = wn
jt − wn

0t. We estimate this equation separately for each demo-

graphic group i. This is a conservative choice as it gives wage changes the best opportunity

to explain employment reallocation within each group. The estimating equation is:

∆ log (ŝjt0) =
N∑

n=0

αn∆w̃n
jt0

+ ϵjt (2)

Using this relationship, we compute the share of explained variation in equation (2) for

different demographic groups and time horizons, using a fourth-degree polynomial (N = 4).

The sample is restricted to full-time workers aged 25-35, so that each cross-section captures

a distinct cohort actively making occupational choices; younger workers are better able to

respond to wage signals, particularly over longer horizons. Figure 2 presents the results.

A low share of explained variation is direct evidence that changes in relative wages cannot

account for observed shifts in employment shares (the “polarization of bodies” puzzle).

3 Model

The model builds on Alonzo and Gallipoli (2023). We describe its main elements below.

Workers. A continuum of workers of measure S populates the labor market. Each

worker ι belongs to one of I demographic groups indexed by i, with µi denoting the measure

of workers in group i. Workers are endowed with unobserved innate ability a, distributed

lognormally in the population with mean one and standard deviation σa, so ln a ∼ N (0, σ2
a).
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Figure 1: Smoothed Changes in Employment and Wages by Skill Percentile and Gender,
1980–2018. Panel A plots the change in employment share for men and women across 331
detailed occupations. Occupations are ranked on the x-axis by their 1980 skill level, which is
approximated by the mean log hourly wage of workers in each occupation in 1980. Panel B
plots the corresponding percentage changes in real hourly wages by 1980 occupational skill
percentile. Both panels apply locally weighted polynomial regressions to smooth cumulative
changes over the sample period, 1980–2018.

6



0
.0

5
.1

.1
5

.2
R

−
s
q
u
a
re

d

1990 2000 2010 2018
Final Year

Men, Non−College

0
.0

5
.1

.1
5

.2
R

−
s
q
u
a
re

d

1990 2000 2010 2018
Final Year

Men, College

0
.0

5
.1

.1
5

.2
R

−
s
q
u
a
re

d

1990 2000 2010 2018
Final Year

Women, Non−College
0

.0
5

.1
.1

5
.2

R
−

s
q
u
a
re

d

1990 2000 2010 2018
Final Year

Women, College

R−squared of Employment Share Changes on Wage Changes

Base 1980 Base 1990 Base 2000 Base 2010

Figure 2: Explanatory Power of Wage Changes on Employment Share Changes Across Time
Horizons. This figure plots the share of explained variation from regressions of ∆ log(ŝjt0)
on a fourth-degree polynomial in ∆w̃n

jt0
, where ŝjt is the employment share of occupation

j relative to occupation zero and w̃n
jt = wn

jt − wn
0t denotes wage terms demeaned by the

baseline. The regressions are estimated separately for four demographic groups: Non-College
Men, College Men, Non-College Women, and College Women. Within each panel, the x-axis
denotes the final year of the time difference (1990, 2000, 2010, or 2018). The distinct
connected lines represent different base years (1980, 1990, 2000, and 2010). The persistently
low explained variation across most horizons suggests that wage changes alone account for
a minimal fraction of the observed shifts in employment shares.
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Workers choose whether to work and, if so, which occupation j ∈ {1, . . . , J}; the outside

option j = 0 corresponds to non-employment. When working, workers supply labor inelasti-

cally. Conditional on occupation j at time t, a worker of type i with ability a earns income

yijt(a) = wijt ·a, where wijt is the per-efficiency-unit wage for group i in occupation j. Utility

is:

Uijt(wijt, a) = u(wijt a) + bijt (3)

where u(c) = (c1−γ − 1)/(1 − γ) is CRRA consumption utility and bijt denotes the latent

match value for a type i worker in occupation j at time t. The latent value absorbs all non-

wage job attributes, including hours arrangements, working conditions, and access costs; it

is measured relative to non-employment, with bi0t = 0 by normalization. Occupation choice

combines systematic utility with an idiosyncratic preference shock θιjt, drawn i.i.d. from a

Type I Extreme Value distribution with scale σθ:

max
j=0,1,...,J

Uijt(wijt, a) + θιjt (4)

By the properties of the Extreme Value distribution, the fraction of workers in group i with

ability a employed in occupation j at time t is:

sijt(a) =
exp(Uijt(wijt, a)/σθ)

J∑
j′=0

exp(Uij′t(wij′t, a)/σθ)

(5)

The total measure of group i workers in occupation j is µijt = µi

∫
sijt(a) dF (a).

Firms and production. On the production side, a representative final good producer

aggregates a continuum of intermediate goods, each produced by a separate firm employing

a single occupation. Occupations are grouped into four task clusters defined by two binary

dimensions: whether tasks are routine or non-routine, and whether they are cognitive or

manual (Autor et al., 2003; Autor and Dorn, 2013). The four resulting clusters are non-

routine cognitive (NRC), routine cognitive (RC), routine manual (RM), and non-routine

manual (NRM). Within each occupation j, the effective labor input aggregates across

demographic groups and the distribution of individual abilities:

L̃jt =
∑
i

βijt

∫
a sijt(a)µi dF (a) (6)

where βijt is the match-specific productivity of group i in occupation j. The cluster composite

Tkt aggregates effective labor across the occupations in cluster k through an inner CES
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(Krusell et al., 2000):

Tkt =

[∑
j∈k

αjt L̃
ρk
jt

]1/ρk
(7)

Final output combines the four cluster composites through an outer CES:

Yt = At

[∑
k

νk T
η
kt

]1/η
(8)

The parameter ρk governs substitutability among occupations within cluster k; η governs

substitutability across clusters. Firm optimization implies the equilibrium wage for match

(i, j) with j ∈ k:

wijt = Aη
t Y

1−η
t νk αjt βijt L̃

ρk−1
jt T η−ρk

kt (9)

When ρk = η for all k, the nested structure collapses to a flat CES. The grouping of occu-

pations into task clusters embeds the assumption that productive substitutability is higher

within clusters than across them, which translates into the restriction ρk > η for all k, or

equivalently that the within-cluster elasticity of substitution 1/(1− ρk) exceeds the across-

cluster elasticity 1/(1 − η). This restriction is testable; if the estimates violate it for some

cluster k, the task-based grouping of occupations within that cluster is at odds with their

behavior in production. A further restriction embedded in the nested CES is that η is com-

mon to all pairs of clusters: routine cognitive and non-routine cognitive workers are assumed

to be equally substitutable across the routine/non-routine divide as routine manual and

non-routine manual workers are across the manual/cognitive divide. This is a maintained

simplification; with four clusters there are in principle six pairwise elasticities, but limited

cross-cluster wage variation makes them difficult to identify separately. Equilibrium. A

competitive equilibrium is a set of per-efficiency-unit wages {wijt} and occupational allo-

cations {µijt(a)} such that: (i) workers solve problem (4); (ii) intermediate and final good

producers optimize; (iii) labor markets clear, so effective labor supply matches firm demand

in each occupation.

Search frictions. The framework accommodates search frictions implicitly rather than

setting them aside. More persistent matching frictions are embedded in the latent match

values bijt: following the logic of discrete choice theory (McFadden, 1974), the revealed-

preference approach treats the lower present value of jobs with higher access costs as part of

the worker’s revealed valuation of the match. Frictions that make an occupation harder to

enter reduce its attractiveness, and this is captured in the estimated bijt without imposing

additional structural assumptions on the underlying search process (e.g. Moscarini, 2005).

Time variation in friction intensity, which may generate polarization (Martellini and Menzio,
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2021), is similarly absorbed through the time-varying bijt. Shorter-run frictions are less of a

concern given the long-run focus of the analysis. Kambourov and Manovskii (2008) estimate

annual occupation switching rates of 16–20 percent in the U.S. labor market, implying av-

erage occupational tenures of 5–6 years; monthly CPS switching rates imply shorter tenures

still (Moscarini and Thomsson, 2007). Combined with the high frequency of early-career

transitions documented by Topel and Ward (1992), workers encounter repeated reallocation

opportunities over the decadal horizons we study (Sullivan and To, 2025), and short-run

matching frictions become progressively less binding.

4 Identification and Estimation

The model is estimated by GMM, following a nested fixed-point structure. We distinguish

between deep structural parameters Θdeep = {γ, σa, σθ, ρk, η} and time-varying parameters

Θt = {bijt, βijt, αjt, νk}. For any candidate Θdeep, the time-varying parameters are recovered

analytically in an inner loop by inverting observed wages and employment shares; only Θdeep

requires numerical search.

Supply parameters. The deep supply parameters (γ, σa, σθ) are identified from the second

moments of the income distribution. For a worker in group i employed in occupation j at

time t, log income equals lnwijt+ln a. The population variance of log income can be broken

down in within and between components:

Var(ln yt) = Var(E[ln y | i, j, t])︸ ︷︷ ︸
between-group

+E[Var(ln y | i, j, t)]︸ ︷︷ ︸
within-group

(10)

The parameter σa is proportional to the total variance Var(ln yt): greater ability dispersion

raises income variation for any given wage structure.

The parameter σθ is identified from the ratio of between-group to within-group income

variance. As σθ → ∞, idiosyncratic preference shocks dominate and workers sort randomly

across occupations; within-group ability variance equals the population variance and the

between-group component reflects only wage variation. As σθ → 0, sorting becomes de-

terministic and within-group ability variance is minimized while between-group variance is

maximized. The ratio is monotone in σθ, so the observed between/within ratio uniquely pins

it down, provided γ ̸= 1.

The curvature parameter γ is identified from the gradient of within-group income variance

with respect to average occupation wages. When γ < 1, utility exhibits increasing differ-

ences in wages and ability, generating positive sorting: high-ability workers gravitate toward
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high-wage occupations (Groes et al., 2015). Because the right tail of the lognormal ability

distribution is unbounded, within-group ability variance is larger in high-wage occupations,

and a lower γ steepens this gradient. Logarithmic utility (γ = 1) makes ln a additive and

cancels from the selection probabilities, rendering occupational sorting independent of abil-

ity and the gradient uninformative. Matching the empirical gradient identifies γ separately

from σθ.

Given (γ, σa, σθ), the latent values bijt are recovered by inverting the observed employment

shares µijt. For any trial b
(n)
ijt , the update

b
(n+1)
ijt = σθ lnµijt − σθ ln

(
µi

∫
s
(n)
i0t (a) exp(u(wijta)/σθ) dF (a)

)
(11)

converges to the unique bijt that matches observed shares, by the market-share inversion of

Berry (1994) extended to integrate over ability.

Technology parameters. The match-specific productivity terms βijt are recovered from

within-occupation, cross-group wage ratios. The wage equation (9) implies wijt/wi′jt =

βijt/βi′jt for any two groups in the same occupation, so:

β̂ijt =
wijt

w1jt

(12)

normalizing β1jt = 1 for the reference group.

Given {β̂ijt}, the within-cluster elasticity ρk is identified from within-cluster wage ratios.

For occupations j, j′ in the same cluster k:

log
wijt

wij′t
= log

αjtβijt

αj′tβij′t
+ (ρk − 1) log

L̃jt

L̃j′t

(13)

Occupation-pair fixed effects absorb the first term; the slope on relative labor inputs identifies

ρk−1. We estimate this separately for each cluster, instrumenting relative labor inputs with

demographic shift instruments (Appendix A).

Given {ρ̂k}, we construct cluster aggregates T̂kt =
[∑

j∈k α̂jt
ˆ̃Lρ̂k
jt

]1/ρ̂k and identify η from

between-cluster wage ratios. For j ∈ k and j′′ ∈ k′′:

log
wijt

wij′′t
= FEjj′′+(ρk−1) log L̃jt−(ρk′′−1) log L̃j′′t+(η−ρk) log T̂kt−(η−ρk′′) log T̂k′′t (14)

Conditional on {ρ̂k, T̂kt}, the equation is linear in η, identified from the differential sensitivity

of between-cluster wage ratios to movements in cluster-level labor aggregates. The restriction
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ρk > η for all k is testable. As a preliminary check, the flat-CES estimate ρ̂ ≈ 1.65 from

Alonzo and Gallipoli (2023) averages over within- and between-cluster pairs; the nested

structure should recover ρk > ρ̂ > η if the task-based grouping is empirically meaningful.

5 The Role of Technology versus Latent Values

We use four counterfactual experiments to assess the respective contributions of technol-

ogy and latent employment values to the evolution of employment and wages. In the first,

latent values are held at their 1980 levels and the model is re-solved; in the second, tech-

nology parameters are held fixed. Two additional experiments separate partial from general

equilibrium effects: one holds wages fixed, isolating employment responses to latent value

changes absent price adjustment; the other holds employment shares fixed, isolating the

partial equilibrium wage impact of technology alone.

Tables 1 and 2 summarize the results by occupation cluster. Wage changes are measured

in constant 2000 dollars per hour. The experiments suggest that shifts in latent employment

values are the primary force behind worker reallocation across occupations, while technology

is the primary driver of changes in the wage structure. The two channels interact: the

supply contraction induced by deteriorating latent values in routine jobs partially offsets the

wage declines that technology would otherwise have produced, and the influx of workers into

cognitive occupations has compressed wage growth there. Neither margin can be read in

isolation.

Table 1: Cumulative changes in employment shares by occupation cluster, 1980 to 2018
(percentage points). Counterfactual columns hold the indicated variable at its 1980 level
and re-solve the model. [Preliminary - To Be Updated]

Actual Fixed latent Fixed tech Fixed wages
Non-routine cognitive (NRC) +10.0 +9.0 +7.5 +9.0
Routine cognitive (RC) −1.0 −1.5 −0.5 −1.0
Non-routine manual (NRM) +5.0 +0.1 +4.5 +5.5
Routine manual (RM) −5.0 −2.5 −3.0 −4.5

5.1 Latent values drive occupational reallocation

The clearest finding is for non-routine manual (NRM) jobs. Employment in that cluster

rose by about 5 percentage points; fixing latent values at 1980 reduces this increase to zero,

while fixing technology has almost no effect. NRM wages were roughly unchanged over the

period (Table 2), so a model driven solely by wages would predict no reallocation there at all.
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Table 2: Cumulative changes in average hourly wages by occupation cluster, 1980–2018
(constant 2000 dollars per hour). Counterfactual columns hold the indicated variable at its
1980 level and re-solve the model. [Preliminary - To Be Updated]

Actual Fixed empl. Fixed latent Fixed tech
Non-routine cognitive (NRC) +4.3 +7.5 +4.5 −0.8
Routine cognitive (RC) +1.0 −0.5 +1.0 +1.5
Non-routine manual (NRM) +0.0 +1.2 +2.8 −1.5
Routine manual (RM) −2.0 −6.0 −3.0 +2.5

Non-routine cognitive (NRC) employment also grew substantially, by about 10 percentage

points, but the attribution is more mixed. Both latent values and technology contributed:

fixing either one reduces the increase, to roughly 9 and 7.5 percentage points respectively.

The technology channel is more important in NRC than anywhere else, consistent with

skill-biased demand shifts raising productivity in cognitive work.

At the bottom, routine manual (RM) employment fell by about 5 percentage points,

with technology and latent values contributing in roughly equal measure. Each accounts for

about 2 to 3 percentage points of the decline. Routine cognitive (RC) employment changed

little, making attribution less clear.

A pattern runs through all four clusters: the partial-equilibrium (fixed-wages) and gen-

eral equilibrium (baseline) counterfactuals are close to each other, indicating that wage

adjustment played a secondary role in the employment reallocation. Employment responds

primarily to the total value of the match, of which wages are only a part.

Finding. Latent value changes account for essentially all of the employment growth in

non-routine manual occupations and a substantial share of the decline in routine manual

occupations. Technology matters mainly for the shift toward non-routine cognitive work.

Wage adjustment is secondary throughout.

5.2 The female employment surge

The demographic findings in Figure 3 are most striking for women. Employment rose by

about 15 percentage points for both college and non-college women. Fixing latent values at

1980 levels collapses nearly all of that increase: the counterfactual shows a gain of roughly

0.5 percentage points for non-college women and 2.5 for college women. Fixing technology,

by contrast, leaves most of the increase intact. The implication is that essentially the entire

female employment expansion over this period is associated with changes in non-wage job
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Figure 3: Changes in employment rates by demographic group, 1980 to 2018. Black bars show
historical percentage-point changes. Counterfactual bars hold, respectively, latent values,
technology parameters, and wages at their 1980 levels.

attributes.3

Men’s employment fell for both education groups, with a different balance between the

two forces. For non-college men, the roughly 4 percentage point decline largely reflects latent

value deterioration: fixing latent values at 1980 reduces the counterfactual decline to about 1

percentage point. For college men, the actual change is small (about −0.5 percentage points),

but the two forces are larger and oppose each other: latent values pulled employment down,

while technology raised it (the fixed-technology counterfactual shows a sharper decline than

the actual). Both channels matter; they partially cancel.

Finding. The 14-15 percentage point rise in women’s employment between 1980 and 2018

is mostly attributable to improved latent job values; fixing them at 1980 levels reduces the

increase to near zero for both education groups. For men, both channels operate but are

smaller and partially cancel for college graduates.
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1980-2018 Change in Hourly Wages ($)
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Figure 4: Changes in average hourly wages by demographic group. Baseline and counterfac-
tual scenarios, 1980–2018.

5.3 Technology drives wages, supply responses dampen it

For all four demographic groups (Figure 4), fixing technology at 1980 values reverses or

eliminates most of the actual wage change. Fixing latent values, by contrast, has little effect

on wages. This is consistent with technological change being the dominant force behind

the wage structure, with latent value shifts operating mainly through occupational sorting

rather than through wages directly.

The occupation-level results (Table 2) add an important qualification: equilibrium feed-

backs from employment changes do have an influence on wage outcomes, in opposite direc-

tions at the two ends of the distribution.

In NRC occupations, wages rose by about $4.30. Holding employment fixed at 1980

levels, wages would have risen by roughly $7.50: the large supply inflow into cognitive jobs,

driven mainly by improving latent values among college workers, compressed wages in those

occupations by about $3. In RM occupations the logic runs the other way. Wages fell by

about $2.00. Without any employment adjustment, the wage decline would have been closer

to $6.00; the supply contraction, again driven largely by deteriorating latent values, raised

3Declining occupational barriers enter the model through latent match values bijt rather than technology
parameters; improvements in occupational access (Hsieh et al., 2019) are therefore reflected in the latent
value channel.
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the marginal product of remaining routine workers and recovered roughly $4.00 of that loss.

Technology shock and supply response nearly cancel in RM, leaving a small observed wage

decline that understates the magnitude of what happened in that market.

NRM wages were essentially flat, reflecting two roughly offsetting forces: technology

raised marginal products modestly, while the large labor inflow driven by improving latent

values depressed them. Routine cognitive wages changed little and the counterfactuals are

uninformative.

Finding. Technology is the dominant driver of wages across all groups, but equilibrium sup-

ply responses substantially modified the outcomes. The surge of workers into cognitive oc-

cupations compressed wages there by roughly $3 relative to a fixed-employment benchmark;

the supply contraction out of routine manual jobs offset about $4 of a $6 technology-driven

wage decline. Latent value shifts are largely transmitted through employment, not wages.

6 MissingWage Polarization: an Equilibrium Outcome

The counterfactual results raise a question: why do shifts in latent values move employment

without moving wages, while technology shifts do the opposite? The coexistence of sharp

employment polarization and muted wage polarization follows from two properties of the

estimated model that interact through equilibrium. This section examines the mechanics of

these responses.

Two elasticities recur throughout the analysis. The extensive margin elasticity to wages

εextw,ij measures the percentage change in the share of group i workers choosing occupation

j per percentage change in its wage. The extensive margin elasticity to latent values εextb,ij

is the corresponding response to a percentage change in |bij|; the absolute value accommo-

dates matches with negative latent values. Closed-form expressions under the parametric

assumptions of Section 3 are derived in Appendix B.

6.1 Differential elasticities and equilibrium dampening

First, we consider a shock to latent employment values, say an improvement in the ameni-

ties of non-routine manual jobs. The match becomes more attractive, drawing workers in

from outside and from competing occupations. Employment inflows can be large because

the extensive margin elasticity to latent values, εextb , ranges from 1.51 to 1.71 for routine

manual occupations and is comparably elevated elsewhere.4 The inflow raises labor supply

4Estimates from Alonzo and Gallipoli (2023); see Appendix B for definitions and closed-form expressions.
Re-estimation with the finer occupation classification used here may shift these values.
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in the occupation and depresses wages; under a pure amenity shock, the wage declines in

equilibrium.

A technology shock works differently. Higher productivity raises wages and labor de-

mand. Labor supply responds through the extensive margin, but with a smaller elasticity:

εextw lies between 0.50 and 0.57 for routine occupations. The modest employment response

means that the composition of workers in the match changes little and the marginal worker’s

characteristics remain approximately stable and the technology improvement shows up in

observed wages with little dilution.

These two mechanisms together generate the polarization pattern. In routine manual

occupations, both productivity and latent values deteriorated. The combined employment

outflow is large because the amenity channel induces a larger outflow than the wage channel.

That outflow is itself an equilibrium force: as workers exit, the marginal product of those

remaining rises, partially supporting wages. Formally, let ∆ log µj denote the equilibrium

employment share change in occupation j and ∆ logwj the wage change following a joint

shock. The employment response decomposes as:

∆ log µj ≈ εextw ·∆ logwj + εextb ·∆ log |bj| (15)

The wage is an equilibrium object. Under finite substitutability across occupations, the

employment change feeds back into the wage through the inverse labor demand elasticity ηj:

∆ logwj ≈ ∆ logAj︸ ︷︷ ︸
direct technology

− ηj ·∆ log µj︸ ︷︷ ︸
equilibrium dampening

(16)

Substituting (16) into (15) and solving gives the reduced-form responses:

∆ log µj ≈
εextw ∆ logAj + εextb ∆ log |bj|

1 + εextw ηj
(17)

∆ logwj ≈
∆ logAj − ηjε

ext
b ∆ log |bj|

1 + εextw ηj
(18)

Under a pure latent value shock (∆Aj = 0), the wage response in (18) equals −ηj times

the employment response in (17): an inflow raises labor supply and depresses wages, so

employment and wages move in opposite directions. An amenity improvement draws workers

in without raising wages; a deterioration pushes workers out while cushioning wages through

the resulting rise in marginal products. Under a pure technology shock (∆bj = 0), wages

respond with unit weight while employment responds with weight εextw only. When εextb /εextw

is large, latent value shocks drive most employment variation while their associated wage
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effects are dampened or reversed. The ‘bodies without wages’ pattern is the result.

6.2 The elasticity ratio as a sufficient statistic

The ratio εextb /εextw varies systematically across clusters in a way that predicts where the

employment-wage disconnect should be sharpest. Alonzo and Gallipoli (2023) find that the

elasticity to latent values is roughly two to three times larger than the elasticity to wages,

with the gap most pronounced in routine manual occupations and narrower in non-routine

cognitive ones, where pecuniary returns play a greater role in attracting workers. Both

employment and wages moved substantially in the latter, as the counterfactuals confirm.

The NRM cluster offers the clearest illustration of the amenity mechanism. Employment

grew by 5 percentage points and wages barely moved. Fixing latent values eliminates essen-

tially the entire employment increase; fixing technology leaves it intact. This is consistent

with an amenity improvement that drew workers in through the latent value channel, with

the employment inflow dampening wages through equilibrium labor demand and leaving

them near their 1980 level.

The NRC wage result in Table 2 confirms the same equilibrium logic from the opposite

direction. Without the employment inflow, NRC wages would have risen by roughly $7.50;
the actual increase was $4.30. The difference reflects compression by new entrants, predomi-

nantly college-educated women whose participation rose sharply. Technology drove the wage

growth; the supply response attenuated it by changing the composition of marginal workers.

6.3 Wage resilience without downward rigidity

Institutional rigidities, such as downward wage stickiness, offer one standard account of why

routine wages did not fall further. The framework here requires no such rigidities: wages

are fully flexible. The dampened wage decline in routine occupations arises because the

employment outflow raises the marginal product of remaining workers, not because wages

are stuck.5

More broadly, the magnitude of employment polarization relative to wage polarization is

informative about the structure of labor supply preferences, specifically the ratio εextb /εextw .

In a labor market where workers respond strongly to non-wage attributes, shocks to ameni-

ties generate sharp employment reallocation with little wage movement. That is what the

estimates suggest for the U.S. between 1980 and 2018: wages are an incomplete signal of

5Hunt and Nunn (2022) attribute stable routine wages to selective exit of low-skill workers, which me-
chanically raises average wages in those jobs. We emphasize an equilibrium mechanism where wages are
sustained by rising marginal products, independent of unobserved worker composition.
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what happened to the total value of worker-occupation matches over this period.

7 Gender and the Polarization of Bodies

Figure 1 documents that men and women participate in polarization differently. Women’s

employment growth is concentrated in the upper-middle portion of the skill distribution,

while men show a sharper peak at the bottom. The wage panel offers little guidance: as

Figure 2 shows, wage changes account for a small share of employment reallocation for both

genders, though the share is somewhat higher for college-educated women. The gender

asymmetry in employment reallocation is difficult to account for with wages alone.

The counterfactual analysis in Section 5 provides a quantitative assessment of these

patterns. The 14–15 percentage point rise in women’s employment between 1980 and 2018

collapses to near zero when latent values are held at their 1980 levels; fixing technology

leaves most of the increase intact. For men, the two channels are smaller and partially

offset. Latent value changes are the primary driver of female employment growth across

both education groups.

The mechanism is the differential elasticity documented in Alonzo and Gallipoli (2023):

women’s labor supply is more responsive to non-wage job attributes than men’s. Faberman

et al. (2026) recover the same asymmetry from job search data, finding that women place

greater weight on non-wage amenities when evaluating job offers; Faberman et al. (2022)

document systematic gender differences in job search behavior among both employed and

non-employed workers, with women placing higher value on non-pecuniary job characteris-

tics; Le Barbanchon et al. (2021) find that women accept lower wages for shorter commutes

and Wiswall and Zafar (2018) show that women have a higher willingness to pay for work-

place flexibility and stability (Goldin, 2014), consistent with higher amenity elasticity across

multiple settings. When the amenity content of non-routine service and cognitive occu-

pations improved relative to routine ones, women reallocated more strongly. Bagga et al.

(2023) provide independent evidence for this channel, showing that amenity shocks generate

substantial labor reallocation; the estimates here suggest gender asymmetry amplifies that

response considerably. Cortés and Pan (2018) document that women are systematically over-

represented in occupations offering greater flexibility, higher social contribution, and lower

physical demands, and that these non-pecuniary characteristics are significant predictors of

the female employment share across occupations.

If workers partly exchange lower wages for better non-wage attributes, a portion of the

gender wage gap reflects amenity differences rather than discrimination or human capital

gaps (Morchio and Moser, 2024). The rise in female labor force participation between 1980
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and 2000 reflects in part an improved allocation of talent as barriers to high-skill occupations

declined (Hsieh et al., 2019). Our analysis lends support to that account. Declining barriers,

whether formal or informal, enter the model through bijt. A worker who anticipates resistance

or limited access in an occupation values that match less, so improvements in occupational

access show up as rising latent values and drive the employment growth we attribute to that

channel (Hurst et al., 2024).

8 Conclusion

The reallocation of workers across occupations since 1980 has been far more pronounced

than the concurrent changes in the wage structure. This paper argues that the disconnect

follows from how equilibrium interactions shape both employment and wages jointly: when

labor supply responds more strongly to non-wage job attributes than to wages, shifts in

latent match values generate large employment movements with little accompanying wage

movement. The relative responsiveness of employment to latent values versus wages governs

the magnitude of the employment-wage disconnect. Alonzo and Gallipoli (2023) find that the

elasticity to latent values is two to three times larger than the elasticity to wages, implying

that amenity shocks carry several times the employment weight of equivalent wage shocks

while producing a fraction of the wage response. The counterfactuals confirm this: fixing

latent values at their 1980 levels collapses most of the observed employment polarization,

while wage polarization survives.

A second lesson is about how equilibrium adjustments influence wages. The muted wage

changes visible in Figure 1 do not require institutional rigidities. They are an equilibrium

consequence of the employment flows themselves, operating in opposite directions across the

skill distribution. Occupations in the middle that lost workers, routine jobs where both

technology and latent values deteriorated, saw the marginal product of remaining workers

rise as the outflow proceeded, partially supporting wages from below. The result is the

near-flat wage profile observed between the 5th and 85th skill percentiles. Only at the top,

where technology gains were large enough to outpace the supply inflow, did the equilibrium

dampening fail to absorb the shock, producing the spike visible for both genders and more

pronounced for women. No assumption of downward wage rigidity is needed; employment

polarization and wage resilience are joint equilibrium outcomes of the same flexible-wage

model.

The gender dimension provides the sharpest single illustration of these forces. Women’s

employment rose by roughly 15 percentage points between 1980 and 2018; fixing latent

values at their 1980 levels collapses that increase to near zero for both education groups,
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while fixing technology leaves most of it intact. For men, the two channels operate in

opposite directions and largely cancel for college graduates. The asymmetry is consistent

with women’s labor supply being more responsive to non-wage job attributes, a finding

corroborated by independent methods in the amenity and job search literatures (Mas and

Pallais, 2017; Maestas et al., 2023; Faberman et al., 2026). Declining occupational barriers,

formal or informal, enter the framework through improvements in bijt, so the estimated

latent value shifts partly reflect the improved allocation of talent documented by Hsieh et al.

(2019).

These results suggest that market wages are an incomplete signal of total labor market

returns over this period. Workers in routine occupations saw the non-wage component of

their returns deteriorate in ways that drove large employment outflows; the observed wage

decline understates the fall in total returns. Workers who shifted into non-routine occupa-

tions may have experienced the reverse, with wage gains that understate the improvement in

total match value. The wage record understates what happened to worker welfare over this

period. Losses among routine workers exceeded what wages reveal; for those who reallocated

into better-matched occupations, the gains likely did too.
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A Estimation Details

Inner loop: analytical inversion

For a given candidate Θdeep, the time-varying parameters are recovered analytically for each

period t:

• bijt: inverted from observed employment shares µijt via the market-share inversion in

equation (11).

• βijt: recovered from within-occupation wage ratios (equation (12)), normalizing the

reference group to unity.

• αjt, νk: recovered from within- and across-cluster wage ratios given βijt and L̃jt, with

normalizations
∑

j∈k αjt = 1 and
∑

k νk = 1.

Outer loop: GMM objective

The outer loop searches over Θdeep = {γ, σa, σθ, ρk, η} to minimize the weighted distance

between model-implied and empirical moments. The targeted moments are:

• Total log-income variance Var(ln yt), identifying σa.

• Ratio of between-group to within-group income variance, identifying σθ.

• Gradient of within-group income variance with respect to average occupation wages,

identifying γ.

• Co-movement of within-cluster relative wages and relative effective labor over time,

identifying ρk (equation (13)).

• Co-movement of across-cluster relative wages and cluster-level labor aggregates over

time, identifying η (equation (14)).

All moments are stacked and minimized using an identity weight matrix to reduce small-

sample bias.
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B Labor Supply Elasticities

We define two elasticities from the model of Section 3. Throughout, s̄ij ≡ µij/µi =∫
sij(a) dF (a) denotes the aggregate conditional employment share of group i in occupa-

tion j.

Equivalence of Elasticity of Measure and Share

We are interested in the elasticity of the measure of workers µij with respect to the wage

wij. By the properties of log-derivatives:

εextw,ij =
∂ lnµij

∂ lnwij

=
wij

µij

∂µij

∂wij

(19)

Since µij = µis̄ij where µi is the fixed population mass, we have
∂µij

∂wij
= µi

∂s̄ij
∂wij

. Substituting

this back:

εextw,ij =
wij

µis̄ij

(
µi

∂s̄ij
∂wij

)
=

wij

s̄ij

∂s̄ij
∂wij

=
∂ ln s̄ij
∂ lnwij

(20)

Thus, the elasticity of the measure is identical to the elasticity of the share because the

population mass µi is constant.

Extensive margin elasticity to wages

The percentage change in the employment share of match (i, j) per percentage change in its

wage is εextw,ij. To derive its closed form, we follow three steps:

Step 1: Derivative of Utility. First, we find the change in utility with respect to the

wage:

∂Uij(a)

∂wij

=
∂

∂wij

[
w1−γ

ij a1−γ

1− γ

]
= w−γ

ij a1−γ

Step 2: Derivative of Choice Probability. Using the property of the Logit function
∂sj
∂Uj

= 1
σθ
sj(1− sj), we have:

∂sij(a)

∂wij

=
1

σθ

sij(a)(1− sij(a)) · w−γ
ij a1−γ
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Step 3: Aggregate Elasticity. Integrating over ability a and converting to elasticity:

εextw,ij =
w1−γ

ij

σθ s̄ij

∫
a1−γ sij(a)

(
1− sij(a)

)
dF (a) (21)

Extensive margin elasticity to latent values

The percentage change in the employment share of match (i, j) per percentage change in

|bij| is εextb,ij.

Step 1: Derivative of Utility. Since bij enters utility linearly,
∂Uij(a)

∂bij
= 1.

Step 2: Derivative of Choice Probability. The individual response is:

∂sij(a)

∂bij
=

1

σθ

sij(a)(1− sij(a))

Step 3: Aggregate Elasticity. Integrating over ability and multiplying by
|bij |
s̄ij

:

εextb,ij =
|bij|
σθ s̄ij

∫
sij(a)

(
1− sij(a)

)
dF (a) (22)

The Elasticity Ratio

Dividing (22) by (21) cancels σθ and s̄ij, yielding:

εextb,ij

εextw,ij

=
|bij|
w1−γ

ij

·

∫
sij(a)

(
1− sij(a)

)
dF (a)∫

a1−γ sij(a)
(
1− sij(a)

)
dF (a)

(23)

The first term represents the relative weight of latent values vs. wages in utility. The second

factor is a selection-variance-weighted ratio of ability moments; when ability dispersion is

small or γ → 1, it approaches unity and the ratio collapses to |bij|/w1−γ
ij . When this ratio

exceeds one, amenity shocks generate larger employment movements than equivalent-sized

wage shocks; Alonzo and Gallipoli (2023) estimate it to be roughly two to three across

occupation clusters.
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