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Abstract

Low-skill workers are concentrated in sectors that experience fast pro-

ductivity growth and yet their wages have been stagnating. We document

evidence from U.S. to show the importance of a multisector perspective.

Key to our mechanism is the fall in the relative price of the low-skill sec-

tor caused by faster productivity growth. When outputs are complements

across sectors, this leads to a reallocation of low-skill workers into the high-

skill sector where their marginal product of labor is stagnant. We show this

mechanism is quantitatively important for the low-skill wage stagnation and

its divergence from the aggregate labor productivity during 1980-2010.
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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 This sharp contrast in the growth per-

formances explains why the literature describes it as a wage stagnation. The

stagnation persists even after controlling for age, race, gender, education, and

occupation, so 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 stagnation explains why average wage is lagging behind aggregate labor

productivity, despite the real wage of college workers is growing faster than the

aggregate labor productivity. Taken together they reject the view that a rising

tide lifts all boats, apparently many boats are left behind in absolute term.

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

low and why it is lagging behind the aggregate labor productivity. We offer a

novel multisector perspective through changing relative prices driven by the faster

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

The importance of changing relative prices across sectors is motivated by differ-

ences between the low-skill real wage and the low-skill marginal product of labor.

In a competitive labor market, the marginal product of labor equals the nominal

wage deflated by the sectoral value-added price. Three observations emerge from

the data. First, low-skill wages grew similarly across sectors but there is a large

variations in the growth of the marginal product of labor because of changes in

1The precise increase in the non-college real wage ranges from 15% to 25% depending on
the choice of price deflators, composition adjustment, the inclusion of non-wage compensation
and self-employed, and whether it is only for nonfarm business sectors. See Appendix A1.3.
However, regardless of these choices, the findings that the non-college real wage has little growth
and lags behind aggregate labor productivity growth are robust.

2As documented in Acemoglu and Autor (2011), low-skill wage stagnation co-exists with occu-
pational polarization according to which the wages of low-wage occupations have been growing
faster than the wages of middle-wage occupations. The low-skill wage stagnation is about 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 occupations in understanding these two patterns.
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relative prices across sectors. Second, the share of low-skill hours increased in

sectors with slower growth in the marginal product of labor. Together they high-

light that what matters is not sectoral reallocation per se but the reallocation into

sectors with growing relative prices. The third observation emerges from the data

is that sectors that are growing in shares and relative prices are high-skill inten-

sive sectors. This motivates us to focus on a model with low-skill and high-skill

intensive sectors where relative prices are driven by uneven productivity growth.

To understand how the low-skill real wage is related to the aggregate labor

productivity, we turn to the accounting identity that the total value-added of the

economy is the sum of total factor payments. This identity implies that there are

three driving forces for the divergence of the low-skill wage and the aggregate labor

productivity: the rising skill-premium, falling labor income share and the rising

relative cost of living, measured by the ratio of the consumption deflator and the

output deflator. The presence of capital is necessary for the last two factors. In its

absence, both labor income share and the relative price of consumption are equal

to one.

Motivated by these observations, we build a two-sector model where the sec-

toral production function uses high-skill labor, low-skill labor and capital. The

faster productivity growth in the low-skill intensive sector implies a fall in its rel-

ative prices. There are two key assumptions for this mechanism to contribute to

the low-skill wage stagnation and the divergence. First, output of the two sectors

are complement. This implies a labor reallocation towards the high-skill sector.

Second, capital is produced by the low-skill sector.

In the presence of consumption complementarity, faster productivity growth

in the low-skill sector implies a shift of low-skill workers into the high-skill sec-

tor which is the sector a slower-growing marginal product of labor, this process

contributes to the low-skill wage stagnation.3 This mechanism can contribute to

3In other words, specializing in sectors with faster productivity growth works against the low-
skill workers, as the output they produce is getting cheaper over time. This has a similar flavor,
but the mechanism is different, to the early trade literature on immiserizing growth, where faster
productivity growth results in a country being worse off because of deteriorating terms of trade
(Bhagwati, 1958).
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the divergence by predicting a rise in the skill premium and a rise in the rela-

tive cost of living. First, it implies a shift towards the sector that uses high-skill

workers more intensively so it acts like a skill-biased shift, which increases the skill-

premium. Second, it implies a rise in the relative price of consumption because

the consumption share of the high-skill sector exceeds its value-added share.4

To evaluate the quantitative role played by the uneven productivity growth,

the model is calibrated to match key features of the U.S. labor market from 1980

to 2010. In addition to our mechanism through uneven productivity growth,

the calibration allows for four other forces that are shown to be important for

understanding the skill premium and the labor share. They are the fall in the

relative price of capital, the increase in the relative supply of high-skill labor and

the changing production weights of the low-skill labor and the high-skill labor.

We find that uneven productivity growth, which is calibrated to match the

observed changes in the relative price, is quantitatively important. In its absence,

the divergence would have been halved and the low-skill wage would have been

more than double. The falling production weight of the low-skill labor has a similar

quantitative role as it is the key factor for the fall in labor share and the rise in

the skill premium. However, its prediction on low-skill wage stagantion relies on

lowering the growth of the low-skill marginal product of labor in both sectors,

which misses the differential trends observed in the data. The fall in the relative

price of capital also contribute to the divergence by predicting a rise in the skill

premium, but it actually increases the growth of the low-skill wage. This shows

that factors that contribute to the rise in the skill premium and the divergence do

not necessarily contribute low-skill wage stagnation.

Finally, we compare the quantitative results to a one-sector model by focusing

on an aggregate production function that takes the same form as the sectoral

production function. We calibrate the baseline of the one-sector model to match

the same set of aggregate targets as in the multisector model. We find that

4Uneven productivity growth across sectors was also the focus of Baumol (1967) in his seminal
paper on aggregate growth stagnation. For our results on the low-skill wage stagnation and and
its divergence from aggregate productivity, we need in addition capital, heterogeneous labor and
different skill intensities across sectors to interact with the uneven productivity growth.
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increasing the productivity index of the aggregate production function will have no

effect on the divergence because it would increase the aggregate labor productivity

and the low-skill wage equally. But for the multisector model, the source of the

increase in aggregate productivity is important. If it is due to a balance increase

in the productivity indexes of the two sectors, then the result is similar to the

one-sector model. If the increase is due to the high-skill (low-skill) sector, then

the increase in the low-skill wage will be larger (smaller) than the aggregate labor

productivity. These results highlight one important message of the multi-sector

perspective – higher low-skill wage growth can be achieved by improving total

factor productivity growth of high-skill sectors, which also boost the aggregate

labor productivity growth.

Related Literature The role of different price deflators and falling labor

income share have been empirically documented as the sources of the decoupling of

the average wage and productivity (e.g. Lawrence and Slaughter, 1993; Stansbury

and Summers, 2017). This paper shows that a majority of labor force, i.e. the

low-skill workers, suffer from an even larger divergence due to the growing skill

premium. Since the seminal work of Katz and Murphy (1992), there has been a

large literature studying the effects of the skill-biased demand and supply shifts on

the skill premium, with particular focus on the skill-biased technical change(see

Goldin and Katz, 2009, for a review).

The skill-biased technical change that simply improves the relative produc-

tivity of high-skill workers, however, cannot explain wage stagnation for low-skill

workers (Johnson, 1997; Acemoglu and Autor, 2011). This has partly contributed

to a growing literature on the effect of automation (see recent examples, Zeira,

1998; Acemoglu and Restrepo, 2018; Martinez, 2019; Moll et al., 2019; Caselli and

Manning, 2019; Hémous and Olsen, 2020, among others).5 There are other po-

tential explanations for the low-skill wage stagnation, such as de-unionization and

decline in the minimum wage (Lee, 1999; Dustmann et al., 2009), the increasing

5This is accompanied by a parallel growing empirical literature on the effect of automation
on employment, wages and labor income shares (see e.g., Autor and Salomons, 2018; Graetz and
Michaels, 2018; Acemoglu and Restrepo, 2019; Bonfiglioli et al., 2020; Kapetaniou and Pissarides,
2020; Chen et al., 2021, among others).
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monospony power (Manning, 2003), increasing imports (Autor et al., 2013)6, and

the decline in urban premium for non-college workers due to region-specific occu-

pational changes (Autor, 2019).7 Our contribution to this literature is to show the

importance of uneven productivity growth across sectors.

As an alternative between-sector mechanism, one might invoke imperfect labour

markets and a fall in low-skill workers’ bargaining power, which spread unevenly

across sectors. Evidence for this is provided by Stansbury and Summers (2020),

who found that worker bargaining power fell more in low-skill industries than in

high-skill ones. However, uneven productivity growth is still needed to generate

the observed changes in relative prices, as this simple equation shows. Express the

low-skill wage as wlj = pjMPLjπj, where MPLj is low-skill marginal product and

πj captures the worker’s bargaining power in an imperfect market. We have ar-

gued that low-skill wages increased at similar rates across sectors while the prices

of high-skill industries are growing faster. For these facts to be consistent with

the finding of Stansbury and Summers, the marginal product of low-skill labor

in high-skill intensive industries must be falling relative to that in low-skill inten-

sive industries. Rather than act as an alternative, changes in bargaining power

reinforce our explanation.8

The effect of uneven productivity growth on the skill premium has also been

explored by Buera et al. (2020).9 But unlike them, our objective is to understand

its effects on low-skill wage stagnation and its divergence from aggregate labor

productivity. These two issues are not addressed in their paper as they normalize

6The decline in manufacturing is an important part of our mechanism and it is modeled as
a result of uneven productivity growth. Both Autor et al. (2013) and Kehoe et al. (2018) find
that trade accounts for a quarter or less for the decline in U.S. manufacturing, and Kehoe et al.
(2018) specifically shows that most of the decline is due to uneven productivity growth.

7To the extent that most of the expansion in high-skill services happens in urban areas, our
mechanism is consistent with the finding of Autor (2019) on the decline of urban premium for
the non-college workers.

8Income effects, i.e. high-skill goods have higher income elasticity, can drive sectoral real-
location but they do not have direct effect on relative prices, which is needed to generate the
sector-specific marginal product of the low-skill labor. They can affect relative prices indirectly
through other equilibrium variables, see Section 3.7.

9See also other studies of relative wages in multisector models, across occupations in (see e.g.,
Autor and Dorn, 2013; Bárány and Siegel, 2018, among others) and across gender in Ngai and
Petrongolo (2017).
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the low-skill wage to one and abstract from capital. In the absence of capital,

their model imply labor share and the relative price of consumption are equal

to 1, thus it will miss 30%-50% of the divergence due to the fall in labor share

and the rise in the relative price of consumption even if it can account for the

skill premium perfectly.10 Moreover, in the absence of capital, their model imply

the average wage grows at the same rate as the aggregate labor productivity. By

matching the aggregate labor productivity, their model over-predicts the growth

in the average wage. Thus they could not match the growth of the low-skill skill

wage and the rise in skill premium simultaneously.

Section 2 presents motivating facts on low-skill wages and its relationship with

the aggregate labor productivity. Section 3 present the model and discuss the role

of uneven productivity for the low-skill wage and the divergence. The quantitative

importance of the mechanism is presented in Section 4 when the model is calibrated

to match key features of the U.S. labor market.

2 Motivation

2.1 Observations on Low-skill Wages

Using data from U.S. states, we document three observations on the low-skill real

wages and their relation to the low-skill marginal product of labor (MPL) during

1980-2010. To begin with, we conduct a shift-share analysis and find that the

within-state component accounts for all the changes in the low-skill wage growth

at the national level. Hence, the observations reported are within-state facts and

they also hold for the U.S. economy as a whole. See Data Appendix A1 for details.

Observation 1: Changes in sectoral relative prices imply large varia-

tions in the growth of low-skill MPL despite similar growth in low-skill

wages across sectors.

10As shown Krusell et al. (2000), the presence of capital is also important for the skill premium:
the falling relative price of capital can act as a within-sector skill-biased shift when capital and
high-skill labor are complement.
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Figure 1: Growth in Low-skill Real Wage, MPL and Hours Shares by U.S. States
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Notes: Growth rates between 1980 and 2010 of 11 sectors are annualized. The annual growth of sectoral real
wages on the left panel and the growth of hour shares on the right panel are plotted against the growth of Low-
skill MPL. Real wage is calculated as nominal wage divided by the PCE price index. Sectoral MPL is calculated
as nominal wage divided by sectoral value-added output price. The figure shows the pooled observations for 51
states where each variable’s growth rate is adjusted for state fixed effects. Low-skill is defined as education less
than university degree. Composition adjusted wages are calculated as the fixed-weighted mean of 216 cells. See
Data Appendix A1 for the construction of variables and sectors.
Source: BEA Regional Economic Accounts, Census, and ACS.

The importance of changing relative prices across sectors is motivated by the

difference between the real wage and the MPL. The real wage is the nominal wage

deflated by an aggregate consumption price index while the MPL is the nominal

wage deflated by the sectoral value-added price. Figure 1A plots the growth of

low-skill real wage against the growth of low-skill MPL.11 The substantial changes

in relative prices across sectors imply large variations in the growth of low-skill

MPL, compared to small variations in the growth of low-skill real wages.

Observation 2: Low-skill workers are moving from sectors with faster

growing MPL into slower ones.

Observation 1 reveals that the stagnation in aggregate low-skill real wage does

not mean that there was no growth in low-skill MPL everywhere. In fact many

low-skill workers are working in the sectors with high growth in MPL. But this

11All growth rates are adjusted for state fixed effects to ensure that the data pattern is not
driven by variation across states. Specifically, we regress the growth rates at the state-sector
level on state fixed effects and use the residuals scaled up by the average national growth rate.
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Figure 2: Actual and Hypothetical Low-skill Real Wage Change
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Notes: The figure shows the percentage change in real wages by state from 1980 to 2010. Wages are deflated by
PCE. The black bar shows the wage growth when the weights on the sectoral MPL (αj in equation (1)) are fixed.
Low-skill is defined as education less than university degree. Composition adjusted wages are calculated as the
weighted mean of 216 cells. See Data Appendix A1 for the construction of variables. States are sorted by actual
real wage growth.
Source: BEA Regional Economic Accounts, Census, and ACS.

is related to the stagnation because Figure 1B shows that low-skill workers are

leaving those sectors and moving into sectors where their MPL are growing slower.

Together they suggest that the combination of changing relative prices and labor

reallocation is potentially important for the slow growth of the low-skill wage.

We carry a simple calculation to understand the potential role of Observation

1 and 2 for the aggregate low-skill real wage. We express aggregate low-skill real

wage as a weighted sum of the sectoral low-skill MPL:

wl
PC

=
∑
j

wlj
pj
αj; αj ≡

pj
PC

Lj
L

; (1)

where wl is the aggregate low-skill nominal wage, PC is the aggregate consumption
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Table 1: Sectoral Growth and Skill Intensity

Share of Low-skill Hours Sectoral Price Low-skill MPL

(1) (2) (3) (4) (5) (6)

Skill Intensity

Hours 2.24 4.98 -3.86
(0.39) (0.44) (0.39)

Compensation 1.47 3.32 -2.49
(0.31) (0.29) (0.31)

Notes: Table shows the coefficients of the skill intensity variables estimated from equation (2). The dependent
variable is the annualized growth rate of sectoral low-skill hours share in (1)-(2), sectoral value-added price in
(3)-(4), low-skill MPL in (5)-(6) in each decade from 1980 to 2010 by state. Sectoral MPL is calculated as nominal
wage divided by sectoral value-added price. 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 university degree. Composition adjusted wages are calculated as the fixed-weighted
mean of 216 cells. See Data Appendix A1 for the construction of variables and sectors. All specifications include
state and decade fixed effects. The number of observations is 1683. Robust standard errors are in parentheses.
All reported coefficients are significant at the 1 percent level.

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

sector j, and the weight αj is the product of the relative price pj/PC and the share

of low-skill labor Lj/L in sector j.

Observation 1 and 2 implies that the weight αj are rising for sectors with

slower-growing MPL because of their rising relative prices and hour shares. To see

the importance of these changes, Figure 2 reports the percentage changes in the

low-skill real wage by state when the weight αj is fixed against the actual changes.

It shows that in almost all states the hypothetical real wage with fixed weight

increases more than the actual wage. The median ratio of the hypothetical relative

to the actual is 2.5 which is also the ratio for the U.S. as a whole. This suggests

that changing relative prices and hour shares could be potentially important for

understanding the low-skill wage stagnation.

Observation 3: The growth of sectoral low-skill hours shares, sectoral

prices, and sectoral low-skill MPL are “skill-biased”.

Using the following simple regression, we show that changes documented in

Observation 1 and 2 are skill-biased:
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gnjt = θsnj + γn + γt + εnjt, (2)

where gnjt is the growth rate of low-skill hours share, price or low-skill MPL of

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

in state n, γn and γt are state and decade fixed effects that control for state-

and decade-specific elements affecting the economy-wide growth rates and εnjt

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

correlation between the growth rates and skill intensity.

Table 1 reports the estimated θ from equation (2), where the three left-hand

side growth variables are regressed on two alternative skill intensity measures

based on hours and labor compensation. Columns (1)-(4) show that the growth

in both the share of low-skill hours and value-added price are positively correlated

with skill intensity. The growth of low-skill MPL, on the other hand, is negatively

correlated with skill intensity measures in columns (5)-(6). In other words, low-

skill workers are reallocating into sectors with higher skill intensity, slower growth

in low-skill MPL and rising relative prices.

2.2 Low-Skill Wage and Productivity Divergence

The previous observations focus on the slow growth of the low-skill real wage. But

what makes the literature describes it as a stagnation is that it is much slower

than the aggregate labor productivity.

An accounting relationship exists between the low-skill wage and the aggregate

labor productivity, given the sum of value-added must equal to sum of factor

payment:

β
∑
j

pjYj =
∑
i

wiMi, (3)

where pj and Yj is the price and real value-added of sector j, wi and Mi are the

wage and market hours by labor input i, and β is the labor income share. Let PY

be the aggregate output price index and M be the total market hours, the identity
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implies:

βy = w, y ≡
∑

j pjYj

M
, w ≡

∑
iwiMi

M
, (4)

where y is the nominal aggregate labor productivity and w is the average nominal

wage in the economy. Let PC be the consumption price index. The ratio of real

productivity relative to low-skill real wage is:

y/PY
wl/PC

Divergence

=

(
w

wl

)
Wage Inq

(
1

β

)
Labor Share

(
PC
PY

)
Living Cost

(5)

It shows that the divergence in the low-skill real wage and productivity is due to

three factors: (1) the rise in the relative cost of living which reduces the real value

of wage relative to productivity, (2) the decline in labor share which reduces the

share of output goes to workers and (3) the rise in the wage inequality measured

by the ratio of average wage relative to the low-skill wage. The quantitative

decomposition of these three factors depends on the choice of consumption price

indexes (See Table 4). If we use PCE as a measure of PC , then the decomposition

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

decomposition are 30%, 20% and 50%. The main takeaway is that they are all

quantitatively relevant for understanding the divergence.

2.3 Two-sector Trends in the U.S.

The objective of the paper is to understand low-skill wage stagnation, its diver-

gence from aggregate labor productivity and the rising skill premium since 1980.

As shown in Figure 3, these patterns were not present prior to 1980 as the low-skill

real wage is growing at about the same rate as the high-skill wage and the ag-

gregate labor productivity.12 Motivated by Observation 1-3, we aggregate sectors

into two sectors based on the level of skill intensity to examine the potential of

our mechanism in understanding Figure 3.

12Among other factors, one reason could be the faster growth in relative supply of high-skill
workers during this period at 4.1% compared to the 2.0% growth post-1980. On the other hand,
the fall in the income share of low-skill workers, which is potentially important for the low-skill
wage stagnation, was present throughout 1968-2010, see Appendix A1.5.
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Figure 3: The divergence and the rise in skill premium
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Source: WORLD KLEMS and CPS.

We use the WORLD KLEMS to compute value-added shares, prices, and labor

income shares and group sectors into a low-skill sector and a high-skill sector

according to the importance of high-skill workers in each sector. The high-skill

sector includes: finance, insurance, government, health and education services,

and the low-skill sector includes the remaining industries.

To construct a consistent measure for the divergence between labor produc-

tivity growth and the low-skill real wage, we compute the aggregate wages by

merging the KLEMS data on total compensation and hours with the distribution

of demographic subgroups in the CPS. 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 variable in KLEMS are adjusted for the self-employed. Thus KLEMS

provides a more reliable source of aggregate compensation and aggregate hours in

the economy. Given the distribution of demographic subgroups is taken from the

12



Figure 4: Relative prices, Relative Productivity and Labor reallocation
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Notes: Panel A shows the value-added price and real labor productivity of the high-skill sector relative to the
low-skill sector, normalized to one in 1968. Panel B shows the composition adjusted log nominal wages of the
low-skill workers in the high-skill and the low-skill sectors, and the share of low-skill hours in the high-skill sector.
See Data Appendix A1 for the construction of variables and sectors.
Source: WORLD KLEMS and CPS.

CPS, the implied relative wage is the same as the CPS.13 The Data Appendix A1

provides all the remaining details.

The mechanism we propose builds on the assumption that the low-skill sector

has faster productivity growth, which implies a rise in the relative price and a

slower growth of the low-skill MPL in the high-skill sector, and a reallocation of

low-skill workers into the high-skill sector. Figure 4 shows that our mechanism is

consistent with the timing of the divergence reported in Figure 3.

Figure 4A shows that the relative price and the relative productivity of the

high-skill sector were broadly constant prior to 1980. Since then, the relative

price of the high-skill sector was rising, mirroring the decline in its relative pro-

ductivity. Figure 4B shows that the low-skill wages are similar across the two

sectors, supporting the view of an integrated low-skill labor market. What is hid-

den behind the similarity of sectoral low-skill wages is that the sectoral low-skill

13As in Section 2.1, wages are composition adjusted (age, sex, race and education within high-
skill and low-skill). We do not control for occupation for the rest of the analysis because unlike
other controls, occupation is a choice variable for the worker. However, the evolution of wages
are similar when controls for occupations are included.
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MPL is growing much slower than in the high-skill sector because of the rise in the

relative price of the high-skill sector. These sector-specific trends in the low-skill

MPL contribute to the low-skill wage stagnation because of a reallocation low-skill

workers into the high-skill sector shown in Figure 4B.14

3 The Model

3.1 The Model Setup

There is a measure H of high-skill household and a measure L = 1−H of low-skill

households. Each household is endowed with one unit of time which they supply to

the market inelastically. Household i maximizes utility defined over consumption

of the output from the two sectors cij, i = h, l :

Ui = ln ci; ci =
[
ψc

ε−1
ε

il + (1− ψ) c
ε−1
ε

ih

] ε
ε−1

(6)

where ε < 1 so that output of the low-skill sector and the high-skill sector are

gross complements in consumption. The budget constraint is:

phcih + plcil = wi, (7)

where wi is the wage of household i.

The economy consists of two sectors: the high-skill sector and the low-skill

sector. The representative firm in sector j = l, h uses low-skill labor, high-skill

labor, and capital as input with the following production function:

Yj = AjFj (Gj (Hj, Kj) , Lj) (8)

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

[
ξjL

η−1
η

j + (1− ξj) [Gj (Hj, Kj)]
η−1
η

] η
η−1

(9)

Gj (Hj, Kj) =

[
κjK

ρ−1
ρ

j + (1− κj)H
ρ−1
ρ

j

] ρ
ρ−1

(10)

14In contrast, Appendix A1.5 shows that high-skill workers did not experience the same real-
location and the labor income share of high-skill workers is rising faster in the low-skill sector
since 1980, see Appendix Figure A3.
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where Hj and Lj are the high-skill and low-skill labor used in sector j. The

parameter ξj captures the importance of low-skill labor in sector j with ξl >

ξh. The parameter κj measures the importance of capital within the capital-skill

composite.

The output of the low-skill sector can be used as consumption goods or con-

verted into 1/φ unit of capital, where φ can be interpreted as the price of capital

relative to the low-skill goods.15 The objective of the quantitative exercise is to

compare the labor market 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 + φK, Yh = Ch. (11)

K = Kh +Kl. (12)

Hh +Hl = H; Lh + Ll = L. (13)

3.2 Household’s Optimization

Household i = h, l maximizes utility taking prices ph and pl as given. The optimal

decision of household i implies the marginal rate of substitution across the two

goods equal to their relative prices:

cih
cil

=

[
pl
ph

(
1− ψ
ψ

)]ε
, (14)

thus relative consumption share is given by

x ≡ phcih
plcil

=

(
ph
pl

)1−ε(
1− ψ
ψ

)ε
. (15)

15We show in the Appendix A2.2 that this two-sector model can be mapped into a three-sector
model where the low-skill 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 φ is equal to the
inverse of their relative TFP’s. As in Greenwood et al. (1997), a fall in φ is interpreted as an
investment-specific technical change.
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Using the budget constraint to derive individual’s demand:

plcil = xlwi; phcih = xhwi; xl ≡
1

1 + x
, xh ≡

x

1 + x
, (16)

where xj is the consumption share of good j. These shares are identical across all

households because of the homothetic preference. Aggregating across households,

the aggregate demand for good j is :

pjCj = xj(Hwh + Lwl), (17)

so the aggregate relative demand and relative consumption share are the same as

the individual’s:
Ch
Cl

=

[
pl
ph

(
1− ψ
ψ

)]ε
;

phCh
plCl

= x. (18)

3.3 Firm’s Optimization

The representative firm in each sector takes the price of capital qk, high-skill labor

wh and low-skill labor wl as given to maximize profit. The optimal decision of the

firms implies the marginal rate of technical substitution across any two inputs is

equal to their relative prices. Across high-skill and capital input in sector j = h, l:

Hj

Kj

= (χδj)
−ρ ; δj ≡

κj
1− κj

, χ ≡ wh
qk
. (19)

Define Ĩj as the high-skill income relative to the sum of high-skill and capital

income:

Ĩj ≡
whHj

qkKj + wkHj

=
1

1 + χρ−1δjρ
, (20)

where the last equality follows from the condition (19). Across high-skill and

low-skill labor, Appendix A2.1.1 shows that the relative skill-intensity in sector

j = h, l is:

Hj

Lj
= (σj/q)

η (1− κj)
ρ(η−1)
(ρ−1) Ĩj

η−ρ
1−ρ ; σj ≡

1− ξj
ξj

, q ≡ wh
wl
. (21)
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Define Jj as the income share of low-skill and Ij as the income share of high-skill

in sector j = h, l:

Jj ≡
wlLj

qkKj + whHj + wlLj
=

[
1 + q1−ησηj

[
Ĩj (1− κj)−ρ

] η−1
1−ρ
]−1

, (22)

Ij ≡
whHj

qkKj + whHj + wlLj
= (1− Jj) Ĩj. (23)

Together they imply the total labor income share, see Appendix A2.1.2:

βj = Ij + Jj = Jj

[
q1−ησηj

[
Ĩj (1− κj)−ρ

] η−ρ
1−ρ

+ 1

]
, j = h, l (24)

3.4 Equilibrium prices and allocation

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

skill labor, which is equal across sectors j = h, l (see Appendix A2.1.3):

wl = pj
∂Yj
∂Lj

;
∂Yj
∂Lj

= Aj
[
Jjξ
−η
j

] 1
1−η , (25)

wh = qwl = pjAjq
[
Jjξ
−η
j

] 1
1−η . (26)

The expression of low-skill income share in (22) implies that J
1

1−η
j is decreasing

while qJ
1

1−η
j is increasing in q. Thus, an increase in the relative wage q implies a

fall in the marginal product of low-skill and a rise in the marginal product of high

skill. Intuitively, this is because a higher relative wage implies a lower high-skill

to low-skill labor ratio.

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

ph
pl

=

(
Al
Ah

)(
ξl
ξh

) η
η−1
(
Jh
Jl

) 1
η−1

, (27)

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

the relative price of the high-skill sector.

The optimal conditions so far depend on the relative factor prices χ ≡ wh/qk

and q ≡ wh/wl. We show in Appendix A2.2 that the two-sector model can be

17



mapped into a three-sector model where φ is the price of capital relative to low-

skill goods, so φ = qk/pl. Thus, the firm’s optimal decision on capital implies an

equilibrium condition across χ and q :

χ = q
Al
φ

(
Jlξl

−η) 1
1−η . (28)

Substituting Jl in (22), Appendix A2.3.1 derives q as a function of χ:

q = χ

[(
φ

Al

)η−1

ξ−ηl − σ
η
l

[(
χ1−ρ + δρl

)
(1− κl)ρ

] 1−η
1−ρ

] 1
η−1

, (29)

Given q is a function of χ, it follows that sectoral income shares Ij, Jj and Ĩj are

also functions of χ. As shown in Appendix A2.3, the equilibrium of the model can

be summarized by solving for χ and the share of low-skill labor in the high-skill

sector lh ≡ Lh/L using two equilibrium conditions:

lh = S

(
χ;
H

L
,
φ

Al

)
≡

H
L
q
(
χ; φ

Al

)η
σ−ηl (1− κl)

ρ(η−1)
1−ρ Ĩl (χ)

η−ρ
ρ−1 − 1

(σh/σl)
η
(

1−κl
1−κh

) ρ(η−1)
1−ρ

(
Ĩl(χ)

Ĩh(χ)

) η−ρ
ρ−1 − 1

. (30)

lh = D

(
χ; Âlh,

φ

Al

)
≡

1 +
Jl

(
χ; φ

Al

)
Jh

(
χ; φ

Al

)
 1

x
(
χ; Âlh,

φ
Al

)
βl (χ)

+
1− βh (χ)

βl (χ)

−1

,

(31)

where the relative consumption share x is derived from (15) and (27) as:

x

(
χ; Âlh,

φ

Al

)
= Â1−ε

lh

Jh
(
χ; φ

Al

)
Jl

(
χ; φ

Al

) ( ξl
ξh

)η
1−ε
η−1

; Âlh ≡
Al
Ah

(
1− ψ
ψ

) ε
1−ε

(32)

In a nutshell, the condition S is derived using the labor market clearing con-

ditions and the firm’s optimization. The condition D is derived using the goods

market clearing conditions and the household’s optimization. These two condi-

tions together solve for (χ, lh) and the relative wage q is obtained from (29). Given

q and χ, the level of wages are derived from (25) and (26) and the income shares
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are derived from (20), (22) and (23). Appendix A2.4 derives the value-added

shares as:

vh ≡
pjYj∑
j pjYj

=

[
1 +

(
Jh
Jl

)(
1− lh
lh

)]−1

, vl = 1− vh, (33)

and the aggregate labor income share is:

β = βlvl + βhvh. (34)

3.5 Divergence: Low-skill Wage and Productivity

The accounting identity in Section 2.2 shows that the divergence of low-skill wage

from the aggregate labor productivity are due to rising skill premium, falling labor

income shares and rising relative cost of living. Using the equilibrium conditions

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

through faster productivity growth of the low-skill sector.

The effect of faster productivity growth of the low-skill sector (higher Âlh) is

summarized in the expression of relative consumption share (32): it increases the

relative price of the high-skill sector in (27) which in turn increases the relative

consumption share in (15) given consumption complementarity (ε < 1). This

implies a higher share of low-skill labor in the high-skill sector and acts as an

endogenous skill-biased shift leading to higher skill premium. This mechanism

on the skill premium is also present in Buera et al. (2020). Our contribution

is to show how uneven productivity growth can also contribute to the low-skill

wage stagnation and the divergence, which as we discussed in introduction are not

addressed and cannot be properly addressed in their model without capital.16

The rise in the relative cost of living is measured by the rise in the consumption

price index relative to output price index, PC/PY . These two price indexes can

be obtained by the Tornqvist method using the consumption shares xj as weights

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

16In Ngai and Sevinc (2020), we formally establish how faster productivity growth in the low-
skill sector can contribute to the rise in skill premium and the divergence of the low-skill wage
from aggregate labor productivity for the special case κ→ 0, i.e. the model without capital.
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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 of living PC/PY by

predicting a rise in the relative price of the high-skill sector.17

The effect of uneven productivity growth on the aggregate labor share β in (34)

is ambiguous as it predicts opposing effects on the sectoral labor income share βj

in (24): it reduces the low-skill income share in (22) and increases the high-skill

income share in (23), and generates a shift towards the high-skill sector.

3.6 Skill Premium and Low-skill Wage Growth

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

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

skill wage. In a similar vein, factors that imply a rise in the skill premium do

not always implies a slower growth in the low-skill real wage. Using the optimal

capital-skill ratio in (19), the production function can be expressed as a function

of high-skill and low-skill labor:

Yj = Ãj

[
λjH

η−1
η

j + (1− λj)L
η−1
η

j

] η
η−1

(35)

Ãj ≡ Aj

ξj + (1− ξj)

(
1− κj
Ĩj

)( ρ
ρ−1)( η−1

η )


η
η−1

; λj ≡
(1− ξj)

(
1−κj
Ĩj

)( ρ
ρ−1)( η−1

η )

ξj + (1− ξj)
(

1−κj
Ĩj

)( ρ
ρ−1)( η−1

η )
,

(36)

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

ture (see Katz and Murphy, 1992; Heathcote et al., 2010) where an increase in the

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

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

First, as in Buera et al. (2020), falling relative price of low-skill goods (driven

by faster productivity growth in the low-skill sector) induces a labor reallocation

17We make the assumption that capital is only produced by the low-skill sector. This 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.
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towards the high-skill sector due to consumption complementarity. This implies an

increase in aggregate λ when λh > λl, through a between-sector skill-biased shift,

which we show is an important source for the increase in aggregate skill intensity

using U.S. state-level data (see Appendix A1.4). Second, as in Krusell et al.

(2000), falling relative price of capital implies an increase in Ĩj due to capital-

skill complementarity. This implies an increase in λj acting as a within-sector

skill-biased shift in both sectors.

Both shifts imply a rise in the skill premium but they have different effects on

the level of low-skill wage growth. The between-sector shift induces a shift from

the low-skill sector with high (1− λl) to the service sector with low (1− λh), so

it reduces the aggregate (1− λ) contributing to a slow growth in low-skill wage.

The within-sector shift, through rising Ĩj, reduces (1− λj) in both sectors but

this effect is offset by the implied rise in the effective productivity Ãj due to the

capital-skill complementarity (i.e. ρ < 1, see 36). Thus the falling relative price

of capital can contribute to a rise in the skill premium but not the slow growth in

the low-skill wage.

There are other sources of skill-biased shifts that can be captured by changes

in κj and ξj that increase λj. For instance, as a result of automation some tasks

performed by low-skill are replaced by machines (Acemoglu and Autor, 2011), or

skill-biased organizational change that increases the importance of human capital

(Caroli and Van Reenen, 2001).

The skill-biased shifts discussed above can be put into the three classes of

technical changes discussed in Johnson (1997). The fall in κj is an intensive skill-

biased technical change which raises the marginal product of high-skill workers

without affecting those of low-skill labor directly, thus it contributes to the skill

premium but has little effect on the growth of low-skill wage. The fall in ξj is

an extensive skill-biased technical change which increases the marginal product

of high-skill workers and lowers the marginal product of low-skill workers, thus

contributing to both skill premium and the slow growth in the low-skill wage.

What is interesting is the rise in Ah and Al, which are skill-neutral technical
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change at the sectoral level but becomes skill-biased at the aggregate level because

of different factor intensities across sectors, affecting both the skill premium and

the low-skill wage growth.

3.7 Demand Shift Towards High-skill Goods

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

goods can also act as a between-sector source for skill-biased shift. This demand

shift can be induced by a rising income if the high-skill goods have a higher income

elasticity than low-skill goods.18 As shown by Comin et al. (2021), a fall in the

preference parameter ψ in the homothetic CES utility function (6) is a reduced

form way of capturing income effects in a more general non-homothetic CES utility

function.19 Thus, by examining the effect of a fall in ψ, we can learn about the

effect of a demand shift towards the high-skill sector on low-skill wage.

Using (32), a fall in ψ implies an increase in Âlh and a rise in the relative

expenditure, thus it has a similar effect on the relative wage and low-skill labor

allocation as the increase in the relative productivity Al/Ah. But it does not

have a direct effect on relative prices of the high-skill sector as shown in equation

(27).20 Thus, it cannot contribute much to the rise in the relative cost of living.

Moreover, it cannot generate the differential growth in the marginal product of

low-skill labor across sectors, which is an important feature of the data reported

in Figure 1. Its contribution to the divergence is through the increase in the skill

premium, which is similar to the effect of skill-biased shift through ξj. For these

reasons, we let the calibration of ξj to pick up its role as skill-biased demand shift.

18See for example Buera et al. (2020) and Fang and Herrendorf (2021) for the importance of
this type of income effect on the expansion of the high-skill intensive services and its contribution
to the rise in the skill premium.

19This can be seen explicitly from comparing the relative expenditure derived in (18) with the
relative expenditure derived from a non-homothetic CES utility function in Comin et al. (2021).

20It will have an equilibrium effect on the relative prices through the rise in q by changing
Jh/Jl in (27) but the effect is small as it depends on the differences in the parameters ξh and ξl
as shown in (22).
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4 Quantitative Results

We calibrate the model to match key features of the U.S. from 1980 to 2010. To

evaluate the quantitative role of uneven productivity growth. The baseline results

allow for changes in the relative price of capital, the production weights of low-skill

and high-skill labor and the relative supply of high-skill labor, in addition to the

uneven productivity growth. The productivity growth parameters are calibrated

to match the rise in the relative price of the high-skill sector and the aggregate

labor productivity growth. The input weights of the production function are set

to match the sectoral income shares while the relative supply of high-skill labor is

set to match the aggregate income of the high-skill relative to the low-skill labor.

The prediction on wages and wage-productivity divergence in the baseline are

driven by changes in five set of parameters: Âlh in equation (32), the relative price

of capital φ in market clearing condition (11), the production weights {ξl, ξh, κl, κh}

in production function (8) and the relative supply of high-skill labor H/L.21 To

evaluate their contribution, we perform counter-factual exercise by setting each

parameter to its 1980 value.

4.1 Data Targets

The data targets reported in Table 2 are constructed using the two-sector data

described in Section ??.22 Data from the five-year average 1978-1982 is used

for 1980 and 2006-2010 for 2008. It shows that the high-skill income share (Ij)

increases while the low-skill income shares (Jj) fall in both sectors. The total

21Given the definition of Âlh in equation (15), we do not need to separate the preference
parameter ψ from Al/Ah to solve for the model.

22To compute (wh, wl), we allow the efficiency unit of labor to be different within subgroups
(gender, age, education, and race) of a skill-type, e.g. one hour of a high-school graduate is not
equal to that of high school dropout in efficiency units. The relative efficiency unit of an average
high-skill relative to an average low-skill is assumed to be one, where the average worker in
each skill-type is defined by long-run hours shares of subgroups. Instead of choosing the average
worker as the reference group, we could make alternative assumptions such as assuming the
relative efficiency for a particular subgroup, e.g. an 18-25 years old white male, then compute
the relative efficiency for an average high-skill relative to an average low-skill. As long as the
relative efficiency does not change substantially over time, the quantitative result on low-skill
wage stagnation is robust to this alternative assumption given we match the initial wl in the
data.
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Table 2: Calibration Data Summary

Level Growth (% p.a.)

J Jh Jl I Ih Il q y/PY
ph
pl

φ

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
wage of high-skill relative to low-skill. High-skill are those with college 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 φ is the price of capital relative to the low-skill sector and

labor income share (βj = Ij + Jj) falls in the low-skill sector, rise in the high-skill

sector, and fall for the overall economy. The annual growth rate of the aggregate

real labor productivity was 1.7% and the relative price of the high-skill sector was

1.4%. Using the ratio of PK/PY from the BEA and the ratio PY /pl from the

KLEMS, the implied price of capital relative to low-skill sector φ declines at 0.5%

per year.23

4.2 Calibration Procedures

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

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

high-skill labor ρ = 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 ε. The

literature on the structural transformation finds that the elasticity of substitution

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

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

a higher degree of substitution. The equilibrium condition (14), on the other hand,

implies that the own-price elasticity of the two goods is −ε. Ngai and Pissarides

(2008) report a range of estimates for the price elasticity of services ranging from

-0.3 to 0, this is informative but not an exact estimate for −ε which is the price

23It is worth noting that the growth of PY in KLEMS is growing at 2.94% which is almost
identical to that of BEA at 2.86%.
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elasticity of the high-skill sector in our model. Based on these estimates, we use

ε = 0.2 as our baseline value for the elasticity of substitution across high- and

low-skill sectors.

The relative wage and incomes shares reported in Table 2 are used to determine

the relative supply of high-skill efficiency labor and the input weights (ξl, ξh, κl, κh)

in the two periods. In the aggregate economy, the income share of high-skill

relative to low-skill workers is

It
Jt

=
whtHt

wltLt
= qt

Ht

Lt
, (37)

which implies a value for the relative supply of high-skill labor given data on

(qt, It, Jt).
24

Given a value for φ/Al, equation (28) can be used together with the equations

on income shares (22)-(23) to set the input weights ξj, κj to match sectoral income

shares in the data. To simplify the explanation, denote 1980 as period 0 and 2008

as period T. We normalized φ0/Al0 = 1, this pins down all weights in period 0

(see Appendix A3.1 for details). Using these parameters, condition (30) implies

a value of lh0. The value of Âlh0 is then set to match the relative wage q0 using

condition (31).

For a given level of AlT/Al0, data on the fall in φt implies a value for φT/AlT ,

which pins down all inputs weights in period T. We then set the change in the

relative productivity AlhT/Alh0 to match the increase in the relative price of the

high-skill sector in the data. Finally, we adjust AlT/Al0 so that the predicted

changes in the aggregate labor productivity deflated by the price of the low-skill

sector, y/pl, matches the data. It is important to note that the model is not

calibrated to match the relative wage in period T.25

24Note that the 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 is computed as high-skill
income in sector j divided by the composition adjusted high-skill wage, similarly for Lj .

25The relative wage in period T is only used together with the income shares to cali-
brate {ξlT , ξhT , κlT , κhT }. As an alternative, we could choose growth in relative productivity,
AlhT /Alh0, to match the rise in the relative wage using equation (31) for period T. However,
given the objective of the quantitative exercise is to examine the proposed mechanism in ac-
counting for stagnant low-skill wage and its divergence, and the mechanism is governed by the
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Table 3: Parameters of Calibration

A. Parameters from the literature
Parameters Values Source

ε 0.2 Benchmark value, see main text
ρ 0.67 Krusell et al. (2000)
η 1.4 Katz and Murphy (1992)

B. Calibrated parameters

Parameters 1980 2010 Growth (% p.a.) Target

φ -0.50 Price of capital relative to the low-skill sector
Al 1.09 Aggregate real labor productivity
Alh 1.82 Relative price of the high-skill sector
ξl 0.33 0.25 -0.93 Sectoral income share. See Appendix A3.1
ξh 0.20 0.19 -0.13 Sectoral income share. See Appendix A3.1
κl 0.74 0.69 -0.21 Sectoral income share. See Appendix A3.1
κh 0.41 0.33 -0.79 Sectoral income share. See Appendix A3.1
ζ 0.29 0.50 1.92 Relative aggregate labor income shares

4.3 Calibrated Parameters

Table 3 reports the calibrated parameters. The implied annual growth of φ, Alh,

Al, ζ and input weights (κj, ξj) are reported in Panel B of Table 3.26 Matching

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

growth in the low-skill sector. 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 input weights reflecting other sources of skill-biased shifts.

Using the calibrated parameters the model delivers predictions on wages, allo-

cation of labor, relative prices, and labor productivity for each sector. As shown in

Appendix Table A3, the baseline accounts for 96% of the rise in the skill premium,

86% of the sectoral realloction of the low-skill labor and the constant sectoral share

for the high-skill labor observed in the data. Consistent with the data, it predicts

a fall in labor income share in the low-skill sector and a rise in labor income share

in the high-skill sector, and a decline in aggregate labor income share. All pa-

rameters are important for the rise in the skill premium. The uneven productivity

changing relative prices, we choose to match the changes in relative prices instead of relative
wage.

26Note that negative growth in κj does not necessarily mean a decrease in the usage of capital.
It only implies a fall in the input weight of capital in the capital-skill composite.
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growth is crucial for the low-skill labor reallocation and the rise in the value-added

share of the high-skill sector. The fall in ξj, on the other hand, is needed for the

lack of high-skill labor reallocation and the fall in the labor income share in the

low-skill sector.

The sectoral real labor productivity growth in the model is

yj
pj
≡ Yj
Lj +Hj

= Aj

(
ξj
Jj

) η
η−1
(

1

1 +Hj/Lj

)
, (38)

The baseline implies the sectoral labor productivity growth is 2.2% for the low-

skill sector and -0.2% for the high-skill sector, which match the 2.3% and 0.1%

observed in the data almost perfectly.27

4.4 Predictions on Wage-Productivity Divergence

Table 4 reports the percentage change in the divergence and the three factors: wage

inequality, aggregate labor share and the relative cost of living as in the accounting

equation (5). Since KLEMS data does not contain information on consumption,

we simply take PC/PY as the ratio of PCE and GDP implicit deflators from the

BEA. This implies PC/PY increased by 2.8%. If we were to use CPI, the increase

in PC/PY would be at 11.5%. This alternative value will imply a larger divergence

and a slower real wage growth in the data row but does not affect other rows. Due

to the concerns that CPI tends to bias the increase in the cost of living (Boskin

et al., 1998), we use the PC/PY implied by PCE deflator as the main data moment

for comparison but keep those implied by CPI in bracket.

Row 1 of Table 4 provides an empirical decomposition for the accounting iden-

tity in equation (5). 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 offset the impact of rising productivity on the low-skill

27The calibration implies that the Ah is falling. The decline in Ah is in line with the findings
of Aum et al. (2018) and Bárány and Siegel (2021). The former finds negative productivity
growth for high-skill occupations (Professional and Management) while the latter finds negative
growth for abstract occupation. We do not model occupations, but their findings could be the
sources of the falling Ah given these occupations are concentrated in the high-skill sector.
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real wage. The rise in the relative cost of living contributes to 10%(=2.8/27) of

the divergence, the increase in the wage inequality contributes to 70% (=19/27)

and the fall in the aggregate labor income share accounts for the remaining 20%.28

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

the contribution of wage inequality reduces to 50%.

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

fall in labor share. It over-predicts (under-predicts) the relative cost of living,

thus slightly over-predicts (under-predicts) the divergence, if PCE (CPI) is used

as consumption deflator. The remaining rows of Table 4 examine each of the five

forces that drives 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 (lower φ) in row 4, the falling input weight on low-skill labor (lower

ξj) in row 5, the rising input weight on high-skill worker within the capital-skill

composite (lower κj) in row 6 and the increase in relative supply of high-skill

(higher H/L) in row 7.

Rows 3 - 7 of Table 4 show that faster productivity growth of the low-skill

sector (row 3) and the falling production weights of low-skill labor (row 5) are

the two most important factors for the divergence. In their absence, the predicted

divergence would be almost half and a third of the baseline respectively. Their

contribution are through different channels. The faster productivity growth of the

low-skill sector contributes mainly through predicting a higher wage inequality

and a rise in the relative cost of living (row 3).29 The falling production weights

of low-skill labor, on the other hand, contribute to the divergence by predicting a

fall in the labor share and a rise in wage inequality.

The increase in the relative supply of high-skill labor in row (7) has an impor-

tant role from holding down the divergence. In its absence, the increase in wage

inequality would have been double leading to an increase in divergence. However,

28The literature on the average wage and productivity divergence often uses the nonfarm
business sector. In Appendix A1.3 we conduct the empirical decomposition for the accounting
identity in equation (5) using similar data.

29Comparing row 2 and 3, the uneven productivity growth contributed to a 21% of the rise
in the wage inequality (19−15

19 ), which is in line with the quantitative finding of (Buera et al.,
2020).
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Table 4: Divergence of low-skill real wage and real labor productivity,
(percentage change, 1980-2008)

Factors for Divergence
Divergence Wage Inequaity 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 -5.8 -2.1
(4) φ 28 12 -6.1 7.1
(5) ξj 11 6.4 4.7 8.9
(6) κj 37 12 -9.9 9.7
(7) H/L 46 36 2.3 9.9

Note: Divergence is measured as the percentage change in the ratio of real labor pro-
ductivity divided by low-skill real wage. The three factors for the divergence of low-skill
real wage and real labor productivity are shown in equation (5). 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 . Living cost is the price of consumption relative to output, PC/PY .
Row 3 is the relative productivity. Row 4 is the relative price of capital. Row 5 is the
input weight of low-skill labor in (8). Row 6 is the weight of capital in (10). Row 7 is
the relative supply of high-skill labor.

labor share would have increased in its absence, offsetting some of the rise in di-

vergence implied by higher wage inequality. Its impact on labor share is due to the

capital-skill complementarity, where higher relative supply of high-skill increases

capital income share.

The falling relative price of capital in row 2 has also contributed to the di-

vergence by predicting a rise in wage inequality. The quantitative roles of these

four mechanisms on the rise in wage inequality are consistent with previous litera-

ture on the rise of skill premium. More specifically, row 3 on uneven productivity

growth is related to Buera et al. (2020), row 4 on the fall in the relative price

of capital is related to Krusell et al. (2000), and row 5 and 7 to the skill-biased

demand shift and supply shift in Katz and Murphy (1992). The new findings here

are the roles of these mechanism on the divergence and the growth of the low-skill

real wage, which as discussed in Section (3.6) are not the same as their roles on

the skill premium.
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Table 5: Productivity and Wages, Cumulative Percentage Change, 1980-2008

MPL of low-skill Rel. price
Productivity Low-skill wage Sector l Sector h ph/pl

(1) Data 60 26 (16) 44 -3.4 49
(2) Model matched 20 44 -3.4 matched

Counterfactual (fixing each parameater to its 1980 value

(3) Al/Ah 85 55 48 66 -11
(4) φ 45 13 33 -6.2 41
(5) ξj 65 49 84 17 57
(6) κj 68 23 51 -3.2 56
(7) H/L 37 -6.1 18 -28 63

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 . Row 3 is the relative productivity. Row
4 is the relative price of capital. Row 5 is the input weight of low-skill labor in (8). Row
6 is the weight of capital in (10). Row 7 is the relative supply of high-skill labor.

Finally, the increasing weight of high-skill labor through falling κ (row 6) has

an insignificant impact on divergence. It implies a rise in the wage inequality and

a rise in the labor share, resulting in opposite effects on the divergence.

4.5 Predictions on Wage Stagnation

Table (4) shows that all parameters (except κj) are important for the divergence,

Table (5) reveals that only the faster productivity growth of the low-skill sector

(row 3) and the falling production weights of the low-skill labor (row 5) are respon-

sible for the low-skill wage stagnation. In their absence, the percentage increase in

the low-skill wage would have been more than double. Interestingly, though using

a completely different method, the finding that the percentage change in the low-

skill wage would be 2.75 (=55/20 from row 2 and 3) times higher in the absence of

uneven productivity growth is close to the 2.5 implied by equation (1) for the U.S.

in Section (2.1). Intuitively, this is because both methods are computing what

the low-skill real wage would be if there is no change in relative prices or low-skill

hour shares across sectors.
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The key difference between row 3 and 5 are their different implications for the

marginal product of low-skill labor. In the data (Row 1) the MPL (measured

as wl/pj) 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. The uneven productivity

growth is the main mechanism to deliver this result. In its absence, the two low-

skill MPL would have increase in the high-skill sector by even more.30 Another

difference between the two mechanisms is the timing. As we discussed in Section

(2.3), the mechanism through uneven productivity growth is consistent with the

beginning of the low-skill wage stagnation and its divergence from the aggregate

productivity starting 1980. On the other hand, since the production weights of

low-skill workers ξj are mainly determined by the low-skill income share Ji, they

were falling throughout 1968-2010 (see Appendix Figure A4).31

Finally, row 4 of Table 5 confirms the discussion in Section 3.6 that the falling

relative price of capital boosts the growth in low-skill real wage by increasing

the growth of the marginal product of low-skill wages in both sectors. Thus, even

though it contributes to the divergence and wage inequality, it does not contribute

to the low-skill wage stagnation. Finally, the rise in the relative supply of high-

skill (row 7) increase the growth of the low-skill wage by increasing the marginal

product of low-skill labor in both sectors. In its absence, the low-skill wage would

have fallen.

4.6 Role of Multisector

Row (3) of Table (4) and (5) shut down the sector-specific productivity growth

channel in the multisector model. This, however, is not the same as having a one-

sector model because production parameters ξj and κj are still different across

the two sectors. We now derive the quantitative results for a one-sector model to

30It is also interesting to note that in the absence of uneven productivity growth, the increase
in the aggregate labor productivity would be substantially higher (85% instead of the observed
60%). This is consistent with the observation of (Baumol, 1967) on how consumption comple-
mentarity and uneven productivity growth can contribute to a slowdown in the aggregate labor
productivity.

31More specifically, use the five-year average 1968-1972 for 1970 as in Table 2, Jl fell from 0.50
to 0.46 while Jh fell from 0.28 to 0.23 during 1970-1980.
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highlight the crucial role of having a multisector model. Dropping all subscript j,

the aggregate production function is the same as (8 – 10).

The household decision problem in the one-sector model implies households

spend all wage income on the final good. The firm’s problem is the same as before

but there is only one goods market clearing condition (11) which specifies how final

goods is converted to consumption and capital goods. The calibration follows the

same calibration procedure as before. The full derivation and calibration of the

one-sector model are described in the Appendix (A3.4).

The baseline result of the one-sector model is reported in row (2) of Table

(6). Given the relative supply of high-skill labor was set to match the aggregate

high-skill income share relative to the low-skill income share as in equation (37),

and the production weights are set to match the levels of the two income shares,

together they imply the skill premium and the labor shares are also matched.

Given the price of consumption and price of output are the same in the one-

sector model, it follows from the accounting equation (5) that the one-sector model

under-predicts the divergence. Appendix Table(A9) reports the decomposition of

the role of φ, ξ, κ,H/L as in Table (4) and (5). The message there is similar as in

the multisector model.

The remaining rows of Table (6) demonstrate the important message of a

multisector model – the source of productivity growth. The baseline of both

models were calibrated to match the increase in the real labor productivity by

setting the TFP parameters A’s in the two models. In the multisector model, an

increase in aggregate productivity could be due to either an increase in Al or Ah.

Our claim is that the source is important. The quantitative exercise is conducted

by setting the A’s in the two models so that they imply a higher increase in the

aggregate labor productivity – at 70% instead of the observed 60%.

In the one sector model, this requires setting a higher growth in A compared to

the baseline. Not surprisingly, as shown in row (3), the one-sector model predicts

a similar increase in both aggregate labor productivity and low-skill real wage,

nothing change in the divergence. In the multisector model, however, the source
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Table 6: Role of multisector, Percentage Change, 1980-2008

Agg. productivity Low-skill real wage Divergence
(1) Data 60 26 (16) 27 (38)

One-sector Model
(2) Baseline matched 29.3 23.6
(3) Increase in A 70 37.5 23.6

Multisector Model
(4) Baseline matched 19.7 33.5
(5) Increase in Ah and Al 70 26.8 34.1
(6) Increase in Ah 70 33.2 27.6
(7) Increase in Al 70 25.6 35.6

Note: For the data row, the divergence and low-skill real wage are calculated using PCE
as PC and the number in bracket is when CPI is used as PC . For row (3), (5)-(7) the
increase in A’s are set so that aggregate real labor productivity increased by 70% instead
of the observed 60%. Row 5 keeps Al/Ah the same as in the baseline.

of productivity growth is important. Comparing row (5) - (7) to the baseline, all

sources of productivity growth have a positive effect on low-skill real wage, but

their extent are different.

If the growth is due to a balanced increase in the sectoral TFP (row 5), then

we have similar results as in the one-sector model: aggregate labor productivity

and low-skill real wage increase almost equally, resulting in similar divergence as

in the baseline. If the source is due to an increase in the TFP of the high-skill

intensive sector (row 6), it predicts a much smaller divergence relative to the

baseline because it implies a large increase in the low-skill real wage. In contrast,

if the source is the TFP growth of the low-skill intensive sector (row 7), it predicts

a larger divergence relative to the baseline because of a smaller rise in the low-skill

real wage. The intuition of these result is similar to the discussion of row (3) in

Table (4) and (5), also discussed in Section (3.5): faster productivity growth of

the low-skill sector lowers its relative price, which shifts low-skill labor into the

sector where their marginal product of labor is growing slower.
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4.7 Sensitivity Analysis

Appendix A3.3 provides sensitivity analysis with alternative values for the elas-

ticity parameters (ε, η, ρ) and a smaller rise in the relative price of the high-skill

sector. The increase in the relative price of the high-skill sector is key to the quan-

tification of the uneven productivity growth. If the price growth of the high-skill

sector was over-estimated, for example, because of quality improvement not prop-

erly accounted for, then the increase in PC , PY and ph/pl in the data are biased

upwards. The upward bias on the increase in PC and PY implies under-estimation

of the growth of the low-skill wage and the aggregate labor productivity in the

data. The upward bias on ph/pl implies an overestimation of the strength of un-

even productivity growth in the model. The literature finds a substantial amount

of inflation bias comes from goods (Boskin et al., 1996; Bils and Klenow, 2001;

Gordon, 2006) but admittedly it is also difficult to correctly measure prices of

services either high-skill (education and health) or low-skill. For the benefit of

doubt, we present the quantitative performance of the model under an alternative

scenario in Appendix A3.3.4, where we half the increase in the relative price of

the high-skill sector. In this case, the implied growth rate of low-skill real wages

in the data is slightly higher but still less than half of the increase in the aggre-

gate labor productivity growth. The overall performance of the baseline model is

similar, the contribution of the uneven productivity growth is smaller but remains

quantitatively important.

5 Conclusion

Despite working mostly in sectors with fast productivity growth, the average real

wage for low-skill workers is growing slowly and lacking behind the aggregate labor

productivity. We argue this is due to the changing relative prices driven by faster

productivity growth in the low-skill intensive sectors.

A key message of our multisector perspective is that the source of the aggregate

labor productivity growth is important. If it is originated in the low-skill intensive
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sectors, it will contribute to the divergence of the low-skill wage and the aggregate

labor productivity. If it is originated in the high-skill intensive sector or due to

a balanced increase in both sectors, then it can boost the growth of the low-skill

wage and the aggregate labor productivity simultaneously.
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Appendix

A1 Data Appendix

A1.1 Industry Data

A1.1.1 Nation-level data

The main dataset at the industry level is the March 2017 Release of the Unites

States data from the WORLD KLEMS database (Jorgenson et al., 2017), which

reports 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. This provides the data needed

to compute value-added share, relative prices, and labor income shares for all

industries that are consistent with the official statistics.

To classify sectors into high-skill and low-skill sectors, we use April 2013 Re-

lease of the U.S. data from the WORLD KLEMS (Jorgenson et al., 2013) which

provides a labor input file that allows the computation of low- and high-skill

workers’ share in labor compensation and value-added. High-skill is defined as

education greater than or equal to college degree. Table A1 reports the long-run

(1980-2010) average high-skill share in total value-added and total labor income

for 15 one-digit industries. For a sector to be classified as high-skill we require

that the long-run high-skill labor income shares out of total labor income and

total value-added to be jointly above the total economy average. The high-skill

service sector includes finance, insurance, government, health and education ser-

vices (code J ,L, M, N), and the remaining industries are grouped into the low-skill

sector.

Using this classification we map the 65 NAICS industries of the KLEMS 2017

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

for the quantitative analysis. Value-added and labor compensation for each broad

sector are obtained by summing over industries in each broad sector. Sectoral
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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

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

value-added prices are calculated as Tornqvist indexes, where value-added shares

are used as weights. For the ratio of aggregate consumption price deflator and

output price deflator, we use the BEA’s implicit price deflators of GDP and Per-

sonal 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).

Industries in Figures 1 and 2 are the one-digit industries reported in Table A1

with some regrouping. Due to the low number of observations in CPS we merge

agriculture (AtB) with mining (C) and other services (O) with private households

(P). We also regroup public administration (L), education (M), and health and

social work (N) as a single industry to ensure consistency in industry definitions.32

Our mapping across KLEMS 2013, KLEMS 2017, and CPS industries is provided

32For instance, public education is included in the general government industry in KLEMS
2017, while it is part of education in KLEMS 2013.
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in Table A2.

A1.1.2 State-level data

We use GDP by state from the BEA’s Regional Economic Accounts for value-

added sector prices at the state-level. 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. In order to calculate sectoral prices, we first aggregate

the industry data in 11 consistent sectors according to 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 coefficients between the long-run U.S.-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.

A1.2 Wages, Efficiency Hours, and Productivity

We use March Current Population Survey Annual Social and Economic Supple-

ment (ASEC) data from 1978 to 2012 (Ruggles et al., 2017). Our sample includes

wage and salary workers with a job aged 16-64, who are not student, 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 pre-

ceding 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 (based on PCE price index) are dropped.

Our treatment of Census for years 1980, 1990, 2000, and ACS for 2010 in

Section 2 follows the same steps with the above paragraph except that wages

lower than the first percentile are set to the value of the first percentile following

Autor and Dorn (2013).

The composition adjusted mean wages of low-skill workers for each of the sec-
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tors, used in Figures 1 and 2, are computed using the CPS data 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 educa-

tion categories (high school dropout, high school graduate, some college), 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 occupa-

tions including service jobs). Sector-level means by skill are calculated using the

long-run average hours share of each subgroup in the labor market as weights.

This way we obtain a measure of industry wage that only compares growth dif-

ferences of subgroups across industries. However, applying long-run hours share

by subgroup can still affect industry means through composition when for some

subgroups there are missing observations in some of the industries. Cells contain-

ing missing wages are imputed for each year of the dataset using a 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. Finally, we deflate

nominal wages by the PCE price index for real wages and by the value-added price

index for marginal product of labor.

The composition adjusted wages used in Section 2 are constructed using Census

and ACS data due to the need for sufficient number of observations at the state

level. The steps of the composition adjusted wage calculation are identical to

what is explained above with one exception. There is an additional layer of states

so that the composition adjustment is performed within each of the 51 states.

We deflate nominal wages by the national PCE price index due to the absence of

consistent state-level consumption prices in our period.

For the quantitative analysis, used in Table 4 and 5, the aggregate wage has

to be consistent with the measure of aggregate productivity, so we use the aggre-
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gate labor compensation and aggregate hour from the KLEMS. More specifically,

to compute the composition-adjusted wage for the average high-skill and average

low-skill workers, we merge KLEMS 2013 data on total labor compensation and

hours with the distribution of demographic subgroups in the CPS. We form 120

subgroups based on two sex, two race, five education, six age categories. Low-skill

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

cludes college graduates and post-college degree categories. Compensation for each

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

tion (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 wage for low-skill and high-skill are calculated as

the average wage of the relevant subgroups using their long-run (1980-2010) hour

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 variable 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 rescale the CPS total hours

and total wage income to sum up to KLEMS total.

Efficiency hours, corresponding to (H,L) in the model, are computed as the

labor compensation divided by composition-adjusted wage for high-skill and low-

skill workers respectively. Total efficiency hours are the sum of low- and high-skill

efficiency hours. We calculate real labor productivity as total value-added divided

by total efficiency hours and deflate with the output price index.
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Figure A1: Divergence in the BLS Nonfarm Business Sector Data
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B. Composition adjusted

Notes: The figure plots low-skill and average hourly real wage and average hourly real labor productivity in the
U.S. economy, all normalized to 100 in 1980. Raw (composition adjusted) wage and hours are used in Panel
A (B). Real labor productivity is from the Bureau of Labor Statistics (BLS). Real hourly wages are calculated
by merging hours and income shares in the Current Population Survey (CPS) with the total hours and labor
income in BLS. Productivity is deflated by the output price index. Wages are deflated by Personal Consumption
Expenditure (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 120 demographic groups, where the fixed weights are groups’
long-run employment shares. See the appendix subsection for the construction of variables.
Source: BLS nonfarm business sector multifactor productivity statistics, CPS, and authors’ calculations.

A1.3 Divergence in the BLS Nonfarm Business Data

This subsection compares the wage growth and the decomposition of low-skill

wage and productivity divergence by KLEMS, on which results in the main text

are based, with Bureau of Labor Statistics (BLS) nonfarm business productivity

data. BLS nonfarm business data is typically used by the papers on U.S. wage-

productivity divergence (e.g. Lawrence and Slaughter, 1993; Lawrence, 2016;

Stansbury and Summers, 2017), and its labor share is a widely cited headline

measure (Elsby et al., 2013).

In order to compute wages at skill-level that are consistent with the BLS pro-

ductivity series’ hourly compensation growth, the share of annual wage income and

total hours of 120 demographic groups from March CPS are used. Demographic

groups are based on six age, two gender, two race, and five education categories.

Compensation (hours) for each subgroup is calculated as compensation (hours)

share times BLS total compensation (hours). BLS-consistent wages for each sub-
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group is calculated as total compensation divided by total hours. Average and

low-skill wages are then calculated as the mean hourly wages of relevant subgroups

weighted by their hours share. In the composition adjusted wages, long-run hours

shares are used as weights. This is the same procedure as we followed for the

quantitative analysis with two exceptions. First, we further exclude agriculture,

private households, and public administration sectors to comply with nonfarm

business sector. Second, aggregate labor income and hours are rescaled to those

of nonfarm business sector. For real wages Personal Consumption Expenditure

price index (PCE) is used as the wage deflator.

Real labor productivity is U.S. nonfarm business nominal output divided by

nonfarm total composition adjusted hours and deflated by the output price defla-

tor from BLS. The average wage for all workers is calculated as total compensa-

tion divided by total composition adjusted hours of the nonfarm business sector.

Composition adjusted or efficiency hours are calculated for each skill as the total

compensation divided by composition adjusted wages.

Figure A1 plots the raw and composition adjusted low-skill real wage, average

real wage, and real labor productivity. From 1980 to 2010, the low-skill wage

growth is around 25 percent which shrinks just below 20 percent when adjusted

for compositional changes. These figures are slightly lower from those suggested by

KLEMS (Table 5) and somewhat higher than those calculated directly from CPS.

The former difference stems from the industry coverage that particularly affects

growth rates in labor income, which is lower in the nonfarm business sector. Hours

grow at the same rate in both. On the contrary, the latter difference, i.e. slower

wage growth in CPS, is driven by the stronger growth in CPS hours compared to

those in the macro sources, despite a bit higher growth in CPS wage income.33

As shown in Figure A1, low-skill real wage growth is less than a quarter of

the labor productivity growth, suggesting a higher real divergence than what is

calculated from KLEMS. The reason for a higher divergence is partly greater

33See Stewart and Frazis (2019) for an up-to-date discussion on the hours estimated by CPS
and other BLS measures. Although total annual hours estimated from CPS is seen as problem-
atic, authors recommend the use of CPS for comparing hours across demographic groups, which
is consistent with our data approach.
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decline in labor share of nonfarm business (7 percent as opposed to 3.4 in KLEMS),

which is already hinted by the discussion above regarding the stronger labor income

growth in KLEMS. A second but more important reason is the large growth in

the BLS nonfarm business output deflator compared to the BEA’s output deflator.

Accordingly, the relative cost of living increases by 13 percent compared to 2.8

in KLEMS. Not surprisingly, inequality growth is the same in the two sources

given that they both employ hours and income distribution of CPS. Recall Table

4 implies increasing inequality, declining labor share, and rising relative cost of

living accounts for 70, 20 and 10 percent of the real divergence respectively. The

corresponding decomposition based on nonfarm business sector are 48, 19 and 33

percent, implying a larger role for the rising relative cost of living for the real

divergence, and a larger role of labor share relative to wage inequality for the

nominal divergence.

A1.4 Shift-share Analysis of Aggregate Skill Intensity

We document the importance of the sectoral reallocation for the rise in the ag-

gregate skill intensive by conducting a shift-share decomposition of the aggregate

skill-intensity growth within each state:

∆st =
∑
j

sj ∆ej +
∑
j

ej ∆sj, (A1)

where ∆ denotes the change between time 0 and t, sj = (sjt + sj0)/2 is the mean

skill intensity of sector j, ej = (ejt+ej0)/2 is the mean hours or labor compensation

shares depending on which skill intensity definition is used. The first summation

on the RHS of equation (A1) is the between-sector effect, showing the increase in

skill intensity solely due to the shifting sectoral shares.

Figure A2 reports the between-sector change divided by the actual change in

skill intensity for each state. It shows that a substantial part of the increase in

aggregate skill intensity is due to the expansion of sectors that employ a larger

share of high-skill workers. The between-sector component contributed to about
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Figure A2: The Rise in Aggregate Skill Intensity Explained by Sectoral Shifts
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Notes: This figure, based on a shift-share analysis, shows the ratio of the between component relative to the
overall change in the skill intensity by state. The between component is the mean change in the sectoral shares,
weighted by the sectors’ long-run mean skill intensity. Skill intensity in hours (compensation) is calculated as
high-skill workers’ share in total hours (compensation). The change is calculated from 1980 to 2010. States are
sorted by between share of the skill intensity change in hours.
Source: Census and ACS.

20% of the increase in aggregate skill intensity for the median state, which is also

the contribution for the U.S. as a whole.

A1.5 Hours and income shares

In contrast to the reallocation of low-skill hours, Figure A3A shows that the

allocation of high-skill hours across the two sectors are rather constant since 1980.

Figure A3B shows that the share of labor income goes to high-skill workers are

rising in both sectors, where the common driver could be the increase in the

relative supply of high-skill workers. The reallocation of low-skill hours into the

high-skill sector, however, would contribute to a faster rise in the high-skill labor

income share in the low-skill sector since 1980.
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Figure A3: Trends in Hours and Labor Income
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B. Labor Income Share of High-skill Workers 

Notes: Panel A shows the share of low-skill hours and the share high-skill hours in the high-skill sector. Panel B
shows the labor income share of high-skill workers in the low-skill and the high-skill sector. See Data Appendix
A1 for the construction of variables and sectors.
Source: WORLD KLEMS and CPS.

Figure A4 plots the income share of the low-skill workers and high-skill workers

out of the total value-added for the aggregate economy and the two sectors. It

shows that the income share of the low-skill workers have been falling while the

income share of the high-skill workers have been rising throughout the 1968-2010

period.
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Figure A4: Trends in Hours and Labor Income
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Notes: Panel A (B) shows the share of low-skill (high-skill) labor income in value-added of aggregate economy,
high-skill, and low-skill sectors. See Data Appendix A1 for the construction of variables and sectors.
Source: WORLD KLEMS and CPS.

Stewart, J. and H. Frazis (2019). The importance and challenges of measuring

work hours. IZA World of Labor.

A2 Theory Appendix

A2.1 Equilibrium Prices

A2.1.1 Deriving the ratio Hj/Lj

Equating MRTS across high-skill and low-skill labor to relative wages:

q =
1− ξj
ξj

(
Lj

H̃j

) 1
η

(1− κj)
(
Gj (Hj, Kj)

Hj

) 1
ρ

,

which can be re-written as

q = σj (1− κj)
(
Lj
Hj

) 1
η
(
Gj (Hj, Kj)

Hj

) η−ρ
ρη

; σj ≡
1− ξj
ξj
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where using equation (19), we can derive:

Gj (Hj, Kj)

Hj

=

[
κj

(
Kj

Hj

) ρ−1
ρ

+ (1− κj)

] ρ
ρ−1

= (1− κj)
ρ
ρ−1

[
δj

(
Kj

Hj

) ρ−1
ρ

+ 1

] ρ
ρ−1

= (1− κj)
ρ
ρ−1
(
δρjχ

ρ−1 + 1
) ρ
ρ−1 ,

thus we have

Gj (Hj, Kj)

Hj

=

(
1− κj
Ĩj

) ρ
ρ−1

. (A2)

Substituting (A2) into the MRTS condition across high-skill and low-skill:

q = σj (1− κj)
(
Lj
Hj

) 1
η

(
1− κj
Ĩj

) η−ρ
(ρ−1)η

,

which implies
Hj

Lj
= (σj/q)

η (1− κj)
ρ(η−1)
(ρ−1) Ĩj

η−ρ
1−ρ .

A2.1.2 Labor income shares

The high-skill income share is

Ij = [1− Jj] Ĩj, (A3)

using (20) and (22),

Ij =
Ĩj

1 + qη−1σ−ηl

[
Ĩj (1− κj)−ρ

] η−1
ρ−1

(A4)

The total labor income shares is

βj = Ij + Jj = (1− Jj) Ĩj + Jj

= Jj

[
1− Jj
Jj

Ĩj + 1

]
,
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substitute (20) and (22),

βj = Jj

[
q1−ησηj

[
Ĩj (1− κj)−ρ

] η−ρ
1−ρ

+ 1

]
.

A2.1.3 Equilibrium low-skill wage wl

The price for low-skill efficiency labor equals to the value of its marginal product:

wl = ξjpjAj

(
Fj (G (Hj, Kj) , Lj)

Lj

) 1
η

where using the production function

Fj (G (Hj, Kj) , Lj)

Lj
=

[
(1− ξj)

[
Gj (Hj, Kj)

Lj

] η−1
η

+ ξj

] η
η−1

= ξ
η
η−1

j

[
σj

[
Gj (Hj, Kj)

Hj

] η−1
η
(
Hj

Lj

) η−1
η

+ 1

] η
η−1

,

substitute (A2) and (21) to obtain

Fj (G (Hj, Kj) , Lj)

Lj
= ξ

η
η−1

j

σj (1− κj
Ĩj

) ρ
ρ−1( η−1

η ) (
q−ησηj (1− κj)

ρ(η−1)
(ρ−1) Ĩj

η−ρ
1−ρ

) η−1
η

+ 1


η
η−1

= ξ
η
η−1

j

[
σηj q

1−η (1− κj)
ρ(η−1)
(ρ−1) Ĩj

η−1
1−ρ + 1

] η
η−1

.

Using the income shares (22)

Fj (G (Hj, Kj) , Lj)

Lj
=

(
ξj
Jj

) η
η−1

, (A5)

and low-skill wage is

wl = ξ
η
η−1

j pjAj [Jj]
1

1−η .
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A2.2 Mapping the Two-Sector Model into a Three-Sector

Setting

Consider a three sector-economy where the service sector is as before, but in

addition to the low-skill sector, there is a capital sector with the same production

function as the low-skill sector in the baseline model. Assume the production

function of the low-skill sector and the capital sector are identical except for their

TFP index, equating the MRTS across the three inputs of production implies that

the following two Lemmas.

Lemma A1 Given the production functions for the low-skill sector and capital

sector are identical except the TFP Aj, the relative inputs used in the low-skill

sector is the same as that of the capital sector:

Hl

Kl

=
Hk

Kk

,
Hl

Ll
=
Hk

Hl

, (A6)

and the relative price of the two sectors is the inverse of their TFP:

pl
qk

=
Ak
Al
. (A7)

Proof. Given κl = κk, it follows from (19) that Hl
Kl

= Hk
Kk
, thus (20) implies Ĩl = Ĩk,

and together with ξl = ξk, optimal condition (21) implies Hl
Ll

= Hk
Lk
. It also follows

from (22) and (A4) that Jj = Jk and Ij = Ik, thus mobility of low-skill labor

across the low-skill and capital sector implies the relative price is the inverse of

the TFP from (27).

Lemma A2 Given the production functions for the low-skill sector and capital

sector are identical except their TFP, the low-skill sector and capital sectors can

be aggregate into one sector with the following constraint:

Yl +
qk
pl
Yk = AlFl (Gl (Hl +Hk, Kl +Kk) , Ll + Lk) (A8)
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Proof. Given the production function is homogenous of degree 1,

plYl + qkYk

= plAlFl (Gl (Hl, Kl) , Ll) + qkAlFl (Gl (Hk, Kk) , Lk)

= plAlHlFl

(
Gl

(
1,
Kl

Hl

)
,
Ll
Hl

)
+ qkAlHkFl

(
Gl

(
1,
Kk

Hk

)
,
Lk
Hk

)

Lemma A1 implies that

Kl +Kk

Hl +Hk

=
Kl

Hl

;
Ll + Lk
Hl +Hk

=
Ll
Lk

together with the result on relative price equation (A7),

plYl + qkYk = plFl (Gl (Hl +Hk, Kl +Kk) , Ll + Lk) ,

thus result follows.

Lemma A2 implies that we can work with a two-sector economy where the final

goods from the low-skill sector can be transformed into one unit of consumption

goods and 1/φ ≡ pl/qk = Ak/Al unit of capital goods.

A2.3 Allocation of Labor

A2.3.1 Expressing q as function of χ

Using (25), the equilibrium condition for price of capital is:

qk =
q

χ
plAl

[
Jlξl

−η] 1
1−η

Given φ = qk/pl,

χ = q
Al
φ

[
Jlξl

−η] 1
1−η .
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Using the definition of income share Jl (χ, q) in (22),

χ = qξ
η
η−1

l

Al
φ

[
1 + q1−ησηl

[
Ĩl (1− κl)−ρ

] η−1
1−ρ
] 1
η−1

= ξ
η
η−1

l

Al
φ

[
qη−1 + σηl

[
Ĩl (1− κl)−ρ

] η−1
1−ρ
] 1
η−1

rearranging

qη−1 + σηl

[
Ĩl (1− κl)−ρ

] η−1
1−ρ

=

(
φχ

Al

)η−1

ξ
η

1−η
l

so

q =

[(
φχ

Al

)η−1

ξ−ηl − σ
η
l

[
Ĩl (χ) (1− κl)−ρ

] η−1
1−ρ

] 1
η−1

,

Given the expression for Ĩl in (20),

q =

[(
φχ

Al

)η−1

ξ−ηl − σ
η
l

[(
1 + χρ−1δρl

)
(1− κl)ρ

] 1−η
1−ρ

] 1
η−1

= χ

[(
φ

Al

)η−1

ξ−ηl − σ
η
l

[(
χ1−ρ + δρl

)
(1− κl)ρ

] 1−η
1−ρ

] 1
η−1

,

so q > 0 requires

(
φ

Al

)η−1

ξ−ηl > σηl
[(
χ1−ρ + δρl

)
(1− κl)ρ

] 1−η
1−ρ

[(
χ1−ρ + δρl

)
(1− κl)ρ

] η−1
1−ρ >

(
φ

Al

)1−η

(1− ξl)η

which requires

χ > χmin ≡

[(
Al
φ

)1−ρ

(1− ξl)
η(1−ρ)
η−1 (1− κl)−ρ − δρl

] 1
1−ρ

.

Deriving equation for S
(
χ; ζ, φ

Al

)
: The labor market clearing condition for

high-skill worker implies:

Hl +Hk

Ll + Lk
(Ll + Lk) +

Hh

Lh
Lh = H,
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using Lemma 2 and high-skill labor market,

Hl

Ll
(L− Lh) +

Hh

Lh
Lh = H,

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

lh ≡
Lh
L

=
H/L−Hl/Ll
Hh/Lh −Hl/Ll

, (A9)

simplify to

lh =
ζ/ (Hl/Ll)− 1

(Hh/Lh) / (Hl/Ll)− 1
,

substitute MRTS condition (21)

lh =
ζσ−ηl qη (1− κl)

ρ(η−1)
1−ρ Ĩl

η−ρ
ρ−1 − 1

(σh/σl)
η
(

1−κh
1−κl

) ρ(η−1)
ρ−1

(
Ĩh
Ĩl

) η−ρ
1−ρ − 1

.

Deriving equation for D
(
χ; Âlh,

φ
Al

)
: The goods market clearing conditions

and the relative demand implies:

x =
phCh
plCl

=
PhYh

Pl (Yl − φK)

which can be written as:
phYh
plYl

= x

(
1− φK

Yl

)
, (A10)

where using relative price (27), x is derived as

x = Â1−ε
lh

(
ξ−ηh Jh

ξ−ηl Jl

) 1−ε
η−1

; Âlh ≡
Al
Ah

(
1− ψ
ψ

) ε
1−ε

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

K = Kh +Kl =
Kh

Lh
Lh +

Kl

Ll
(L− Lh)

A-18



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

phYh
xplYl

= 1− φ

Yl

[
Kh

Lh
Lh +

Kl

Ll
(L− Lh)

]
,

given φ ≡ qk/pl, rewrite it in terms of low-skill income share Jj :

Jl
xJh

(
Lh
Ll

)
= 1− qkJl

qlLl

[
Kh

Lh
Lh +

Kl

Ll
(L− Lh)

]
= 1− Jl

Ll

[
qkKh

qlLh
Lh +

qkKl

qlLl
(L− Lh)

]
= 1− Jl

Ll

[
1− βh
Jh

Lh +
1− βl
Jl

(L− Lh)
]
,

where the last equality follows from the definition of βj. Finally:

Jl
xJh

(
lh

1− lh

)
= 1− Jl

1− lh

[
1− βh
Jh

lh +
1− βl
Jl

(1− lh)
]
,

thus the demand for lh is:

lh =
βl

βl + Jl
Jh

(
1
x

+ 1− βh
) .

A2.4 Value-Added Shares

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

vh =

[
1 +

plYl
phYh

]−1

=

[
1 +

plAlFl/Ll
phFh/Lh

Ll
Lh

]−1

Using relative prices (27) and (A5),

vh =

[
1 +

(
1− λh
1− λl

) η
η−1
(
Jl
Jh

) 1
η−1
(

1− λl
Jl

) η
η−1
(

Jh
1− λh

) η
η−1
(
Ll
Lh

)]−1

simplify to

vh =

[
1 +

(
Jh
Jl

)(
1− lh
lh

)]−1

,

given lh, vh is determined.
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A2.5 Skill-biased shift

The production function is

Yj = Aj

[
ξjL

η−1
η

j + (1− ξj)
[
κjK

ρ−1
ρ

j + (1− κj)H
ρ−1
ρ

j

] ρ
ρ−1( η−1

η )
] η
η−1

= Aj

ξjL η−1
η

j + (1− ξj)

[
κj

(
Kj

Hj

) ρ−1
ρ

+ (1− κj)

] ρ
ρ−1( η−1

η )

H
η−1
η

j


η
η−1

Using the MRTS condition (19),

Yj = Aj

ξjL η−1
η

j + (1− ξj)

[
κj

(
χ

κj
1− κj

)ρ−1

+ (1− κj)

] ρ
ρ−1( η−1

η )

H
η−1
η

j


η
η−1

= Aj

[
ξjL

η−1
η

j + (1− ξj)
[(
χρ−1

(
κj

1− κj

)ρ
+ 1

)
(1− κj)

] ρ
ρ−1( η−1

η )
H

η−1
η

j

] η
η−1

= Aj

ξjL η−1
η

j + (1− ξj)

(
1− κj
Ĩj

) ρ
ρ−1( η−1

η )

H
η−1
η

j


η
η−1

.

A3 Quantitative Results

A3.1 Calibration

This section explains how the weights of each input are calibrated to match the

sectoral income shares of high-skill and low-skill for period 0 and period T.

A3.1.1 Normalization of φ/Al

The initial φ
Al

can be normalized to 1. By definition of Ĩj

Ĩj =

[
1 +

Kj

χHj

]−1

=⇒ Kj

χHj

=
1− Ĩj
Ĩj

,
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which is independent of φ/Al. Also by definition of J

J−1
j =

[
1 +

Kj

χHj

]
q
Hj

Lj
+ 1

so
Hj
Lj

is independent of φ/Al as well. Therefore it follows from (A9) that lh is

independent of φ/Al. So the allocation of low-skill labor is independent of φ/Al.

Given Hj/Lj and Kj/Hj are independent of φ/A1, so the allocation of all inputs

are independent of φ/A1. This shows that we can normalize φ/Al0 = 1 as it does

not affect input allocations across the three sectors. The value of φT/AlT is then

determined by the growth in the relative price of capital φT/φ0 and the growth in

low-skill productivity AlT/Al0.

A3.1.2 Calibration of κl, ξl

Given φ/Al, equation (28) express χ as a function of ξl given data on q and Jl :

χ = qAk
[
Jlξ
−η
l

] 1
1−η = qAkJ

1
1−η
l ξ

η
1−η
l .

Substitute this into Ĩl in (20) to solve out δl explicitly:

δl =

[
1− Ĩl
Ĩl

χ1−ρ

] 1
ρ

which implies a value of κl = δl
1+δl

for any given level of ξl. Thus the income share

equation (22) provides an implicit function to solve for ξl:

Jl =

[
1 + q1−ησηl

[
Ĩl (1− κl)−ρ

] η−1
1−ρ
]−1

,

which can be used to solve for ξl given data on
(
Ĩl, Jl

)
. This procedure pins down

χ, ξl and κl. Note that

(1− κl)−1 = 1 + δl = 1 +

[
1− Ĩl
Ĩl

χ1−ρ

] 1
ρ

= 1 +

[
1− Ĩl
Ĩl

(
qφ

Al
J

1
1−η
l ξ

η
1−η
l

)1−ρ
] 1
ρ
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so

σηl
[
(1− κl)−1] ρ(η−1)

1−ρ = σηl

1 +

(
1− Ĩl
Ĩl

) 1
ρ (

qAkJ
1

1−η
l

) 1−ρ
ρ

ξ
η(1−ρ)
(η−1)ρ

l


ρ(η−1)

1−ρ

The implicit function is

f (ξl) =

1 + q1−η

(1− ξl
ξl

) η(1−ρ)
ρ(η−1)

+

(
1− Ĩl
Ĩl

) 1
ρ (

qφ

Al
J

1
1−η
l

) 1−ρ
ρ

(1− ξl)
η(1−ρ)
(η−1)ρ


ρ(η−1)

1−ρ

−1

−Jl,

thus we have

f ′ (ξl) > 0

lim
ξl→1

f (ξl) = 1− Jl > 0

lim
ξl→0

f (ξl) = −Jl < 0

so there is an unique solution for ξl ∈ (0, 1) for any given φ/Al.

A3.1.3 Calibration of κh, ξh

Using income shares Ĩh in ((20)):

δh =

[
1− Ĩh
Ĩh

χ1−ρ

] 1
ρ

=⇒ κh =
δh

1 + δh

given Ĩh and χ, κh is obtained. Using Jh in (22):

σh =

[
1− Jh
Jh

qη−1
[
Ĩh (1− κh)−ρ

] 1−η
1−ρ
] 1
η

,

given κh, Ĩh, Jh and q, so ξh is obtained.

A3.2 Results for Other Variables

The performance of the model on other key variables is summarized in Table A3.
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Table A3: Actual and Predicted Values for Key Variables

q lh hh vh βl βh

Data 1980 1.44 0.14 0.46 0.24 0.59 0.56
(1) Data 2008 1.94 0.21 0.46 0.29 0.53 0.65
(2) Model 2008 1.92 0.20 0.45 0.28 0.52 0.65

Counterfactual (shutting down individual mechanism)

(3) Al/Ah 1.80 0.15 0.37 0.22 0.52 0.64
(4) φ 1.70 0.19 0.44 0.27 0.52 0.62
(5) ξj 1.51 0.18 0.52 0.31 0.59 0.64
(6) κj 1.71 0.20 0.43 0.27 0.50 0.59
(7) H/L 3.17 0.23 0.47 0.31 0.56 0.68

Table A4: Data and Model Predictions, ε = 0.5, 1980-2008 % Change

Divergence y/PY wl/PC wl/pl wl/ph
(1) data 27(38) 60 26 44 -3.4
(2) model 33 matched 20 44 -3.6

Counterfactual (shutting down individual mechanism)
(3) Al/Ah 20 84 54 46 64
(5) ξj 9.3 65 51 85 18

A3.3 Sensitivity Analysis

This section considers alternative values elasticity parameters and the growth in

the price of the high-skill sector. Given the calibration procedures, changing one

parameter will change the values for other parameters. In the interest of space,

we do not report those values. These parameter values are available upon request.

A3.3.1 Elasticity of substitution across high-skill and low-skill goods

As discussed in the main text, there is no direct estimate for ε in our model but

there is evidence suggesting that it is small. We now consider a higher value of

ε = 0.5. An increase in ε implies that the model requires a higher growth in Alh

to match the observed growth in relative prices, as a result other parameters are

also affected.

As shown in Table A4 the baseline results (2) are not affected given the cali-

bration procedures. The more important question is whether it will affect the role
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played by the uneven productivity growth, i.e. a rise Alh. As shown in row (3),

the uneven productivity growth is important for divergence. In its absence the

divergence would reduce by a third. It has a smaller role compared to the role

played by falling ξ in row (5), bit its advantage remains in predicting a rise in the

relative price of the high-skill sector, which is needed for the sector-specific trends

in the marginal product of low-skill labor and a rise in the relative cost of living.

A3.3.2 Elasticity of substitution across capital and high-skill labor

The estimate of ρ = 0.67 in Krusell et al. (2000) is for the aggregate economy

using data for 1963-1992. We can also infer the elasticity of substitution across

capital and high-skill labor ρ using the equilibrium condition (19) and data on

income shares and relative input prices, Using the equilibrium condition (19), the

response in relative income shares to changes in relative prices of high-skill and

capital input is

ln

(
IjT/ (1− βjT )

Ij0/ (1− βj0)

)
= (1− ρ) ln

(
χT
χ0

)
, (A11)

where by definition, χ = wh/qk = φ(wh/pl), so its growth can be obtained from

data on the relative price of capital and the high-skill wage deflated by price of

low-skill sector. Given the data in 2, equation (A11) implies ρ is 0.39 using income

shares from the low-skill sector and 0.59 using income shares from the high-skill

sector, which give an average of 0.49. If we were to use the aggregate income shares

instead, equation (A11) implies ρ = 0.48. Thus we report the results for ρ = 0.5 in

Table A5. It shows that the results for the full model (row 2) is almost identical to

those in Table 4 and Table 5. The contribution of the uneven productivity growth

(row 3) to the divergence and low-skill real wage is also similar.

A3.3.3 Elasticity of substituion across low-skill and high-skill labor

The estimate of η = 1.4 in Katz and Murphy (1992) is for the aggregate economy

using data for 1963-1987. For a similar period, 1963-1992, Krusell et al. (2000)

finds η = 1.67 and ρ = 0.67 for the nested aggregate production function including

capital. Using more recent data, abstracting from capital, Acemoglu and Autor
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Table A5: Data and Model Predictions, ρ = 0.5, 1980-2008 % Change

Divergence y/PY wl/PC wl/pl wl/ph
(1) data 27 60 26 44 -3.4
(2) model 34 matched 20 44 -3.5

Counterfactual (shutting down individual mechanism)
(3) Al/Ah 20 84 53 48 61
(5) ξj 10 65 50 85 17

(2012) find values within the range 1.6–1.8. Higher η implies a smaller exogenous

decline in ξl is needed to account for the decline in labor income shares in the

low-skill sector. Table A6 reports the results for η = 2.0. It shows the uneven

productivity growth (row 3) has a more important role in accounting for the

divergence as the required decline in ξl reduced to -0.46% compared to -0.93% in

the baseline. This has weaken the contribution the fall in the input weight of the

low-skill labor (row 4) compared to the baseline in Table 4 and 5.

Table A6: Data and Model Predictions, η = 2.0, 1980-2008 % Change

Divergence y/PY wl/PC wl/pl wl/ph
(1) data 27 (38) 60 26 44 -3.4
(2) model 34 matched 19 44 -3.4

Counterfactual (shutting down individual mechanism)
(3) Al/Ah 22 83 50 46 55
(5) ξj 23 62 31 60 4.1

A3.3.4 Relative price of the high-skill sector

We present the results where the increase in the relative price of the high-skill

sector is assumed to be half of the observed in the data, i.e. the increase is only

25% instead of 49%. We assume this is entirely due to the upward bias on the

growth in the price of the high-skill sector while keeping the growth of the low-skill

sector as in the data. Using the value-added shares in KLEMS and applying the

Tornqvist index, this implies a lower growth in PY and we assume the same effect

on PC given we do not have data on consumption. Thus, by construction, the

ratio of PC/PY is not affected by this alternative price.

The results are reported in Table A7. In the data (row 1), the low-skill real
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wage, the aggregate labor productivity and the low-skill MPL wage in the high-skill

sector are growing faster because of a slower growth in ph. As in Table 4 and 5, the

full model (row 2) matches the data row very closely. The divergence predicted

by the uneven productivity growth mechanism (row 3) is smaller compared to

Table 4. The effect from falling production weight ξj compared to the baseline.

Overall, the quantitative effects of the uneven productivity growth is smaller but

still quantitatively important in accounting for the growth in low-skill real wage

and its divergence from the aggregate labor productivity.

Table A7: Data and Model Predictions, lower growth in ph, 1980-2008 % Change

Divergence y/PY wl/PC wl/pl wl/ph
(1) data 27 68 32 44 15
(2) model 28 matched 31 44 15

Counterfactual (shutting down individual mechanism)
(3) Al/Ah 19 84 54 47 66
(5) ξj 5.8 74 64 86 41

A3.4 One-sector model

The one-sector version of utility (6) and budget constriant (7), for i = h, l, is:

Ui = ln ci; ci = wi (A12)

The household decision problem simply implies ci = wi, i = h, l. The aggregate

production function follows (8)- (10) with the market clearing condition for the

final good as in (11). The aggregate production function is:

Y = A

[
ξL

η−1
η + (1− ξ)

[
κK

ρ−1
ρ + (1− κ)H

ρ−1
ρ

] ρ
ρ−1

] η
η−1

, (A13)

and the market clearing condition:

Y = Hch + Lcl + φK (A14)
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As in the multi-sector model, the representative firm’s problem is to take wages

and capital price {qk, wh, wl} as given to maximize profit. Thus condition (19)-(29)

hold for the one-sector economy, where subscript for sectors are dropped. Thus all

variables of the model can be expressed as function of the relative price χ = wh
qk
.

The equilibrium χ can be solved from the market clearing condition together with

household’s budget constriant:

Y = Hwh + Lwl + φK (A15)

Using the definition of the income share of low-skill in (22), and φ as the relative

price of capital is equal to qk. Equation (A15) becomes

wlL

J
= Hwh + Lwl + qkK

Rewrite it into relative factor prices, and substitute ζ ≡ H
L

as the relative supply

of high-skill labor:
1

J
= ζq + 1 +

q

χ

(
K

H

)
ζ,

substituting K/H from (19) and J from (20) and (22),

1 + q1−ηση
[

1

(1 + χρ−1δρ) (1− κ)−ρ

] η−1
1−ρ

= ζq + 1 +
q

χ
(χδ)ρ ζ,

which implies to

q−ηση (1− κ)
(1−η)ρ

1−ρ = ζ
[(

1 + χρ−1δρ
)] η−ρ

1−ρ

Finally substitute q from (29) to obtain an implicit function in χ:

[(
φ

A

)η−1

ξ−η − ση
[(
χ1−ρ + δρ

)
(1− κ)ρ

] 1−η
1−ρ

] η
1−η

χ−ηση (1− κ)
(1−η)ρ

1−ρ = ζ
[(

1 + χρ−1δρ
)] η−ρ

1−ρ .

(A16)

Once χ is solved, the rest of equilibrium variables are obtained.

A-27



A3.4.1 Calibration of the one-sector economy

The calibration strategy is the same as before. The elasticity parameters in Table

3A are identical as before. The relative supply of high-skill worker ζ is also the

same as in the multi-sector model given it is calibrated to match the aggregate

income share of high-skill relative to low-skill as in equation (37). The changes

of the rest of the parameters are summarized as below. The driving force of the

one-sector are (AT/A0, φT/φ0) . The parameter φ is matched to the decline in

the relative price of capital. The growth rate of φ is now at -0.88% per annual,

which fall faster than the multisector model given this is the the price relative

to the aggregate output instead of output of the low-skill sector. The growth

in aggregate TFP A is set to match the growth in real labor productivity. The

production weight of each input {ξ, κ} are set to match the aggregate income

share of high-skill and low-skill. The new calibrated parameters are summarized

in Table (A8).

Table (A9) reports the quantitative results related to those for the multisector

model in Table (4) and Table (5). Row (1) is the baseline result. Given the

calibration strategy of production weights ξ and κ, and the relative supply of

high-skill ζ in equation (37), they imply the relative wage q is also matched in the

one-sector model. It follows that the increase in wage inequality (w/wl) and the

fall in labor share are matched, thus the predicted nominal divergence is the same

as in the data given the accounting equation (5). Given price of consumption is the

same as price of output in the one-sector model, it implies real divergence is the

same as nominal divergence. Row (3)-(6) reports the role of falling relative price of

capital (φ), the changing production weights (ξ, κ) and the increase in the relative

supply of high-skill. The message is similar to the results in the multisector model

reported in Table (4) and Table (5).
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Table A8: Calibrated Parameters for One-sector model

Parameters 1980 2010 Growth (% p.a.) Target

φ -0.88 Price of capital relative to the final output
A 0.74 Aggregate real labor productivity
ξ 0.29 0.24 -0.80 Aggregate income share. See Appendix A3.1
κ 0.62 0.57 -0.29 Aggregate income share. See Appendix A3.1

Table A9: One-sector model, Percentage Change, 1980-2008

Factors for divergence Real Prod. and wage
Divergence Inequality Labor Share Prod. Low-skill wage

(1) Data 27 (38) 19 -3.4 60 26 (16)
(2) Model 24 matched matched matched 29

Counterfactual (shutting down individual mechanism)
(3) φ 18 9.7 -7.0 36 15
(4) ξ 1.0 2.3 3.3 66 68
(5) κ 25 14 -9.0 65 32
(6) H/L 31 33 1.5 36 3.8

Note: Factors for divergence are shown in (5). For the data row, the low-skill real wage
is calculated using PCE as PC and number in bracket is when CPI is used as PC . By
definition, real divergence is the same as nominal divergence in the one-sector model.
Row (3) fix the relative price of capital φ. Row (4) and (5) fix production weight of
low-skill labor ξ and the weight κ in production function (8). Row (6) fix the relative
supply of high-skill labor H/L.
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