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Stagnation*

Low-skill workers are concentrated in sectors experiencing fast productivity growth, yet 

their real wages have stagnated and lagged behind aggregate productivity. We provide 

evidence demonstrating the importance of a multisector perspective. Central to our 

mechanism is the decline in the relative price of the low-skill intensive sector driven by 

its faster productivity growth. This dampens wage gains for low-skill workers by lowering 

the price of their output relative to their consumption basket, which is further reinforced 

by shifting them into the sector where less weight is placed on their labor. We calibrate 

the two-sector model to the 1980–2010 U.S. economy and find this mechanism to be 

quantitatively important. Our counterfactual analysis reveals that low-skill real wage growth 

would have nearly doubled if the observed aggregate productivity growth had been evenly 

distributed across sectors.
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1 Introduction

Low-skill workers have experienced very little wage growth, despite working mostly

in sectors with fast productivity growth. In the U.S., the real wage of non-college

workers increased by about 20% between 1980–2010, which is less than half the

increase in aggregate labor productivity.1 The low-skill wage “stagnation” persists

even after controlling for age, race, gender, education, and occupation, indicating

it is not due to compositional changes in low-skill employment.2 Hours worked by

these workers represent two-thirds of overall hours worked, so their wage stagna-

tion explains why the average wage is lagging behind aggregate labor productivity,

despite the real wage of college graduates growing faster than aggregate labor pro-

ductivity. Taken together, these observations reject the view that a rising tide lifts

all boats; apparently, many boats are left behind.

Our objective is to understand why the growth of the low-skill real wage has

been so low and lagging behind aggregate labor productivity. We o↵er a novel mul-

tisector perspective, where the key mechanism is the falling relative price driven by

faster productivity growth in sectors that use low-skill workers more intensively.

This mechanism dampens the positive e↵ect of productivity on the low-skill real

wage, which is the average value of the marginal product of low-skill workers,

through two channels. First, the increase in the physical marginal output caused

by faster productivity growth is valued at a lower price relative to their consump-

tion basket. Second, when outputs are complements across sectors, this leads to a

reallocation of low-skill workers to the high-skill intensive sector where they have

a lower weight in the production function.

1The precise increase in the aggregate non-college real wage range from 15% to 25%, de-
pending on the choice of price deflators, composition adjustment, the inclusion of non-wage
compensation and self-employment, and whether it is only for the nonfarm business sectors.
Regardless of these choices, the finding that the non-college real wage has had little growth and
lags behind the aggregate labor productivity growth is robust.

2As documented in Acemoglu and Autor (2011), low-skill wage stagnation coexists with
occupational polarization (low-wage occupations have faster wage growth than middle-wage
occupations). The low-skill wage stagnation pertains to a group of workers with given education
qualifications, whereas polarization is defined over given occupational groups irrespective of who
is employed there. Sevinc (2019) documents the role of skill heterogeneity within an occupation
in understanding these two patterns.
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We provide two sets of motivating evidence from the U.S. to support this mul-

tisector mechanism. First, using a simple accounting equation for the aggregate

low-skill real wage, we demonstrate that the growth in the low-skill wage would

have been more than double if there were no changes in relative prices and no

reallocation of low-skill hours across sectors. This simple exercise highlights the

crucial role that changing relative prices play, even in the absence of labor real-

location. The dampening e↵ect of the relative price is further reinforced by the

changing hours shares. The data imply that sectors with declining relative prices

are also experiencing declining shares of low-skill hours. Consistent with Buera

et al. (2022), we find that these sectors are the low-skill intensive sectors.

Second, to understand the divergence between the low-skill real wage and ag-

gregate labor productivity, we turn to an accounting identity that the total value-

added of the economy equals the sum of total factor payments. This identity

reveals three driving forces for the divergence: the increasing skill premium, de-

clining labor income share, and rising relative cost of living, measured by the

ratio of the consumption deflator to the output deflator. The latter two forces,

which together account for 30% to 50% of the divergence, necessitate the presence

of capital. In its absence, both the labor income share and the relative price of

consumption would equal to one.

To quantify the proposed multisector mechanism in understanding the stag-

nation low-skill wages and their divergence from aggregate labor productivity,

we calibrate a two-sector model to match key features of the U.S. labor market

from 1980 to 2010. Production in both sectors uses low-skill, high-skill labor, and

capital. The low-skill sector uses low-skill labor more intensively and has faster

productivity growth. As in Buera et al. (2022), we show that the faster productiv-

ity growth in the low-skill sector leads to an increase in the skill premium, which

contributes to the divergence. In addition, due to the presence of capital in our

model, we find that the mutlisector mechanism also contributes to the divergence

by increasing the relative cost of living. Besides our mechanism through uneven

productivity growth, the calibration also allows for four other forces that are shown
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to be important for understanding the skill premium and the labor share. They are

the falling relative price of capital in the presence of capital-skill complementarity

(Krusell et al., 2000), the falling production weights of low-skill labor (Goldin and

Katz, 2009), and the skill-biased demand and supply shifts (Katz and Murphy,

1992).

The uneven productivity growth, which is calibrated to match the observed

changes in relative prices, is quantitatively important for both the divergence and

low-skill wage stagnation. This can be demonstrated by considering what would

happen to the low-skill wage if the same level of aggregate productivity growth

were instead driven by a balanced increase in sectoral productivity. The result of

this counterfactual analysis is that the increase in the low-skill wage would have

been almost double, and the resulting divergence would have been nearly halved.

This highlights that the source of the aggregate productivity growth is crucial for

understanding low-skill wage stagnation.

The declining production weights of low-skill labor also play an important role,

as they are a key factor driving the decrease in the labor share and the increase

in the skill premium. Their contribution to the low-skill wage stagnation relies

on lowering the marginal product of low-skill labor in both sectors, which fails

to account for the observed di↵erential trends. These di↵erential trends are a

result of changing relative prices when the growth of nominal low-skill wages is

similar across sectors. Both the decline in the relative price of capital and the skill-

biased demand shifts that increase the production weight of high-skill labor are

quantitatively important for the rise in the skill premium but not for low-skill wage

stagnation. These quantitative exercises demonstrate that factors contributing to

the increase in the skill premium do not necessarily contribute to low-skill wage

stagnation.

Our paper can be viewed as providing a framework to assess the quantitative

significance of various forces underlying key aspects of labor market inequalities

and their roles for understanding the low-skill wage stagnation. Since the seminal

work of Katz and Murphy (1992), an extensive literature has emerged studying
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the e↵ects of skill-biased demand and supply shifts on the skill premium, with

a particular focus on skill-biased technical change (see Goldin and Katz, 2009,

for a review). The skill-biased technical change that simply improves the rela-

tive productivity of high-skill workers, however, does not necessarily contribute to

low-skill wage stagnation (Johnson, 1997; Acemoglu and Autor, 2011). This limi-

tation has partly contributed to a growing literature on automation and declining

labor shares (see Zeira, 1998; Karabarbounis and Neiman, 2014; Acemoglu and

Restrepo, 2018; Martinez, 2019; Caselli and Manning, 2019; Hémous and Olsen,

2022; Moll et al., 2022; Hubmer, 2023, among others).3 Other potential explana-

tions include de-unionization and the decline in the minimum wage (Lee, 1999;

Dustmann et al., 2009), increasing monopsony power (Manning, 2003), rising im-

ports (Autor et al., 2013), and the decline in the urban premium for non-college

workers (Autor, 2019).4 Many of these forces can be understood within the con-

ceptual framework of one-sector models. Our contribution to this literature is to

emphasize the importance of sector-specific technological changes.

In exploring the role of uneven productivity growth on the labor market by

skill groups, Buera et al. (2022) is the closest work to ours in terms of explaining

the rise in the skill premium and the expansion of the high-skill intensive sector.

The main contributions of our paper, relative to theirs, are to demonstrate the

e↵ects of uneven productivity growth on low-skill wage growth and to elucidate

the roles of changing relative prices and sectoral reallocation of labor in driving

these outcomes. In addition, capital, absent in their model, plays two crucial roles

in our analysis. First, it is essential for studying the decoupling of wages and

aggregate productivity through its e↵ect on the labor share and the relative price

of consumption. Second, it provides an additional mechanism for the rise in the

skill premium through capital-skill complementarity and declining relative price

3This is accompanied by a parallel growing empirical literature on the e↵ect of automation
on employment, wages and labor income shares (see Autor and Salomons, 2018; Graetz and
Michaels, 2018; Acemoglu and Restrepo, 2020; Chen et al., 2021; Kapetaniou and Pissarides,
2020, among others)

4To the extent that most of the expansion in high-skill services occurs in urban areas, our
mechanism is consistent with the finding of Autor (2019) on the decline of the urban premium
for non-college workers due to region-specific occupational changes.
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Table 1: Percentage change in the aggregate low-skill wage

Fixed at the 1980 level

Data Hours shares Relative prices Hours shares and relative prices
1980–2010 20% 18% 29 % 48%

Note: The table reports percentage change in the aggregate low-skill wage in the data and three
counterfactual scenarios (see equation 1), where hours shares, relative prices and both are fixed
at the 1980 level. Real wage is equal to nominal wage deflated by PCE price index. Low-skill
is defined as education less than a college degree. Composition adjusted wages are calculated
as the fixed-weighted mean of 216 cells. See Appendix A1 for the construction of variables and
sectors. Source: CPS, WORLD KLEMS and authors’ calculations.

of capital, as in Krusell et al. (2000).

Section 2 presents motivating facts on understanding low-skill wage stagnation

and the importance of a multisector perspective. It uses a simple two-sector model

to illustrate the basic mechanism. Section 3 presents the full model, and Section

4 calibrates the model to quantify the multisector mechanism.

2 Motivation

2.1 Low-skill real wage in a multisector economy

The importance of a multisector perspective can be illustrated in a simple exercise

by expressing the aggregate low-skill real wage as a weighted sum of the sectoral

wages:
wl

PC

=
X

j

wlj

PC

Lj

L
=
X

j

wlj

pj

✓
pj

PC

◆
Lj

L
; (1)

where wl is the aggregate low-skill nominal wage, PC is the aggregate consumption

price index, wlj and pj are the low-skill nominal wage and value-added price, and

Lj/L is the share of low-skill workers in sector j.

The key aspects of a multisector perspective are that sectoral relative prices

and hours shares are changing over time. To see the importance of these changes,

Table 1 compares the observed aggregate low-skill real wage with three di↵er-

ent counterfactual scenarios where either hours shares (Lj/L) or relative prices

(pj/PC) or both are kept constant at the 1980 level. To highlight their impacts
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on the growth of the low-skill real wage.

The low-skill real wage in the data grew by 20% during the 30-year period. If

hours shares are fixed but relative prices vary, the low-skill real wage would have

grown by 18 percent, very similar to the data. This suggests that low-skill wage

stagnation would have happened even in the absence of labor reallocation.

The picture is very di↵erent if relative prices are fixed but hours shares vary. In

this case, the low-skill real wage would have grown by 29%. A simple interpretation

based on equation (1) is that sectors with faster growing wlj/pj are experiencing

falling relative prices in the data, thus the low-skill real wage would have increased

by more if we remove these changes in relative prices. Intuitively, since the ratio

wlj/pj serves as a proxy for the marginal product of low-skill labor (MPLlj),

this finding suggests that in sectors where low-skill workers experienced bigger

increases in productivity, the faster productivity growth did not fully materialize

as growth in their real wages because of the falling relative prices.

It follows from equation (1) that labor reallocation can further dampen the

growth of low-skill real wage if hours shares also decrease in sectors with faster

productivity growth. This is confirmed by the table, which shows that the low-skill

real wage would have increased by 48% if both relative prices and hours shares

are fixed. In other words, if the economy behaves like a one-sector economy with

no change in relative prices or labor reallocation, the growth in the low-skill real

wage would have been more than double.

2.2 The basic mechanism

The observations from Table 1 highlight the importance of falling relative prices

for sectors with faster productivity growth in accounting for the low-skill real

wage stagnation. However, this is merely a mechanical exercise, as relative prices,

hours shares, and the marginal product of low-skill labor are all equilibrium out-

comes. The objective here is to elucidate the core mechanisms of our multisector

framework that can explain these observations.

The basic idea of how this multisector mechanism operates can be shown in a
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simple model with two sectors and two types of households. There is a measure

H of high-skill households and a measure L of low-skill households. Household

i = l, h derives utility from consuming high-skill and low-skill goods:

Ui = ln ci; ci =
h
 c

"�1
"

il
+ (1�  ) c

"�1
"

ih

i "
"�1

i = h, l. (2)

where " < 1 so that low-skill and high-skill goods are complements. The budget

constraint is:

phcih + plcil = wi, i = h, l. (3)

where wi is the wage of household i. The optimal relative consumption is derived

from equating the marginal rate of substitution to the relative prices, which can

be aggregated to derive the relative aggregate consumption (see Appendix A2.1):

Ch

Cl

=


pl

ph

✓
1�  

 

◆�"
, Cj = Lclj +Hchj, j = h, l. (4)

The role of changing relative prices: To illustrate the importance of chang-

ing relative prices, consider the simplest form of production function where sector

l only uses low-skill labor and sector h only uses high-skill labor. This implies

there is no sectoral reallocation, allowing us to focus solely on the role of chang-

ing relative prices. The equilibrium outputs are Yl = AlL and Yh = AhH and

wages are wl = plAl and wh = phAh. Let PC = ( ✏
p
1�"

l
+ (1�  )"p1�"

h
)

1
1�" be the

aggregate consumption price index, the low-skill real wage is derived as:

wl

PC

= Al

pl

PC

;
pl

PC

=

 
 

" + (1�  )"
✓
pl

ph

◆"�1
! 1

"�1

, (5)

where the relative price is derived from substituting the goods market clearing

condition Cj = Yj into (4):

pl

ph
=

 

1�  

✓
AhH

AlL

◆1/"

. (6)

The equilibrium conditions (5) and (6) illustrate the basic mechanism of how
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changing relative prices can contribute to the low-skill real wage stagnation even in

the absence of labor reallocation across sectors. As shown in (5), an increase in the

productivity of the low-skill sector Al raises the marginal product of the low-skill

labor (also equal to Al), which has a positive e↵ect on the real wage. However, the

real wage of low-skill labor is in terms of the unit of aggregate consumption goods,

which depends on the relative price of the low-skill sector. This is the first key

di↵erence from a one-sector model where the low-skill real wage is simply equal

to their marginal product of labor.

As shown in (6), the relative price of the low-skill sector depends negatively

on its relative productivity, as long as the two goods are not perfect substitutes.

If productivity growth is the same across sectors, there will be no change in the

relative price. In this case, the increase in the low-skill real wage will be the same

as the increase in the marginal product of low-skill labor, which will be the case

in a one-sector model. However, if productivity growth is faster in the low-skill

sector (Al/Ah increases), the decline in the relative price of the low-skill sector

dampens the positive e↵ect of productivity. In other words, although low-skill

workers are producing more output, the increase in their physical productivity

is o↵set by the decrease in the price of the goods they produce relative to their

consumption basket.5

On the other hand, increasing productivity in the high-skill sector can boost the

low-skill real wage by increasing the relative price of the low-skill goods. There-

fore, an important message of the multisector perspective is that the source of

the aggregate productivity growth is important for understanding low-skill wage

stagnation. Another key insight from this simple setup is that the dampening

e↵ect of declining relative prices on the low-skill real wage operates independently

of whether the two goods are complements (" < 1) or substitutes (" > 1). As

explained below, this condition is crucial for the e↵ects of uneven productivity

5In other words, specializing in sectors with faster productivity growth works against low-skill
workers, as the output they produce is getting cheaper over time. This has a similar flavor, but
the mechanism is di↵erent, to the early trade literature on immiserizing growth, where faster
productivity growth results in a country being worse o↵ because of deteriorating terms of trade
(Bhagwati, 1958).
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growth on labor reallocation and the skill premium.

The role of labor reallocation: The discussion of Table 1 shows that sec-

toral reallocation can reinforce the dampening e↵ects of changing relative prices

on the low-skill real wage. This can be shown by allowing the sectoral production

function to use both high-skill and low-skill labor:

Yj = Aj


⇠jL

⌘�1
⌘

j
+ (1� ⇠j)H

⌘�1
⌘

j

� ⌘
⌘�1

(7)

where parameter ⇠l > ⇠h indicates that the low-skill sector uses the low-skill labor

more intensively.

As is well-known in the structural transformation literature (Baumol, 1967;

Ngai and Pissarides, 2007), if the same type of labor is used in both sectors, labor

reallocates from the sector with faster productivity growth to the sector with lower

productivity growth when outputs are complements (" < 1). When there are two

types of labor, as in the production function (7), the relative wage of the type of

labor that is used more intensively in the expanding sector will increase (Ngai and

Petrongolo, 2017; Buera et al., 2022). More explicitly, the sectoral reallocation

generates an endogenous female-biased shift in Ngai and Petrongolo (2017) to

lower the gender wage gap, and an endogenous skill-biased shift in Buera et al.

(2022) to increase the skill premium. We show here that this mechanism can also

contribute to lowering the growth of the low-skill real wage by shifting low-skill

workers into high-skill intensive sector where less weight is placed on their labor.

Using data from 15 advanced economies, Buera et al. (2022) document the

pattern of skill-biased structural change where the high-skill intensive sectors ex-

perience rising relative prices, and growing shares in total labor compensation and

value added. Using U.S. state-level data for 11 sectors, we confirm their finding

that the growth of sectoral price is skill-biased and further document that the

growth of sectoral low-skill hours shares is also skill-biased. This is shown using

the following simple regression:

gnjt = ✓snj + �n + �t + ✏njt, (8)

9



Table 2: Sectoral growth and skill intensity

Share of Low-skill Hours Sectoral Price

(1) (2) (3) (4)
Skill Intensity
Hours 2.24 4.98

(0.39) (0.44)
Compensation 1.47 3.32

(0.31) (0.29)

Note: The table reports the coe�cients of the skill intensity variables estimated from equation
(8) using state-level data for 11 one-digit sectors. The dependent variable is the annualized
growth rate of the sectoral low-skill hours share in columns (1)-(2) and the sectoral value-added
price in columns(3)-(4) in each decade from 1980 to 2010 by state. Skill intensity in hours is
calculated as the sample mean of sectoral hours of high-skill divided by total hours in the sector.
Skill intensity in labor compensation is calculated as the sample mean of sectoral compensation
of high-skill divided by total compensation in the sector. Low-skill is defined as education less
than a university degree. Composition adjusted wages are calculated as the fixed-weighted mean
of 216 cells. See Appendix A1 for the construction of variables. All specifications include state
and decade fixed e↵ects. The number of observations is 1683. Robust standard errors are in
parentheses. All reported coe�cients are significant at the 1 percent level.

where gnjt is the growth rate of low-skill hours shares and sectoral prices for

sector j in state n and decade t; snj is the long-run skill-intensity of sector j in

state n, �n and �t are state and decade fixed e↵ects that control for state-specific

and decade-specific elements a↵ecting the economy-wide growth rates, and ✏̃njt

is the disturbance term. The slope term ✓ indicates the strength of conditional

correlation between the growth rates and skill intensity.

Table 2 reports the estimated ✓ from equation (8), where the left-hand side

growth variables are regressed on two alternative skill intensity measures based on

hours and labor compensation. It shows that the growth in both the share of low-

skill hours and value-added prices are positively correlated with skill intensity.

In other words, low-skill workers are reallocating into sectors with higher skill

intensities and rising relative prices. This confirms the finding in Table 1 that

changes in hours shares reinforce the changes in relative prices, explaining the gap

between the red-diamond line and the black-triangle line.

The basic multisector mechanism can be summarized using equation (1): sec-

tors with faster productivity growth (wlj/pj) are associated with falling relative

prices (pj/PC) and falling shares of low-skill hours (Lj/L). These falling relative
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Figure 1: The divergence, the skill premium and the low-skill real wage
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Note: Divergence is the ratio of aggregate labor productivity relative to the low-skill real wage.
Skill premium is the ratio of the high-skill wage relative to the low-skill wage. Low-skill is
defined as education less than a university degree. Composition-adjusted wages control for age,
sex, race and education within the high-skill and the low-skill. See Data Appendix A1 for the
construction of variables. Source: WORLD KLEMS and CPS.

prices and low-skill hour shares can o↵set the direct gain from faster productivity

growth, contributing to lowering the growth of the aggregate low-skill real wage.

2.3 Low-skill wage and productivity divergence

To present the final set of motivating evidence, we turn to the divergence between

the low-skill real wage and aggregate labor productivity using insights from the

basic mechanism. To construct a consistent measure, we compute the aggregate

wages by merging the WORLD KLEMS data on total compensation and hours

with the distribution of demographic subgroups in the CPS. The labor compen-

sation variable of KLEMS includes both wage and non-wage components as well

as reflecting the compensation of the self-employed, and the hours variable is ad-

justed for the self-employed. Thus, KLEMS provides a more reliable source of

aggregate compensation and aggregate hours in the economy. The increase in the

aggregate low-skill real wage from 1980–2010 is slightly higher at 26% compared

to the 20% shown in Table 1. Given that the distribution of demographic sub-
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Figure 2: Relative prices, relative productivity and labor reallocation
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Note: Panel A shows the value-added price and real labor productivity of the high-skill sector
relative to the low-skill sector, normalized to 100 in 1980. Panel B shows the share of low-skill
hours in the high-skill sector. See Appendix A1 for the construction of variables and sectors.
Source: WORLD KLEMS and CPS.

groups is taken from the CPS, the implied relative wage is the same as the CPS.6

The implied skill premium and the ratio of aggregate productivity relative to the

low-skill real wage are shown in Figure 1. Interestingly, the low-skill real wage

was growing at about the same rate as the high-skill real wage and the aggregate

labor productivity prior to 1980 before it started to lag behind both series.

We aggregate sectors into two sectors according to their level of skill intensities

to examine the multisector mechanism in understanding Figure 1.7 Figure 2 shows

that the multisector mechanism is consistent with the timing reported in Figure

1. Specifically, Figure 2A shows that the rise in the relative productivity of the

low-skill sector started mainly after 1980 and this is mirrored by the fall in the

relative price of the low-skill sector. Figure 2B shows that the reallocation of

low-skill workers into the high-skill sector also started after 1980.

Finally, the divergence can be decomposed into three factors using an account-

ing relationship between the low-skill wage and the aggregate labor productivity.

Starting with the definition of the labor income share �y = w, where � is the

6As before, wages are composition adjusted for age, sex, race and education within the high-
skill and the low-skill labor. See Appendix A1 for details.

7As explained in Appendix A1, the high-skill intensive sector includes: finance, insurance,
government, health and education services, and the low-skill intensive sector includes the re-
maining industries.
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aggregate labor income share, y is the nominal aggregate labor productivity and

w is the average nominal wage. Let PY be the aggregate output price index and

PC be the consumption price index, we can express:

y/PY

wl/PC

Divergence

=

✓
PC

PY

◆

Living Cost

✓
1

�

◆

Labor Share

✓
w

wl

◆

Wage Inq

(9)

The divergence in the low-skill real wage and productivity is attributable to three

factors: (1) a rise in the relative cost of living, (2) a decline in labor share, and

(3) a rise in wage inequality, measured by the ratio of the average wage relative

to the low-skill wage. The relative contributions of these three factors depends

on the choice of the consumption price index. If we use PCE as a measure of

PC , then the contributions of the three factors are 10%, 20% and 70%. If we use

CPI instead, then the contributions are 30%, 20% and 50%.8 The main takeaway

is that all three factors are quantitatively important. The presence of capital is

essential for the first two factors to be present. Without capital, both the relative

price of consumption and the labor income share are equal to one.

3 The Full Model

This section presents the full model to quantify the role of the multisector mech-

anism. Building on the basic two-sector model introduced in Section 2.2, we now

incorporate capital as an additional factor of production. The household side is

the same as before so the relative aggregate consumption is given in (4). The

presence of capital changes the production function (7) and the market clearing

conditions. Following Krusell et al. (2000), the production function allows for

8The role of di↵erent price deflators, the declining labor income share, and di↵erence between
mean and median wages have been empirically documented as sources of the decoupling between
average wage and productivity (e.g., Lawrence and Slaughter, 1993; Bivens and Mishel, 2015).
Here and in the next section, we deflate output by the value-added deflator and wages by
alternative consumer price deflators (See Stansbury and Summers, 2019; Greenspon et al., 2021,
for a similar empirical approach).
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capital-skill complementarity:

Yj = AjFj (Gj (Hj, Kj) , Lj) (10)

Fj (Gj (Hj, Kj) , Lj) =


⇠jL

⌘�1
⌘

j
+ (1� ⇠j) [Gj (Hj, Kj)]

⌘�1
⌘

� ⌘
⌘�1

(11)

Gj (Hj, Kj) =


jK

⇢�1
⇢

j
+ (1� j)H

⇢�1
⇢

j

� ⇢
⇢�1

(12)

where Hj and Lj are the high-skill labor and the low-skill labor used in sector

j. The parameter j measures the importance of capital within the capital-skill

composite. The elasticity of substitution across high-skill labor and capital ⇢ < 1

captures the capital-skill complementarity.

The output of the low-skill sector can be converted into 1/� unit of capital,

where � is interpreted as the price of capital relative to the low-skill intensive

goods.9 The objective of the quantitative exercise is to compare the labor mar-

ket changes from 1980 to 2010 instead of studying the time path. To keep the

framework simple, we assume full depreciation of capital. The market clearing

conditions for goods, capital, and labor are:

Yl = Cl + �K, Yh = Ch. (13)

K = Kh +Kl. (14)

Hh +Hl = H; Lh + Ll = L. (15)

3.1 Firm’s optimization

The optimal decision of the representative firm implies that the marginal rate of

technical substitution across any two inputs is equal to the ratio of their relative

9This two-sector model can be mapped into a three-sector model where the low-skill intensive
sector is an aggregation of a consumption goods sector and a capital goods sector under the
assumption that they have identical production functions except the sector-specific TFP index.
In this environment, the relative price of capital � is equal to the inverse of their relative TFPs,
so a fall in � is interpreted as an investment-specific technical change (Greenwood et al., 1997).
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prices. This implies the ratio of the high-skill labor and capital satisfies:

Hj

Kj

= (��j)
�⇢ ; �j ⌘

j

1� j
, � ⌘ wh

qk
, j = h, l, (16)

where wh is the high-skill wage and qk is the rental price of capital. Define Ĩj as

the ratio of the high-skill labor income relative to the sum of high-skill labor and

capital income:

Ĩj ⌘
whHj

qkKj + whHj

=
1

1 + �⇢�1�j
⇢
, j = h, l, (17)

where the last equality follows from the condition (16). Using the optimal condi-

tion across the high-skill and the low-skill labor, Appendix A2.2 shows that the

relative skill-intensity is:

Hj

Lj

= (�j/q)
⌘ (1� j)

⇢(⌘�1)
(⇢�1) Ĩj

⌘�⇢
1�⇢ ; �j ⌘

1� ⇠j

⇠j
, q ⌘ wh

wl

, j = h, l, (18)

where q denotes the skill premium. Define Jj as the low-skill income share and Ij

as the high-skill income share in sector j = h, l:

Jj ⌘
wlLj

qkKj + whHj + wlLj

=


1 + q

1�⌘
�
⌘

j

h
Ĩj (1� j)

�⇢

i ⌘�1
1�⇢

��1

, (19)

Ij ⌘
whHj

qkKj + whHj + wlLj

= (1� Jj) Ĩj. (20)

Using (19) and (20), Appendix A2.2 derives the sectoral labor income share as:

�j = Ij + Jj = Jj

✓
q
1�⌘

�
⌘

j

h
Ĩj (1� j)

�⇢

i ⌘�⇢
1�⇢

+ 1

◆
; j = h, l. (21)

3.2 Equilibrium prices and allocation

The equilibrium low-skill wage is equal to the value of the marginal product of

low-skill labor MPLlj in sector j, which is derived in Appendix A2.2 as:

wl = pjMPLlj; MPLlj ⌘
@Yj

@Lj

= Aj

�
Jj⇠

�⌘

j

� 1
1�⌘

, (22)
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and the real wage equation (5) is generalized as:

wl

Pc

= Aj

�
Jj⇠

�⌘

j

� 1
1�⌘

pj

PC

. (23)

The relative price is then derived from the free mobility of labor:

ph

pl
=

✓
Al

Ah

◆✓
⇠l

⇠h

◆ ⌘
⌘�1
✓
Jh

Jl

◆ 1
⌘�1

, (24)

which shows that faster productivity growth in the low-skill sector implies a falling

relative price of the low-skill sector. This generates the negative relationship

between relative price and relative productivity documented in Figure 2.

The equilibrium conditions derived above are functions of the relative factor

prices (�, q), where q is derived as a function of � in Appendix A2.3:

q = �

"✓
�

Al

◆⌘�1

⇠
�⌘

l
� �

⌘

l

⇥�
�
1�⇢ + �

⇢

l

�
(1� l)

⇢
⇤ 1�⌘

1�⇢

# 1
⌘�1

. (25)

Finally, Appendix A2.3 shows that the equilibrium of the model can be sum-

marized by solving for � and the share of low-skill labor in the high-skill sector

(lh ⌘ Lh/L) using two conditions:

lh = S

✓
�;

H

L
,
�

Al

◆
⌘

H

L
q
⌘
�
�⌘

l
(1� l)

⇢(⌘�1)
1�⇢ Ĩ

⌘�⇢
⇢�1

l
� 1

⇣
�h
�l

⌘⌘ ⇣
1�l
1�h

⌘ ⇢(⌘�1)
1�⇢

⇣
Ĩl

Ĩh

⌘ ⌘�⇢
⇢�1 � 1

. (26)

lh = D

✓
�; Âlh,

�

Al

◆
⌘

1 +

Jl

Jh

✓
1

x�l
+

1� �h

�l

◆��1

, (27)

where the relative consumption expenditure share is derived from (4) and (24):

x ⌘ phCh

plCl

= Â
1�"

lh

✓
Jh

Jl

✓
⇠l

⇠h

◆⌘◆ 1�"
⌘�1

; Âlh ⌘ Al

Ah

✓
1�  

 

◆ "
1�"

, (28)

and the consumption expenditure shares are xl = 1/(1 + x), xh = x/(1 + x). In

a nutshell, the condition S

⇣
�; Âlh,

�

Al

⌘
is derived using the labor market clear-
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ing conditions and the firm’s optimization, and the condition D

⇣
�; Âlh,

�

Al

⌘
is

derived using the goods market clearing conditions and the household’s optimiza-

tion. These two conditions together solve for (�, lh) and the skill premium q is

obtained from (25). Given q and �, the low-skill wage is derived from (22) and

the income shares are derived from (17), (19), and (20). Appendix A2.3 derives

the value-added shares as:

vh ⌘ pjYjP
j
pjYj

=


1 +

✓
Jh

Jl

◆✓
1� lh

lh

◆��1

, vl = 1� vh, (29)

which then deliver the aggregate labor income share as:

� = �lvl + �hvh. (30)

3.3 Divergence

The accounting identity (9) shows that the divergence of the low-skill real wage

from aggregate labor productivity is due to rising relative cost of living, falling

labor income shares and rising wage inequality. Using the equilibrium conditions

derived above, we now explain how the model can generate these three factors

through faster productivity growth in the low-skill sector.

A faster productivity growth in the low-skill sector decreases the relative price

of the low-skill goods (24) and increases the relative consumption share (28) given

consumption complementarity (✏ < 1). This implies a reallocation of labor towards

the high-skill sector (27), which acts as an endogenous skill-biased shift leading to

a higher skill premium q as in Buera et al. (2022).

The relative cost of living is measured by the price of aggregate consumption

relative to the price of aggregate output, PC/PY . These two price indexes can

be obtained by the Tornqvist method using the consumption expenditure shares

xj as weights for PC and the value-added shares vj as weights for PY . Given

the consumption share of the high-skill sector exceeds its value-added share, the

faster productivity growth in the low-skill sector implies a rise in the relative cost
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of living PC/PY .10

The e↵ect on the aggregate labor income share � in (30) is ambiguous for two

reasons. First, it predicts a rise in the skill premium which has two opposing

e↵ects on the sectoral labor income share �j derived in (21). More explicitly, it

reduces the low-skill income share in (19) and increases the high-skill income share

in (20) in both sectors. Second, there is an increase in the value-added share of

the high-skill sector (vh in 29), which can lower the aggregate labor income share

if �h < �l, and vice versa.

3.4 Low-skill wage and skill premium

The skill premium measures the high-skill wage relative to the low-skill wage. A

rise in the skill premium does not necessarily imply a slower growth in the low-

skill wage. In a similar vein, factors that imply a rise in the skill premium do not

always imply a slower growth in the low-skill wage. Using the optimal capital-skill

ratio in (16), the production function (10) can be expressed as a function of the

high-skill and low-skill labor:

Yj = Ãj


(1� �j)H

⌘�1
⌘

j
+ �jL

⌘�1
⌘

j

� ⌘
⌘�1

(31)

Ãj ⌘ Aj

0

@⇠j + (1� ⇠j)

 
1� j

Ĩj

!( ⇢
⇢�1)(

⌘�1
⌘ )
1

A

⌘
⌘�1

;�j ⌘
⇠j

⇠j + (1� ⇠j)
⇣

1�j

Ĩj

⌘( ⇢
⇢�1)(

⌘�1
⌘ )

,

(32)

which takes a similar form as the aggregate production function used in the liter-

ature (see Katz and Murphy, 1992; Heathcote et al., 2010), where a decrease in

� of the aggregate production function represents an aggregate skill-biased shift.

Our model provides two endogenous sources for this aggregate skill-biased shift.

First, as in Buera et al. (2022), the predicted shift towards the high-skill sector

10The assumption that capital is only produced by the low-skill sector helps to simplify the
model but what is necessary for the consumption share of the high-skill sector to be larger than
its value-added share is that the low-skill sector contributes more to the production of capital.
This is supported by findings of McGrattan (2020) which confirm that our high-skill intensive
sectors provide a negligible portion of tangible and intangible capital to other industries.

18



implies a decrease in the aggregate � when �h < �l. This between-sector skill-

biased shift is shown to be an important source for the increase in the aggregate

skill intensity for understanding the rise in the skill premium. Second, as in

Krusell et al. (2000), falling relative price of capital implies an increase in Ĩj due

to capital-skill complementarity. This implies a decrease in �j acting as a within-

sector skill-biased shift in both sectors.

Both shifts imply a rise in the skill premium but they have di↵erent e↵ects

on the low-skill wage. The between-sector shift induces a shift from the low-skill

sector with high �l to the high-skill sector with low �h, so it reduces the aggregate

� contributing to a slower growth in the low-skill wage. The within-sector shift,

through rising Ĩj, reduces �j in both sectors but this e↵ect is o↵set by the implied

rise in the e↵ective productivity Ãj due to the capital-skill complementarity (i.e.

⇢ < 1, see 32). Thus the falling relative price of capital contributes to a rise in

the skill premium but not necessarily to the low-skill wage stagnation.

There are other sources of within-sector skill-biased shifts that can lower �j

through falling production weights j and ⇠j. A fall in j can reflect a skill-biased

organizational change that increases the importance of human capital (Caroli and

Van Reenen, 2001).11 Similar to the role of the falling relative price of capital, a

fall in j reduces �j but also implies a rise in the e↵ective productivity Ãj, resulting

in an ambiguous e↵ect on the low-skill wage. A fall in ⇠j, however, implies a fall

in both �j and Ãj when high-skill and low-skill labor are good substitutes (⌘ > 1).

Thus, it can contribute to both a rise in the skill premium and the low-skill wage

stagnation. The decline in the production weights for low-skill workers can be due

to the displacement e↵ect from automation in the task-based model of Acemoglu

and Restrepo (2018) and the outsourcing of tasks performed by low-skilled workers

in Grossman and Rossi-Hansberg (2008).

11In general, it contributes to the skill-enhancing changes in the standard canonical skill-biased
technical change model (Katz and Murphy, 1992) without capital.
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3.5 Demand shift towards high-skill intensive goods

In addition to uneven productivity growth, a demand shift towards high-skill in-

tensive goods can also act as a source for the between-sector skill-biased shift.

This demand shift can be induced by rising income if high-skill intensive goods

have a higher income elasticity. As shown by Comin et al. (2021), a fall in the

preference parameter  in the homothetic CES utility function (2) can capture

this income e↵ect in a more general non-homothetic CES utility function.12 Thus,

by examining the e↵ect of a fall in  , we can learn about the e↵ect of a demand

shift towards the high-skill sector on the low-skill wage.

Using (28), a fall in  implies an increase in Âlh and a rise in relative expendi-

ture; thus, it has a similar e↵ect on the skill premium as the increase in the relative

productivity Al/Ah. However, it does not have a direct e↵ect on the relative prices

of the high-skill intensive sector as shown in equation (24), nor the low-skill real

wage in (23).13 Its contribution to the divergence is through the increase in the

skill premium, which is similar to the e↵ect of a skill-biased shift through ⇠j. Thus,

we let the calibration of ⇠j pick up its role as a skill-biased demand shift.

4 Quantitative Results

The model is calibrated to match the key features of the U.S. labor market from

1980 to 2010. To evaluate the quantitative role of uneven productivity growth,

the baseline also includes changes in the relative price of capital, the production

weights of the low-skill labor and the high-skill labor, and the relative supply of

the high-skill labor. The productivity parameters are calibrated to match the

rise in the relative price of the high-skill intensive sector and the aggregate labor

productivity growth. The production weights are set to match the sectoral income

shares while the relative supply of high-skill labor is set to match the aggregate

12This can be seen explicitly from comparing the relative expenditure derived in (4) with the
relative expenditure derived from a non-homothetic CES utility function in Comin et al. (2021).

13It has an equilibrium e↵ect on the relative price through the rise in q by changing Jh/Jl in
(24), but the e↵ect is small as it depends on the di↵erence between the parameters ⇠h and ⇠l as
shown in (19).
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Table 3: Data targets

Level Growth (% p.a.)

J Jh Jl I Ih Il q y/PY

ph

pl
�

1980 0.41 0.23 0.46 0.17 0.33 0.12 1.44 - - -
2008 0.28 0.21 0.31 0.28 0.44 0.21 1.94 1.7 1.4 -0.5

Note: J ’s are the low-skill income share, I’s are the high-skill income share, q is the skill
premium. High-skill are those with college or a higher degree. y/PY is the aggregate real labor
productivity, ph/pl is the price of high-skill sector relative to the low-skill sector and � is the
price of capital relative to the low-skill sector.

income of the high-skill labor relative to the low-skill labor. The predictions in

the baseline are driven by changes in five sets of parameters: Âlh in equation (28),

the relative price of capital �, the production weights {⇠l, ⇠h,l,h} in (10), and

the relative supply of the high-skill labor H/L.14

4.1 Data targets

The construction of data targets reported in Table 3 is described in Appendix A1.

Data from the five-year average 1978–1982 is used for the year 1980 and 2006–2010

for the year 2008. During this period, the high-skill income share (Ij) increases

while the low-skill income share (Jj) decreases in both sectors. The total labor

income share (�j = Ij + Jj) falls in the low-skill sector but rises in the high-skill

sector, and the aggregate labor income share (I + J) falls.

The annual growth rate of the aggregate real labor productivity is 1.7% and

the relative price of the high-skill sector is 1.4%. Using the ratio of PK/PY from

the BEA and the ratio PY /pl from the KLEMS, the price of capital relative to the

low-skill sector (�) declines at 0.5% per year.15

14Given the definition of Âlh in equation (A2), we do not need to separate the preference
parameter  from Al/Ah to solve for the model.

15It is worth noting that the growth of PY in KLEMS is 2.94%, which is almost identical to
that of BEA at 2.86%.
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4.2 Calibration

The elasticity of substitution across high-skill and low-skill labor, ⌘ = 1.4, is taken

from Katz and Murphy (1992). The elasticity of substitution across capital and

high-skill labor, ⇢ = 0.67, is taken from Krusell et al. (2000). There is no direct

estimate of the elasticity of substitution across high-skill and low-skill goods, ".

The literature on structural transformation finds that the elasticity of substitution

across agriculture, manufacturing, and services is close to zero (Herrendorf et al.,

2013). Given that we re-group these three sectors into two sectors, this likely

implies a higher degree of substitution. Ngai and Pissarides (2008) report a range

of estimates for the price elasticity of services from -0.3 to 0, which is informative

but not an exact estimate for �", the price elasticity of the high-skill sector in

our model. Based on these estimates, we use " = 0.2 as our baseline value for the

elasticity of substitution across the two sectors.16

The relative supply of high-skill labor (H/L) is obtained from the data on

the skill premium and income shares (qt, It, Jt).17 Appendix A2.4 reports the

calibration procedure for the remaining parameters. The calibration strategy is as

follows: the production weights (⇠j,j) are set to match sectoral income shares in

the data for any given value of �/Al. To simplify the explanation, denote 1980 as

period 0 and 2008 as period T . We show that �0/Al0 can be normalized to 1 and

obtain all production weights in period 0. Using these parameters, condition (26)

implies a value of lh0, and condition (27) implies a value of Âlh0 given q0. For a

given level of AlT/Al0, data on the fall in �t implies a value for �T/AlT , which pins

down all production weights in period T . We then set the change in AlhT/Alh0 to

match the increase in the relative price of the high-skill sector. Finally, AlT/Al0

is adjusted to match the change in aggregate labor productivity deflated by the

price of the low-skill sector.

Table 4 reports the calibrated parameters. The implied annual growth of �,

16The quantitative results are not sensitive to small changes in the values of elasticity param-
eters (", ⌘, ⇢).

17The Hj and Lj are not the raw market hours by the high-skill and low-skill workers in the
data. The composition-adjusted high-skill hours Hj in sector j are computed as the high-skill
income in sector j divided by the composition-adjusted high-skill wage; similarly for Lj .
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Alh, Al, H/L, and production weights (j, ⇠j) are reported in Panel B of Table

4.18 Matching the rise in the relative price of the high-skill sector implies faster

productivity growth in the low-skill sector.19 Matching the relative aggregate

income shares of the high-skill and low-skill labor implies a rise in the relative

supply of high-skill labor. Matching the sectoral income shares, on the other

hand, requires changes in the production weights reflecting other sources of skill-

biased shifts. The growth in the relative productivity Al/Ah is governed by the

rise in the relative price of the high-skill sector.20 Using WORLD KLEMS, we find

that the relative price of the high-skill sector grew by 49% during 1980–2008.21

This, together with the observed growth in aggregate productivity, determines the

growth in the sectoral productivity parameters (Al, Ah). It is reassuring to report

that the baseline calibration implies labor productivity growth of 2.2% for the

low-skill sector and -0.2% for the high-skill sector, closely matching the 2.3% and

0.1% observed in the data.

4.3 Results on sectoral shares and skill premium

As reported in row 2 of Table 5, the baseline does a good job in matching the rise

in the skill premium, the pattern of sectoral reallocation and the changes in labor

share in each sector. The remaining rows of Table examine each of the five forces

that drive these changes by shutting them down one at a time: the uneven sectoral

productivity growth (higher Al/Ah) in row 3, the falling relative price of capital

(�) in row 4, the falling production weights of low-skill labor (⇠l, ⇠h) in row 5,

the rising production weights of high-skill labor within the capital-skill composite

18The implied negative growth in j does not necessarily indicate a decrease in the usage of
capital. It only implies a fall in the input weight of capital in the capital-skill composite.

19The calibration implies that Ah is falling, which can be understood using the findings of
Aum et al. (2018) and Bárány and Siegel (2021). The former paper finds negative productivity
growth for the high-skill occupations (Professional and Management), while the latter finds
negative growth for abstract occupations. Their findings could be the source for the falling Ah

given these occupations are concentrated in the high-skill intensive sector.
20If we were to halve the increase in the relative price of the high-skill sector, the uneven

productivity growth across sectors would remain quantitatively important, albeit to a smaller
extent. This result is available upon request.

21Buera et al. (2022) also use WORLD KLEMS to report an increase of 46% in the relative
price of the high-skill sector during 1977-2005 in the U.S.
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Table 4: Calibrated parameters

A. Parameters from the literature
Parameters Values Source

" 0.2 Benchmark value, see main text
⇢ 0.67 Krusell et al. (2000)
⌘ 1.4 Katz and Murphy (1992)

B. Calibrated parameters

Parameters 1980 2008 Growth (% p.a.) Target

� -0.50 Price of capital relative to the low-skill goods
Al 1.09 Aggregate real labor productivity
Alh 1.82 Relative price of the high-skill sector
⇠l 0.33 0.25 -0.93 Sectoral income share. See Appendix A2.4
⇠h 0.20 0.19 -0.13 Sectoral income share. See Appendix A2.4
l 0.74 0.69 -0.21 Sectoral income share. See Appendix A2.4
h 0.41 0.33 -0.79 Sectoral income share. See Appendix A2.4
H/L 0.29 0.50 1.92 Relative aggregate labor income shares It/Jt

(l,h) in row 6, and the increase in the relative supply of high-skill labor (higher

H/L) in row 7. It is important to note that in order to match the increase in

aggregate productivity at 60%, the growth in Al has to be adjusted in each of row

3 to 7. More specifically, for row 3, fixing the relative productivity Al/Ah at the

1980 level requires the same productivity growth in both sectors. This implies a

large growth in Ah if we keep the growth in Al as in the baseline, which would

imply a larger increase in aggregate productivity (85% instead of 60%). Thus,

we lower the growth in Al so that the implied change in aggregate productivity

growth is the same as in the baseline at 60%.

The results confirm the intuition that uneven productivity growth (row 3) is

crucial for sectoral reallocation. In a world with balanced productivity growth,

there would be no reallocation of low-skill labor and the value-added shares of the

high-skill sector would have fallen. While the fall in production weights of low-skill

labor (row 5) is essential for the decrease in the labor share in the low-skill sector,

the rise in the production weights of high-skill labor (row 6) is important for the

increase in the labor share in the high-skill sector. Not surprisingly, the increase

in the relative supply of high-skill labor contributes to lowering the skill premium.

Consistent with the previous literature, all mechanisms are important for the

rise in the skill premium: uneven productivity growth (Buera et al., 2022), a
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Table 5: Sectoral shares and the skill premium

Sectoral reallocation Sectoral labor share Skill premium

lh hh vh �l �h q

Data 1980 0.14 0.46 0.24 0.59 0.56 1.44
(1) Data 2008 0.21 0.46 0.29 0.53 0.65 1.94
(2) Model 2008 0.20 0.45 0.28 0.53 0.65 1.92

Counterfactual (fixing each parameter to its 1980 value)

(3) Al/Ah 0.15 0.36 0.21 0.52 0.64 1.79
(4) � 0.19 0.44 0.27 0.52 0.62 1.71
(5) ⇠l, ⇠h 0.18 0.52 0.31 0.59 0.64 1.51
(6) l,h 0.19 0.42 0.26 0.49 0.59 1.68
(7) H/L 0.24 0.48 0.31 0.56 0.68 3.19

Note: Row 3 is the relative productivity. Row 4 is the relative price of capital. Row 5 are the
weights of the low-skill labor in (11). Row 6 are the weights of capital in (12). Row 7 is the
relative supply of the high-skill labor. The productivity growth of the low-skill sector is adjusted
in row 3 to row 7 to match the 60% increase in the aggregate productivity.

falling relative price of capital(Krusell et al., 2000), the falling production weights

of low-skill workers (Goldin and Katz, 2009), and increasing production weights of

high-skill labor (Katz and Murphy, 1992). However, as discussed in Section 3.4,

these mechanisms can have di↵erent implications on wage-productivity divergence

and the growth of low-skill wages.

4.4 Results on divergence

Table 6 presents the results on the wage-productivity divergence and the three

contributing factors shown in (9): wage inequality, aggregate labor share, and

relative cost of living. Since the KLEMS data does not contain information on

consumption, we take PC/PY as the ratio of PCE and GDP implicit deflators

from the BEA. This implies that PC/PY increased by 2.8%. If we were to use the

CPI, the increase in PC/PY would be 11.5%. This alternative value would imply

a larger divergence and slower real wage growth in the data but does not a↵ect

other rows. Due to the concern that CPI tends to bias the increase in the cost of

living (Boskin et al., 1998), we use the PC/PY implied by the PCE deflator as the
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main data moment for comparison but keep those implied by the CPI in brackets.

Row 1 of Table 6 reports an empirical decomposition for the accounting identity

in equation (9). During this 30-year period, the negative forces imposed by the

rising relative cost of living, growing wage inequality, and falling aggregate labor

income share largely o↵set the impact of rising productivity on low-skill real wages.

The rise in the relative cost of living contributes 10% (=2.8/27) of the divergence,

the increase in wage inequality contributes 70% (=19/27), and the fall in the

aggregate labor income share accounts for the remaining 20%. If the CPI is

used, the contribution of the relative cost of living increases to 30% while the

contribution of the rise in wage inequality reduces to 50%.

The baseline (row 2) can account for all the rise in wage inequality and the fall

in the aggregate labor share, given it matches the skill premium, sectoral shares,

and sectoral labor shares in Table 5. It over-predicts (under-predicts) the relative

cost of living, thus slightly over-predicts (under-predicts) the divergence, if PCE

(CPI) is used as the consumption deflator.

Row 3 and row 5 demonstrate that the faster productivity growth of the low-

skill sector and the falling production weights of low-skill labor (especially the fall

in the low-skill sector) are the two most important factors for the divergence. In

their absence, the predicted divergence would be reduced to almost half and a

third of the baseline, respectively. However, the two mechanisms work through

di↵erent channels. While both contribute to predicting higher wage inequality,

uneven productivity is important for the rise in the relative cost of living, whereas

the fall in low-skill production weights is important for the fall in the aggregate

labor share. The result that sectoral reallocation induced by uneven productivity

does not contribute to the fall in the aggregate labor share is consistent with

the finding that the fall in the aggregate labor share in the U.S. is primarily

a within-industry phenomenon (Karabarbounis and Neiman, 2014; Elsby et al.,

2013; Hubmer, 2023).

The increase in the relative supply of high-skill labor in row 7 plays an impor-

tant role in wage inequality. In its absence, the increase in wage inequality would
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Table 6: Divergence: low-skill real wage and aggregate real labor productivity

(percentage change, 1980–2008)

Factors for Divergence
Divergence Wage inequality Labor share Living cost

(1) Data 27 (38) 19 -3.4 2.8 (12)
(2) Model 34 19 -3.7 8.2

Counterfactual (fixing each parameter to its 1980 value)

(3) Al/Ah 19 15 -5.9 -2.7
(4) � 29 12 -6.0 7.8
(5) ⇠l, ⇠h 10 6.2 4.9 8.7
(6) l,h 37 12 -10 9.5
(7) H/L 47 36 2.4 11

Note: Divergence is measured as the percentage change in the ratio of real labor productivity
divided by the low-skill real wage. The three factors for the divergence are shown in (9). For
the data row, the real wage is calculated using PCE as PC and the number in bracket uses CPI.
Living cost is PC/PY . Row 3 is the relative productivity. Row 4 is the relative price of capital.
Row 5 are the weights of the low-skill labor in (11). Row 6 are the weights of capital in (12).
Row 7 is the relative supply of the high-skill labor. The productivity growth of the low-skill
sector is adjusted in row 3 to row 7 to match the 60% increase in the aggregate productivity.

have been doubled, but the labor share would have increased.22 The latter o↵sets

some of the rise in the divergence implied by higher wage inequality. The falling

relative price of capital in row 2 also contributes to the divergence by predicting a

rise in wage inequality. Finally, the increasing weight of high-skill labor through

falling  (row 6) has an insignificant impact on the divergence. In its absence,

wage inequality would have increased by less, while the labor share would have

fallen by more, generating two opposing e↵ects on the divergence.

4.5 Results on the low-skill wage stagnation

While Table 6 shows that all parameters (except j) are important for the di-

vergence, Table 7 reveals that only two factors are responsible for low-skill wage

stagnation: the faster productivity growth of the low-skill sector (row 3) and the

falling production weights of low-skill labor (row 5). In the absence of these two

22Its impact on the labor share is due to capital-skill complementarity, where a higher relative
supply of high-skill labor increases the capital income share.
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Table 7: Low-skill real wage (percentage change, 1980–2008)

Low-skill real wage MPLl Rel. price
wl/PC wl/pl wl/ph ph/pl

(1) Data 26 (16) 44 -3.4 49
(2) Model 20 44 -3.4 matched

Counterfactual (fixing each parameter to its 1980 value

(3) Al/Ah 35 27 48 -15

(4) � 24 47 1.4 45
(5) ⇠l, ⇠h 45 79 15 56

(6) l,h 17 43 -7.0 54
(7) H/L 8.7 40 -18 70

Note: For the data row, the low-skill real wage is calculated using PCE as PC and the number
in bracket is when CPI is used as PC . MPLl is the marginal product of low-skill labor. Row 3
is the relative productivity. Row 4 is the relative price of capital. Row 5 are the weights of the
low-skill labor in (11). Row 6 are the weights of capital in (12). Row 7 is the relative supply of
the high-skill labor. The productivity growth of the low-skill sector is adjusted in row 3 to row
7 to match the 60% increase in the aggregate productivity.

factors, the percentage increase in the low-skill real wage would have been more

than double.

The key di↵erence between row 3 and row 5 is their di↵erent implications for

the marginal product of low-skill labor, MPLlj = wlj/pj. In the data, MPLl

rose by 44% in the low-skill sector but fell in the high-skill sector (due to the rise

in the relative price of the high-skill sector). Uneven productivity growth is the

main mechanism to deliver this result. In its absence, MPLl would have increased

more in the high-skill sector. Another di↵erence between the two mechanisms is

the predicted timing when the low-skill wage lags behind the high-skill wage and

aggregate productivity (see Figure 1). As discussed in Section 2.3, the uneven

productivity growth mechanism is consistent with the beginning of the rise in

the skill premium and the divergence starting in 1980. On the other hand, the

production weights of low-skill labor (⇠l, ⇠h) are determined by the low-skill income

shares (Jl, Jh), which have been falling throughout 1968–2010 (see Figure 3).

Finally, the rise in the relative supply of high-skill labor (row 7) increases the

growth of the low-skill real wage by increasing the MPLl in both sectors. In its

28



Figure 3: Trends in low-skill labor income share
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Note: Panel A (B) shows the share of low-skill (high-skill) labor income in the value-added of
aggregate economy, the high-skill sector, and the low-skill sector. See Appendix A1. Source:
WORLD KLEMS and CPS.

absence, the growth in the low-skill real wage would have been halved. Consistent

with the two opposing e↵ects discussed in Section 3.4, the falling relative price

of capital and the growth in the production weight of high-skill labor have not

had a significant impact on the low-skill real wage, despite their important roles

in predicting the rise in the skill premium. These quantitative exercises demon-

strate that factors important for the rise in the skill premium do not necessarily

contribute to low-skill wage stagnation.

4.6 Sources of aggregate productivity growth

As discussed in the motivation Section 2.2, one important message of the multi-

sector perspective is that the source of aggregate productivity growth is crucial

for understanding low-skill wage stagnation. This can be seen by comparing row

3 with row 2 in Tables 6 and 7. In the baseline, aggregate productivity is driven

purely by productivity growth in the low-skill sector. The lack of productivity

growth in the high-skill sector was an outcome of matching the rise in the relative

price of the high-skill sector. This, as explained in Section 2.2, plays an impor-

tant role in explaining low-skill stagnation. The counterfactual exercise in row

3 assumes the increase in aggregate productivity is due to balanced productivity
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growth in both sectors. This removes the rise in the relative price of the high-skill

sector, predicting a much lower divergence in Table 6 because it predicts much

higher growth in the low-skill real wage in Table 7. This suggests that the future

of the low-skill wage relies on improving the productivity growth of the high-skill

sector.

5 Conclusion

Despite predominantly working in sectors with fast productivity growth, low-skill

workers experience slow real wage growth that lags behind the aggregate labor

productivity. We argue that this phenomenon is attributable to the declining

relative price of low-skill sectors, driven by their faster productivity growth.

A key insight from our multisector perspective is the importance of the source

of aggregate labor productivity growth. When it originates in low-skill intensive

sectors, it contributes to low-skill real wage stagnation and its divergence from

aggregate labor productivity. Conversely, when it stems from high-skill intensive

sectors or results from a balanced increase across both sectors, it can simultane-

ously boost the growth of low-skill real wages and aggregate labor productivity.

In light of recent developments in artificial intelligence, which are expected to en-

hance productivity growth in high-skill intensive services, our view is that such

development can accelerate low-skill real wage growth by decelerating the increase

in the relative price of high-skill services.
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Appendix

A1 Data Appendix

A1.1 Industry data and mapping

National data: The March 2017 Release of the WORLD KLEMS database re-

ports industry value-added, price indexes, labor compensation, and capital com-

pensation. The data are reported using the North American Industry Classifica-

tion System (NAICS), which is the standard used by Federal statistical agencies

in classifying business establishments in the U.S.

To classify sectors into the high-skill intensive sector and the low-skill intensive

sector, we use the April 2013 Release of the WORLD KLEMS, which provides a

labor input file that allows the computation of the low-skill and high-skill workers’

shares in labor compensation and value-added. High-skill is defined as education

greater than or equal to a college degree. Table A1 reports the long-run (1980–

2010) average of the share of high-skill labor in the total value-added and total

labor income for 15 one-digit industries. A sector is included in the high-skill

intensive sector if the long-run high-skill labor income share out of the total labor

income and the total value-added are above the total economy average. The

high-skill intensive sector includes finance, insurance, government, health, and

education services (codes J, L, M, N), and the remaining industries are grouped

into the low-skill intensive sector. Due to the low number of observations in CPS

we regroup the industries into 11 sectors. We merge agriculture (AtB) with mining

(C) and other services (O) with private households (P), and public administration

(L) with education (M), and health and social work (N) to ensure consistency in

industry definitions. Our mapping across KLEMS 2013, KLEMS 2017, and CPS

industries is provided in Table A2.

Using this classification we map the 65 NAICS industries of the KLEMS 2017
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Table A1: High-skill income shares by industry, 1980–2010 average

High-skill share in

Industry Code Value-added Labor income
Agriculture, Hunting, Forestry and Fishing AtB 10 19
Mining and Quarrying C 11 32
Total Manufacturing D 20 31
Electricity, Gas and Water Supply E 9 30
Construction F 14 16
Wholesale and Retail Trade G 22 30
Hotels and Restaurants H 14 18
Transport and Storage and Communication I 16 25
Financial Intermediation J 33 55

Real Estate, Renting and Business Activity K 21 55
Public Admin L 29 40

Education M 58 77

Health and Social Work N 39 49

Other Community, Social and Personal Services O 23 31
Private Households with Employed Persons P 16 16
All Industries TOT 25 40

Note: The table reports the share of high-skill workers in total value-added and total labor
income by industry. High-skill is defined as education greater than or equal to college degree.
Labor income reflects total labor costs which includes compensation of employees, compensation
of self-employed, and taxes on labor. Source: April 2013 Release of the WORLD KLEMS for
the U.S.

Release and the three-digit ind1990 codes of the CPS into the two broad sectors

for our quantitative analysis. Sectoral value-added prices are calculated as Torn-

qvist indexes. For the ratio of aggregate consumption price deflator and output

price deflator, we use the BEA’s implicit price deflators of GDP and Personal

Consumption Expenditures, respectively. The price of capital is calculated as

the investment in total fixed assets divided by the chain-type quantity index for

investment in total fixed assets (Tables 1.5 and 1.6 of the BEA’s Fixed Assets

Accounts).

State-level data: In Table 2, We use GDP by state from the BEA’s Regional

Economic Accounts for value-added sector prices at the state level. The BEA

reports nominal and real GDP (chained at constant dollars) by industry for 51

states by SIC between 1963-1997, and by NAICS between 1997-2010. To calculate

sectoral prices, we first aggregate the industry data into 11 sectors according to
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Table A2. Next, using the common year of observation 1997, we carry forward

the SIC-based series by the growth rates of the NAICS-based series. Finally, we

calculate sectoral price indexes as the ratio of nominal to real GDP. Our bridging

strategy produces national sectoral growth rates similar to those reported in the

KLEMS data. In particular, the correlation coe�cients between the long-run US-

level sectoral growth rates from both sources are 0.97, 0.91, and 0.90 for nominal

value-added, real value-added, and prices, respectively. In order to have su�cient

number of observations at the state-level, we use Census and ACS data for sectoral

hours and compensation.

A1.2 Wages, e�ciency hours, and productivity

For Table 1, we use March Current Population Survey Annual Social and Economic

Supplement (ASEC) data from 1978 to 2012. Our sample includes wage and salary

workers with a job aged 16-64, who are not students, retired, or in the military.

Hourly wage is calculated as annual wage income divided by annual hours worked,

where the latter is the product of weeks worked in the year preceding the survey

and hours worked in the week prior to the survey. Top-coded components of

annual wage income are multiplied by 1.5. Workers with weekly wages below $67

in 1982 dollars are dropped.

The composition-adjusted mean wages of low-skill workers are computed as

follows. Within each sector, we calculate mean wages weighted by survey weights

for each of 216 subgroups composed of two sexes, white and non-white categories,

three education categories (high school dropout, high school graduate, some col-

lege), six age categories (16-24, 25-29, 30-39, 40-49, 50-59, 60-64 years), and three

occupation categories (high-wage occupations including professionals, managers,

technicians, and finance jobs, middle-wage occupations including clerical, sales,

production, craft, and repair jobs, operators, fabricators, and laborers, and low-

wage occupations including service jobs). The long-run hours shares of each sub-

group are used as weights to calculate the low-skill wage at the industry level.

Cells containing missing wages are imputed for each year of the dataset using a
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regression of the log of hourly wages on industry dummies and dummies including

the full set of interactions of subgroups. We assign predictions from this regression

to the missing wage observations while keeping the observed wages. The growth

rate of sector wages with and without imputation are very close.

For Sections 2.3 and 4, the aggregate wage has to be consistent with the mea-

sure of aggregate productivity, so we use the aggregate labor compensation and

aggregate hours from KLEMS. More specifically, to compute the composition-

adjusted wage for the average high-skill worker and the average low-skill worker,

we merge KLEMS 2013 data on total labor compensation and hours with the dis-

tribution of demographic subgroups in the CPS. We form 120 subgroups based

on two sexes, two races, five education levels, and six age categories. Low-skill

includes high school dropout, high school graduate, and some college; high-skill

includes college graduates and post-college degree categories. Compensation for

each subgroup is calculated as compensation share (from CPS) times total com-

pensation (from KLEMS). The hours worked of each subgroup is calculated in a

similar way. The wage for each subgroup is then calculated as total compensation

divided by total hours. The aggregate low-skill and high-skill wages are calculated

as the average of the relevant subgroups using their long-run (1980–2010) hours

shares as weights. It is important to note that the labor compensation variable

of KLEMS includes both wage and non-wage components (supplements to wages

and salaries) of labor input costs as well as reflecting the compensation of the

self-employed, and hours in KLEMS are adjusted for the self-employed. Thus,

KLEMS provides a more reliable source of aggregate compensation and aggregate

hours in the economy. This procedure is equivalent to rescaling the CPS total

hours and total wage income to sum up to KLEMS total.

E�ciency hours, corresponding to (H,L) in the model, are computed as the

labor compensation divided by the composition-adjusted wage for high-skill work-

ers and low-skill workers, respectively. Total e�ciency hours are the sum of low-

and high-skill e�ciency hours. We calculate real labor productivity as total value-

added divided by total e�ciency hours and deflate with the output price index.
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A2 Model Appendix

A2.1 Household optimization

Equating the marginal rate of substitution to the relative price:

cih

cil
=


pl

ph

✓
1�  

 

◆�"
, (A1)

thus the relative consumption share is given by

x ⌘ phcih

plcil
=

✓
ph

pl

◆1�"✓1�  

 

◆"

. (A2)

Using the budget constraint to derive individual’s demand:

plcil = xlwi; phcih = xhwi; xl ⌘
1

1 + x
, xh ⌘ x

1 + x
, (A3)

Aggregating across households to obtain (4).

A2.2 Equilibrium prices

Equating the marginal rate of technical substitution to the relative wage:

q = �j (1� j)

✓
Lj

Hj

◆ 1
⌘
✓
Gj (Hj, Kj)

Hj

◆ ⌘�⇢
⇢⌘

; �j ⌘
1� ⇠j

⇠j
(A4)

where, using equation (16):

Gj (Hj, Kj)

Hj

=

"
j

✓
Kj

Hj

◆ ⇢�1
⇢

+ (1� j)

# ⇢
⇢�1

= (1� j)
⇢

⇢�1
�
�
⇢

j
�
⇢�1 + 1

� ⇢
⇢�1 =

 
1� j

Ĩj

! ⇢
⇢�1

.

(A5)

Substituting into (A4) to obtain (18). Given Ij = (1� Jj) Ĩj, using (17) and (19),

Ij =
Ĩj

1 + q⌘�1�
�⌘

l

h
Ĩj (1� j)

�⇢

i ⌘�1
⇢�1

(A6)

Using (17) and (19), �j in (21) is obtained from �j = Ij + Jj = (1� Jj) Ĩj + Jj.
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Equilibrium low-skill wage wl : Using the production function:

Fj (G (Hj, Kj) , Lj)

Lj

=

 
(1� ⇠j)

✓
Gj

Lj

◆ ⌘�1
⌘

+ ⇠j

! ⌘
⌘�1

= ⇠

⌘
⌘�1

j

 
�j

✓
Gj

Hj

◆ ⌘�1
⌘
✓
Hj

Lj

◆ ⌘�1
⌘

+ 1

! ⌘
⌘�1

.

Substituting (A5) and (18) to obtain:

Fj

Lj

= ⇠

⌘
⌘�1

j

0

@�j

 
1� j

Ĩj

! ⇢
⇢�1(

⌘�1
⌘ ) ⇣

q
�⌘
�
⌘

j
(1� j)

⇢(⌘�1)
(⇢�1) Ĩj

⌘�⇢
1�⇢

⌘ ⌘�1
⌘

+ 1

1

A

⌘
⌘�1

=

✓
⇠j

Jj

◆ 1
⌘�1

,

(A7)

The low-skill real wage (22) is obtained from knowing @Fj/@Lj = Aj⇠j(Fj/Lj)1/⌘.

A2.3 Sectoral allocation

Using the definition � = wh/qk, q = wh/wl, and � = qk/pl, equation (22) can be

rewritten as

� =
qAl

�

�
Jl⇠l

�⌘
� 1

1�⌘ . (A8)

Using (19) to derive:

� = q⇠

⌘
⌘�1

l

Al

�


1 + q

1�⌘
�
⌘

l

h
Ĩl (1� l)

�⇢

i ⌘�1
1�⇢

� 1
⌘�1

= ⇠

⌘
⌘�1

l

Al

�


q
⌘�1 + �

⌘

l

h
Ĩl (1� l)

�⇢

i ⌘�1
1�⇢

� 1
⌘�1

=) q
⌘�1 + �

⌘

l

h
Ĩl (1� l)

�⇢

i ⌘�1
1�⇢

=

✓
��

Al

◆⌘�1

⇠

⌘
1�⌘

l

Using the expression for Ĩl in (17) to obtain (25).

Deriving equation for S

⇣
�; H

L
,

�

Al

⌘
: The labor market clearing condition for

the high-skill and the low-skill labor together imply:

Hl

Ll

(L� Lh) +
Hh

Lh

Lh = H,

thus the share of low-skill labor in the high-skill sector is:

lh ⌘ Lh

L
=

H/L�Hl/Ll

Hh/Lh �Hl/Ll

, (A9)
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simplify and use (18) to obtain the first equilibrium condition (26).

Deriving equation for D

⇣
�; Âlh,

�

Al

⌘
: The goods market clearing conditions

and the relative demand imply:

x =
phCh

plCl

=
PhYh

Pl (Yl � �K)
=) phYh

plYl

= x

✓
1� �K

Yl

◆
, (A10)

where, using relative price (24), x is derived as

x = Â
1�"

lh

✓
⇠
�⌘

h
Jh

⇠
�⌘

l
Jl

◆ 1�"
⌘�1

; Âlh ⌘ Al

Ah

✓
1�  

 

◆ "
1�"

and using the capital market clearing condition, K is derived as:

K = Kh +Kl =
Kh

Lh

Lh +
Kl

Ll

(L� Lh)

so the relative demand equation (A10) can be written as

phYh

xplYl

= 1� �

Yl

✓
Kh

Lh

Lh +
Kl

Ll

(L� Lh)

◆
,

given � ⌘ qk/pl, rewrite it in terms of the low-skill income share Jj :

Jl

xJh

✓
Lh

Ll

◆
= 1�qkJl

qlLl

✓
Kh

Lh

Lh +
Kl

Ll

(L� Lh)

◆
= 1� Jl

Ll

✓
1� �h

Jh
Lh +

1� �l

Jl
(L� Lh)

◆
,

where the equality follows from the definition of �j. Finally (27) is derived from:

Jl

xJh

✓
lh

1� lh

◆
= 1� Jl

1� lh


1� �h

Jh
lh +

1� �l

Jl
(1� lh)

�
.

Value-added shares : The value-added share of the high-skill sector is:

vh =


1 +

plYl

phYh

��1

=


1 +

plAlFl/Ll

phFh/Lh

Ll

Lh

��1
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Using relative prices (24) and (A7), (29) is obtained from:

vh =

"
1 +

✓
1� �h

1� �l

◆ ⌘
⌘�1
✓
Jl

Jh

◆ 1
⌘�1
✓
1� �l

Jl

◆ ⌘
⌘�1
✓

Jh

1� �h

◆ ⌘
⌘�1
✓
Ll

Lh

◆#�1

.

A2.4 Calibration

This section explains how the weight of each input is calibrated to match the

sectoral income share for period 0 and period T.

Normalization of �/Al : The initial �

Al
can be normalized to 1. Note that

Ĩj =


1 +

Kj

�Hj

��1

=) Kj

�Hj

=
1� Ĩj

Ĩj

,

which is independent of �/Al. Also using the definition of J :

J
�1
j

=


1 +

Kj

�Hj

�
q
Hj

Lj

+ 1

so Hj

Lj
is independent of �/Al as well. It follows from (A9) that lh is independent

of �/Al. Given Hj/Lj and Kj/Hj are independent of �/A1, so the allocation of

all inputs is independent of �/A1. This shows that we can normalize �/Al0 = 1

as it does not a↵ect input allocation across sectors. The value of �T/AlT is then

determined by the growth in the relative price of capital �T/�0 and the growth in

the productivity of the low-skill sector AlT/Al0.

Calibration of l, ⇠l : Given �/Al, equation (A8) expresses � as a function of

⇠l given data on q and Jl :. Substitute this into Ĩl in (17) to solve for �l explicitly:

�l =

 
1� Ĩl

Ĩl

�
1�⇢

! 1
⇢

,

which implies a value of l =
�l

1+�l
for any given level of ⇠l. Thus, the income share

(19) provides an implicit function to solve for ⇠l given data on
⇣
Ĩl, Jl

⌘
:
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Jl =


1 + q

1�⌘
�
⌘

l

h
Ĩl (1� l)

�⇢

i ⌘�1
1�⇢

��1

,

This procedure pins down �, ⇠l and l. More explicitly:

(1� l)
�1 = 1 + �l = 1 +

"
1� Ĩl

Ĩl

�
1�⇢

# 1
⇢

= 1 +

"
1� Ĩl

Ĩl

✓
q�

Al

J

1
1�⌘

l
⇠

⌘
1�⌘

l

◆1�⇢
# 1

⇢

=) �
⌘

l

⇥
(1� l)

�1⇤ ⇢(⌘�1)
1�⇢ = �

⌘

l

2

41 +
 
1� Ĩl

Ĩl

! 1
⇢ ✓

qAkJ

1
1�⌘

l

◆ 1�⇢
⇢

⇠

⌘(1�⇢)
(⌘�1)⇢

l

3

5

⇢(⌘�1)
1�⇢

The implicit function is

f (⇠l) =

2

641 + q
1�⌘

2

4
✓
1� ⇠l

⇠l

◆ ⌘(1�⇢)
⇢(⌘�1)

+

 
1� Ĩl

Ĩl

! 1
⇢ ✓

q�

Al

J

1
1�⌘

l

◆ 1�⇢
⇢

(1� ⇠l)
⌘(1�⇢)
(⌘�1)⇢

3

5

⇢(⌘�1)
1�⇢

3

75

�1

�Jl,

where

f
0 (⇠l) > 0, lim

⇠l!1
f (⇠l) = 1� Jl > 0, lim

⇠l!0
f (⇠l) = �Jl < 0.

Thus, there is a unique solution for ⇠l 2 (0, 1).

Calibration of h, ⇠h : Using income share Ĩh in (17):

�h =

"
1� Ĩh

Ĩh

�
1�⇢

# 1
⇢

=) h =
�h

1 + �h
.

Given Ĩh and �, h is obtained. Using Jh in (19):

�h =


1� Jh

Jh
q
⌘�1
h
Ĩh (1� h)

�⇢

i 1�⌘
1�⇢

� 1
⌘

,

given h, Ĩh, Jh and q, ⇠h is obtained.
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