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Disentangling Occupation- and Sector-specific

Technological Change∗

Zsófia L. Bárány† Christian Siegel‡

July 4, 2017

Abstract

Occupational and sectoral labor market patterns display a significant overlap.

This implies that economic models can explain these patterns to a large degree

through either sector- or occupation-specific technological change, but stay silent

about the level of specificity. We propose a model where technologies evolve at

the sector-occupation level, allowing us to extract sector-only and occupation-only

components and to quantify their importance. We find that most of productiv-

ity changes are occupation-specific, but that there is also a sizable sector compo-

nent. We contrast the data and our baseline model against implications of models

where technological change is restricted to be either at the sector or at the occu-

pation level, or both. All three restricted models can replicate both sectoral and

occupational outcomes very well, but occupation-specific changes are crucial for

within-sector changes of occupational employment and income shares.
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comments and suggestions. We gratefully acknowledge funding from a British Academy/Leverhulme
Small Research Grant (SC-07334).
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‡University of Kent. Email: c.siegel@kent.ac.uk
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1 Introduction

Over recent decades the labor markets in most developed countries have experienced

substantial changes. There has been structural change, a massive reallocation of labor

across sectors, while at the occupational level labor markets experienced polarization;

employment shifted out of middle-earning jobs to low- and high-earning jobs, which

also saw higher wage growth than the middle-income occupations. Both of these pat-

terns are typically explained through non-neutral productivity growth. Whereas the

literature on structural change focuses on productivity growth differentials across sec-

tors (e.g. Kongsamut, Rebelo, and Xie (2001), Ngai and Pissarides (2007), Acemoglu

and Guerrieri (2008)), the emphasis of the polarization literature is typically differ-

ences across occupations (e.g. Autor, Katz, and Kearney (2006), Goos and Manning

(2007), Autor and Dorn (2013), Goos, Manning, and Salomons (2014), Michaels, Na-

traj, and Van Reenen (2014)).

In this paper we aim to disentangle to what degree technological change is neutral

or specific to sectors or to occupations. Since in the data one does not observe the out-

put produced by workers in individual occupations (but only of firms or sectors), one

cannot directly measure productivities at the occupation level. We therefore build a

flexible model that we use to extract productivities at the occupation-sector level from

household survey data. We do not restrict the nature of technological change, but infer

productivities for each occupation-sector cell, which we then decompose into neutral,

sector, and occupation components. This allows us to quantify their contributions. In

addition, we compare our results to a model that restricts productivity growth to be

specific either to the sector or the occupation, or to both.

The phenomena of structural change and polarization across occupations have

been connected in recent literature. In Bárány and Siegel (2017) we show that forces

behind structural change, i.e. differences in productivity growth across sectors, lead to

polarization of wages and employment at the sectoral level, which in turn imply po-

larization in occupational outcomes. Goos et al. (2014) suggest that differential occu-

pation intensity across sectors and differential occupational productivity growth can

lead to employment reallocation across sectors. Duernecker and Herrendorf (2016)
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and Lee and Shin (2017) argue that unbalanced occupational productivity growth by

itself provides dynamics consistent with structural change.
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Figure 1: Sector-occupation employment shares 1960-2007
Notes: The data is taken from IPUMS US Census data for 1960, 1970, 1980, 1990, 2000 and the American
Community Survey (ACS) for 2010. For three broad sectors, low-skilled services (L), goods (G) and
high-skilled services (H) and three occupational categories (manual, routine, abstract), this figure plots
the evolution of sector-occupation employment shares in the U.S. over 1960–2010. The black lines show
the employment share of each sector, which within the sector panels is broken down by occupations.
For the classification of occupations and industries see appendix A.1.

That the observed sectoral and occupational patterns in employment and wages

can be explained by either productivity growth differentials between sectors or alter-

natively between occupations, is due to the large overlap between sectoral and occu-

pational employment the data displays. For three broad sectors (low-skilled services,

goods, high-skilled services) and three occupational categories (manual, routine, ab-

stract), Figure 1 plots the evolution of sector-occupation employment shares in the U.S.

between 1960–2010. The black lines show the employment share of each sector, which

is then broken down into occupations. The structural change in the economy is appar-

ent in the pronounced decline in goods sector employment and the rise in (particularly
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high-skilled) service sector employment. Labor market polarization is manifested in

the fall of the share of routine occupations (which traditionally are in the middle of the

wage distribution). However, looking at occupations and sectors more carefully, two

additional facts are apparent. First, the goods sector has the highest share of routine

labor. Second, by far most of the decline in routine employment occurred in the goods

sector, whereas in the two service sectors it declined only slightly. Similarly, almost all

of the increase in the employment share of abstract occupations took place in the high-

skilled service sector, and virtually all of the increase in manual employment up to

2000 was in low-skilled services. Because of this large overlap between the evolution

of occupational and sectoral employment, models that allow for productivity growth

differences only at the sectoral level or only at the occupational level can do a rela-

tively decent job in generating patterns in line with the data. However, such restricted

models load all technological differences on one type of factor, therefore not allowing

to identify whether these technological differences are indeed at the sector or occupa-

tional level. Yet distinguishing the nature of productivity growth matters for policy

implications. The goal of our paper is to disentangle and quantify different forms of

technological change. Our setup is flexible enough to allow for productivity changes

that are neutral (economy-wide), specific to firms in particular industries (producing

particular products), specific to workers in certain occupations (linked to their task

content), or specific to occupation-sector cells (a residual).

We build a parsimonious model featuring multiple sectors that employ various

occupations, possibly at different intensities. In this model we do not impose any

structure on the nature of technological change. Using only the production-side of the

model, we extract from US IPUMS data the time series of sector-occupation specific

technological change. Then, using a factor model we decompose the inferred pro-

ductivities into a neutral component, sector-specific components, occupation specific

components, and a residual. Our results suggest that technological change is biased

both at the sector and at the occupation level. When considering the three broad sec-

tors and three broad occupational categories used in Figure 1, we find that occupation

factors account for 50-53 percent of productivity changes between 1960 and 2010, sec-

tor factors for for 20-34 percent, and that between 4 and 9 percent are due to neutral
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technologies, whereas 24-34 percent are specific to occupation-sector cells.

Finally, we study models that a priori restrict the nature of technological progress.

We explore variants where productivity growth is restricted to occur only at the sec-

tor level, only at the occupation level, or at both levels (but not their interaction), and

contrast their predictions against our flexible model and the data. We find that these

restricted models also do a reasonable well job in matching some aspects of the data.

However, while all of these restricted models can capture the general trends in relative

wages and employment, both at the sectoral as well as at the occupational level, we

find that occupation-specific productivity growth is crucial to replicate the observed

within-sector changes in occupational employment and income shares. We therefore

conclude that, despite our evidence for both sizable occupation and sector factors in

technologies, studies that only allow for one of two are not misleading with respect

to their predictions for sectoral or occupational outcomes. However, if also the occu-

pational employment or income shares within sectors are objects of interest, it is nec-

essary to model occupation-specific technological change. We further find that while

the value of the elasticity of substitution is quantitatively (and for sectoral prices even

qualitatively) important for the occupation-only models, it is essentially irrelevant for

the predictions of sector-only and sector-occupation models. As there is no consensus

in the literature on the value of the elasticity of substitution between different occupa-

tions, our analysis suggests that models should allow for technologies to evolve at the

sector- and at the occupation-level for robust results.

2 Model

We assume that there is a continuum of measure one of heterogeneous workers in the

economy. Each worker optimally selects his occupation, and can freely choose which

sector of the economy to supply his labor in. This implies that in equilibrium there

is a single wage rate in each occupation which is common across sectors. We further

assume that the different types of labor are imperfect substitutes in the production

process in each sector, and that each sector values these types of workers differently in

production.
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The three types of workers are organized into a stand-in household, which derives

utility from consuming all types of goods and services, and maximizes its utility sub-

ject to its budget constraint. The economy is in a decentralized equilibrium at all times:

firms operate under perfect competition, prices and wages are such that all markets

clear. Taking as given the supply of the different types of workers over time, we use

this parsimonious static model to pin down how the valuation of the different occu-

pations in each sector changes over time.

2.1 Sectors and production

There are three sectors in the economy which respectively produce low-skilled ser-

vices, goods, and high-skilled services. All goods and services are produced in perfect

competition. Each sector uses only labor as input in its production, but each combines

all three types of occupations (manual, routine and abstract), with the following CES

production function:

YJ =
[
(αmJ lmJ)

η−1
η + (αrJ lrJ)

η−1
η + (αaJ laJ)

η−1
η

] η
η−1

for J ∈ {L,G,H},

where loJ is occupation o labor used in sector J , αoJ > 0 is an occupation-sector specific

labor augmenting technology term for occupation o ∈ {m, r, a} in sector J , and η ∈

[0,∞] is the elasticity of substitution between the different types of labor.1 In the initial

year αoJ reflects the initial productivity as well as the intensity at which sector J uses

occupation o, whereas any subsequent change over time reflects occupation-sector

specific technological change. This formulation of the production function is very

flexible and does not impose any restrictions on the nature of technological change.

In particular, it does not require taking a stance on whether technological change is

specific to sectors or occupations.2 We use the model to calculate from the data the

1We assume the same elasticity of substitution in all sectors since we do not want to confound
changes in productivity that are specific to sectors with potential differences in elasticities.

2Given that the data shows a large overlap between sectors and occupations (e.g. the share of routine
workers is highest in the goods sector), had we set up the production function allowing only for sector-
specific or only for occupation-specific terms we would potentially have attributed changes to this one
factor that are actually due to the other factor. Our approach circumvents this problem as we do not
impose any a priori restrictions.
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occupation-sector specific productivity terms, which we then decompose into com-

mon factors, as described in section 4.

Each firm takes prices and wages as given, and firms’ first order conditions pin

down the optimal relative labor use as:

lmJ
lrJ

=

(
wr
wm

)η (
αmJ
αrJ

)η−1
, (1)

laJ
lrJ

=

(
wr
wa

)η (
αaJ
αrJ

)η−1
. (2)

It is optimal to use more manual labor relative to routine labor in all sectors if the

relative routine wage, wr/wm, is higher. Additionally, if in sector J the term
(
αmJ
αrJ

)η−1
is larger then it is optimal to use relatively more manual labor in that sector. So for

example routinization, i. e. the replacement of routine workers by certain technologies,

would be captured by an increase in
(
αmJ
αrJ

)η−1
and in

(
αaJ
αrJ

)η−1
in all sectors J .

The firm first order conditions also pin down the price of sector J output in terms

of wage rates:

pJ =

[
αη−1mJ

1

wη−1m

+ αη−1rJ

1

wη−1r

+ αη−1aJ

1

wη−1a

] 1
1−η

. (3)

Finally using (1), (2) and (3) to express sector J output, optimal sectoral labor use can

be expressed as:

lmJ =

[
pJαmJ
wm

]η
YJ
αmJ

, (4)

lrJ =

[
pJαrJ
wr

]η
YJ
αrJ

, (5)

laJ =

[
pJαaJ
wa

]η
YJ
αaJ

. (6)

2.2 Households – occupational choice and demand for goods

The economy is populated by a unit measure of workers, who each have an idiosyn-

cratic cost for entering each occupation, but can freely move between the three sectors,

low-skilled services (L), goods (G), or high-skilled services (H), implying that in equi-
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librium, occupational wage rates must equalize across sectors. The cost that individ-

uals pay for entering an occupation is redistributed in a lump-sum fashion. Since the

consumption decisions are taken by the stand-in household, individuals choose the

occupation that provides them with the highest income. Thus an individual i chooses

sector j if

wj − χij ≥ wk − χik for any k 6= j, k, j ∈ {m, r, a},

where wj is the unit wage in occupation j and χij is individual i’s cost of entering

occupation j. The optimal occupational choice is summarized in Figure 2.

lm
lr

la

wa − wr + χr − χm

wr − wm

wa − wm

χ1 ≡ χr − χm

χ2 ≡ χa − χm

Figure 2: Optimal occupational choice
Notes: The graph shows the optimal selection of individuals into manual, routine and abstract occupa-
tions in terms of their idiosyncratic occupational cost differences (χ1 ≡ χr − χm and χ2 ≡ χa − χm), as
a function of occupational unit wages wm, wr, wa.

Given the optimal occupational choice the fraction of labor supplied in the three

occupations is given by:

lm =

∫ ∞
wr−wm

∫ ∞
wa−wm

f(χ1, χ2)dχ1dχ2 (7)

lr =

∫ wr−wm

−∞

∫ ∞
wa−wr+χ1

f(χ1, χ2)dχ1dχ2 (8)

la =

∫ ∞
0

∫ min{wa−wr+χ1,wa−wm}

−∞
f(χ1, χ2)dχ1dχ2 (9)

The workers are organized into a stand-in household, which collects all income,
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and makes utility maximizing choices in terms of sectoral consumption. The stand-in

household solves the following problem:

max
cL,cG,cH

(
aL(cL + cL)

ε−1
ε + aGc

ε−1
ε

G + aH(cH + cH)
ε−1
ε

) ε
ε−1

s. t. pLcL + pGcG + pHcH ≤ lmwm + lrwr + lawa

where aL+aG+aH = 1, ε < 1, i. e. the goods and services are complements in consump-

tion, and cL, cH allow for non-homotheticity in consumption. The price of low-skilled

services is denoted by pL, that of goods is denoted by pG, while that of high-skilled

services by pH . Assuming that the household is rich enough to consume every type of

good and service (i. e. an internal solution), optimality implies the following demand

schedule:

CL =

(
aL
pL

)ε
fmwm + frwr + fawa + pLcL + pHcH

aεLp
1−ε
L + aεGp

1−ε
G + aεHp

1−ε
H

− cL, (10)

CG =

(
aG
pG

)ε
fmwm + frwr + fawa + pLcL + pHcH

aεLp
1−ε
L + aεGp

1−ε
G + aεHp

1−ε
H

, (11)

CH =

(
aH
pH

)ε
fmwm + frwr + fawa + pLcL + pHcH

aεLp
1−ε
L + aεGp

1−ε
G + aεHp

1−ε
H

− cH . (12)

2.3 Equilibrium

There are six markets in this economy: three labor markets, that of manual, routine

and abstract labor; and three goods markets, that of low-skilled services, goods, and

high-skilled services. There are six corresponding prices, out of which we normalize

one: wr = 1. The equilibrium is then defined as a set of prices, wm, wa, pL, pG, pH , for

which all markets clear.

Goods market clearing requires that YL = CL, YG = CG, and YH = CH . Note that

sectoral prices, pJ , and sectoral demands, CJ , depend on the endogenous occupational

wage rates, wm, wr and wa, as given in (3) and (10), (11), and (12). Then from (4), (5), or

(6) optimal occupation o labor use in sector J can be expressed as a function of manual
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and abstract wage rates:

loJ(wm, wa) =

[
pJαoJ
wo

]η
CJ
αoJ

for o ∈ {m, r, a} and J ∈ {L,G,H}.

The equilibrium then boils down to finding wage rates wm and wa such that the

labor markets clear:3

lmL(wm, wa) + lmG(wm, wa) + lmH(wm, wa) = lm,

lrL(wm, wa) + lrG(wm, wa) + lrH(wm, wa) = lr.

3 Calibration

We need to calibrate the sectoral production functions, the distribution of the costs of

entering the different occupations, and the utility function. In our model setup, there

is a dichotomy that allows to back out the sector-occupation cell productivities from

the micro data using only the production side. We therefore proceed in the following

steps, similarly to Buera, Kaboski, and Rogerson (2015). First, we calibrate the ob-

jects of the sectoral production functions taking as given the occupational wage rates

and employment shares, and the sectoral income shares, in order to match in each pe-

riod the income share of different occupations within each sector, the relative sectoral

prices, and the overall growth rate of the economy. Second, we calibrate the distri-

bution of costs such that it allows us to match occupational employment shares and

wages in the initial and final period. Finally we calibrate the utility function such that

the model matches the sectoral income shares in the initial and final period.

3.1 Calibration targets

We use US Census and ACS data between 1960 and 2010 to calculate occupational

wage rates and occupational labor income shares within sectors, from which we infer

the cell-specific productivities. In addition, we compute each sector’s share in labor

3Due to Walras’ law the market for abstract labor automatically clears.
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income4, which we use as targets for the calibration of the utility function. For these

calculations, we categorize workers into our three occupations and our three sectors

based on their occupational code (occ1990) and respectively on their industry code

(ind1990).

We calculate manual, routine, and abstract wage rates as the average hourly wage

of a narrowly defined group – 25 to 29 year old men – in the given occupation. We

rely on this measure – rather than on the average hourly wage of all workers within

an occupation – to limit the potential influence of composition changes, e.g. due to

differential changes in the demographic composition of workers across occupations.5

The occupational wage rate targets are calculated as:

ωm ≡
average hourly wage of 25–29 year old men in manual jobs
average hourly wage of 25–29 year old men in routine jobs

,

ωr ≡
average hourly wage of 25–29 year old men in routine jobs
average hourly wage of 25–29 year old men in routine jobs

= 1,

ωa ≡
average hourly wage of 25–29 year old men in abstract jobs
average hourly wage of 25–29 year old men in routine jobs

.

We calculate the labor income share of occupation o in sector J as the ratio of total

labor income of workers in occupation o and sector J relative to the total labor income

of all workers in sector J :

θoJ ≡
wage earnings of occupation o workers in sector J

wage earnings of sector J workers
.

Finally, we calculate sectoral income shares as

ΨJ ≡
wage earnings of workers in sector J

total wage earnings
.

Note that, we can express total occupational earnings in two ways. Either simply

as total occupational labor supply times occupational wage, or as the sum of the given

4In our model the sectoral labor income shares are equal to value added shares as there are no other
production factors.

5This is similar to Buera et al. (2015), and it implies that all differences within an occupational group
in hourly wages are due to differences in the endowment of efficiency units of labor. Given that we do
not explicitly model heterogeneity in efficiency labor across individuals, the way we model selection
implies that selection into occupations is orthogonal to efficiency.
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occupation’s earnings across different sectors. This identity allows us to calculate the

occupational labor supplies, lm, lr and la, from the data on sectoral income shares,

occupational labor income shares within sectors, and occupational wages.6

We use data from the Bureau of Economic Analysis (BEA) between 1960 and 2010

to get sectoral prices and the growth rate of GDP per worker between periods.7

3.2 Calibration of the production side

As mentioned before, given the structure of the model we can infer the productivity

parameters directly from the micro data, without having to rely on a parameterization

of the model’s household side. We can do this conditional on a value for the elasticity

of substitution in production between different types of labor.

We set this elasticity to η = 0.6, which is close to the value Duernecker and Herren-

dorf (2016) use for the elasticity between goods and service occupations. Since in our

model η captures the elasticity between three occupational categories, this might not

be the right value. We conduct sensitivity analysis with respect to the value of η. For

our baseline model, its value hardly matters. For the factor model its value has a small

impact on the quantitative importance of the various factors. Finally, its value turns

out to be crucial for some of the outcomes of the restricted models, which we explore

in a sensitivity analysis in section 5.3.

We calculate the nine cell-specific productivity parameters, the αs, in each period.

As discussed earlier, we back these out directly from nine targets: the labor income

share of different occupations within each sector, the relative sectoral prices, and the

overall growth of the economy. We calibrate these taking as given occupational wage

rates, occupational labor supplies, and the sectoral distribution of income. Our model

allows us to express the cell-specific productivity parameters as a function of the above

data targets and the elasticity of substitution in production. The intuition of what pins

down the different αs is the following. The occupational income shares pin down the

ratios of αs within sectors in each period, given occupational wages (from (1) and (2)).

6Given the measurement of unit wages, these labor supply shares are not the same as the share of
hours across occupations, but the trends are very similar. See the appendix for details of the calculations
of occupational labor supplies.

7Table 3 in the appendix contains all the targets we use in the calibration.
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The sectoral relative prices pin down the αs across sectors within each period, again

given occupational wages (from (3)). Finally, the overall growth rate of the output per

worker pins down the evolution of the αs over time, given the distribution of income

across sectors and occupational labor supplies.8

3.3 Calibration of the cost distribution and of the consumption side

To close the model we need to parameterize the household side of the model. These

choices matter only for model simulations but not for assessing the contributions of

sector and occupation factors to productivity growth.

To calibrate the distribution of cost differences, we assume that f(χ1, χ2) is dis-

tributed according to a bivariate normal, and we fix the correlation parameter to be

0.4. Given this correlation, we calibrate the two means and diagonal of the variance-

covariance matrix such that in the initial and final period for given unit wages the cost

distribution is able to match the employment shares. This calibration procedure by

construction limits the importance of the correlation parameter, as the initial and final

period outcomes are guaranteed to be the same regardless of its value. Our robustness

checks on the value of the correlation parameter confirm that it is neither qualitatively,

nor quantitatively important.

Finally we calibrate the preference parameters of the model. Following Ngai and

Pissarides (2007), we set the elasticity of substitution in consumption between the dif-

ferent sectoral outputs to ε = 0.2, implying that goods and the two types of services

are complements. Given all the production side parameters, and the distribution of

costs we calibrate cL, cH , aL, and aG to match the distribution of the sectoral income

shares in the initial and final year, i. e. in 1960 and 2010. This also guarantees that the

relative occupational wages in 1960 and 2010 are met in equilibrium.

Table 1 contains all the time-invariant parameters of the model. These, together

with the evolution of the αs as backed out from the data using the model fully specify

the calibrated model.

It is important to note that the occupational wages and the sectoral income shares

8See the appendix for the details of these steps.

13



Table 1: Calibrated parameters

Description Value
η elasticity of substitution in production 0.6
ε elasticity of substitution in consumption 0.2
ρ correlation of cost differences 0.4
cL non-homotheticity term in L 0.0036
cH non-homotheticity term in H 0.0058
aL weight on L 0.092
aH weight on H 0.908
µ1, µ2 mean of cost distribution (-0.01, 0.53)
σ2
1, σ

2
2 variance of cost distribution (0.03, 0.30)

are only matched by the model in the initial and final period; in between they are not

matched, i. e. also the occupational labor income shares and relative prices are not

perfectly matched, as these were not targeted in the calibration. However, the model

does reasonably well in matching these statistics in all periods, see Figures 6b and 7.

4 Factor model decomposition

We set up a factor model to relate the productivity growth of sector-occupation specific

productivities – identified in the previous section – to a sector, an occupation, and a

neutral component, as well as a residual. In particular we regress the log difference

in the cell productivities, defined as ∆ lnαoJ,t = lnαoJ,t − lnαoJ,t−1 on a (potentially

time-varying) sector effect (γJ,t), an occupation effect (δo,t), and a time effect (βt) in the

following way

∆ lnαJo,t = βt + γJ,t + δo,t + εJot, (13)

In the regression the residual εJot captures productivity changes that are idiosyncratic

to that sector-occupation cell in period t. The sector dummy that is omitted from

the regression is the one for the goods sector, the omitted occupation dummy is the

manual one, and the omitted time dummy is for 1970. The estimated coefficients are

therefore productivity growth rates of the sector-occupation cells relative to the one

formed by the goods sector and manual occupation in 1970.
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To gauge the quantitative importance of each factor we generate four different cell

productivity series. First, we generate the predicted productivity series using all fac-

tors as:

l̂nαoJ,0 = lnαoJ,0

l̂nαoJ,t = l̂nαoJ,t−1 + β̂t + γ̂J,t + δ̂o,t. (14)

To construct a productivity series that shuts down occupation-specific changes we

therefore generate the following ’sector’ series as:

l̂nα
sec

oJ,0 = lnαoJ,0

l̂nα
sec

oJ,t = l̂nα
sec

oJ,t−1 + β̂t + γ̂J,t +
δ̂m,t + δ̂r,t + δ̂a,t

3
, (15)

where the last term assigns the average occupation effect of that year.

Similarly to shut down sector-specific changes we generate the following ’occupation’

series as:

l̂nα
occ

oJ,0 = lnαoJ,0

l̂nα
occ

oJ,t = l̂nα
occ

oJ,t−1 + β̂t + δ̂o,t +
γ̂L,t + γ̂G,t + γ̂H,t

3
(16)

which gives a prediction for productivities based on (time-varying) neutral and occupation-

specific factors only.

Finally, we generate a time-only productivity change series as:

l̂nα
time

oJ,0 = lnαoJ,0

l̂nα
time

oJ,t = l̂nα
time

oJ,t−1 + β̂t +
δ̂m,t + δ̂r,t + δ̂a,t

3
+
γ̂L,t + γ̂G,t + γ̂H,t

3
(17)

We can use these predictions to evaluate the quantitative importance of each factor.

Table 2 shows how much of the change in cell productivities is explained by each factor

for various values of the elasticity of substitution between different occupations, η.9

9The αs themselves change as we back out cell productivities conditional on a value of the elasticity,
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factors time & sector & occupation time time & sector time & occ
η = 0.4 0.6627 0.0457 0.2036 0.5048
η = 0.6 0.6673 0.0549 0.2012 0.5210
η = 0.8 0.6779 0.0639 0.2115 0.5304
η = 1.2 0.7125 0.0796 0.2623 0.5298
η = 1.4 0.7335 0.0858 0.2975 0.5218
η = 1.6 0.7552 0.0908 0.3357 0.5104

Table 2: R2 of factor model decomposition

It shows the R2 of the factor model regression (13) as well as when only the time

factor, or time and sector or time and occupation are used in the predictions. Time-

varying sector and occupation effects explain about 66 and 76% of all cell productivity

changes. This implies that between a third and a fourth of the variation is due to

effects idiosyncratic to the sector-occupation cell. The time fixed effect by itself, which

captures neutral technological progress, explains only 4-9% of productivity changes,

whereas time-varying sector effects roughly 20-34% and occupation effects between

50 and 53%. Our interpretation of this decomposition is that most of productivity

changes are not neutral, but biased across sectors and occupations. The contribution

of occupation-specific changes to the evolution of cell productivities is between 1.7

and 2.5 times the one of sector-specific changes. To study what the different kinds of

specificity in technological progress imply for various economic outcomes, we conduct

in the next section a series of counterfactual experiments.

5 Quantitative experiments

In this section we first calibrate three alternative models, one where technological

progress is restricted to be sector-specific and one where it is restricted to be occupation-

specific. We then show that our baseline model does very well in matching the data

and compare its results against from the restricted models.

but it is important to bear in mind that this series is independent of any other part of the model. A
different η will imply a different parametrization of the household side to match the 1960 and 2010
data, but that part of the model does not affect the analysis of cell productivities.
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5.1 Restricted models

Our model is flexible enough to allow productivity growth to be neutral or specific to

sectors, occupations, or both. Most existing literature, however, relies on frameworks

that a priori restrict the nature of technological progress to be specific to sectors or to

occupations. To explore how these types of models compare to our richer and more

flexible setup, in this section we restrict technological progress to be either sector, or

occupation specific, or a combination of the two. In particular we assume that the

productivity process is described by one of the following processes:

α̃secoJ,t = ZJ,tαoJ,0, (18)

α̃occoJ,t = Zo,tαoJ,0, (19)

α̃oJ,t = ZJ,tZo,tαoJ,0, (20)

Note that we assume that the growth rate of technology is either specific to the sec-

tor, ZJ,t as in (18) or to the occupation, Zo,t as in (19), or there is both a sector and

an occupation component as in (20), but the initial level, αoJ,0 is sector and occupa-

tion specific. To evaluate the model’s predictions under these alternative assumptions

we re-calibrate the productivity growth terms. We take from our baseline calibration

all the time-invariant parameters: the elasticity of substitution in production, and the

parameters of the cost distribution and of preferences. Given these, we calibrate the

growth rates (either 3 sector, or 3 occupation specific, or 3 of each) in each period after

1960 to match the same nine targets (six occupational income shares within sector, two

relative sectoral prices, and overall GDP growth) as in the calibration of the production

side of our baseline model in general equilibrium. Numerically we solve in each pe-

riod for the three (six) productivity growth rates that minimize the (equally-weighted)

sum of percentage deviations between the model-implied statistics and these targets.

Thus in general the restricted model does not perfectly match the data except in the

initial period. Figure 3 shows the path of the baseline model, where the productivities

are extracted from the data (red solid line), as well as the various restricted models:

sector-only (blue dashed), occupation-only (yellow dashed-dotted), and sector- and
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occupation-specific (green solid line).
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Figure 3: Calibrated productivity growth: baseline and restricted models
This figure shows in the solid red line the natural logarithm of the cell productivities as calculated from
the data using the economic model. The columns refer to the three sectors (L, G, H) and the rows to
the three occupations (m, r, a). The other lines show the calibrated productivity paths, when restricting
productivity growth to be sector-specific (as shown in (18), blue dashed line), occupation-specific (as in
(19), yellow dashed-dotted), and sector- and occupation-specific (as in (20), green solid line).

5.2 Model vs data: baseline and restricted models

Figures 4–7 show the baseline model economy’s evolution given the calibrated cell

productivities (solid red line) contrasted with the data (solid grey line). The other lines

show the predictions feeding in the cell productivities as calibrated in the restricted

models. In particular, the dashed blue lines are generated using the sector-only growth

(α̃sec), the dashed-dotted yellow lines the occupation-only growth (α̃occ), whereas the

solid green lines are based on both sector and occupation specific growth rates (α̃).

The first thing to note in Figures 4, 5 and 6 is that our baseline model does very

well in matching sectoral and occupational employment shares and relative wages, as

well as sectoral income shares and relative prices. This is partially by construction:
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Figure 4: The evolution of occupational labor outcomes
This figure plots the path of the occupational employment shares (on the top) and relative wages (on
the bottom) in the data, and for various paths of cell productivities: from the baseline and the restricted
models.

we calibrated the model such that in the initial and final period this data is exactly

matched. For the periods in between this is not the case, as in the calibration of the

utility function we did not target these periods. The gray (of the baseline model) and

red (data) lines meet in 1960 and 2010 by construction, but they are also quite close in

the periods in between. The baseline model also accounts very well for the evolution

occupational income shares within sectors (Figure 7), which were used in identifying

the cell-specific productivities.10

Second, these figures establish that models that restrict the nature of technological

progress replicate by large most features of the data. In particular, the variant with

productivity growing at the sector and at the occupation level (green solid line) gets

for these outcomes close to our flexible model (red line) and the data (gray line). From

this we infer that sector-specific and occupation-specific productivity changes are suf-

10The model matches the θs perfectly in 1960 and in 2010 when it also matches occupational wage
rates perfectly. In the interim periods, due to occupational wages in the model slightly deviating from
the data, there is a tiny discrepancy between the model-implied and the observed occupational income
shares within sectors.
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Figure 5: The evolution of sectoral labor outcomes (i)
This figure plots the path of the sectoral employment shares (on the top) and relative wages (on the
bottom) in the data, and for various paths of cell productivities: from the baseline and the restricted
models.

ficient to give a good description of the labor market facts we focus on. The models

that allow only for sector-level (blue dashed line) or only occupation-level (yellow

dashed-dotted line) technological change have predictions that are qualitatively con-

sistent with the data along these dimensions.

Figure 4 shows that the decline in routine employment and relative wage compared

to manual and abstract workers is well accounted for in our baseline model, but at least

qualitatively also in the restricted models. While in the version with occupation-only

technological change, for example routine workers are directly adversely affected by

a change in productivities, the sector-only model also generates this due to a decline

in the goods sector, which is the sector that uses routine workers the most intensely.

Quantitatively, at least under our calibration, this latter effect by itself is not strong

enough to generate changes as large as seen in the data.

The conclusions for sectoral employment and relative wages in Figure 5 and sec-

toral income shares and relative prices in Figure 6 are very similar. It is important
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Figure 6: The evolution of sectoral outcomes (ii)
This figure plots the path of the sectoral income shares (on the top) and relative sectoral prices (on the
bottom) in the data, and for various paths of cell productivities, as discussed in the text.

to note that for relative sectoral prices this crucially depends on the elasticity of sub-

stitution being smaller than 1, we return to this issue in Section 5.3. The predictions

of models with sector-only, occupation-only, or both sector- and occupation-level pro-

ductivity changes are qualitatively in line and quantitatively close to the data.

To summarize, in terms of employment and relative wages at the sectoral and at

the occupational level, as well as sectoral income shares and relative sectoral prices all

restricted models imply changes that are qualitatively in line with the data (Figures 4,

5 and 6).

However, Figure 7 shows that the sector-only and the occupation-only technolog-

ical change models have some distinct implications, in particular for within-sector

occupational income shares. As already mentioned, the baseline model does very well

in generating patterns in line with the data, as these are used as calibration targets

for the productivities and when –due to the parameterization of the utility function–

occupational wage rates are perfectly matched in 1960 and 2010, then also are these
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Figure 7: Income shares within sectors
This figure plots the path of the the share of occupational incomes within a sector in the data, and for
various paths of cell productivities, as discussed in the text.

shares. The restricted model based on occupation-only technologies and on sector-

and occupation-technology both do well in replicating these. However, the restricted

model based on sector-only technological change has practically flat predictions; for

example it fails to generate a drop in the routine labor income share in all sectors. As

we show in Figure 11 in the Appendix, this version of the restricted model also fails to

predict the observed fall in routine employment relative to other occupations within

the low- and the high-skilled service sectors. The reason for this lies in the fact that

routine labor is most intensively used in the goods sector. Forces that lead to struc-

tural change, i. e. employment movement out of the goods sector, based on any form

of technological progress, have to increase wages in abstract and manual occupations

relative to routine, which is in line with the data (see Figure 4b). Unless however the

productivity of routine workers changed relative to other occupations, firms in each

sector would optimally employ relatively more routine workers, as indicated by equa-

tion (5), which is at odds with the data. To explain the within-sector changes in oc-
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cupational employment and income shares occupation-specific technological changes

are therefore of crucial importance.

However, the restricted model based on sector-only technology has counterfactual

predictions; for example it fails to generate a drop in the routine labor income share

in all sectors. As we show in Figure 11 in the Appendix, this version of the restricted

model also fails to predict the observed fall in routine employment relative to other

occupations within each sector. The reason for this lies in the fact that routine labor

is most intensively used in the goods sector. Forces that lead to structural change, i.

e. employment movement out of the goods sector, based on any form of technolog-

ical progress, have to increase wages in abstract and manual occupations relative to

routine, which is in line with the data (see Figure 4b).

Overall this suggest that to understand the full picture of sector-occupation em-

ployment and wages as well as of sectoral prices, one needs to allow for technologies

to evolve at least at both the sector- and the occupation-level. However, if one is only

interested in wage or employment outcomes at the sector or the occupation level, re-

stricting technologies to only change at the sector or only at the occupation-level is

sufficient. Yet none of the restricted models does as well as our parsimonious yet

flexible baseline model which does not impose any restrictions on the form of techno-

logical progress. One drawback of our method is that we rely on a parameterization

of the model’s production side to back out cell productivities. In particular, the elastic-

ity of substitution between different occupations might be a crucial parameter for the

restricted models.11 To see how our results depend on parameter values we conduct a

sensitivity analysis in the next section.

5.3 Sensitivity Analysis

In this section we study how the results of the restricted models depend on the value

of the elasticity of substitution between different occupations, η. In sum, we find that

the predictions stemming from sector-only or sector-and-occupation-only technologi-

cal change models hardly depend on η, while the occupation-only model’s predictions

11It is important to bear in mind that we back out cell productivities conditional on this elasticity.
When changing η, the implied series of αs changes as well.
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vary quantitatively much more with this elasticity, and for relative prices even qualita-

tively. Figure 8 shows the restricted models’ predictions for occupational labor market

outcomes for different values of η. As already mentioned, the models restricted to

sector-only or to sector-and-occupation-only technology have predictions for occupa-

tional employment shares and relative wages that are very robust to different elastic-

ities. As such, we show these predictions only in the light gray lines, which for the

various values are very close to each other and to the baseline of 0.6 for η, i.e. the plots

in Figure 4 which we replicate here in the dashed lines. The predictions of models with

occupation-only technological change, however, depend much more on this elasticity.

These predictions are shown in the yellow lines, where the solid line corresponds to a

value of 0.4 for η, dashed to 0.6 (our baseline), dash-dotted to 1.4, whereas the dotted

line is based on η = 1.6. While quantitatively the predictions based on occupation-

only productivity growth depend on η, they all are qualitatively aligned with the data

(dark gray line).

Similarly, the elasticity of substitution in production hardly matters for predictions

from models featuring sector-level technologies, but it matters quantitatively for mod-

els restricted to occupation-only technologies, as can be seen in Appendix Figure 12.

Yet qualitatively, irrespective of the parameterization of this elasticity, all restricted

models have predictions for the evolution of employment shares and relative wages,

at the sector and at the occupation level, as well as sectoral income shares, that are

consistent with the data.

A general pattern emerges from these figures: the closer is the elasticity of substitu-

tion to 1, i. e. as the production function gets closer to the Cobb-Douglas case, the pre-

dictions of the occupation-only models get closer to those of the sector-only models.

This is very intuitive, as for Cobb-Douglas production functions factor-augmenting

and neutral technologies are indistinguishable, implying that the sector-only and the

occupation-only models are able to capture exactly the same processes. For the elastici-

ties of substitution further from 1 (smaller for complements, larger for substitutes), the

prediction of the occupation-only models get closer to those of the sector-occupation

models.

However, a different picture emerges for the predictions for relative sectoral prices.
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Figure 8: The evolution of occupational labor outcomes
This figure plots occupational employment shares and relative wages in the data (dark gray) and in the
restricted models for different elasticities of substitution in production. The light gray lines show pre-
dictions from the model restricted to sector-only or occupation-and-sector-only technological change,
and the yellow lines of the occupation-only model. The pattern of the lines refer to the following values
of η: 0.4 in the solid, 0.6 (the baseline value) in the dashed, 1.4 in the dotted, and 1.6 in the dash-dotted
lines.

Figure 9 shows the models’ predictions for these prices under alternative values for the

elasticity of substitution between occupations. While it is still true that the predictions

of the sector-only and the sector-occupation technology models are essentially inde-

pendent of this elasticity, the implications of occupation-only technological change

models hinge crucially on the value of η. When η > 1 this model implies movements

in relative prices that are at odds with the data, but with η < 1 its predictions are

consistent.

Since there is no consensus in the literature on the value of the elasticity of substitu-

tion between different occupations (yet) we draw two conclusions from our sensitivity

analysis. First, our analysis highlights that even small changes in η matter for mod-

els that allow for productivities to evolve only at the occupation level, this suggests

that to infer robust results from economic models these should allow for technological

progress to have a sector-specific component Second, occupation-only technological
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Figure 9: Sectoral relative prices for different η
This figure plots the path of the relative sectoral prices in the data (dark gray) and in the restricted
models for different elasticities of substitution in production. The light gray lines show predictions
from the model restricted to sector-only or occupation-and-sector-only technological change, and the
yellow lines of the occupation-only model. The pattern of the lines refer to the following values of η:
0.4 in the solid, 0.6 (the baseline value) in the dashed, 1.4 in the dotted, and 1.6 in the dash-dotted lines.

change gives rise to changes in relative prices, and changes in all other outcomes, in

line with the data when η < 1. This is in line with the work by Duernecker and

Herrendorf (2016) who show in a two-sector two-occupation model that a production

elasticity of substitution between occupations less than one is needed to explain struc-

tural change based on occupation-specific productivity growth alone.

6 Conclusion

To understand the nature of technological changes that drive structural change and

labor market polarization, we set up a parsimonious yet flexible model, since it is

not possible to directly compute productivity growth at the occupation level. Af-

ter specifying functional forms for sectoral production functions, we extract sector-

occupation cell productivities over time from observed occupational wages and labor

income shares. We then use a factor model to decompose these into (time-varying)

neutral, sector, and occupation factors as well as a residual component. We find

that occupation-specific effects explain most of the changes in cells’ productivity, but

also a sizable contribution from sector effects and components idiosyncratic to sector-

occupation cells.

Given the large overlap between sectoral and occupational employment, we find

that models that restrict the nature of technological change to only one factor, can also
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perform very well in generating patterns in employment and wages as seen in sector

or occupation data. However, our analysis of restricted models highlights that only

those that feature occupation-specific productivity changes can replicate reallocations

within sectors, i.e. the relative fall of routine employment and income within goods

and both types of services. Yet, the conclusions from a model with occupation-only

technological change are sensitive to assumed values of the elasticity of substitution

between labor in different occupations, whereas models with sector-specific technolo-

gies are very robust to this elasticity. This suggests that there is a good case for writing

multi-sector multi-occupation models in a way that allows for technologies to evolve

not only in one dimension, but at least at the sector- and the occupation-level or in a

flexible way as in the model we propose.
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A Appendix

A.1 Classification

Occupations are classified as:

1. Manual: low-skilled non-routine

housekeeping, cleaning, protective service, food prep and service, building, grounds

cleaning, maintenance, personal appearance, recreation and hospitality, child

care workers, personal care, service, healthcare support

2. Routine

farmers, construction trades, extractive, machine operators, assemblers, inspec-

tors, mechanics and repairers, precision production, transportation and material

moving occupations, sales, administrative support, sales, administrative support

3. Abstract: skilled non-routine

managers, management related, professional specialty, technicians and related

support

Industries are classified into sectors in the following way:

1. Low-skilled services: personal services, entertainment, low-skilled transport (bus

service and urban transit, taxicab service, trucking service, warehousing and

storage, services incidental to transportation), low-skilled business and repair

services (automotive rental and leasing, automobile parking and carwashes, au-

tomotive repair and related services, electrical repair shops, miscellaneous repair

services), retail trade, wholesale trade

2. Goods: agriculture, forestry and fishing, mining, construction, manufacturing

3. High-skilled services: professional and related services, finance, insurance and

real estate, communications, high-skilled business services, communications, util-

ities, high-skilled transport , public administration
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A.2 Derivations

Expressing the αs as a function of observables. Multiply (1) with wm/wr and (2) with

wa/wr to get:

θmJ
θrJ

=

(
wr
wm

)η−1(
αmJ
αrJ

)η−1
,

θaJ
θrJ

=

(
wr
wa

)η−1(
αaJ
αrJ

)η−1
.

Re-arrange to get:

αmJ
αrJ

=

(
θmJ
θrJ

) 1
η−1 wm

wr
,

αaJ
αrJ

=

(
θaJ
θrJ

) 1
η−1 wa

wr
.

A.3 Calibration

Using that the total earnings of any occupation can be expressed as either their labor

supply times their wage rate, or as the sum of their earnings across all sectors, the

following two equations must be satisfied by the data:

fa
1− fa − fm

ωa
ωr

=
ΨLθaL + ΨGθaG + ΨHθaH
ΨLθrL + ΨGθrG + ΨHθrH

,

fm
1− fa − fm

ωm
ωr

=
ΨLθmL + ΨGθmG + ΨHθmH
ΨLθrL + ΨGθrG + ΨHθrH

.

Given that we calculated relative occupational wage rates, ωm
ωr

and ωa
ωr

, occupational

labor income shares within sectors, θoJ for o ∈ {m, r, a} and J ∈ {L,G,H}, as well as

the labor income share of each sector, ΨL, ΨG, ΨH , we can calculate the implied values

for fm, fr, and fa.

It is worth to note that these equations always hold in the model. Therefore when

we match the labor income share of each sector, i. e. the ΨJs, in the calibration of

the consumption side of the model, these equations guarantee that we also match the

occupational wage rates.

Table 3 contains the targets used in the calibration.
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Table 3: Calibration targets

1960 1970 1980 1990 2000 2010
pL/pG 1 1.153 0.914 0.977 1.019 1.036
pH/pG 1 1.145 1.014 1.449 1.880 1.951
ΨL 0.215 0.234 0.234 0.250 0.261 0.252
ΨG 0.472 0.410 0.375 0.315 0.275 0.215
ΨH 0.312 0.356 0.392 0.435 0.465 0.533
growth 1 1.329 1.637 2.050 2.538 2.794
ωm/ωr 0.800 0.850 0.801 0.849 0.861 0.893
ωa/ωr 1.191 1.199 1.082 1.265 1.358 1.444
θmL 0.130 0.115 0.129 0.135 0.154 0.178
θrL 0.648 0.633 0.635 0.609 0.547 0.502
θaL 0.222 0.251 0.236 0.256 0.299 0.320
θmG 0.012 0.018 0.019 0.020 0.019 0.078
θrG 0.790 0.752 0.744 0.672 0.641 0.562
θaG 0.199 0.230 0.237 0.308 0.340 0.360
θmH 0.095 0.099 0.103 0.091 0.089 0.120
θrH 0.481 0.414 0.387 0.331 0.270 0.233
θaH 0.424 0.486 0.510 0.578 0.641 0.647

A.4 Factor Model

Figure 10 shows the counterfactual evolution of cell productivities using the predic-

tions based on the factor model and also when shutting down some factors.
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Figure 10: The evolution of cell productivities: baseline and factors
This figure shows in the solid red line the cell productivities as calculated from the data using the
economic model. The columns refer to the three sectors (L, G, H) and the rows to the three occupations
(m, r, a). The dash-dotted line shows the predictions based on both sector and the occupation factors
(as specified in (13)). The dashed lined shows the contribution of the time-varying sector factor only
(as constructed in (15)) and the dotted line of the occupation factor only (‘time & occ’ as constructed in
(16)).

33



A.5 Restricted Models
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Figure 11: Cell employment shares
This figure plots the path of the the cell employment share in the data and for various paths of cell
productivities, as discussed in the text.
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Figure 12: The evolution of sectoral labor outcomes for different η
This figure plots the path of the sectoral employment shares and relative wages in the data (dark gray)
and in the restricted models for different elasticities of substitution in production. The light gray lines
show predictions from the model restricted to sector-only or occupation-and-sector-only technological
change, and the yellow lines of the occupation-only model. The pattern of the lines refer to the following
values of η: 0.4 in the solid, 0.6 in the dashed (the baseline value), 1.4 in the dotted, and 1.6 in the dash-
dotted lines.
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Figure 13: Income shares within sectors for different η
This figure plots the path of income shares within sectors in the data (dark gray) and in the restricted
models for different elasticities of substitution in production. The light gray lines show predictions
from the model restricted to sector-only or occupation-and-sector-only technological change, and the
yellow lines of the occupation-only model. The pattern of the lines refer to the following values of η:
0.4 in the solid, 0.6 in the dashed (the baseline value), 1.4 in the dotted, and 1.6 in the dash-dotted lines.

36


	Introduction
	Model
	Sectors and production
	Households – occupational choice and demand for goods
	Equilibrium

	Calibration
	Calibration targets
	Calibration of the production side
	Calibration of the cost distribution and of the consumption side

	Factor model decomposition
	Quantitative experiments
	Restricted models
	Model vs data: baseline and restricted models
	Sensitivity Analysis

	Conclusion
	Appendix
	Classification
	Derivations
	Calibration
	Factor Model
	Restricted Models


