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Abstract

This dissertation, in its four essays, considers whether employment polarization entails a similar pattern

on wages, inducing higher relative wage growth among low and high-skill workers with respect to middle-skill

occupations that perform routine work. In an overall critical view of the previous literature the four chapters

below contest the conversion of employment into wage polarization. Instead, labour market institutions are

identified as important mediators of the relation between technological change and earnings.

Chapter 1 analyses task allocation models that lead to wage polarization due to the automation of middle-

skill, routine work. It extends existing models by the introduction of an additional industry responsible for

the production of the machines or inputs that substitute routine work. If the production of these machines

demands labour and the two sectors have identical technologies it is shown that the substitution of routine

work in the final good sector does not lead to employment or wage polarization. If on the other hand the

production of “machines” demands highly skilled workers only, the substitution of routine work actually leads

to an upgrade of middle-skill workers that tend to occupy tasks previously performed by high-skill workers

in the final goods sector.

Chapter 2 questions the hypothesis that over the last decades technological progress has increased returns

to abstract, cognitive work and reduced those related to physical, usually routine, work activities. It puts

forward an alternative interpretation whereby wages are related to employees’ control over work, which is

conditioned by the institutions that represent workers’ interests. First, previous interpretation of O*NET

work activities data as measures of task intensity and also the relevance of routine and non-routine work
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disaggregations for wage outcomes are contested. Second, the estimated multilevel models display a significant

degree of heterogeneity between industries in the returns to employee control. Such heterogeneity does not

have an intuitive pattern.

Although there is an expected negative relation between abstract and physical employee control between

industries, several service industries present positive returns to physical control and as many manufacturing

and infrastructure industries are characterized by a wage premia related to control over abstract activities.

Finally, multinomial logit models at the industry level provide further evidence against technology, proxied

by the change in the occupational composition of employment, as the main factor behind wage returns to

employee control and identify the role of institutions like professional associations and unions in improving

the odds of a positive, or at least avoiding negative random effects estimates for the relation between employee

control and wages.

The 3rd chapter relies on similar data but considers the relation between work content and the supervision

of work. It proposes a novel measure of supervision based on the frequency of supervisory detailed work

activities from the O*NET database. We test the hypothesis that the intensity of supervision is increasing

on the difficulty to monitor workers, measures by the content of non-routine cognitive work in an industry. At

the industry level the analysis suggests supervision increases with the complexity of the activities performed

by workers. Hence, in striking contrast to previous studies relying on the ratio of supervisors to employees,

industries that employ more workers performing non-routine cognitive activities also rely on supervision the

most. Moreover, at the individual level there is no evidence of a trade-off but only weak evidence of a positive

relation between wages and supervision which seems to be a complement rather than a substitute to wage

incentives.

The 4th and final chapter studies the mediating role of collective bargaining on the effects routine work

automation had on wage polarization in Portugal between 1995 and 2012. Relying on a linked employer-

employee that covers all firms and workers in the Portuguese economy we find evidence of greater wage premia

from the introduction of new collective agreements within job spells for low and high with respect to middle-

skill occupations. However, accounting for measures of bargaining power, given by the concentration within

each collective agreement of workers in an occupation, the increased returns to low-skill occupations seems to

be driven by unions’ strategies to reduce inequality, increasing wages in the bottom of the distribution at the
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expense of middle-skill employees that constitute by far the largest skill group in Portugal while high-skill

workers are usually under-represented in collective agreements with the other two skill groups. There is no

clear evidence of wage polarization in the Portuguese economy.
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Introduction

The term job polarization has been coined by economists to illustrate employment trends identified in de-

veloped economies since the early 1990s. Polarisation refers to employment growth and job creation at both

ends of the wage distribution, and deterioration in opportunities for blue collar and office workers in the

middle.

Among the explanations for these trends none caught the public eye as much as technological unem-

ployment and a jobless future caused by robots and automation. Meanwhile, offshoring and an increased

demand for low-skill services by the super rich became largely accepted as auxiliary aspects of the machine

driven polarization of work. Why then are middle-wage-middle-skill workers the immediate victims of this

new wave of technological anxiety? The answer lies in the routine nature of the activities common to these

professions. Well specified, standardized and often repetitive work in a controlled environment is easier and

cheaper to program and automate than the typical work activities of both high and low-skill occupations

requiring interpretation, creativity, interpersonal skills and eye-hand coordination to lift and carry objects.

Ever since economists first turned to routine work automation and employment polarization, at the turn

of the 21st century, there have been plenty of signs to further foster technological anxiety. Driving vehicles,

once a staple of human, hard to automate work, now seems condemned to a soon-to-arrive robotic future.

Even those not under the immediate threat of automation already notice significant change in the workplace

due to increased adoption of employee monitoring software.

It is then perhaps surprising that, in striking contrast with prominent thinkers and an overwhelming

quantity of newspaper articles, affected workers have hardly shown any sort of “rage against the machine”.

Yet, much stronger demonstrations were directed towards those secondary causes of polarization. Mass lay-
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offs due to offshoring and ever increasing income and wealth inequality ignited workers and organized civil

associations over the past twenty years. Occupy Wall Street and discontent British and American voters that

back Brexit and Trump show that corporate moguls and foreign workers are perceived as a greater dangers

to jobs the than nearby robots.

From Occupy Wall Street to discontent British and American voters that backed Brexit and Trump -

including the curious pre-election secondment of the latter’s (anti-)trade policy by AFL-CIO president Richard

Trunka - apparently perceive foreign workers and corporate moguls as a greater danger than neighbouring

robots taking over the shop floor.

Far less explored in economics and publicized in general are the potential effects of job polarization on

wage inequality. Current economic theory predicts an equal polarization of wages as long as demand for

high and low-skill work outpaces new vacancies in routine occupations. However, despite the well established

results on job polarization empirical studies thus far delivered mixed results on a concomitant polarization

of wages. Moreover, most of the research that failed to identify routine work automation as a cause of

wage polarization analysed European economies with well established and, to different degrees, centralized

collective bargaining systems covering the vast majority of their labour force whereas wage polarization is

usually confirmed for the U.S.

That raises a meaningful question on the role of labour market institutions such as unions, minimum

wages and occupational associations as mediators of the impact technological progress can ultimately have

on earnings and inequality. If indeed the architecture of labour markets sustained by public and private

institutions, especially where the eroding welfare state still provides significant safeguards for citizens, is able

to hold back undesired effects of new technologies on earnings and inequality it may come as a surprise that

researchers have devoted limited attention to the role of institutions as mediators of technological impact on

wages.

Perhaps the avoidance of wage inequality increases as massive as the employment polarization induced

by automation and the slow pace - at least from the perspective of an employee’s working life - at which

it spreads through new occupations and industries account for the scant contemporary discontent towards

the machines. A general decline on wages and living standards throughout the economy is certainly more

persuasive than the joblessness of a still limited fraction of the labour force to push protests beyond social
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media. So much so that, according to Hobsbawm (1952), even the famous Luddite revolts and machine

wrecking were not directed to machines and industrialization themselves, but part of an older tradition of

collective bargaining by riot more often than not triggered by food prices and their adverse effects on living

standards.

Fortunately, economists are well equipped with empirical and theoretical tools to take research on the

current and future influence of technology on wages and income distribution beyond supply and demand and

to understand which institutional arrangements are fit to protect our societies from the disruptive aftermath

of widespread automation of work. Over the past few decades many of the once dogmatic beliefs of economic

theory about labour market institutions were brought down by consistent empirical results. Evidence on

minimum wages and trade unions, or labour market imperfections, as causes of unemployment have proven

rare and the amount of scholars that advocate their extinction have diminished accordingly. Even when a

small effect is found, it is offset by the benefits of wage compression on income inequality.

We have to look further back for alternative theories. Back to the foundations of political economy with

Smith, Ricardo and Marx to find a fundamental detachment between income distribution and employment.

The old concept of subsistence wage when understood correctly goes way beyond the necessary minimum

for survival and reproduction of the working class. It represents an exogenous determination of distribution

between workers and employers based on the institutional factors and social norms that dictate the acceptable

living standards for workers.

Current research on work automation, particularly regarding its effects on pay, could benefit handsomely

from an additional layer of complexity by considering the role of labour market institutions on the translation

of job polarization into wage inequality. It is mandatory to further understand how it interacts with current

deunionisation trends and influences the lack collective organization among professionals in the occupations

at the forefront of new technologies if our societies intend to halt the contemporary surge in wage inequality.

References
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Chapter 1

Job Polarization and Wage

Differentials with Machine Production

Abstract

Over the last decade empirical studies have strengthened the job polarization hypothesis and were followed

by theoretical models that rely on the automation of routine tasks or occupations to explain the relative fall in

employment and wages of middle skill workers. These models usually rely on a controversial hypothesis: the

machines that embody technological progress are not produced. Hence, while the direct effect on employment

and wages of automation is considered, the indirect effect of an increased demand for labour in the machine

producing sector is neglected. By extending a task-based model to include machine production we argue that

the wage polarization trends due to automation are weakened and may be completely offset by the additional

labour demand and reallocation of tasks when machines are produced.

1.1 Introduction

The traditional toolkit of economic theory has proven particularly unfit to explain the structural changes

experienced by labour markets in developed countries since the late 1970s, particularly in the U.S. Perhaps
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none of these attracted as much attention as the soaring wage inequality. But the list of relevant changes

also includes the de-coupling between labour productivity and real median wages, largely caused by wage

inequality (Mishel and Gee, 2012; Pessoa and Van Reenen, 2012), the fall of the wage share on GDP that un-

dermined the once unanimous assumption of unity elasticity of substitution, deunionisation, decentralization

of collective bargaining in the developed world (Katz, 1993) and the increased use of non-standard forms of

labour such as temporary work.

Economic literature since the 1980s has focused on the interplay between technological progress1 and

wage inequality to cope with the movements in relative supply of skill and wage premiums. To explain the

simultaneous increase in the relative supply of skill, inferred by the the proportion of college relative to high

school graduates, and the college wage premium economists resorted to directed technical change (Acemoglu,

2002a, 2002b), previously explored by Hicks (1963)2.

Skill Biased Technological Change (SBTC) models, although still popular, suffered a severe blow once the

patterns in 1990s data became clear. The replacement of the monotonically increasing growth of employment

in occupations ranked by skill of the 1980s by a u-shaped curve in the 1990s, termed job polarization, together

with the fall in the 50/10 wage gap in the same decade cast doubt upon the SBTC hypothesis3.

Recent empirical and later theoretical studies have highlighted an alternative hypothesis based on the

automation of routine tasks. In this framework, summarized by Autor (2013), technology replaces routine

tasks concentrated in middle skill, middle wage occupations such as industrial blue collar workers. On

the theoretical ground, authors have proposed models in which workers of different skills are distributed

between many tasks that produce a final good. Workers of identical skill will have different productivity

when assigned to different tasks just as workers with different skill assigned to the same task. Some of

this task-based models include Acemoglu and Autor (2011, p.1118-1152), Goos et al.(2014), Acemoglu and

Zilibotti (2011) and Acemoglu and Restrepo (2015). In summary, the introduction of machines or inputs

that replace middle skill occupations is able to generate the u-shaped changes in employment by level of skill

and the fall of middle skill wages relative to wages in both ends of the skill distribution.
1Largely credited to the widespread application of information technology.
2For a critical review of directed or induced technical change see Brugger and Gehrke.
3The more standard SBTC models such as Acemoglu (2002a, 2002b) not only predicted the monotonic increase of the wage

gap with increase employment of more skilled, they also implied that the increase in wage gap was due to a larger increase of
skilled wage as compared to unskilled, but with real gains for both, which contradicts the data.
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These assignment models with production and trade in tasks are closely related to the international

economics literature concerned with the effects of outsourcing and fragmentation of production on wages and

employment (Grossman and Rossi-Hansberg, 2008). Consequently, applying such models to study the effects

of automation on wages and employment made it is hard to disentangle the effects of technological change

from those of outsourcing as in Goos et al. (2014, p.2517) and Acemoglu and Autor (2011, p.1140,1146)4.

The above mentioned task-based models are now used to explain problems formerly faced with SBTC

models, with whom they share a counterintuitive assumption. The production of machines or inputs that

embody technological change does not use labour of any kind. Hence, while the direct effect of replacing

labour for machines is considered the indirect effect of an increased demand for labour in the production of

those machine is neglected.

Recent works such as Schmitt et al. (2013) and Bárány and Siegel (2014) cast some doubt on the

relation between job polarization and wages in developed economies pointing out that the loss of middle skill

jobs might date back to the 1950s, thus preceding widespread evidence of wage polarization. The models

underlying job and wage polarization however did not undergo any similar scrutiny so far5. The perhaps

oversimplifying assumption of not producing machines or inputs together with the difficulty to single out

the effects of technological progress from outsourcing provide the basis to investigate the robustness of the

employment and wage polarization patterns generated by task-based models.

Over the next sections we depart from the model proposed by Acemoglu and Autor (2011) by including

the production of the machines that substitute middle skill labour as a second sector with similar production

technology. Restraining the analysis to a competitive economy where machines are produced with labour only

we show that the additional labour demand from machine production increases employment and relative wages

of middle skill labour, thus acting in the opposite direction of the substitution of routine tasks by machines.

Ultimately, under the assumptions of the model, the initial demand for middle skill in the machine producing

sector plus the reallocation of tasks to middle skill due to automation completely offsets the employment and

wage differential patterns that would result if machines were not produced.
4A problem that was already tackled empirically in Autor, Dorn and Hanson (2013)
5To the best of my knowledge.
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1.2 Production Technology

Let us consider a competitive economy represented by a single final good (Y ) produced by a great number

of tasks or intermediary activities (yi). Those are combined using a Cobb-Douglas technology homogeneous

of degree one.

Y = exp(
∑
i

βilnyi)
∑
i

βi = 1 (1.1)

Workers are heterogeneous and divided into three categories of low (L), medium (M) and high (H) skill

with fixed supplies. Each of the i tasks may be produced using one of the three types of labour or machines

with a linear technology. Hence, each task uses exclusively the less costly factor available. Following Acemoglu

and Autor (2011) we assume that the tasks may be ordered in i such that as they increase in complexity

skilled workers have greater productivity.

Therefore, the ratios αL,i
αM,i

and αM,i
αH,i

are strictly decreasing on i, where each α represents the productivity

of each skill in a specific task. The production function of tasks is given by the expression below where

A are the factor augmenting technologies and li,mi, hi, ki the quantities of labour and machines employed,

respectively.

yi = ALαL,ili +AMαM,imi +AHαH,ihi +AKαK,iki (1.2)

Additionally we consider the production of machines (K) using similar technology where the j tasks are

performed by labour alone.

K = exp(
∑
j

γj lnyj)
∑
j

γj = 1 (1.3)

yj = ALαL,j lj +AMαM,jmj +AHαH,jhj (1.4)

Taking the final good price as the numéraire we select the following price index for tasks in the production

of final goods and machines, where r is the price of machines.
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exp(
∑
i

lnpi) = 1 (1.5)

exp(
∑
j

lnpj) = r (1.6)

Finally, the fixed supplies of labour must be shared by both sectors hence clearing the market for the

three factors.

∑
i

li +
∑
j

lj = L
∑
i

mi +
∑
j

mj = M
∑
i

hi +
∑
j

hj = H (1.7)

1.3 Law of one price for skills

In this competitive economy workers are paid the value of their marginal product. In order to guarantee

labour supply all homogeneous workers within a skill group must be paid equal wages regardless of the task

performed. The wages are given by the task price multiplied by the factor augmenting technology and the

productivity on that task. Alternatively, this defines the price of a task as its unit cost of production.

wL = piALαL,i = pjALαL,j

wM = piAMαM,i = pjAMαM,j (1.8)

wH = piAHαH,i = pjAHαH,j

As the labour augmenting technology is common for all workers within their skill group the product of

the price and the productivity (piαi) will be the same for all tasks performed by the same type of labour in

both sectors. That is, task prices are decreasing on productivity.
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1.4 Demand for tasks and skills

The quantity demanded of each task is determined from profit maximization.

max{yi} exp(
∑
i

lnpi)exp(
∑
i

βilnyi)−
∑
i

piyi

max{yj} exp(
∑
j

lnpj)exp(
∑
j

γj lnyj)−
∑
j

pjyj

According to the first order conditions the total expenditure weighted by their proportion (βi, γi) in the

production function is equal for all tasks.

yipi
βi

= Y ∀i (1.9)
yjpj
γj

= rK ∀j (1.10)

The quantity demanded of each task is inversely proportional to its price and hence increases with the

productivity of the selected type of labour. In other words, a lower unit cost (pi = w/Aαi) is related to

higher task demand.

Combining the first order conditions above with equations 1.2 and 1.4 we get the demand for factors in

each task. As all workers within a skill earn identical wages, and thus piαL,i and pjαL,j are equal for all

tasks performed by low skill labour67, the ratio between factor demand and their proportion on the final

good (machine) production is equal for all tasks performed by the same skill.
6And identically for middle and high skill.
7It is straightforward to check that using 1.8: piαL,i = (wLαL,i)/(ALαL,i) = wL/AL.
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li
βi

=
Y

piαL,iAL

lj
γj

=
rK

pjαL,jAL
mi

βi
=

Y

piαM,iAM

mj

γj
=

rK

pjαM,jAM
(1.11)

hi
βi

=
Y

piαH,iAH

hj
γj

=
rK

pjαH,jAH

Just as the demand for tasks, the factor demand in a task is increasing on that task’s weight (β, γ) on

production but it does not increase accordingly with the labour productivity α. In a task where low skill

labour, for instance, is more productive a greater quantity of yi may be produced with the same quantity of

li as compared to another task with lower αL,i.

1.5 Allocation of skills across tasks and wage differentials

1.5.1 Without Machine Production

In order to verify the effects of routine task automation with machine production it is necessary to describe

the allocation of skills across tasks. We start from production without machines and then proceed to compare

the effects of automation on wages without and with machine production.

Following Acemoglu and Autor (2011, p.1122) and assuming that a great number of tasks is contained in

an interval i ∈ (0, 1) any equilibrium using exclusively labour will be characterized by two threshold tasks

IL, IH , such that:

0 < IL < IH < 1 (1.12)

Specifically, all tasks in i ∈ (0, IL) are performed by L, in i ∈ (IL, IH) by M and in i ∈ (IH , 1) by H. On

the threshold task IL the cost of production with low or middle skill labour is the same while IH is equally

costly if produced with middle or high skill. Hence, given the previous assumption that αL,i
αM,i

and αM,i
αH,i

are

strictly decreasing on i, tasks i ∈ (0, IL) are less costly when produced with L. The same reasoning applies

to M in (IL, IH) and to H in (IH , 1). As the unit cost of IL (IH) is the same whether low or middle (middle
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or high) skill labour is employed, the quantity yIL (yIH ) demanded of that task is also the same independent

of the skill used.

Before proceeding we must specify labour demand in each task (li,mi, hi). Assuming that βi = β̄ for all i

and using 1.11, the equilibrium demand for a skill will be the same in all tasks performed by it. Consequently,

in each task the demand for labour is given by the fixed supply divided by the number of tasks performed

by that skill.

li =
L

IL
mi =

M

IH − IL
hi =

H

1− IH
(1.13)

We may now define the equilibrium supply of the threshold tasks (yIL , yIH ) using both types of labour

which are equally costly as:

ALαL,ILL

IL
=

AMαM,ILM

IH − IL
(1.14)

AMαM,IHM

IH − IL
=

AHαH,IHH

1− IH
(1.15)

The two equations above provide the basis for the comparative statics of this model and the endogenous

determination of IL and IH due to changes in exogenous supplies of labour, factor augmenting technology

or, as in the cases we consider below, the introduction of machine over a range of tasks.

The reallocation of tasks and consequently of skill demands play a crucial role in the effects of automation

over wage differentials. Starting from production without machines the wage differentials are obtained by

substituting 1.8 and 1.13 into 1.9 for tasks using different skills.

piALαL,iL

IL
=

piAMαM,iM

IH − IL
wM
wL

=
IH − IL
IL

L

M
(1.16)

wH
wM

=
1− IH
IH − IL

M

H
(1.17)
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It is clear then that wage differentials are determined simply by the relative demand, represented by the

number of tasks performed by each skill, and supply. As the latter is fixed all the effects of automation on

wage differentials will depend on the changes of relative demand due to the reallocation of tasks across skills.

Now assume that machines are available at a fixed price r and must not be produced. The technology

is such that their productivity is high enough to make machines strictly less costly over a range of tasks

θ ≡ (I ′, I ′′) ⊂ (IL, IH). The restriction of automation to the tasks performed by middle skill labour follows

empirical evidence of job polarization in developed countries where middle-skill-middle-wage jobs concentrate

routine tasks that are more susceptible to automation. Some recent studies such as Goos, Manning and

Salomons (2009) and Autor and Dorn (2009) describe the extent of middle skill job-loss both in U.S and

Europe since the 1990s.

The new distribution of skills across tasks will be given by:

0 < ÎL < θ < ÎH < 1

To verify the impact of machine introduction over θ we must understand its impact on the endogenous

threshold tasks. Taking the logs of 1.14 and 1.15 and considering the newly introduced machines we get:

lnAM−lnAH + ψH(IH) + lnM − lnH−ln(IH−IL−θ) + ln(1−IH) = 0

lnAL−lnAM + ψL(IL) + lnL−lnM + ln(IH−IL−θ)−ln(IL) = 0

Where ψH(i) ≡ lnαM,i− lnαH,i and ψL(i) ≡ lnαL,i-lnαM,i. By totally differentiating we obtain a system

of two equations that describes the movements of the thresholds for small values of θ.

 ψ′(IH)− 1
IH−IL −

1
1−IH

1
IH−IL

1
IH−IL ψ′L(IL)− 1

IH−IL −
1
IL


 dIH

dIL

 =

 − 1
IH−IL

1
IH−IL

 dθ
Given the definition of the ψ terms, their partial derivatives and the terms in the matrix diagonal are all

negative. Its determinant is positive and solving the system above confirms that the introduction of machines
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pushes the threshold tasks closer to both ends of the tasks interval.

d(IH − IL)

dθ
=

1

IH − IL
−ψ′L(IL)− ψ′(IH) + 1

1−IH + 1
IL

det
> 0 (1.18)

The reallocation of skills across tasks may be understood as follows. The introduction of machines releases

middle skill labour formerly employed on θ tasks. Given the market clearing of factors tasks still performed

by M -skill would now employ more labour (mi = M/(IH − θ − IL)) and be produced in greater quantity.

This implies that the price of those tasks must fall to maintain the equality piyi = pi′yi′ ∀i from the first

order conditions 1.9.

Such price decrease may only come by with a reduction of middle skill wages as the labour augmenting

technology and productivities are fixed (pi = wM/(AmαM,i)). In other words the automation of middle skill

tasks increases the supply of labour available which pushes down middle skill wages and the price of these

tasks.

The process described above only takes place partially however. The cost reduction of middle skill makes it

strictly less costly to perform the former threshold tasks IL, IH . Middle skill workers will now be reallocated

to some tasks previously using low and high skill labour hence the new threshold tasks are ÎH > IH and

ÎL < IL.

The number of tasks reallocated to middle skill workers will be smaller than the θ lost, which is verifiable

from the fact that 0 < d(IH−IL)
dθ < 1 . Because the fall of unit cost due to lower wages is decreasing as tasks

get closer to i = 0, i = 1, where low and high skill labour are more productive, respectively, the closer a task

is to i = 0, i = 1 the greater is the wM reduction necessary to make middle skill less costly as the αL,i/αM,i

ratio increases and αM,i/αH,i decreases.

Therefore, because middle skill workers are less productive in tasks closer to both ends of the interval

i ∈ (0, 1) the number of tasks where middle skill labour substitutes low and high skill is smaller than the

number of tasks where machines are introduced: ÎH − IH + IL − ÎL < θ. This leads to an important

conclusion, although all three types of labour perform less tasks when machines are introduced the reduction

of M tasks is larger than the reduction of L and H tasks.
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ÎH − θ − ÎL
IH − IL

<
ÎL
IL

< 1 (1.19)

ÎH − θ − ÎL
IH − IL

<
1− ÎH
1− IH

< 1 (1.20)

Taking into account the reallocation of tasks and relative demand for skills the wage differentials will now

be given by:

ˆ(
wM
wL

)
=

ÎH − θ − ÎL
ÎL

L

M
(1.21)

ˆ(
wH
wM

)
=

1− ÎH
ÎH − θ − ÎL

M

H
(1.22)

Therefore, when middle skills labour (M) is replaced by machines and those are not produced the wage dif-

ferential wM/wL decreases and wH/wM increases, replicating the employment and wage differential patterns

observed during the 1990s.

1.5.2 With Machine Production

The analysis thus far was limited to the findings of Acemoglu and Autor (2011), but it will be helpful to

interpret the impact of introducing machines when those demand labor as well. The machine producing

sector is assumed to have an identical technology to the final good sector, given by equations 1.3 and 1.4,

and uses labor as its single input.

Workers of different skills are now allocated across tasks in two sectors i and j. Introducing machines

over the same range θ ≡ (I ′, I ′′) we get the distribution below where JL and JH are the threshold tasks in

the machine production.
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0 <
ˆ̂
IL < θ <

ˆ̂
IH < 1

0 < JL < JH < 1

To carry any further analysis it is necessary to understand how labour supplies will be shared by the two

sectors. First, the quantity of machines demanded for the θ tasks may be expressed as a proportion of final

output. Second, the labour demands in each task li,mi, hi, lj ,mj , hj is shown to be equal to the total supply

divided by the number of tasks performed in the final good sector and the number of tasks in the machine

sector multiplied by the range of tasks automated θ.

Using the final good first order condition 1.9, the task production function 1.2 and maintaining the

assumptions that βi = β̄ for all i and γi = γ̄ for all j, the quantity of machines in each task will be equal

as proportion of the output. The total demand for machines K is simply ki multiplied by the number of

automated tasks θ.

ki =
Y

piαK,iAK

K =
θY

piαK,iAK
(1.23)

Now the demand for the three types of labour in the machine sector may be obtained in a similar fashion.

Substituting 1.4 on 1.10 and once again assuming that γi = γ̄ for all j, labour demand in the task level will

be a fraction of rK. Hence, using 1.23:

lj =
rθY

(piαK,iAK)(pjαL,jAL)
=

θY

(pjαL,jAL)

And as the marginal product of labour must be equal in the two sectors (1.8) we obtain the simple

expressions below for the labour demand on machine production as a function of labour demand on the final

good sector.
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lj = θli mj = θmi hj = θhi

Then, from the market clearing conditions 1.7, task demand for each skill in both sector is defined.

li =
L

ˆ̂
IL + θJL

mi =
M

ˆ̂
IH − θ − ˆ̂

IL + θ(JH − JL)
hi =

H

(1− ˆ̂
IH) + θ(1− JH)

(1.24)

The no arbitrage conditions 1.14 and 1.15 on the threshold tasks may now be rewritten considering the

labour demand on the machine sector.

ALαL,ILL

IL + θJL
=

AMαM,ILM

IH − θ − IL + θ(JH − JL)
(1.25)

AMαM,IHM

IH − θ − IL + θ(JH − JL)
=

AHαH,IHH

1− IH + θ(1− JH)
(1.26)

Taking the logs and totally differentiating yields the system below which describes the effects of introducing

machines over a small range θ. The difference with respect to the previous system lies on the right hand

side (RHS) of the system where the number of tasks performed by each skill on the machine sector appears

divided by the correspondent tasks in the final good sector.

 ψ′H(IH)− 1
IH−IL −

1
1−IH

1
IH−IL

1
IH−IL ψ′L(IL)− 1

IH−IL −
1
IL


 dIH

dIL

 =

 − 1
IH−IL + JH−JL

IH−IL −
1−JH
1−IH

1
IH−IL −

JH−JL
IH−IL + JL

IL

 dθ
The effect of θ on the interval (IH − IL) is obtained by the Kramer rule and is directly comparable with

1.18.
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d(IH − IL)

dθ
=

1

det
{ 1

IH − IL

[
−ψ′L(IL)− ψ′H(IH) +

1

1− IH
+

1

IL

]
+
JH − JL
IH − IL

[
ψ′L(IL) + ψ′H(IH)− 1

1− IH
− 1

IL

]
− 1− JH

1− IH

[
ψ′L(IL)− 1

IL

]
− JL
IL

[
ψ′H(IH)− 1

1− IH

]
} > 0

(1.27)

The first term in the RHS is positive and equal to 1.18, the second term is negative but smaller than the

first. The two last terms are both positive since ψ′(IL), ψ′H(IH) < 0. Hence, considering additional demand

for labour in the production of machines the reallocation of skills across tasks will be larger in the final good

sector as long as the relative demand for middle skill is smaller than the sum of the relative demand for high

and low skill8. In the limit case where all machines are produced with middle skill labour there will be no

reallocation of tasks, we comment on this in the end of this section.

The reallocation of tasks in equation 1.27 has an intuitive interpretation. The two last terms refer to the

effect of high and low skill demand on the machine sector, this extra demand will push the prices of those

skills up and thus render them less competitive in the final good sector. Consequently, the number of tasks

reallocated to middle skill labour will now be greater than without machine production. The second term

of 1.27 is related to middle skill demand in machine production and works in the opposite direction. More

demand for middle skill workers in machine production raises their cost and will reduce the number of tasks

where they become less costly after the release of M workers from the automated tasks θ.

It is straightforward to verify the effect of machine introduction under different assumptions for machine

production. If, for instance, machines use middle skill labour only there will be no reallocation of tasks

(d(IH − IL)/dθ = 0). Due to the competitive nature of the model all middle skill workers that are replaced

by machines are employed in the production of those and paid the whole cost of machines (rK).

Taking high skill labour as the single input for machines, the increase in the interval between the threshold

tasks IH and IL is greater than without machine production by − 1
det

1
1−IH [ψ′L(IL) − 1

IL
], which is positive.

Compared to 1.27, we would observe a larger increase if IH , which would be closer to 1, and a smaller decrease

of IL. Figure 1.1 gives an illustrative comparison of task allocation in the final good sector under the different
8 JH−JL
IH−IL

< 1−JH
1−IH

+ JL
IL
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cases considered so far.

Figure 1.1: Task allocations on the final good sector

The equations above make it hard to take any definite conclusions on the impact of machine production

on task reallocation and wage differentials because we took the JL, JH thresholds as given. This is unlikely

to be the relevant case, but interpreting the equations above will provide useful insights once the system of

equations with endogenous thresholds in machine production is considered in the next section.

1.5.3 Endogenous allocation of tasks in machine production

Allowing JL and JH to respond to the introduction of machines over a small range (dθ) we obtain the system

of equations and the task reallocations developed in Appendix A. This section describes the results and their

implications for wage differentials.

First, the allocation of skills across tasks in the final good sector with endogenous JL and JH (1.31) does

not change with respect to 1.27, when those are exogenous. Second, the allocation of tasks in the machine

sector (1.32) will also change as a function of the initial values of JL and JH , which ultimately depend on

further assumptions on labour productivity (α) in each sector.

In the simplest case both sectors have αL,i
αM,i

,
αM,i
αH,i

and αL,j
αM,j

,
αM,j
αH,j

which are strictly decreasing on i and j
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and linear. As a result all the partial derivatives are negative and equal (ψ′(i) = ¯ψi < 0 ψ′(j) = ψ̄j < 0 ∀i, j)

and their second derivative is equal to zero. The partial derivatives of 1.31 and 1.32 with respect to (JH−JL)

are both negative.

Hence, there is a compensating effect in the final number of tasks and demand for middle skill labour.

Flatter labour productivity schedules in machine production αL,j
αM,j

,
αM,j
αH,j

reflect greater relative productivity

of middle skill labor and thus a larger initial number of tasks assigned to those workers (JH−JL) that will be

matched by a smaller increase in the tasks reallocated to middle skill in both sectors with the introduction of

machines in the production of the final good9. On the other hand, if αL,j
αM,j

,
αM,j
αH,j

are steeper the smaller initial

allocation of middle skills tasks in machine production will be compensated by the assignment of more tasks

to middle skill workers in both sectors after the introduction of machines. Hence, as the initial (JH − JL)

decreases the reallocation of tasks to middle skill workers increase in the final goods and machine sectors

according to equations 1.33 and 1.34 in Appendix A. Figure 1.2 illustrates this process.

Figure 1.2: Task allocation with endogenous thresholds in both sectors

It is clear then that the case where all tasks in machine production are assigned to middle skill and there
9A larger value of (JH − JL) diminishes both d(IH−IL)

dθ
and d(JH−JL)

dθ
in equations 1.31 and 1.32.
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is no reallocation of tasks, thus leaving the wage differential unchanged, is the limit of this compensation

process. Whether this compensation prevents changes in wage differentials in general is not yet clear. Next

section faces this problem.

The wage differentials, considering the labour demand in the production of machines, will now be given

by the following two expressions. The terms ĴH , ĴLrepresent the task thresholds in machine production after

the reallocation of tasks and ˆ̂
IH ,

ˆ̂
IL the reallocation of tasks in the final good production when machine

production takes place.

ˆ̂(
wM
wL

)
=

ˆ̂
IH − θ − ˆ̂

IL + θ(ĴH − ĴL)

ˆ̂
IL + θĴL

L

M

ˆ̂(
wH
wM

)
=

1− ˆ̂
IH + θ(1− ĴH)

ˆ̂
IH − θ − ˆ̂

IL + θ(ĴH − ĴL)

M

H

1.6 Cost of production and the effect of machine production on

wage polarization

Since this model describes a competitive economy, factors of production are paid the value of their marginal

product and there are no extra profits. Hence, total revenue of the final good production must be equal to

the total cost of production.

The total cost of production without machines is described by the equations below, which will serve as a

benchmark for comparison later. The cost of each task is given by its unit cost (pi) multiplied by the quantity

demanded of it (yi) and will ultimately be equal to the wage multiplied by the quantity of labour of that

skill demanded, according to 1.2. The number of tasks performed by each skill is defined by the threshold

tasks. Dividing everything by wM it is possible to represent the total cost using the wage differentials.
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Y =
∑

piyi =
∑ wL

ALαL,i
ALαL,ili +

∑ wM

AMαM,i
AMαM,imi +

∑ wH

AHαH,i
AHαH,ihi

Y = wLliIL + wMmi(IH − IL) + wHhi(1− IH)

Y

wM
=

IL

(IH − IL)

M

L

L

IL
IL +

M

(IH − IL)
(IH − IL) +

(1− IH)

(IH − IL)

M

H

H

(1− IH)
(1− IH)

Y

wM
=

M

(IH − IL)
1 (1.28)

We may proceed in a similar manner to compute the total cost of production after the introduction of

machines. Just as the final good, the production of machines is competitive and the whole revenue from the

machine sector (rK) is paid out to the factors employed in its production. Equation 1.29 is the equivalent

to 1.28 with machine production.

Y = wLli
ˆ̂
IL + wMmi(

ˆ̂
IH −

ˆ̂
IL) + wHhi(1−

ˆ̂
IH) + rK

Y = wLli
ˆ̂
IL + wMmi(

ˆ̂
IH −

ˆ̂
IL − θ) + wHhi(1−

ˆ̂
IH) + wLliθĴL + wMmiθ(ĴH − ĴL) + wHhiθ(1− ĴH)

Y

wM
=

ˆ̂
IL + θĴL

(
ˆ̂
IH −

ˆ̂
IL − θ) + θ(ĴH − ĴL)

M

L

L

ˆ̂
IL + θĴL

(
ˆ̂
IL + θĴL) +

M

(
ˆ̂
IH −

ˆ̂
IL − θ) + θ(ĴH − ĴL)

((
ˆ̂
IH −

ˆ̂
IL − θ) + θ(ĴH − ĴL))

+
(1− ˆ̂

IH) + θ(1− ĴH)

(
ˆ̂
IH −

ˆ̂
IL − θ) + θ(ĴH − ĴL)

M

H

H

(1− ˆ̂
IH) + θ(1− ĴH)

((1− ˆ̂
IH) + θ(1− ĴH))

Y

wM
=

M

(
ˆ̂
IH −

ˆ̂
IL − θ) + θ(ĴH − ĴL)

(1− θ + θ) (1.29)

Equating 1.28 to 1.29 gives 1.30 which answers the question posed in the end of last section. The total

number of tasks lost by middle-skill labour due to automation θ is totally compensated by the reallocation

of tasks from low and high to middle skill, represented by the first and second terms in the RHS of 1.30, plus

the initial amount of tasks allocated to middle-skill labour in machine production.

(
ˆ̂
IH − ˆ̂

IL − θ) + θ(ĴH − ĴL) = (IH − IL)

d(IH − IL)

dθ
+ IH − IL − θ + θ(

d(JH − JL)

dθ
+ JH − JL) = IH − IL

d(IH − IL)

dθ
+ θ

(
d(JH − JL)

dθ

)
+ θ (JH − JL) = θ (1.30)
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Figure 1.3 illustrates the process of reallocation of tasks to middle skill labour after the introduction of

machines, described by 1.30. The y-axis represents the number of tasks reallocated that will always sum

up to θ as a function of the initial (JH − JL) and, thus, of the labour productivity schedules αL,j
αM,j

,
αM,j
αH,j

.

The steeper they are with respect to αL,i
αM,i

,
αM,i
αH,i

the lower is the initial number of tasks assigned to middle

skill in the machine production. The reallocation of tasks to middle skill will be larger in the final good (A)

then in the machine sector (B) as we can confirm from equations 1.33 and 1.34. If the labour productivity

schedules are flatter, on the other hand, the initial (JH−JL) is larger and reallocation in machine production

is relatively greater than in final goods production.

Figure 1.3: Allocation of tasks do middle skill labor due to machine introduction

A = θ (JH − JL) B = θ
(
d(JH−JL)

dθ

)
C = d(IH−IL)

dθ

Therefore, with fixed labour supplies any change in wage differentials will depend exclusively on relative

demand, that is, the allocation of tasks to skills. Because the tasks automated are fully compensated by the

additional demand for middle skill spanning from the production of machines and reallocation of tasks the

wage differentials will remain unchanged. Independent of the amount of tasks where machines are introduced

θ and of labour productivity differences in the two sectors, as long as the competitive structure of the economy

is maintained introducing production of machines halts wage polarization.
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ˆ(
wH
wM

)
>

ˆ̂(
wH
wM

)
=
wH
wM

and
ˆ(
wM
wL

)
<

ˆ̂(
wM
wL

)
=
wM
wL

1.7 Concluding remarks

The present analysis attempted to extend the task-based model of Acemoglu and Autor (2011) to cover a gap

in the task-based approach to job and wage polarization by including production and demand for factors in a

second sector that produces the machines that embody technological change. The results indicate that when

both final goods and machines have the same production technology, maintaining the competitive structure of

the model, the additional demand for middle skill labour in the production of machines and the reallocation

of tasks that follow the automation of routine tasks offsets the wage polarization that follow from the same

model without machine production.

Even if the production of these machines or inputs do not use any middle skill labour itself, the additional

demand for, say, high skill would increase its cost in the production of final goods and expand the reallocation

of tasks to middle skill workers. Hence, even under alternative assumptions the effects of routine task

automation should cause less wage polarization in middle skill occupations.

The reasoning above might also provide an interesting insight into the different impacts of outsourcing

and technological progress that substitute routine tasks. While it is reasonable to assume away part of the

production in the case of outsourcing, technological progress should be followed by an increase in employment

in the sectors producing the machines and inputs that substitute labour on middle skill occupation. Wage

polarization could still follow from the model presented above if only the more codifiable routine tasks of

machine production are outsourced while the high and low skill tasks are not.
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1.9 Appendix A

To consider the endogenous determination of the threshold tasks in machine production we start from the

no arbitrage conditions in both sectors. Note that the only difference lies on the threshold tasks that index

the labour productivities (α).

ALαL,ILL

IL + θJL
=

AMαM,ILM

IH − θ − IL + θ(JH − JL)

AMαM,IHM

IH − θ − IL + θ(JH − JL)
=

AHαH,IHH

1− IH + θ(1− JH)

ALαL,JLL

IL + θJL
=

AMαM,JHM

IH − θ − IL + θ(JH − JL)

AMαM,JHM

IH − θ − IL + θ(JH − JL)
=

AHαH,JHH

1− IH + θ(1− JH)

Taking the log of the four equations above:

lnAM−lnAH + ψH(IH) + lnM−lnH−ln(IH−IL−θ + θ(JH − JL)) + ln(1−IH + θ(1− JH)) = 0

lnAL−lnAM + ψL(IL) + lnL−lnM + ln(IH−IL−θ + θ(JH − JL))−ln(IL + θJL) = 0

lnAM−lnAH + ψH(JH) + lnM−lnH−ln(IH−IL−θ + θ(JH − JL)) + ln(1−IH + θ(1− JH)) = 0

lnAL−lnAM + ψL(JL) + lnL−lnM + ln(IH−IL−θ + θ(JH − JL))−ln(IL + θJL) = 0

And totally differentiating with respect to IH , IL, JH , JL, θ:
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[ψ′H(IH)−
1

IH − IL
−

1

1− IH
]dIH + [

1

IH − IL
]dIL + [−

θ

IH − IL
−

θ

1− IH
]dJH + [

θ

IH − IL
]dJL + [−

(JH − JL)− 1

IH − IL
+

1− JH
1− IH

]dθ = 0

[
1

IH − IL
]dIH + [ψ′L(IL)−

1

IH − IL
−

1

IL
]dIL + [

θ

IH − IL
]dJH + [−

θ

IH − IL
−

θ

IL
]dJL + [

(JH − JL)− 1

IH − IL
−
JL

IL
]dθ = 0

[−
1

IH − IL
−

1

1− IH
]dIH + [

1

IH − IL
]dIL + [ψ′H(JH)−

θ

IH − IL
−

θ

1− IH
]dJH + [

θ

IH − IL
]dJL + [−

(JH − JL)− 1

IH − IL
+

1− JH
1− IH

]dθ = 0

[
1

IH − IL
]dIH + [−

1

IH − IL
−

1

IL
]dIL + [

θ

IH − IL
]dJH + [ψ′L(JL)−

θ

IH − IL
−

θ

IL
]dJL + [

(JH − JL)− 1

IH − IL
−
JL

IL
]dθ = 0

Which we may rearrange in matrix form



ψ′H(IH)− 1
IH−IL −

1
1−IH

1
IH−IL 0 0

1
IH−IL ψ′L(IL)− 1

IH−IL −
1
IL

0 0

− 1
IH−IL −

1
1−IH

1
IH−IL ψ′H(JH) 0

1
IH−IL − 1

IH−IL −
1
IL

0 ψ′L(JL)





dIH

dIL

dJH

dJL


=



− 1
IH−IL + JH−JL

IH−IL −
1−JH
1−IH

1
IH−IL −

JH−JL
IH−IL + JL

IL

− 1
IH−IL + JH−JL

IH−IL −
1−JH
1−IH

1
IH−IL −

JH−JL
IH−IL + JL

IL


dθ

Using the elements of the fourth row (ai,4) we obtain the determinant by cofactor expansion. Remembering

that the ψ′ terms are negative, the determinant will be positive and given by:

|A| = ψ′L(JL)ψ′H(JH)[(ψ′H(IH)− 1

IH − IL
− 1

1− IH
)(ψ′L(IL)− 1

IH − IL
− 1

IL
)− (

1

IH − IL
)2]

The reallocation of tasks across skills will depend on the change in the threshold tasks that follow the intro-

duction of machines over the range θ. Applying Kramer’s rule to the system we get (dIH/dθ), (dIL/dθ), (dJH/dθ)

and (dJL/dθ). Then, subtracting the second from the first and the fourth from the third gives the reallocation

of tasks in both sectors.

d(IH − IL)

dθ
=

1

|A| (ψ
′
L(JL)ψ′H(JH)){ 1

IH − IL

[
−ψ′H(IH)− ψ′L(IL) +

1

1− IH
+

1

IL

]
+
JH − JL
IH − IL

[
ψ′H(IH) + ψ′L(IL)− 1

1− IH
− 1

IL

]
− 1− JH

1− IH

[
ψ′L(IL)− 1

IL

]
− JL
IL

[
ψ′H(IH)− 1

1− IH

]
} > 0 (1.31)
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d(JH − JL)

dθ
=

1

|A| (ψ
′
L(JL)ψ′H(IH) + ψ′H(JH)ψ′L(IL)){ 1

IH − IL

[
−ψ′H(IH)− ψ′L(IL) +

1

1− IH
+

1

IL

]
+
JH − JL
IH − IL

[
ψ′H(IH) + ψ′L(IL)− 1

1− IH
− 1

IL

]
− 1− JH

1− IH

[
ψ′L(IL)− 1

IL

]
− JL
IL

[
ψ′H(IH)− 1

1− IH

]
} > 0 (1.32)

Is it straightforward to check that 1.31 is identical to 1.27 and thus is positive. So is 1.32, but the size of the

reallocation of tasks to middle-skill labour depends on the structure of the labour productivities. Assuming

that both sectors have the exact same technologies: αL,i
αM,i

=
αL,j
αM,j

and αM,i
αH,i

=
αM,j
αH,j

strictly decreasing on i

and j all the ψ′(i), ψ′(j) terms will be negative. If we further assume that they are linearly decreasing all

the partial derivatives will be equal (ψ′(i) = ψ′(j) = ψ̄ ∀i, j), and the displacement of the task thresholds in

the machine sector will be twice as large as in the final good sector.

Moreover, different technologies in both sectors will have will affect the number of tasks reallocated to

middle skill as a consequence of automation on θ. The relevant term to determine the size of low and high

skill displacement in machine production is (ψ′L(JL)ψ′H(IH) + ψ′H(JH)ψ′L(IL))/(ψ′L(JL)ψ′H(JH)) when we

consider the terms in the determinant |A| as well. Hence, lower ψ′ on the machine (j) sector results in a

greater number of tasks reallocated to medium skill workers. Ultimately, that simply means that relative

demand curves are more elastic in machine production as well describe in the main text above.

Taking the partial derivatives of 1.31 and 1.32 with respect to JH and JL we get the change in the

reallocation of skills as a function of the initial values of JH ,JL.
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∂(
d(IH−IL)

dθ )

∂JH
=

1
¯|A|

{
1

IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
+

1

1− IH

[
ψ
′
L(IL)−

1

IL

]}
< 0

∂(
d(IH−IL)

dθ )

∂JL
=

1
¯|A|

{
−

1

IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
+

1

IL

[
ψ
′
H(IH)−

1

1− IH

]}
> 0

∂(
d(JH−JL)

dθ )

∂JH
=

1
¯|A|

(
−
ψ′H(IH)ψ′′H(JH)

(ψ′H(JH))2

)
{

1

IH − IL

[
−ψ′H(IH)− ψ′L(IL) +

1

1− IH
+

1

IL

]

+
JH − JL
IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
−

1− JH
1− IH

[
ψ
′
L(IL)−

1

IL

]
−
JL

IL

[
ψ
′
H(IH)−

1

1− IH

]
}

+
1
¯|A|
{
(
ψ′H(IH)

ψ′H(JH)
+
ψ′L(IL)

ψ′L(JL)

)[
1

IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
+

1

1− IH

[
ψ
′
L(IL)−

1

IL

]]
} < 0

∂(
d(JH−JL)

dθ )

∂JH
=

1
¯|A|

(
−
ψ′L(IL)ψ′′L(JL)

(ψ′L(JL))2

)
{

1

IH − IL

[
−ψ′H(IH)− ψ′L(IL) +

1

1− IH
+

1

IL

]

+
JH − JL
IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
−

1− JH
1− IH

[
ψ
′
L(IL)−

1

IL

]
−
JL

IL

[
ψ
′
H(IH)−

1

1− IH

]
}

+
1
¯|A|
{
(
ψ′H(IH)

ψ′H(JH)
+
ψ′L(IL)

ψ′L(JL)

)[
−

1

IH − IL

[
ψ
′
H(IH) + ψ

′
L(IL)−

1

1− IH
−

1

IL

]
−

1

IL

[
ψ
′
H(IH)−

1

1− IH

]]
} < 0

Where ¯|A| = [(ψ′H(IH)− 1
IH−IL −

1
1−IH )(ψ′L(IL)− 1

IH−IL −
1
IL

)− ( 1
IH−IL )2] > 0.

Using the fact that ψ′′L(JL) = ψ′′H(JH) = 0 because the labour productivity schedules are linear gives the

total variation of d(IH−IL)
dθ and d(JH−JL)

dθ as a function of (JH − JL), which are both negative.

∂(
d(IH−IL)

dθ
)

∂(JH − JL)
=

1
¯|A|
{

2

IH − IL

[
ψ′H(IH) + ψ′L(IL)−

1

1− IH
−

1

IL

]
+

1

1− IH

[
ψ′L(IL)−

1

IL

]
+

1

IL

[
ψ′H(IH)−

1

1− IH

]
} < 0 (1.33)

∂(
d(JH−JL)

dθ
)

∂(JH − JL)
=

1
¯|A|
{
(
ψ′H(IH)

ψ′H(JH)
+
ψ′L(IL)

ψ′L(JL)

)
2

IH − IL

[
ψ′H(IH) + ψ′L(IL)−

1

1− IH
−

1

IL

]
+

1

1− IH

[
ψ′L(IL)−

1

IL

]
+

1

IL

[
ψ′H(IH)−

1

1− IH

]
} < 0 (1.34)
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Chapter 2

Employee Control, Work Content and

Wages

Abstract

Recent contributions have highlighted a technological bias in the substitution of routine work as a cause of

wage inequality. Technological progress is assumed to increase returns to abstract, cognitive work and reduce

those related to physical, usually routine, work activities. This article puts forward an alternative interpreta-

tion whereby wages are related to employees’ control over work, which is conditioned by the institutions that

represent workers’ interests. We use O*NET detailed occupational level data to build two measures of control

over i.) physical or tangible work activities, ii.) abstract or non-tangible work activities and one of the direct

impact over firm’s profits and production. These are used to contest previous interpretations of this data

as a measure of task intensity and the relevance of a disaggregation between routine and non-routine work,

at least for wage outcomes. We develop a simple bargaining model that suggests employee control adds to

the bargaining power of workers and has a negative relation to impact, which is used to a greater extent

in industries where control over work is not sufficient to increase wages, a relation that is corroborated by

random slopes multilevel models estimates. A comparison of these random coefficients with industry level

characteristics provides evidence that institutions such as unions and professional associations increase the
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odds of receiving a wage premium related to employee control, but finds very limited support for a relation

between technological change and the estimated wage premia.

2.1 Introduction

In the aftermath of the global financial crisis the soaring wage and income inequality in developed economies

was brought into the spotlight and its causes have been a matter of great interest and controversy. Since the

early 1990s technological change has championed economic attempts to make sense of wage inequality. The

complementary between skill and new technologies1 is in the core of Skill Biased Technological Change models

(Acemoglu, 2002a, 2002b) that propose a long term upward slopping labour demand curve to explain the

simultaneous increase of employment and wages in the top end of wage and skill distribution. Recently though

the hypothesis of routine task automation (Goos, Manning and Salomons, 2009; Acemoglu and Autor, 2011)

has become an increasingly popular explanation for the job polarization2 patterns observed in the 1990s.

Alternatively, institutional factors such as deunionisation and minimum wages have also provided a con-

vincing explanation for the rise of wage inequality (Lemieux, 2008; Kristal and Cohen, 2016). In sociology,

the focus on labour market stratification fostered research on social and occupational closure strategies such

as unionisation, licensing and professional association representation as vehicle to restrict relative supply and

sustain demand, demarcating activities to be performed, within occupations (Weeden, 2002).

The present study bridges the gap between technology and institutions introducing employee control as

an additional source of wage inequality. It is argued that the amount of control a worker possesses over his

activities and hence over the productive process and resources of a firm has a positive effect on her wage.

That is, the capacity to affect production and profits increases the bargaining power of employees.

Our contribution is twofold. First, by building new variables from the Occupational Information Network

(O*NET) work activities data and comparing them to previous measures by Acemoglu and Autor (2011)
1Specially information technology with the mass adoption of computers in the workplace.
2The term job polarization refers to the simultaneous increase of employment in both ends of the skill distribution relative to

middle skill workers whose jobs consist mainly on routine, standardized and easier to automate, tasks. For a survey see Autor
(2015). The technological explanation of job polarization has been questioned on empirical basis, particularly regarding the
relation between automation of routine tasks and wages. Recent works by Schmitt at al. (2013) and Bárány and Siegel (2014)
pointed out that the relative loss of middle skill jobs might date back to the 1950s, thus preceding widespread evidence of wage
polarization by decades.
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and Autor and Handel (2013) we challenge the common interpretation of O*NET data as task intensities3.

Instead, it is claimed that they bear a closer association to the amount of control employees in each occupation

have over their work. Moreover, assessing O*NET measures of task frequencies, which differ from the

importance of work activities usually employed in the construction of routine and non-routine work variables,

these two sets of measures often have very low or even negative correlation, as shown in figure (2.1).

It is also suggested that, at least with respect to wage outcomes, routine and non-routine disaggregations

make little sense while the separation of physical or tangible and abstract or non-tangible work activities

results in qualitatively different patterns. Figure (2.1) below illustrates our employee control variables on the

left in comparison to their equivalents from Acemoglu and Autor (2011) on the right graph. The industry

means4 of the variables are plotted for 250 3-digit industries, in the x-axis, ordered according to the Census

Industry codes from mining, construction and manufacturing industries to services, in the right-side of both

graphs.

The two sets of variables show a striking similarity despite the conceptual differences in the choice of

work activities that compose them, discussed in the following pages. Figure (2.1) illustrates how routine

and non-routine physical or manual work activities, represented by squares and x’s respectively, behave very

much alike. Hence, the empirical analysis that follows distinguishes between physical and abstract instead

of the usual routine and non-routine work as responsible for wage differentials among employees in distinct

occupations.

On the left side of both graphs mining, construction and manufacturing industries present a higher score

for the two variables related to tangible work, towards the right side of the x-axes service industries are

characterized by a greater importance of abstract, non-tangible work in the occupations they employ.

In our second contribution, the econometric analysis casts further doubt on previous results from the

routine biased technological change literature. In addition of control over physical and abstract work activ-

ities, we asses the direct impact a worker in a specific occupation may have over firm’s results, henceforth

Impact, using O*NET work context data on i.) the consequence of committing an error and ii.) the import-

ance of decisions. In contrast to employee control, which relates to the type of work activities, physical or
3Specifically, assuming O*NET work activities measured in scale of importance reflect the frequency in which theses activities

(tasks) are performed in a certain occupation.
4Excluding workers in management occupations.
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abstract, carried out in an occupation, impact refers to the capacity to influence the development of these

activities either improving or damaging performance which eventually affects directly production and profits.

Even though the regressions estimate the expected negative and positive wage premia associated with

physical and abstract work activities, respectively, once these are interacted with employee impact the first

is mitigated while the second increases even further.

Figure 2.1: Comparison of physical and abstract employee control variables by industries to Acemoglu and
Autor (2011) measures

Moreover, multilevel models with random slopes for the two employee control variables reveal a great

degree of heterogeneity in the relation between physical and abstract control and wages in different industries,

with an unexpected distribution. Although there is a clear negative relation between the estimated random

slopes for physical and abstract control, hence workers in industries with high returns to physical control

have low or negative wage premia from abstract control and vice versa, there is no clear concentration of

production and manufacturing industries with positive returns to physical control and of high-skill services

with greater random slopes for abstract control.

We also find evidence of a negative relation between the abstract and physical control random slopes and
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their respective interactions with Impact. That is, a lower or negative wage premium from control over work

activities in a certain industry is associated with greater wage gains from an employee’s capacity to directly

impact production and profits.

The final step of the empirical analysis estimates a multinomial logit model regressing the industry

random slopes for physical and abstract employee control on industry level institutional and technological

characteristics. Both the level and especially the growth rate, between 2003 and 2016, of industry mean

abstract and physical work content that reflect the current and the evolution of the employment composition

in industries are poor predictors of the wage premia associated with the random slopes5. On the other hand,

industry average Impact, unionisation rates and professional association representation are related to random

slopes statistically greater or at least not smaller than zero, thus providing some evidence that institutions

are an important factor that mediate the relation between technology and wages.

Another interesting result is drawn from the Impact variable. High industry mean Impact is related

to positive employee control random coefficients according to the multinomial logit analysis, but in the

multilevel estimates the interaction between Impact and control is associated to higher wages in industries

where employee control alone has negative random slopes. Hence, when the overall level of Impact of workers

in an industry is low, the few who can actually affect production and profits earn higher wages and when

average Impact is high employee control over work is more likely to be related to a positive wage premium.

The next section provides a brief overview of the literature on employee control and is followed by a

simple economic model of wage bargaining where workers in different occupations have distinct bargaining

powers according to their control over work activities and also occupation specific capacities to Impact firm’s

profits. We then describe the measures of employee control based on detailed occupational level data from

the O*NET with particular attention to differences between our variables and other previously adopted in the

literature and argue that these work activity measures better reflect employee control than task intensities

using occupation specific task frequency data.

The empirical analysis follows. Combining occupational level employee control variables with individual

level wage, demographic and educational data from the Current Population Survey Merged Outgoing Rotation
5Note that the random slopes estimated by industry in the multilevel models and used as the dependent variable in the

multinomial logit does not depend on the industry mean of control over abstract and physical work activities but rather on the
relation between occupational level abstract and physical control and individual wages.
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Groups extracts (CPS-ORG) we first present simple regressions, exploring routine-non-routine disaggrega-

tions, and then perform a multilevel analysis which allows us to estimate different returns to employee control

by industry. After discussing possible reasons for the technological or institutional nature of employee control

over work we find some evidence in favour of the later but only very limited support for the former.

2.2 Labour and Control

The issue of employee control gained notoriety with Braverman’s (1998) Labour and Monopoly Capital though

it was preceded by the works of French sociologist Georges Friedmann. Both stressed a pessimistic view,

of Marxian inspiration, according to which there was a common trend of decreasing employee control and

deskilling of the labour force6. A contrasting theory emerged among American scholars such as Clarck Kerr

and John T. Dunlop. Specialized skills together with increased voice and autonomy replaced the discouraging

trends in labour standards envisioned by Braverman.

The advent of reliable, large scale quality of work surveys in the U.S. and Europe during the 1970s soon

depicted a trend incompatible with both theories. While there has been a pronounced decline in discretion,

skill requirements rose from mid 1980s to the 2000s (Gallie, 2013, p.335). This propelled research towards the

concepts of flexibility and polarization of the labour market. That is, labour market segmentation between

a core and a periphery of workers, the former characterized by great autonomy and skill and the later

marginalized to low autonomy, non-standard employment arrangements.

Another notable inquiry into the origins of management control and firm organization is due to Marglin

(1974). His argument, later contested by Landes (1986), highlights the role of power and control instead of

technical efficiency in the emergence of the factory system. In his compelling historical argument Marglin

asserts that the agglomeration of workers in factories and the relocation of control over the work process and

the quantities produced from manufacturer(worker) to capitalists shifted the former’s role in production. The

decision of whether or not to work was replaced by whether or not to be employed, thus imposing greater

discipline on the labour force.

Part of the labour process theory that spanned from Braverman’s work, such as Burawoy (1985), was
6This and the following paragraph are based on Gallie (2013) and Gallie at al. (2004).
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brought into question by Hyman (1987). While sustaining the relevance of power relations in the organization

of production, Hyman (1987, p.38) questions whether forms of organization that restrict worker’s control may

be considered a conscious strategy from management arguing, for instance, that “Deskilling involves costs

as well as benefits for capital. The more fragmented the structure of tasks and the more limited the range

of aptitudes possessed by individual workers, the greater the requirement of expensive managerial skills to

integrate collective labour process”.

In economics, efficiency wage models are the most notable line of research to consider some form of control.

Despite the focus on employer instead of employee control, the matter in question is not so different from

ours. Monitoring is necessary due to workers’ capacity to affect production through their choice of effort.

The supervision of work is explicitly considered in Shapiro and Stiglitz (1984) and Bowles (1985). Al-

though there is evidence of extensive use of workplace monitoring (Dickens et al., 1989; Jayadev and Bowles,

2006), the wage-effort relation that underlies these models has proven to be notably challenging for empirical

research which perhaps contributed to the reduced interest on issues of employer or employee control among

economists.

Still there is more to workplace control than supervision and monitoring. Edwards (1979) identifies three

systems of control used by employers: simple, technical and bureaucratic. The first highlights the role of

managers direct supervision to elicit higher effort from employees and thus resembles efficiency wage models.

In the second, technical control, machinery and the organization of production dictate the work pace, as in a

large production lines for instance. Easier to supervise employees reduce the cost of monitoring, nevertheless

the operation of expensive and integrated machinery also adds to the potential impact of eventual employee

malfeasance7. Third, bureaucratic control is usually related to high-skill workers in firms characterized by

internal labour markets. Promotions and seniority increase expected or actual wages and hence the cost of

jobloss, which in turn induces workers to exert higher effort.

Drawing on the works of both Edwards (1979) and Braverman (1998) it is evident that the amount

of control an employee has over work and firm’s resources depends on the organization of work and the

interactions of employees with machinery, management, clients and each other. Hence, employee control is

strictly connected to occupations and the content of work performed as well as industries and the firms’
7Either by its direct impact on firm‘s resources or its capacity to delay or reduce production.

35



resources to which employees have access.

2.3 A Simple Model of Wage Bargaining with Control

This section provides a model of wage bargaining to make sense of the relation between control, Impact

and wages . The model developed below resembles efficiency wage models with two important differences.

First, firms have the ability to set wages but not employment which depends on the quantity of final goods

produced due to the fixed coefficients technology. This choice might seem unusual but is hardly at odds with

empirical evidence, or at least is a valid alternative to the Cobb-Douglas technology, that has repeatedly

estimated elasticities of substitution well below one at country (Antràs, 2004)8, industry (Young, 2013) and

firm level (Barnes et al., 2008; Chirinko et al., 2011).

Second, in our model the decision to pay higher wages does not imply an increase in productivity through

higher effort with respect to equilibrium market clearing wages as in Akerlof (1982). Instead higher wages

actually prevent workers from reducing firms profits by under-utilizing capital with respect to the profit rate

that would be collected if employees had no control over the productive process.

In the simple economy considered identical firms produce a single good that is used both for consumption

and as an input in production. We analyse the distribution of the value of a unit of output in a single

production period, for a given quantity of inputs (K) and a level of production (y). For simplicity, the

heterogeneity of labour is restricted to two occupations which are combined with firm’s inputs or capital as

perfect complements. Therefore, the three inputs are labour in occupations one and two, L1, L2 and capital

K.

Worker’s control over the firm’s resources and, hence, production is given by the bargaining power in both

occupations β and γ, the weights of the Nash product in equation (2.7). Parameters β and γ and, thus, also

the employer’s bargaining power (δ = 1 − β − γ) are exogenous to the bargaining process. In other words,

control over work activities depend on technology and the organization of work in production, not on the

wages determined in the bargaining process. Employees potential Impact over profits is represented by a

function h(w1, w2, v1, v2), whose arguments are wages and the fallback positions9 in the two occupations.
8Specially in the presence of any bias towards one of the production factors in technology or non Hicks neutral technology.
9We will clarify the definition of v1 and v2 soon, but it should be understood as the (labour) income a worker has if not
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Thus, our framework associates employee control over physical and abstract work activities with the

bargaining power of workers in each occupation as they hinge on the content of the work performed and,

hence, are known and considered in the bargaining process.The Impact over profits in function h(·), on the

other hand, depends on the wages paid in excess of the fallback positions. It is associated to employee

sabotage or not performing the amount or quality of work desired by the firm.

Therefore, we implicitly assume that impact has a collective character. The capacity of an individual

worker to detract from profits without punishment “depends almost completely upon the willingness of his

fellow workers to deter such actions through group pressure and to cooperate with legal authorities” (Piore,

1973, p.378-379). Hence, being able to actually do so is in line with the interpretation of occupations as

micro-classes with specific social norms and collective representation by occupational associations (Grusky

and Galescu, 2005,p.5). As it will soon be clear, our Impact variable in the empirical analysis corresponds

to the potential or capacity to reduce profits which is given by parameters α and 1− α in the model.

Thus, Impact passes through the utilization of firm’s resources or capital (K). Whether they choose to

make use of this power will depend, negatively, on the wages paid. Therefore worker’s Impact on profits is

included in production technology (2.1).

y = min{a1L1, a2L2, b
K

h(w1, w2, v1, v2)
} (2.1)

y = min{a1L1, a2L2, bK
∗}

Where a1 = Y
L1

, a2 = Y
L2

and b = Y
K∗ < 1 are the labour and capital-output ratios. Note that the

capital-output ratio b is not different for actual (K) and effective capital, given by K∗ = K/h(·). This

means employees’ influence on utilization does not affect capital productivity, it rather changes the quantity

of actual inputs necessary to produce a unit of output.

We shall further assume that function h(·) is strictly increasing and concave on the difference between

wages and the fallback positions. Parameters α and (1 − α) ∈ (0, 1) represent the capacity of workers in

occupations one and two, respectively, to detract from profits, and thus represent the variable Impact in the
employed in the firm. It is assumed that w1 > v1 and w2 > v2
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following empirical analysis. Indeed α and (1−α) are the elasticities of the amount of damage a worker may

impose to the firm with respect to her wages relative to the outside option10. Therefore, if α > 0.5 > 1− α

reducing w1 will have a greater impact on profits than a decrease in w2.

Moreover, the fallback positions are defined as the alternative income for a worker, hence, the wage of the

same occupation in another firm
(
wA1 , w

A
2

)
, which is exogenous to the bargaining process, multiplied by the

probability of being employed, given by employment rates e1,e2 ∈ (0, 1). Equation (2.2) gives the explicit

form of function h(·).

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) = (w1 − e1w

A
1 )α(w2 − e2w

A
2 )1−α (2.2)

The total value of the product, normalizing the output price to 1, equals y , to be distributed between

the two categories of workers and profits as in (Tavani and Vasudevan, 2014). Dividing (2.3) by y gives the

same expressions for the value of a unit of output. Rearranging (2.4) we obtain the gross profit rate by unit

of actual capital as a function of wages (2.5).

y = w1L1 + w2L2 + rK (2.3)

1 =
w1

a1
+
w2

a2
+
r

b
(2.4)

r = b(1− w1

a1
− w2

a2
) (2.5)

However, the effective capital utilization also depends on function h(·). Therefore r represents the profit

rate that would be obtained with efficient use of inputs. Since the effectively used inputs are given by

K∗ = K/h(·), the effective profit rate π will be given by r.h(·) and the reduction in profits with respect to r

is equal to one minus the ratio between actual and effective capital (1− h(·) = 1−K/K∗).

π = b(1− w1

a1
− w2

a2
)h(·) (2.6)

10Using equation (2) below: ∂h(·)
∂w1

(w1−e1wA1 )

h(·) =
α(w1−e1wA1 )α−1(w2−e2wA2 )1−α(w1−e1wA1 )

(w1−e1wA1 )α(w2−e2wA2 )1−α
= α
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This implies that h(·) ≤ 1 which will be the case since employers and employees bargain wages and

profits over the value of a unit of output, normalized to 1, and the impact function h(·) is homogeneous of

degree one. In other words, the bargained wages would have to be very high with respect to the total value

that may actually be paid, given by the value of a unit of output. In order for the impact function to be

greater than one (h(·) > 1) an unlikely combination of extremely high output-to-labour ratios and very large

unemployment rates would be necessary11.

Although it might seem strange that effective capital is greater than actual capital (K∗ > K), h(·) ≤ 1

represents the necessity of more inputs when these are not efficiently utilized. Consider a firm with a fixed

amount of actual capital (K) that hires labour according to the technological requirements in equation (2.1).

Paying higher wages and consequently obtaining a greater value of h(·) will ensure a more efficient use of

capital or a smaller difference between effective and actual capital. Hence, for a given quantity of desired

output, higher wages are related to a more (actual) capital-intensive production, a fact that finds support in

empirical research such as Arai (2003) and Gittleman and Wolff (1993).

Wages are determined by generalized Nash bargaining between employees in both occupations and the

employer. The adopted production technology with fixed coefficients allows for the determination of factor

demands without unique equilibrium prices given by the marginal products of labour and capital. Nash

bargaining provides thus an instrument to set bargained wages as a linear combination of the value of a

unit of output of the firm and wage floors given by the fallback positions (Tavani, 2012, p.118-119). The

correspondent bargaining powers in occupations one and two, that represent our measures of employee control

in the empirical analysis ahead, are the weights of the Nash product:β, γ, while δ = 1 − β − γ expresses

employers control over work. The wage bargaining in a certain period of time will be described by (2.7).

max : S
{w1,w2}

= (w1 − e1w
A
1 )β(w2 − e2w

A
2 )γ(r.(w1 − e1w

A
1 )α(w2 − e2w

A
2 )1−α)δ (2.7)

Taking the first order conditions with respect to the two wages and combining them gives the bargained

wages (2.8) and (2.9)12.
11A more detailed explanation is provided in the final section of Appendix A.
12The derivations and algebra are presented in Appendix A.
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w1 =
a1(β + αδ)

1 + δ
+
e1w

A
1 (δ + γ + (1− α)δ)

1 + δ
− a1

a2

e2w
A
2 (β + αδ)

(1 + δ)
(2.8)

w2 =
a2(γ + (1− α)δ)

1 + δ
+
e2w

A
2 (δ + β + αδ)

1 + δ
− a2

a1

e1w
A
1 (γ + (1− α)δ)

(1 + δ)
(2.9)

Bargained wages will be increasing in each occupation’s labour-output ratio (a1, a2), employee control

(β, γ), Impact (α, 1 − α) and on their outside options. They are also decreasing on employer’s bargaining

power (δ) and on the other occupation’s outside option.

In market equilibrium wages bargained by all the identical firms are the same, as in Skott and Guy (2007).

Hence, the alternative wages in the fallback positions will be equal to the bargained ones13. Rearranging

equations (2.8) and (2.9) into the system below we may apply Cramer’s rule to get the market wages.

 1 + δ − e1(δ + γ + (1− α)δ) a1
a2
e2(β + αδ)

a2
a1
e1(γ + (1− α)δ) 1 + δ − e2(δ + β + αδ)


 w1

w2

 =

 a1(β + αδ)

a2(γ + (1− α)δ)


The final expressions for wages in both occupations will then be given by (2.10) and (2.11)14:

.

w1 =
a1(β + αδ)

(1 + δ(1− e1)) + (e2 − e1)(β + (1− α)δ)
(2.10)

w2 =
a2((γ + (1− α)δ)

(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)
(2.11)

Wages are still strictly increasing in their own control over work and Impact and, therefore, decreasing on

the other occupation’s. There is also a compensating effect between employee control and Impact. A higher

α (1− α) for occupation one (two) will result in higher wages the lower is the sum β + γ. Namely, the wage

reduction that would follow a high bargaining power of the employer (δ) is mitigated by workers capacity to

impact directly firm’s profits by choosing to perform poorly or sabotage work.

Wages in (2.10) and (2.11) are also increasing on their own and decreasing on the other occupation’s
13w1 = wA1 and w2 = wA2 .
14The denominator in the two expression is the same, they were rearranged for an easier interpretation.
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employment rate. However, due to the production technology adopted employment rates e1 and e2 must

increase in line with production. Hence, if both e1 and e2 increase as a function of total output (Y ) there

will be an interval in which both occupations obtain higher wages following a growth in Y . Such an interval

is increasing in the employer’s bargaining power (δ). If, however, there is a great disparity in the output-to-

labour ratio in the two occupations, the one with the higher ratio will see a greater employment expansion

and obtain higher wages while the other could have a decrease in wages as a result of higher output. The

underlying logic behind this movements is that a much stronger growth in, say, e1with respect to e2 also

increases the outside option in occupation one, inducing employers to negotiate higher wages these employees

in order to avoid their direct impact on profits15.

Taking the ratio between (2.10) and (2.11) a simpler expression for wage inequality is obtained (2.12)16.

w1

w2
=

a1(β + αδ)(1− e2)

a2(γ + (1− α)δ)(1− e1)
(2.12)

It is evident from the expression above that a polarization of the Impact over profits (α, 1− α) increases

inequality. Employee control will also increase inequality if the growth of β, for instance, implies a decrease

in γ. The effect of an equal and simultaneous increase in β and γ on wage inequality depends on parameter

α. If α > 0.5, a fall in δ = 1− β − γ will reduce the w1/w2 and reduce inequality if wages in occupation one

were initially higher or increase it otherwise.

An expansion of aggregate demand and output, supposing a fixed supply of labour in both occupations,

will reduce inequality if wages in the occupation with the highest labour-output ratio is initially lower. In

other words, if a1 < a2 and w1 > w2, an increase in Y will generate greater demand for L2 = a2Y than for

L1, provided that none of the occupations is near full employment or that there is some degree of mobility

between them. Hence, not only there is a pro-cyclical trend in wages, as empirical evidence suggests (Shin

and Solon, 2007; Martins, 2007), but under reasonable conditions for the model’s parameters wage inequality

is counter-cyclical.

Despite the simple consequences of an output increase on wages and inequality outline above, this simple

model serves to characterize the bargaining process between two different types of workers and employers in
15The effects of output (Y ) on wages is analyzed in greater detail in the end of appendix A.
16The terms (1−e2) and (1−e1) are present in both the numerator and denominator of equations (2.10) and (2.11), respectively

and, hence, are omitted above. Appendix A provides the complete calculations to obtain market wages.
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a single period, static environment. Three features of the model distinguish it from the more usual efficiency

wage setting. First, it provides a change in perspective. Employees’ control over work and their capacity to

impact profits negatively lead to an inefficient use of firm’s resources instead of increasing labour productivity

as in efficiency wage models. Second, due to the heterogeneity of workers in our model it describes not only a

conflict between employers and employees, but also between different groups of workers. The third and final

contribution of this simple model regards the interaction between employee control and impact. Parameters

αδ and (1 − α)δ in equations (2.10) and (2.11), respectively, provide a testable hypothesis: impact (α and

1− α) should have a greater effect on wages when employee control over work (β and γ) is low.

The next section begins the empirical analysis describing the variables that compose our measures of

employee control and impact. I also discuss their relation with the intensity or frequency of work activities

performed by workers and, hence, contrasts our interpretation of O*NET variables as measures of employee

control and impact with previous uses of the same dataset.

2.4 Measures of Work Content and Employee Control

The bulk of wage inequality is traditionally found within-occupation or between-firm and researchers, such

as Barth et al. (2014) for example, have concentrated a great deal of attention in it. The growth of between-

occupation inequality since the late 1970s, however, has been equally impressive and did not pass unnoticed.

According to Williams (2013) although most of wage inequality in the U.K. is still found within-occupation,

it was between-occupation inequality that grew the most between 1975 and 2008.

A similar picture emerges in the U.S. From 1992 to 2002, the 66 percent of wage inequality increase took

place between occupations (Mouw and Kalleberg, 2010, p.422). Accounting for a longer period Weeden et

al. (2007, p.721) found similar results17 for the period ranging from 1973 to 200518. Both of these studies

measure inequality through the decomposition of wage variance between and within occupations.
17The authors consider two kinds of within occupation inequality: between (big) class and between occupations/within class.

Big class is defined as a group of several occupations.
18A contrasting view was presented by Kim and Sakamoto (2008) arguing that the increase in wage inquality in the past few

decades was better explained by within occupation trends. Mouw and Kalleberg (2010, p.403), however, show that the increase
in residual wage inequality in the CPS sample of Kim and Sakamoto was mainly caused by imputed missing wages, obtained
based on aggregate categories of occupations, thus artificially reducing between occupation inequality. For further information
refer to the Wages and Task Control section.

42



These figures provide sufficient motivation to use occupational level characteristics to explain wage inequal-

ity. Hence, to construct measures of control by occupation we use data from the Occupational Information

Network (O*NET 21.319), developed by the U.S. Department of Labor and released in May 2017 containing

detailed characteristics on 974 occupations20. In 2000 the O*NET replaced the Dictionary of Occupational

Titles (DOT), which gained notoriety among economists with Autor, Levy and Murnane’s (2003) analysis

of routine task substitution due to the introduction of information technology, as the main source of occu-

pational information in the U.S. Since then O*NET data itself was employed in studies about automation

(Frey and Osborne, 2017) and offshoring (Blinder, 2009; Blinder and Krueger, 2013).

Each occupation is described by variables classified into eight major groups: i.) abilities, ii.) interests,

iii.) knowledge, iv.) skills, v.) work activities, vi.) work context, vii.) work styles and viii.) work values. The

O*NET job content model (Onetcenter, 2017) is based on organizational analysis and reflects characteristics

of occupations (v. and vi.) and of the people employed in those (i., ii., iii., iv., vii. and viii.).

We rely on occupational requirement characteristics included in work activities (v.), for employee control,

and work context (vi.) for Impact21. The O*NET variables used to build our two measures of employee

control over physical and abstract activities were selected using a bottom down approach as in other studies

that rely on the same dataset (Firpo et al., 2010; Blinder, 2009; Autor and Handel, 2013). All the variables

attribute a scale of importance, from 1 (not important) to 5 (extremely important), to a specific activity in

a given occupation22.

The present analysis differs from previously developed variables, particularly those in Acemoglu and Autor

(2011) and Autor and Handel (2013), in two aspects. First, in order to be as consistent as possible with the

original O*NET model each of our variables is built with data from a single category, namely work activities

for physical and abstract employee control and work context for Impact. Additionally, employee control is
19The data is freely available at https://www.onetcenter.org/db_releases.html
20The O*NET codes are based on the U.S. Bureau of Labour Statistics Standard Occupational Classification (SOC) codes.
21Work activities include the set of general activities common to all job families and industries like analyzing data and

monitoring processes while work context reflects the physical and social factors that influence the nature of work such as
freedom to make decisions and the degree of automation in an occupation.

22The O*NET questionnaires contains a short description of the work activity followed by the question and an horizontal scale
with numbers 1,2,3,4 and 5 labeled as not important, somewhat important, important, very important and extremely important.
The questionnaires may be either administered by occupational experts (22.7%), analysts (0.3%) or responded by incumbents
alone (77.3%), the percentages regard the work activities reported in O*NET 21.2. Let us consider the work activity 4.A.1.a.1:
getting information. The question “How important is getting information to the performance of your current job?” is preceded
by the description of this activity: “observing, receiving and otherwise obtaining information from all relevant sources”.
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based on a far greater number of work activities, 13 for physical23 and 16 for abstract, as seen in table (2.1)24.

Although this choice does reduce variation in the control measures between occupations and industries, to

some extent, it also reduces the risk of introducing an undesired bias towards some occupations when dealing

with a more restricted set of work activities. Analysing data or interpreting information for others, both

included in abstract control, are certainly relevant and fairly general work activities. But there is no obvious

criteria to choose these over processing information or making decisions and solving problems. Considering

more work activities is a conservative decision that attempts to capture important characteristics for a greater

number of occupations without changing dramatically the industry average of the variables, with respect to

the Acemoglu and Autor (2011), as previously seen in figure (2.1).

The second and more meaningful difference is one of interpretation. Our use of these work activities, in a

scale of importance, to measure employee control differs from previous interpretations of the same data. We

have thus far intentionally avoided the use of the term tasks to refer to the O*NET work activities and work

context variables for it is exactly as a measure of tasks intensity that they have been interpreted by other

works such as Autor and Handel (2013).

Therefore, assuming that O*NET variables correspond to tasks immediately leads us to task based models

(Gorssman and Rossi-Hansberg, 2008) that underlie the routine task automation hypothesis to explain job and

wage polarization (Acemoglu and Autor, 2011, p.1079; Acemoglu and Restrepo, 2016). Empirical applications

of these models assume that variables based on the same O*NET data we use reflect the frequency in which

these work activities are performed in each occupation. That is, jobs that are intensive in a certain routine

tasks are also more susceptible to automation because those tasks are easier to translate into a coded and

standardized procedures to be performed by machines.

Hence, identifying the O*NET measures of work activities and context as tasks implies that they reflect the

frequency or intensity of those in an occupation. Fortunately the O*NET database also contains information

on tasks which are, in contrast to work activities, specific to each occupation and measured in a scale of

frequency.
23Which is further disaggregated into routine (6) and non-routine (5).
24Autor and Acemoglu (2011, p,1079) have argued that restricting the number of work activities and other occupational

characteristics avoided overlap between the variables built from O*NET. Still, since we use only two variables with qualitatively
different characteristics, it is unlikelly that one of the selected work activities reflects both abstract and physical activities of an
occupation.
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These are also associated to work activities, but not to work context. We compare our selected work

activity measures of importance with the sum of the frequencies of all tasks associated to them.

Table (2.1) lists the work activities that compose the two employee control measures25. Furthermore,

physical control is separated into routine and non-routine. All of the omitted work activities from O*NET

are either too ambiguous to be assigned to our two variables or regard managerial aspects of work which are

not of direct interest26. For each of the work activities listed below we present the correlation (ρ) between

their measure of importance, used to build both our employee control variables and the measures of task

intensities used in other work on the literature, and the sum of the frequencies of the actual tasks from

O*NET data associated to them.

Table 2.1: Composite measures of control and correlation (ρ) between work activities in scale of importance
and their respective task frequencies

Physical Work Activities ρ N Abstract Work Activities ρ N

Monitor Processes, Materials, or Surroundings (a) .22 429 Getting information (a) .10 508
Inspecting Equipment, Structures, or Material (a) .04 456 Identifying objects, actions and events (a) -.30 89
Operating vehicles, mechanized devices, or equipment
(a)

.33 82
Estimating the Quantifiable Characteristics of Products,
Events, or Information (a)

-.17 241

Assisting and Caring for Others (a) .47 202 Judging the Qualities of Things, Services, or People (a) -.04 252
Monitoring and controlling resources (a) -.06 352 Processing information (a) -.08 207

Controlling machines and processes (b) .31 284
Evaluating Information to Determine Compliance with
Standards (a)

-.11 99

Drafting, laying out, and specifying technical devices,
parts and equipment (b)

- - Analyzing data or information (a) -.05 297

Repairing and maintaining mechanical equipment (b) .26 323 Making decisions and solving problems (a) -.08 401
Repairing and maintaining electronic equipment (b) - - Thinking creatively (a) .16 424
Documenting/Recording Information (b) .19 749 Interpreting the Meaning of Information for Others (a) .13 193
Performing administrative activities (b) -.19 182 Communicating with Persons Outside Organization (a) -.16 164

Performing general physical activities (c) .12 383
Establishing and Maintaining Interpersonal
Relationships (a)

-.08 33

Handling and moving objects (c) .32 486 Selling or Influencing Others (a) .33 145
Resolving Conflicts and Negotiating with Others (a) -.01 96
Performing for or working directly with the public (a) .21 76
Provide Consultation and Advice to Others (a) .01 340

Non-routine Physical (a) Non-routine Abstract (a)

Routine Physical (b)

Not classified Physical (c)

Physical Control (a) + (b) + (c) Abstract Control (a)

ρ computes the correlation between the reported importance of each work activity in the table and the sum of the frequencies of all the
tasks associated to this work activity. N refers to the number of O*NET occupations that have at least one task associated to the listed work activity.

25A more detailed description of each work activity is provided in Appendix B.
26All the following empirical analysis will be conducted excluding managers.
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O*NET data encompasses 974 occupations using a classification based on the Standard Occupation Clas-

sification (SOC) code. The two measures of employee control are constructed by adding-up the values of

the O*NET work activities that compose it, by occupation, and then standardizing them such that all have

mean zero and a standard deviation of one.

A similar procedure is applied to O*NET tasks. A measure of frequency in seven categories from 1, yearly

or less, to 7, hourly or more, represents the proportion of respondents that report them and is available for

each task. We calculate an average of times per year that task is performed27 weighted by the frequency in

which they were reported. These values are then used to calculate the frequency of each task. Then, the sum

of the frequencies of all tasks that correspond to each work activity in table (2.1) is computed.

Table (2.1) presents the correlations (ρ) between work activities, in scale of importance, and the frequency

of their respective tasks with mostly low and often negative correlations. We interpret these as evidence that

work activity measures of importance do not reflect the intensity or frequency of those in an occupation,

but rather the relevance of such an activity to the overall productive process, which is closely related to the

control an employee has over that activity rather than the time spent performing it.

Most work activities are associated to several different tasks, but not all occupations have tasks matching

work activities, since the former are occupation-specific. Let us consider, for example, processing informa-

tion which is part of our abstract control variable. For workers in occupation Advertising and promotions

managers28 processing information corresponds to two tasks: i.) gather and organize information to plan

advertising campaigns and ii.) confer with department heads or staff to discuss topics such as contracts,

selection of advertising media, or product to be advertised. On the other hand, for Operations research

analysts29 processing information is related to i.) collaborate with senior managers and decision makers to

identify and solve a variety of problems and to clarify management objectives and ii.) define data require-

ments and gather and validate information, applying judgement and statistical tests. Columns (N) present

the number of occupations with at least one task-work activity match30.

The third and last variable to be used in the empirical analysis assesses the Impact employees may have
27A table with the values attributed to each category is available in appendix B.
28Which is occupation 0040 in 2010 COC.
29Which is occupation 1220 in 2010 COC.
30For instance, 508 out of the 974 O*NET listed occupations contain a task that is related to the work activity Getting

information. Additionally, two of the selected work activities have no associated tasks.
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over firm’s resources and profits, represented by parameter α in the model. We select two work context

characteristics, in scale of importance as well, namely i.) consequence of committing an error and ii.) the

impact of decisions on co-workers or company results. These portray how critical a certain occupation is

with respect to the impact an employee may have on final products according to the O*NET content model

(Onetcenter, 2017, p.32). Just as the two employee control variables, these two work context characteristics

are summed by occupation and the final Impact variable in then standardized.

2.5 Wages and Employee Control

In order to make the variables compatible with individual wage data we aggregate them into CPS occupational

titles. First, O*NET occupations data is converted to slightly more aggregated SOC codes taking simple

averages, then those are converted into CPS 2010 Census Occupation Codes using averages weighted by the

total employment of each occupation31. The final sample, excluding public sector, contains 466 occupations.

Wages and other individual characteristics are obtained from the 2016, 2015 and 2014 Current Population

Survey’s Outgoing Rotation Group (Center for Economic and Policy Research. 2017)3233. A cross-section

is pooled from these three specific year because they share similar occupation and industry codes. CPS-

ORG extracts have been extensively employed in the analysis of wage inequality (Card and DiNardo, 2002;

Lemieux, 2006; Mouw and Kalleberg, 2010).

The analysis is based on a sample of employed, full time34, private sector, non self-employed workers

aged between 18 and 65 with real hourly wages ranging from 3 to 100 USD. We further exclude individuals

in managerial occupations since these are more likely to have wages related to firm performance and the

supervision of other employees to focus exclusively on workers whose earnings are more likely to be influenced

by their control over work.

The dependent variable is the log of real hourly wages calculated for both hourly and non hourly workers.
31The crosswalk files are provided by the U.S. Bureau of Labor Statistics and is available at ht-

tps://www.bls.gov/emp/ep_crosswalks.htm.
32The data is freely available. A prepared version of the CPS-ORG extracts starting from 1979 is available at

http://ceprdata.org/cps-uniform-data-extracts/cps-outgoing-rotation-group/cps-org-data/
33The O*NET 21.3, released on 2017, contains occupational measures collected in different years. Hence, although there were

frequent releases of new version of O*NET since its first version, is is not possible to couple it with a longitudinal database to
consider changes in occupational task characteristics in time.

3435 hours per week or more in the week before the interview.
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The final restriction imposed in the sample is to exclude observations with imputed wages and hours. Missing

wages are imputed based on reported wages by workers that present a similar set of characteristics like sex,

race and, of greater relevance for us, major occupational group. Hence, this imputation procedure artificially

reduces wage difference between occupations by imputing wages based on a more aggregate group occupations

than the 3-digit codes associated with our employee control and Impact variables (Mouw and Kalleberg, 2010,

p.413)35.

The final sample has 146,067 observation with workers classified in 466 occupations. Figure (2.2) provides

some intuition on the behaviour of our three variables once they are combined with the CPS-ORG data. The

left graph plots the average of our three variables by twelve major industry groups. Employee control over

physical activities is higher, in average, among manufacturing and infrastructure industries such as mining

and construction and lower in typically high-skill services like financial and information industries. The

inverse is true for abstract control. Employees in some industry groups have relatively lower average control

over both physical and abstract activities like agriculture, leisure and hospitality and wholesale and retail

trade. Impact presents a mixed pattern across industries with high and low values in both production and

service industries.

The right graph of figure (2.2) plots the quadratic fit of our three variables against log real hourly wages.

Both abstract control and impact are monotonically increasing a rather linear. Physical employee control

instead has a u-shape. That together with the significant variation of our three measures, even in very

aggregated industry groups, suggests there is at least some degree of heterogeneity in the relation between

employee control , impact, and wages worth considering in the following empirical analysis.
35Our sample of full time, private sector workers contains about 41.5% of imputed wages, slightly higher than the 33.4%

reported by Mouw and Kalleberg (2010, p. 412) for the full CPS-ORG sample of 2008.
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Figure 2.2: Major industries mean employee control and impact (left) and their relation to wages (right)

The first estimates are presented in table (2.2) and suggest that employee control and Impact are indeed

related to wages. Column (1) regresses the two measures of control on log real hourly wages without other

controls. The two coefficients are statistically different from zero but physical control is negative while

abstract control has the expected positive sign. In particular, a one standard deviation increase in abstract

control implies a substantial wage increase of about 25%.

Once the interactions between employee control and Impact are introduced in column (2) physical and

abstract control coefficients remain virtually unaltered. Their interactions with Impact suggest that being

able to affect firm’s profits to a greater extent is related to a small wage premium, thus mitigating the overall

negative effect of physical and further increasing the positive one related to control over abstract work.
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Table 2.2: OLS regressions of log real hourly wages on employee control and impact variables
(1) (2) (3) (4)

Abstract 0.253∗∗∗ 0.259∗∗∗ 0.105∗∗∗ 0.110∗∗∗

(0.00154) (0.00162) (0.00213) (0.00219)
Abstract*Impact 0.0124∗∗∗ 0.0123∗∗∗

(0.00155) (0.00150)
Physical -0.0590∗∗∗ -0.0549∗∗∗ -0.0704∗∗∗ -0.0655∗∗∗

(0.00181) (0.00184) (0.00292) (0.00297)
Physical*Impact 0.0201∗∗∗ 0.00943∗∗∗

(0.00174) (0.00161)
Union 0.195∗∗∗ 0.194∗∗∗

(0.00427) (0.00427)
Female -0.138∗∗∗ -0.138∗∗∗

(0.00298) (0.00298)
Age 0.0284∗∗∗ 0.0291∗∗∗

(0.00407) (0.00407)
Age2 0.0000283 0.0000254

(0.0000250) (0.0000250)
Potential experience -0.00260 -0.00313

(0.00371) (0.00371)
Potential experience2 -0.000453∗∗∗ -0.000452∗∗∗

(0.0000244) (0.0000244)
Black -0.106∗∗∗ -0.106∗∗∗

(0.00399) (0.00399)
Hispanic -0.0646∗∗∗ -0.0647∗∗∗

(0.00363) (0.00363)
Asian 0.0153∗∗ 0.0146∗

(0.00573) (0.00573)
Other -0.0905∗∗∗ -0.0910∗∗∗

(0.0109) (0.0110)
U.S. citizen 0.104∗∗∗ 0.104∗∗∗

(0.00468) (0.00468)
HS graduate 0.0450∗∗∗ 0.0441∗∗∗

(0.00752) (0.00751)
Some college 0.0781∗∗∗ 0.0765∗∗∗

(0.0123) (0.0123)
College degree 0.218∗∗∗ 0.216∗∗∗

(0.0210) (0.0210)
Advanced degree 0.383∗∗∗ 0.378∗∗∗

(0.0281) (0.0281)
Constant 2.948∗∗∗ 2.937∗∗∗ 1.841∗∗∗ 1.854∗∗∗

(0.00155) (0.00169) (0.0673) (0.0673)
22 2-digit occupations � �
250 3-digit industries � �
N 146,067 146,067 146,067 146,067
R2 0.197 0.199 0.539 0.540
Robust standard errors in parentheses. All models are weighted by sampling weights.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Column (3) of table (2.2) adds demographic and educational characteristics of individual workers as well as

industry and occupation dummies without the impact interactions. Both employee control variables remain
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good predictors of wages but while physical control suffers only a minor change in magnitude, from -0.06 to

-0.07, abstract control estimated coefficient falls from .26 to .10. In the final regression (4) the interaction

terms are estimated together with other covariates. Even though the increase in fit is marginal the two

interaction coefficients remains positive and statistically different from zero as in column (2).

This descriptive results thus far seem to corroborate the usual interpretation that abstract work content

boosts earnings while manual or physical, which often coincide with routine work, is related to lower wages.

Moreover, Autor and Handel (2013, p.S87) point out that “occupations that have high returns to Abstract tasks

have low returns to Manual and Routine tasks”, a fact that also happens to industries in our analysis given the

considerable variation in employee control and Impact measures by major industry groups on the left graph

of figure 2. But before presenting a more thorough analysis of the heterogeneity in employee control and

impact between industries we consider the difference between control over routine and non-routine physical

activities and compare our employee control variables to those developed by Acemoglu and Autor (2011),

both already shown in figure (2.1).

In the last decade it has become increasingly consensual that technological change is biased towards the

substitution of routine, easier to automate tasks. As these concentrate in blue collar, office and administrative

jobs in the middle of the skill and wage distribution, the automation of routine work would explain the higher

relative growth of employment in both high a low-skill occupations which are more intensive in non-routine

manual and abstract work, respectively and stagnant wages in the middle.

Our use of O*NET variables to infer employee control over work does not correspond to the most common

usage of this data. We have shown in table (2.1) that the correlations between the control measures in scale

of importance and the frequency of their respective tasks is limited and often negative. The results in

table (2.3) pose further questions on the relevance of the routine-non-routine disaggregation. Figure (2.1) in

the introduction showed a very similar distribution of control over physical routine and non-routine control

between industries as well as of routine manual and non-routine manual physical “task” measures.
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Table 2.3: OLS regressions of log real hourly wages on employee control with routine/non-routine disaggreg-
ations

(1) (2) (3) (4)
Abstract 0.266∗∗∗ 0.103∗∗∗ Non-routine cognitive 0.244∗∗∗ 0.0771∗∗∗

(0.00155) (0.00240) (0.00183) (0.00187)
Physical routine 0.132∗∗∗ -0.0314∗∗∗ Routine manual -0.0913∗∗∗ -0.0668∗∗∗

(0.00223) (0.00293) (0.00301) (0.00374)
Physical non-routine -0.158∗∗∗ -0.0199∗∗∗ Non-routine manual physical 0.0450∗∗∗ -0.0120∗∗

(0.00224) (0.00300) (0.00255) (0.00381)
Controls � Controls �
22 2-digit occupations � 22 2-digit occupations �
250 3-digit industries � 250 3-digit industries �
N 146,067 146,067 N 146,067 146,067
t βroutine = βnon−routine 5195.6∗∗∗ 5.3∗ t βroutine = βnon−routine 697.3∗∗∗ 65.1∗∗∗

R2 0.223 0.538 R2 0.207 0.542
Robust standard errors in parentheses. All models weighted by sampling weights.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Controls include, as in table 2; union, sex, age, age2, potential experience and its square,
race/ethnicity, U.S. citizenship and education.

However, once we regress these two sets of variables on wages, columns (1) and (3), only routine manual

has a negative coefficient in (3) as expected, but this relations is reversed using our employee control variables

in (1) with physical routine greater and non-routine employee control smaller than zero.

After accounting for the same covariates included in table (2.2) routine and non-routine physical (2)

and routine manual and non-routine manual physical (4) become negative. Although the Wald tests in the

bottom of both tables reject the hypothesis that routine and non-routine variables are equal in models (2)

and (4), once a great number of different work activities is considered in the construction of our employee

control variables the difference in the relation between routine and non-routine physical control and wages is

small and both have the same negative sign.

Hence, the assumption that routine activities are related to lower wages seems to apply just as well to

non-routine physical work. Yet the simpler distinction between control over abstract and physical activities

appears to be more relevant for earnings. The simple regressions analysis carried thus far suffers, however,

from an important limitation. They mask a considerable degree of heterogeneity between industries, which

we consider in the following section.
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2.6 Multilevel Models

The OLS regressions presented above implicitly assume an homogeneous population of workers but the

data employed in the previous section has a hierarchical structure with workers nested in industries with

possible different returns to employee control and Impact. Ignoring such hierarchy often leads to biased,

underestimated standard errors.

To circumvent this issues and account for heterogeneous coefficients of employee control and Impact in

different industries this section extends the previous analysis using multilevel models, for a general text see

Snijders and Bosker (1999). Also known as mixed effects, these models account for the hierarchical structure

of the data and allows us to disentangle effects from variables defined at different levels. In the present case

level 1 corresponds to the individual workers and aggregations of workers within industries define higher

levels36. Additionally, the estimates presented in table 4. provide a variance decomposition among the

different levels, such that level one estimates within and level two between industry wage variance.

Average wages, in the y-axis, by the 250 3-digit industries that define our level 2, in the x-axis, are plotted

in figure (2.3) There is significant wage variation among groups, even between production and manufacturing,

low-skill and high-skill service industries.
36The hierarchical levels are conventionally numbered bottom-up.
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Figure 2.3: Average real hourly wages by 3-digit industries

In contrast to the previous OLS regressions the multilevel analysis no longer considers sampling weights.

There are two distinct reasons for that. First, the hierarchical levels of interest, industries, are different from

the ones in the CPS survey structure which may lead to problems in the maximum likelihood estimation.

Second, omitting the weights is likely to be a problem only if the survey design is informative, that is, if the

errors are correlated to the weights. Furthermore, Stapleton and Kang (2016) argue that ignoring both the

stratification and sampling, which is the case here, does not introduce a severe bias on estimates since the

former implies an overestimation and the later an underestimation of standard errors that compensate each

other.

The estimates are reported in table (2.4) The null model in column (1) is equivalent to a random effects

ANOVA and provides the variance decomposition between the two levels, about 8% of wage variation is found

between industries.

In column (2) employee control over abstract and physical work activities are included in the model with

average coefficients similar to those in the OLS regression. There is a significant reduction of the estimated
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wage variance in both levels that result in a intra-class correlation of 6.2%. Individual demographic and

educational characteristics as well as occupation dummies are introduced in column (3) with results similar

to those of model (3) in the OLS regressions, just as model (4) in which the impact interactions are included

once again with positive but small coefficients.

Table 2.4: Multilevel regressions of log real hourly wages on employee control and impact
(1) (2) (3) (4) (5) (6)

Abstract 0.196∗∗∗ 0.106∗∗∗ 0.111∗∗∗ 0.0961∗∗∗ 0.0940∗∗∗

(0.00146) (0.00183) (0.00187) (0.00378) (0.00368)
Abstract*Impact 0.0143∗∗∗ 0.00909∗∗

(0.00131) (0.00337)
Physical -0.0705∗∗∗ -0.0684∗∗∗ -0.0629∗∗∗ -0.0638∗∗∗ -0.0583∗∗∗

(0.00167) (0.00243) (0.00246) (0.00501) (0.00455)
Physical*Impact 0.00901∗∗∗ 0.0189∗∗∗

(0.00135) (0.00423)
Controls � � � �
22 2-digit occupations � � � �

Random effects
level 2: σ2

u 0.071 0.054 0.021 0.022 0.019 0.018
(0.0065) (0.0049) (0.0020) (0.0021) (0.0002) (0.002)

level 2: σ2
abstract - - - - 0.0020 0.0016

(0.0004) (0.0002)
level 2: σ2

abstract∗impact - - - - - 0.0014
(0.0002)

level 2: σ2
physical - - - - 0.0035 0.0023

(0.0004) (0.0003)
level 2: σ2

physical∗impact - - - - - 0.0028
(0.0004)

level 1: σ2
e 0.238 0.210 0.152 0.152 0.150 0.148

(0.0009) (0.0008) (0.0006) (0.0006) (0.0005) (0.0005)
N 146,067 146,067 146,067 146,067 146,067 146,067
Likelihood ratio test 44,696.3∗∗∗ 8,140.0∗∗∗ 56,986.3∗∗∗ 176.1∗∗∗ 1,476.7∗∗∗ 1,823.5∗∗∗

AIC 205,891.7 187,755.6 140,837.3 140,665.1 139,194.4 137,392.8
BIC 205,921.3 187,805.1 141,223.1 141,070.7 139,629.6 137,936.9
Standard errors in parentheses, all models include a constant.
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Controls include, as in table 2; union, sex, age, age2, potential experience and its square,
race/ethnicity, U.S. citizenship and education.
The likelihood ratio tests the models against the one in the column to the left and against a linear model in (1).

The last two model in table (2.4) estimate random slopes for physical and abstract employee control (5)

and also for their interaction with impact (6). Both the information criteria and the likelihood ratio test in

the bottom of the table confirm that the introduction of the random slopes do increase the fitness of the
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models. Although there is no considerable change in the estimated coefficients for the means or the fixed

part of the model in (5) and (6), the random slopes in both models provide valuable insights on the relation

between employee control, Impact and wages between industries.

Figures (2.4) and (2.5) plot the estimated random slopes to illustrate three important results. First, indeed

there is a great heterogeneity in the relation between employee control and wages in different industries.

Second, as suggested in the bargaining model there is a negative relation between the estimated random

slopes of employee control and their respective interactions with Impact. And third, there seems to be no

clear cut intuitive pattern relating industries to wage premia from employee control. Several typically high-

skill industries have negative random slopes for abstract control just as some manufacturing industries have

effective wage gains from abstract and not physical control.

The two graphs in the first row of figure (2.4) present the estimated random slopes for abstract and

physical control from model (5) in an increasing order with their 90% confidence intervals. Several industries

have positive random slopes for physical control that compensate the negative mean coefficient and others

have a negative correlation between abstract control and wages that reduce the wage premia of about 9%

for a one standard deviation increase in abstract. Out of the 250 industries 29 have abstract control random

slopes statistically greater than zero and other 29 negative ones. On the north-east plot of figure (2.4) a total

of 40 industries have positive and 47 negative slopes for employee control over physical work activities.

Our second result is seen in the second row of figure (2.4) in a slightly different manner. The black dots

plot again the slopes estimated for model (5) and the difference between the estimated random slopes of the

interaction with Impact and the employee control variables from model (6) is shown in the grey bars37. As

in the bargaining model the increase in earnings for employees with the capacity to directly impact firm‘s

production and profits is larger in industries where employee control does not translate into higher wages.

Thus, when employers hold great bargaining power employees sabotage or their capacity to do so plays a

more prominent role in wage determination.
37Hence, the bars on the south-west graph are equal to βAbstract∗Impact − βabstract for each industry.
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Figure 2.4: Estimated random coefficients from models (5) and (6) (table 2.4)

A simple example aids the interpretation in the difference between control over work activities and Impact.

Take an automotive production line which is highly automated nowadays. A production worker does not

have a great deal of control over her work activities whose discipline and pace are largely dictated by the

machinery itself and the speed at which it is programmed to perform. Still, an error or a deliberate act of

sabotage may have costly consequences to the firm and halt the whole line, at least for some time.

The third result is presented in figure (2.5) in a scatter plot of the abstract and physical employee control

random slopes from model (5). It confirms that, just as for occupations, also industries with high returns

to physical have low returns to abstract control and vice-versa for most of the coefficients lie on the north-

west and south-east quadrants of the graph. However some high-skill industries (triangles) have a negative

correlation between abstract control while wages and some low-skill service (squares) and manufacturing

industries (circles) rank among the highest in abstract control. The physical control coefficients are equally
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mixed with a fair share of industries in these three major categories enjoying positive wage returns.

Figure 2.5: Relation between physical and abstract random slopes by 250 3-digit industries (model 5, table
2.4)

This section has extended the empirical analysis applying multilevel models to account for the hierarchical

structure of the data with workers nested within 250 3-digit industries. The estimates in table (2.4) and figures

(2.4) and (2.5) provide further evidence that abstract and physical control are good predictors of wages and

support our hypothesis that some degree of control over work and the capacity to impact firm’s production

and profits constitute a source of bargaining power for workers. In particular lower effects of employee control

on wages are partially compensated by Impact for those workers in occupations with a considerable ability

to influence firm’s results.

The estimated random coefficients also confirm there is great heterogeneity in the relation between em-

ployee control and wages. To the extent that it might be misleading to conclude that control over abstract

work pays a wage premium while control over physical work activities have a deleterious effect on earn-
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ings. Hence, the last part of the empirical analysis investigates which industry characteristics explain such

heterogeneity in the relation between control and wages.

2.7 Technological or Institutional?

It is not clear so far whether employee control and its relation to wages is determined by the technology

employed in production or by institutional factors, subject to changes promoted by employers, employees

and their organizations. We refer once again to Braverman (1998) to argue that employee control has an

institutional character.

The influence of machinery on the labour process depends on how an occupation is organized in production

and on how workers interact with machines and with each other. Strictly speaking, it is not relevant for

the purpose here exposed if different forms to organize workers in a productive process constitute distinct

technologies, the crucial point is that such an organization is not a necessary consequence of technological

development. It is subject to influences from the parties involved in production.

It might seem like a subtle difference, but it is fundamental for the relation between worker and the

control over the labour she performs. Whether a coal miner uses a pick and her own physical strength or a

hand held electric coal drill does not change fundamentally the labour process. Regardless of the increase

in productivity achieved with the electric equipment the relation between worker and his job is practically

the same. The development of technology and machinery entails an increase in human control over the

environment and could also result in an expansion of human capacity to control the labour process.

This capacity, however, according to Braverman (1998, p.133) “is seized upon by management from the

beginning of capitalism as the prime means whereby production may be controlled not by the direct producer

but by the owners and representatives of capital”. Therefore the technological development that increases

human capacity to control machinery and transform the environment has also increased, through different

forms of workplace organization and division of work, employer’s control over employees in capitalist society.

Three factors, according to Braverman, contributed to the decline of worker’s control over production: i.)

the separation between producer (worker) and the property of the means of production, ii.) the way workers

interact and operate machinery, which is decided to a great extent by employers and iii.) the creation of a
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labour force adapted to this social organization of labour where only a specialized few have knowledge over

the whole productive process.

Thus, the division of labour and the separation between intellectual and physical work in particular,

in addition to its classical effects on productivity also favours the hierarchical organization of production

due to increased substitutability of workers. Let us recover the coal mining example. Once the very capital

intensive continuous longwall mining technology replaces individual miners, not only the number of workers is

drastically reduced but the specialized skills to scoop soft and crumbling underground coal tunnels previously

required of miners are no longer necessary for most of the workers that now operate the almost fully automated

machinery. Detailed knowledge about the coal mining process itself, that was formerly at least in part a

responsibility of each miner is now coded on the machines that carry the mining process and the engineers

that design them.

Some evidence that control may be institutionally shaped is provided by the inclusion of managerial

relations in collective bargaining. According to Marginson (2015, p.651) until the early 1990s negotiations over

staffing levels and redeployment38 were present in about half of the unionised firms in the U.K. as reported by

the Workplace Employment Relations Survey. Storey (1976) analysed the extent to which different managerial

issues were included in firm level collective bargaining in the U.K. Apart from traditional topics such as shifts,

overtime and dismissals a large proportion of the surveyed establishments reported having negotiated speed

of work (48%), layout of equipment (8%), discipline (41%), production techniques and methods (26%) and

job content (51%)39. Although managerial relations lost ground within the bargaining agenda in the past

decades40, its mere existence reveals how issues directly related to how work activities are performed and the

organization of the workplace, which are directly connected to employee control, may be affected by employers

and workers through collective bargaining instead of following directly from the state of technology.

Another source of anecdotal evidence comes from the short lived Volvo assembly plant in Uddevalla41,

near Gothenburg in Sweden, described in detail by Sandberg (2007). After only four years of operations the
38Redeployment refers to the reassigning of employees to new positions or work activities.
39The reported percentages refer to manager reports. The percentage of the same negotiated topics as reported by stewards

are of 13%, 23%, 63%, 38% and 48%, respectively.
40This hollowing out of the bargaining agenda (Marginson, 2015) should be understood within the wider context of collective

bargaining decentralization, largely driven by management and opposed by unions. In the particular case of the U.K. the shift to
firm level bargaining is connected to reducing the scope of union action and the development of organization specific employment
policies (Purcell, 1991).

41And to a lesser extent from the Kalmar plant.
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Uddevalla plant was closed in 1993 together with its innovative work organization that posed a challenge to

Toyotism. The Uddevalla plant, that was conceived in cooperation with unions and academic researchers,

relied long cycle-time work where parallel groups of workers assembled whole cars performing a great range

of different tasks with no assembly line whatsoever. Workers were granted great control and autonomy over

their activities42 which resulted in a great capacity to customize the final products with good quality.

The development of high quality jobs in the Uddevalla plant addressed specific issues of the Swedish labour

market at the time of its conception. In a tight labour market with highly educated workers the improved

working conditions intended to attract qualified employees while avoiding absenteeism and turnover. The

closure decision is credited to Volvo’s overcapacity in face of lower market demand in the early 1990s. The

firm opted to continue operations at the larger plant of Torslanda, Gothenburg, shutting down the smaller

plants of Kalmar and Uddevalla. It should be noted, however, that in its short lifespan the Uddevalla

plant quickly increased its productivity, achieving performance levels at least as good as those of the more

traditionally organized Torslanda plant. Therefore, independent of whether employee control was crucial

for the termination of Volvo’s innovative plant43, this experience illustrates how it is possible to organize

production in a way that allows employees a great degree of control over their work without sacrificing

productivity, thus reinforcing the institutional character of employee control.

Therefore, we consider the relation between two forms of employee organization, unions and professional

associations, and the employee control random coefficients estimated in the multilevel model. The next

section describes these variables as well as previous research on the effects of collective worker organizations

on labour market segmentation and earnings.
42A description of the work activities is provided by Sandberg (2007, p.3): “In a typical example, a group of nine workers

assembled a car from beginning to end. They conferred with each other while working, resulting in the completion of the entire
car before the morning coffee break. This team like all others in the plant had no supervisor. And the first level manager of
this and the seven other teams in the product workshop, was on vacation; the groups could clearly manage their own work.”

43The official explanation of a slack market does not address why Uddevalla was closed instead of other Volvo establishments.
The company presented a series of cost calculations that were later shown to be contestable. Sandberg (2007, p.13) offers
another perspective on this issue: “One aspect that was not raised in the calculations has to do with the issue of control. The
productivity and learning in the Uddevalla concept, dependent to a large degree on the individuals and groups, could not be
easily controlled by management.”.
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2.7.1 Occupational Closures

The study of earnings inequality between occupations is a classical theme in the sociology of work that focus

on stratification and social closures. Once we take into account stratification, wage inequality can not be

determined by individual characteristics alone as in human capital theory, it depends also on characteristics

of the groups to which individuals belong (Mouw and Kalleberg, 2010, p.404). A great part of the wage

inequality found between firms and industries may be explained by the type of workers they employ and the

occupation-specific institutional arrangements such as unions and professional associations that represent

their interests.

These are the mechanisms of social closure that allow workers within an occupation to collectively improve

their position within a hierarchy (Weeden, 2002, p.56). The term closures refers to imposing barriers that

exclude outsiders from the occupational group in order to protect or boost their remuneration. This may

take the form of licensing, formal educational requirements or training through unionisation and professional

associations. Weeden (2002, p.61) specifies channels through which these closures affect the relative earnings

of an occupation: restricting supply, increasing demand and signalling the quality of services.

A supply side restriction decreases the unemployment rate of an occupation, rendering the substitution

of a worker more costly and difficult. The requirement of a specific degree, often from specific universities

in high pay jobs, constitutes a barrier of entry that guarantees those already in possession of the demanded

degree a higher probability to find a job and a favourable position to bargain better wages. Increasing demand

concerns long-term actions to delimit the activities performed by an occupation, thus guaranteeing demand

through professional associations or unions that might lobby for government regulations and licenses. The

last aspect of how closures affect wages is signalling the quality of a service. Again licenses and formal

education are a signal that members of an occupation attain a desired degree of quality rendering them more

attractive to the public or employers than others willing to provide similar services for an equal or lower

compensation.

We consider two forms of social closure as a possible explanation for the heterogeneity in the effects of

employee control on wages: unionisation and professional associations. While union affiliation data is already

available at the individual worker level in the CPS-ORG a list of professional associations and the occupations
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they represent in the U.S. is provided by CareerOneStop (2017), sponsored by the U.S. Department of Labor.

2.7.2 Multinomial Logit

This final empirical exercise performs multinomial logit regressions of the two estimated random slopes for

abstract and physical employee control on industry technological and institutional characteristics. Discrete

dependent variables are build grouping the estimated random slopes from model (5) in table (2.4)44 in three

categories: smaller, equal and greater than zero using a 90% confidence interval.

Besides the industry averages of employee control over abstract and physical work activities, and impact

we consider their growth rates between 2003 and 2016 for non-managerial workers. As there is no longitudinal

measure for O*NET work activity variables45 we use industry and occupation crosswalks to convert 2003 data

to the 2016 codes then assign the O*NET 21.3 values to the occupations in 2003 and take industry averages.

The growth rates of these variables in the multinomial logit estimates reflect changes in the extensive margin

only and express whether industries now employ more workers in occupations with greater abstract, physical

content and impact.

Industry unionisation rates are calculated for non-managerial workers as well as the change in its per-

centage since 200346. The second institutional characteristic is the weighted average number of professional

associations per worker per industry. First we take the sum of the number of professional associations re-

lated to each occupation and then the average of those per worker in each industry. Thus, this measure

corresponds to the average number of associations per occupation, weighted by the employment of those

occupations within an industry. Although this is not an accurate measure it does reflect whether an industry

employs workers in occupations with greater representation.

All the growth rates described above regard the period between 2003 and 2016 due to a major overhaul

in CPS industry and occupation codes in 2003. An attempt to build crosswalks to earlier versions of the

CPS-ORG extracts would need aggregation in industries and occupations incompatible to the one in which

our depend variables are based on47. A first glance into the industry variables is presented in figure (2.6)
44And displayed in the first row of figure 4. and on figure 5.
45The measures in the O*NET data are calculated using observation obtained in different years.
46Instead of a proper growth rate due to the many industries with no unionized workers in the survey.
47Indeed one industry is incompatible even for the chosen period, resulting in 249 instead of 250 observations in the regression

presented in table 5.
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that plots the average of the industry characteristics by the three categories of the depend variables.

Figure 2.6: Industry characteristics by sign of the random slopes
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The first row of the figure shows positive random effects for abstract and physical control are related to

higher industry averages of abstract and physical control. In other words, industries where control is related

to a higher pay in occupations also seem to be those where average level of employee control is higher. We

do not identify however a similar behaviour for Impact which is somewhat higher for industries with positive

abstract control random effects but have no clear increasing or decreasing behaviour on physical random

effects.

As for the growth rate of the same variables, in the second row, the graph to the left show industries with

a abstract random effect grater than zero experienced an increase in their average abstract and a decrease

in physical employee control since 2003. The only distinctive feature on the right graph is that industries

where physical control is negatively related to wages faced a much sharper decrease in unionisation in the

last fifteen years or so.

It should be noted that in these first four graphs industry means of employee control over physical activities

and its change in time are always negative. The negative averages in the first row graphs reflect the fact that

the average physical employee control is negative in the whole sample due to a greater number of employees

in occupations with below average physical control. Regarding the growth rates the second row show us how

occupations with higher abstract content increased and those with high physical content decreased in the

composition of employment of the U.S. economy in the period considered.

The last two graphs depict the contemporary industry averages and growth rates of unionisation and

professional associations48. There seems to be an inverse relation with positive abstract random effects

related to more professional association representation and reduced unionisation. On the physical random

effects graph positive random coefficients are followed by higher unionisation rates and less professional

associations.

Their growth rates follow a less obvious trajectory. Industries with more professional associations are also

the ones where these type of worker representation grew the most. Industries with a greater proportion of

unionised workers, in contrast, saw a sharper decrease in union representation. This is probably a consequence
48The professional association averages are only divided by 100 and 10 to make sure they are kept in similar scale to the

unionization variables.
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of the historically low unionisation rates in the U.S. where only a selected few industries still have room for

significant reduction in unionisation.

A more accurate look into the relation between these variables and employee control random effects is

given by the multinomial logit estimates in table (2.5) To ease interpretation and comparison all estimates

are presented in odds ratios that correspond to a one standard deviation increase in the covariates. Hence,

an odds ratio greater (smaller) than one corresponds to a positive (negative) coefficient. In both regressions

the selected base outcomes are random effects statistically equal to zero. We also control for contemporary

and growth of industry average wages and wage variation.
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Table 2.5: Multinomial logit estimates of random slopes signs (model 5, table 2.4)
(1) Abstract r.e. (model 5) (2) Physical r.e. (model 5)
r.e. < 0 r.e. > 0 r.e. < 0 r.e. > 0

Physical 0.633 1.407 2.076+ 0.502∗

(0.737) (1.178) (0.859) (0.657)
∆physical 1.051 1.506 0.870 1.272

(2.876) (4.861) (3.521) (2.974)
Abstract 1.385 0.503 2.758∗ 0.662

(0.584) (1.052) (1.002) (0.585)
∆abstract 1.058 1.369 0.451∗∗ 0.952

(2.959) (3.951) (3.016) (2.442)
Impact 1.414 2.023∗ 0.662 1.812∗

(0.691) (0.907) (0.820) (0.691)
∆impact 0.856 0.611+ 1.015 0.566∗∗

(3.088) (3.982) (3.696) (2.903)
Union 0.837 0.061∗∗ 0.295∗∗ 1.215

(2.664) (10.75) (4.291) (2.228)
∆union 0.853 3.514∗ 1.180 0.766

(3.562) (9.253) (4.761) (2.858)
Professional associations 0.796 1.956∗ 1.310 0.706

(0.139) (0.109) (0.124) (0.139)
∆professional associations 0.783 1.694∗∗ 1.320 0.805

(0.285) (0.265) (0.270) (0.250)
Industry mean wages 0.722 0.762 1.167 1.965

(0.0880) (0.0885) (0.0647) (0.0563)
∆industry mean wages 1.284 1.713 1.302 1.090

(2.785) (3.216) (2.125) (2.284)
Industry wage dispersion 0.704 5.123∗ 2.961+ 0.608

(0.0936) (0.131) (0.0956) (0.0703)
∆industry wage dispersion 0.868 0.362 0.376∗ 1.171

(0.821) (1.508) (1.033) (0.822)
Percentage correctly predicted 0.00 0.41 0.45 0.48
overall 0.79 0.69

N 249 249
Log likelihood -132.9 -171.1
McFadden pseudo R2 0.242 0.226
Results in Odds Ratios that correspond to a one standard deviation increase in covariates.
Robust standard errors in parentheses, all models include a constant.
Omitted base outcome in both models is random effects statistically equal to zero.
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The regression results do not fully confirm the graphical intuitions in figure (2.6) Industry average physical

and abstract control as well as their growth rates are not good predictors of the random slopes signs, specially

in model (1). Industry average impact instead increases the odds of having a positive wage premia from

control in both models. Institutional characteristics have the expected correlations with more professional

associations and its growth rate increasing the probability of positive abstract random effects and higher
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unionisation rates related to a reduced probability of negative physical control random effects.

Model (1), for the abstract random effects, performs rather poorly on the left column estimates. In fact,

none of the covariates is a good predictor of industries with negative abstract random effects, so much so

that no observation is predicted to fall into that category. Nevertheless, the overall percentage of industries

whose categories are correctly predicted is of 79%, mostly due to observations correctly attributed to the

base outcome (r.e. = 0).

On the right column of model (1) while industry mean Impact increases the odds of a positive abstract

random effects, its growth rate decreases it, with a marginally significant coefficient. The earlier multilevel

estimates in column (6) from table (2.4) reported an apparently contradictory result, that employee control

interactions with Impact were related to higher wages in industries with lower random slopes for employee

control itself while table (2.5) relates higher employee control random slopes to greater industry averages of

Impact. We interpret this results as evidence that there is a wage premium for workers in occupations with

high Impact in industries with low average Impact. However, industries that have a great proportion of its

workers with a good capacity to affect profits and production tend to negotiate higher wages based on their

employees’ control over work activities

The two industry institutional characteristics play a role in model (1). As expected workers in industries

employing occupations with greater professional association representation are more likely to enjoy a positive

wage premium from abstract control, as well as those in industries where this type of employee representation

grew the most. Higher unionisation rates reduce the probability of earning higher wages due to abstract

control. A final distinctive feature is that industries with positive abstract control random effects have a

more pronounced wage inequality.

In model (2) our covariates have predictive power in both categories and some of the industry average

control variables are statistically significant. In contrast to figure (2.6), the estimates point out to that higher

(lower) industry average physical control actually decreases (increases) the odds of having positive (negative)

random slopes for physical control. This could mean that controlling physical activities to a greater extent is

only an effective tool to bargain higher wages if only a few occupations in an industry have it, thus making

those workers harder to substitute or relatively more important to the overall productive process. Industries

where workers have higher abstract control in average are more likely to have negative physical random
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effects, as expected.

Nevertheless, changes in the occupational employment composition within industry, expressed by the

physical and abstract growth rates, still perform rather poorly with one exception. On the left column

(r.e. < 0) of model (2) an increase in the share of workers performing complex abstract activities, given by

the growth of abstract control, reduces the odds of negative random slopes for physical control.

Being represented by professional associations does no affect the odds of an industry having either positive

or negative physical random effects. Unionisation, on the other hand, greatly reduces the chances of a negative

correlation between employee physical control and wages, which suggests unions work as a safeguard that

avoids the decline in wages of workers that perform and control mainly physical or tangible activities.

This final section served to further explore the relation between employee control, Impact and wages

focusing on technological change, mirrored by the change in the occupational composition of employment by

industry, and institutional characteristics. Although preliminary the results challenge the main interpretation

of the relation between work content and pay. Unionisation avoids negative wage premia from physical control

and professional associations are associated to higher odds of a positive effect of abstract control on wages.

Moreover, the capacity to impact production and profits seems to have a collective effect with workers in

industries where the average Impact is higher enjoying grater wage gains from both abstract and physical

control.

The growth rates of physical and abstract control prove largely irrelevant to explain the great heterogeneity

in the way employee control relates to wages. Finally, higher wage dispersion within industry is related to

increased wages for workers with high abstract control and a penalty for those that hold great control over

physical activities.

2.8 Discussion

This article presented a critical view on some of the recent literature relating wages and wage inequality

to technical progress. The arguments put forward question the traditional interpretation of O*NET work

activities as a measure of task intensity and the empirical analysis displays a significant degree of heterogeneity

between industries in the returns to employee control that challenges the established results of positive returns
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to abstract or cognitive work and negative ones to physical, tangible or manual, including routine, activities.

Neither does this heterogeneity has an intuitive pattern as seen in figure 5. Although there is a negative

relation between abstract and physical employee control several service industries present positive returns to

physical control and as many manufacturing and infrastructure industries are characterized by wage premia

related to control over abstract activities.

On the positive side the article proposes a novel interpretation to O*NET work activities as a measures

of employee control over work. Inspired by Braverman (1998) and the importance of the separation between

intellectual and physical work in the division of labour we build two measures of abstract and physical control

which rely on O*NET work activities exclusively and encompass a greater number of those in contrast to

previous measures obtained from the same dataset. Moreover, work context variables allow us to compute a

measure of employee capacity to Impact firm’s production and profits.

With the aid of a simple bargaining model we argued that employee control adds to the bargaining power

of workers and has a negative relation to impact which is used to a greater extent in industries where control

over work is not sufficient to increase wages, a relation that is corroborated by the estimated random effects of

our multilevel models. Finally, multinomial logit models at the industry level provide further evidence against

technology, proxied by the change in the occupational composition of employment, as the main factor behind

wage returns to employee control. Industry average employee Impact and institutional characteristics such

as professional associations for abstract and unionisation for physical seem to improve the odds of positive,

or at least avoid negative, random effects estimates for the relation between employee control and wages.

The article adds to a recent literature questioning the merits routine and non-routine task measures as an

explanation to job polarization (Barany and Siegel, 2017; Schmitt et al. 2013), but with focus on wages and

their relation to work content and technology. Even though none of the empirical evidence above is a direct

measure of bargaining power, we believe it is enough to consider our interpretation as a valid alternative for

future research.

In particular, a relevant next step would relate this measures of employee control directly to collective

bargaining agreements and their outcomes. A cross-country comparison would be equally fruitful to find out

whether measures of employee control vary with specific labour market institutions such as the predominant

level of collective bargaining and the presence of work councils. Unfortunately the lack of detailed cross-
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country survey on work characteristics like the O*NET, to the best of our knowledge, still pose a substantial

challenge for researchers.
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2.10 Appendix A - Wage Bargaining

This appendix describes the steps taken to obtain equations (1) to (10) that describe the wage bargaining

model. The profit rate as a function of wages in the two occupations is obtain from the distribution of the

value of production (y) between wages and profits. Dividing the first equation below by y and using the

definition of labour a capital to output ratios gives the relation between wages and profits per unit of output.

y = w1L1 + w2L2 + π
K

h(·)

1 =
w1

a1
+
w2

a2
+

π

bh(·)

π = b(1− w1

a1
− w2

a2
)h(·)

The actual profit rate (π) may also be expressed as the product of r, the profit rate that would obtained

if workers had no control, and employees’ control function h(·).
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π = rh(·)

r = b(1− w1

a1
− w2

a2
)

Wage Bargaining

max : S
{w1,w2}

= (w1 − v1)β(w2 − v2)γ(r.(w1 − e1w
A
1 )α(w2 − e2w

A
2 )1−α)δ

The first order condition with respect to w1 may be rearranged as (2.13).

∂S

∂w1
:
β

δ

π

(w1 − e1wA1 )
=

b

a1
(w1 − e1w

A
1 )α(w2 − e2w

A
2 )1−α − rα(w1 − e1w

A
1 )α−1(w2 − e2w

A
2 )1−α

β

δ
r =

b

a1
(w1 − e1w

A
1 )− rα

r

δ
=
b(w1 − e1w

A
1 )

a1(β + αδ)
(2.13)

And that with respect to w2 as (2.14).

∂S

∂w2
:
γ

δ

π

(w2 − e2wA2 )
=

b

a2
(w1 − e1w

A
1 )α(w2 − e2w

A
2 )1−α − r(1− α)(w1 − e1w

A
1 )α(w2 − e2w

A
2 )−α

γ

δ
r =

b

a2
(w2 − e2w

A
2 )− r(1− α)

r

δ
=

b(w2 − e2w
A
2 )

a2(γ + (1− α)δ)
(2.14)

Combining (2.13) and (2.14) yields the relation between the bargained wages in occupations one and two

(2.15).
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b(w1 − e1w
A
1 )

a1(β + αδ)
=

b(w2 − e2w
A
2 )

a2(γ + (1− α)δ)

w2

a2
=

(w1 − e1w
A
1 )

a1

(γ + (1− α)δ)

(β + αδ)
+
e2w

A
2

a2
(2.15)

Substituting (2.15) back in the first order condition (2.13) we find the expression for the bargained wage

in occupation 1 (2.8).

b

δ

[
1− w1

a1
− (w1 − e1w

A
1 )

a1

(γ + (1− α)δ)

(β + αδ)
− e2w

A
2

a2

]
=
b(w1 − e1w

A
1 )

a1(β + αδ)

w1

a1

[
1

δ
+

1

δ

(γ + (1− α)δ)

(β + αδ)
+

1

a1(β + αδ)

]
=

1

δ
+
e1w

A
1

a1

[
1

δ

a2(γ + (1− α)δ)

(β + αδ)
+

1

(β + αδ)

]
− e2w

A
2

a2

w1

a1

[
1 + δ

δ(β + αδ)

]
=

1

δ
+
e1w

A
1

a1

[
δ + γ + (1− α)δ

δ(β + αδ)

]
− e2w

A
2

a2

w1 =
a1(β + αδ)

1 + δ
+
e1w

A
1 (δ + γ + (1− α)δ)

1 + δ
− e2w

A
2

a1

a2

(β + αδ)

1 + δ

The expression for w1 may now be substituted back into 2.15, which gives us w2 (2.9).

w2

a2
=

[
a1(β + αδ)

1 + δ
+
e1w

A
1 (δ + γ + (1− α)δ)

1 + δ
− e2w

A
2

a1

a2

(β + αδ)

1 + δ

](
(γ + (1− α)δ)

(β + αδ)

)
+
e2w

A
2

a2
− e1w

A
1 a2(γ + (1− α)δ)

a1(β + αδ)

w2 =
a2(γ + (1− α)δ)

1 + δ
+
e2w

A
2 (δ + β + αδ)

1 + δ
− e1w

A
1

a2

a1

(γ + (1− α)δ)

(1 + δ)

Market Wages

As mentioned before, the market wages are found based on the assumption that the alternative wage for

a worker in occupation, say, one is equal to the bargained wage for the same occupation as all firms are

identical. Then equations (2.8) and (2.9) may be rearranged as the system below. We apply Cramer’s rule

to get the market wages.
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Ax = b a11 a12

a21 a22


 w1

w2

 =

 b1

b2


 1 + δ − e1(δ + γ + (1− α)δ) a1

a2
e2(β + αδ)

a2
a1
e1(γ + (1− α)δ) 1 + δ − e2(δ + β + αδ)


 w1

w2

 =

 a1(β + αδ)

a2(γ + (1− α)δ)


The equations below give the numerator of equation (2.10).

∣∣∣∣∣∣∣
b1 a12

b2 a22

∣∣∣∣∣∣∣ = a1(β + αδ) [1 + δ − e2(δ + β + αδ)]− a1

a2
e2(β + αδ)a2(γ + (1− α)δ)

= a1(β + αδ) [1 + δ − e2(1− β − γ + γ + β + δ − αδ + αδ)]

= a1(β + αδ)(1 + δ)(1− e2)

And the numerator of equation (2.11).

∣∣∣∣∣∣∣
a11 b1

a21 b2

∣∣∣∣∣∣∣ = [1 + δ − e1(δ + γ + (1− α)δ)] a2(γ + (1− α)δ)− a1(β + αδ)
a2

a1
e1(γ + (1− α)δ)

= a2(γ + (1− α)δ) [1 + δ − e1(1− β − γ + γ + β + δ − αδ + αδ)]

= a2(γ + (1− α)δ)(1 + δ)(1− e1)

After some algebraic manipulations on the determinant we find the denominator of equations (2.10) and

(2.11).
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∣∣∣∣∣∣∣
a11 a12

a21 a22

∣∣∣∣∣∣∣ = [1 + δ − e1(δ + γ + (1− α)δ)] [1 + δ − e2(δ + β + αδ)]− a1

a2
e2(β + αδ)

a2

a1
e1(γ + (1− α)δ)

= 1 + δ − e2δ − e2(β + αδ) + δ + δ2 − e2δ
2 − e2δ(β + αδ)− e1δ − e1δ

2 + e1e2δ
2 + e1e2δ(β + αδ)− e1(γ + (1− α)δ)− ...

...− e1δ(γ + (1− α)δ) + e1e2δ(γ + (1− α)δ) + e1e2(β + αδ)(γ + (1− α)δ)− e1e2(β + αδ)(γ + (1− α)δ)

= (1 + δ)− e1δ(1 + δ)− e2δ(1 + δ) + δ(1 + δ)− e1(γ + (1− α)δ)(1 + δ)− e2(β + αδ)(1 + δ) + e1e2δ(1 + δ)

= (1 + δ) [1 + δ − e1δ − e2δ − e1(γ + (1− α)δ)− e2(β + αδ) + e1e2δ]

= (1 + δ) [(1− e1)(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)]

Using the fact that γ = 1−β− δ, it is shown that the denominator of (2.11) is equal to the one in (2.10).

(1 + δ) [1− e1 + δ(1− e1)(1− e2) + e1 − e2 + (e2 − e1)(β + (1− α)δ)]

(1 + δ) [(1− e2)(1 + δ(1− e1)) + (e2 − e2)(β + (1− α)δ)]

Finally, we get the expressions, (2.10) and (2.11), for the market wages in the two occupations.

w1 =

∣∣∣∣∣∣∣
b1 a12

b2 a22

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
a11 a12

a21 a22

∣∣∣∣∣∣∣
=

a1(β + αδ)(1− e2)

(1− e2)(1 + δ(1− e1)) + (e2 − e1)(β + (1− α)δ)

w2 =

∣∣∣∣∣∣∣
a11 b1

a21 b2

∣∣∣∣∣∣∣∣∣∣∣∣∣∣
a11 a12

a21 a22

∣∣∣∣∣∣∣
=

a2(γ + (1− α)δ)(1− e1)

(1− e1)(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)
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Value of the impact function h(w1, w2, e1, e2, w
A
1 , w

A
2 )

Since the impact function is strictly increasing on the bargained wages, in order to asses its maximum value

we repeat the bargaining procedure subject to the highest possible value for the sum of the wages in the two

occupations. Therefore, using equation (2.4) the maximum sum of wages per value of a unit of output is

given when the profit rate (r) is equal to zero.

w2 = a2(1− w1

a1
) (2.16)

Then, using the expression above and the fact that r = 0 the Nash bargaining is now give by:

max : S
{w1}

= (w1 − e1w
A
1 )β(a2(1− w1

a1
)− e2w

A
2 )γ

The expressions for the bargained wage in occupation 1 may be obtained from the first order condition

while w2 is found substituting w1 in equation (2.16).

w1 =
β

β + γ
a1 +

γ

β + γ
e1w

A
1 −

β

β + γ

a1

a2
e2w

A
2

w2 =
γ

β + γ
a2 +

β

β + γ
e2w

A
2 −

γ

β + γ

a2

a1
e1w

A
1

Once again the bargained wages in all identical firms will be equal (w1 = wA1 and w2 = wA2 ) and the two

equations above may be rearranged as a system.

 β + γ(1− e1) βe2
a1
a2

γe1
a2
a1

γ + β(1− e2)


 w1

w2

 =

 βa1

γa2


The final market wages are obtained solving the three following expressions.
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∣∣∣∣∣∣∣
b1 a12

b2 a22

∣∣∣∣∣∣∣ = βa1(1− e2)(β + γ)

∣∣∣∣∣∣∣
a11 b1

a21 b2

∣∣∣∣∣∣∣ = γa2(1− e1)(β + γ)

∣∣∣∣∣∣∣
a11 a12

a21 a22

∣∣∣∣∣∣∣ = (β + γ)[β(1− e2) + γ(1− e1)]

Hence, the market wages in the two occupations when profits are zero are:

w1 =
βa1(1− e2)

β(1− e2) + γ(1− e1)]

w2 =
γa2(1− e1)

β(1− e2) + γ(1− e1)]

We may now substitute the wages in the equations above into the impact function.

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) =

(
βa1(1− e2)(1− e1)

β(1− e2) + γ(1− e1)]

)α(
γa2(1− e1)(1− e2)

β(1− e2) + γ(1− e1)]

)1−α

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) = (βa1)

α
(γa2)

1−α (1− e1)(1− e2)

β(1− e2) + γ(1− e1)]
< 1

(βa1)
α

(γa2)
1−α

<
β(1− e2) + γ(1− e1)]

(1− e1)(1− e2)

Now, the last expression above may be studied under some simplifying assumptions. If for instance the

capacity to impact profits is equal in the two occupations (α = 0.5) the maximum value for h(·) is achieved

when the two arguments of the function are equal. Hence, assuming that a1 = a2 = a, β = γ and e1 = e2 = e,

the previous inequality reduces to:
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a <
2

(1− e)

Hence, in this balanced case the impact function h(·) would only exceed one for very high output to

labour ratios, particularly if the employment rate is high. For example, if e = 0.9, the output to labour ratio

necessary such that h(·) > 1 must exceed 20.

In the case of equilibrium wages presented in the model positive profits imply lower wages and a lower

value for the impact function. Therefore, an even higher value of the output to labour ratio would be

necessary for the impact function to exceed unit. Let us reassess the simple balanced case in which output to

labour ratios, the weights of the nash product and employment rates are equal in the two occupations using

the market wages defined in equations (2.10) and (2.11), and using the fact that the denominator in the two

equations are equal.

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) =

(
a1(β + αδ)(1− e2)(1− e1)

(1− e1)(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)

)α(
a2(γ + (1− α)δ)(1− e1)(1− e2)

(1− e1)(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)

)1−α

If e1 = e2 = e:

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) = (a1(β + αδ))

α
(a2(γ + (1− α)δ))

1−α (1− e)2

(1− e)(1 + δ(1− e))

Now, once again is α = 0.5 the impact function will assume its maximum value when its two arguments

are equal, hence, β = γ and a1 = a2 = a.

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) =

a(β + δ
2 )(1− e)

(1 + δ(1− e))
< 1

h(w1, w2, e1, e2, w
A
1 , w

A
2 ) = a <

(
1

1− e
+ δ

)
2

2β + δ

Now using the fact that if β = γ, then δ = 1− 2β we obtain:

82



a < 2

(
1

1− e
+ δ

)
Therefore, in order to the impact function to be greater than one in market equilibrium an even higher

output to labour ratio would be necessary. Apart from the very simplified case analysed above it is also

unlikely that the function would assume high values as it would require either a high output to labour ratio

or a very high unemployment ratio.

The effect of Y on wages

As mentioned on the main text, each occupations’ employment rate may be expressed in terms or total output.

Starting from equations (2.10) and (2.11), let us assume that the employment rates in both occupations are

an increasing function of total output: e1(Y ), e’1 > 0 and e2(Y ), e’2 > 0. The effect of an output increase in

wages will then be given by the derivatives below.

∂w1

∂Y
=

0− [−e′1δ − e
′

1(β + (1− α)δ) + e
′

2(β + (1− α)δ)]

[(1 + δ(1− e1)) + (e2 − e1)(β + (1− α)δ)]2
> 0

= e
′

1(β + (2− α)δ)− e
′

2(β + (1− α)δ) > 0

=
e
′

1

e
′
2

>
(β + (1− α)δ)

(β + (2− α)δ)

As for w2 we have.

∂w1

∂Y
=

0− [−e′2δ − e
′

2(γ + αδ) + e
′

1(γ + αδ)]

[(1 + δ(1− e2)) + (e1 − e2)(γ + αδ)]2
> 0

= e
′

2(γ + (1 + α)δ)− e
′

1(γ + αδ) > 0

=
e
′

1

e
′
2

<
(γ + (1 + α)δ)

(γ + αδ)

Hence, in order for both wages to be increasing in total output it is necessary that:
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(β + (1− α)δ)

(β + (2− α)δ)
<
e
′

1

e
′
2

<
(γ + (1 + α)δ)

(γ + αδ)

The interval in which both wages grow as a function of output is, therefore, increasing on the employer’s

bargaining power (δ). If, for example, the employment rate increase due to an output expansion in occupation

one is much larger than in occupation two (e′1 >> e
′

2) it is more likely that only w1 will rise while w2 could

fall once Y increases. The underlying logic behind this movements is that a much stronger growth in e1with

respect to e2 also increases the outside option in occupation one, inducing employers to negotiate higher

wages these employees in order to avoid their direct impact on profits.

2.11 Appendix B - Data

This second appendix provides background information on the empirical analyses performed in the article.

It includes more detailed information on the O*NET work activities and work context characteristics that

compose the employee control and Impact variables as well as descriptive statistics and some information on

the residuals of the regressions carried on.

Tables (2.6) and (2.7) give more detailed definitions of the O*NET work activities used to build the two

employee control variables.
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Table 2.6: Description of O*NET work activities in physical employee control

Variable Description
Monitor Processes, Materials, or
Surroundings

Monitoring and reviewing information from materials, events, or the
environment, to detect or assess problems.

Inspecting Equipment, Structures, or
Material

Inspecting equipment, structures, or materials to identify the cause
of errors or other problems or defects.

Operating Vehicles, Mechanized Devices, or
Equipment

Running, maneuvering, navigating, or driving vehicles or mechanized
equipment, such as forklifts, passenger vehicles, aircraft, or water
craft.

Assisting and Caring for Others Providing personal assistance, medical attention, emotional support,
or other personal care to others such as coworkers, customers, or
patients

Monitoring and Controlling Resources Monitoring and controlling resources and overseeing the spending of
money.

Controlling Machines and Processes Using either control mechanisms or direct physical activity to
operate machines or processes (not including computers or vehicles).

Drafting, Laying Out, and Specifying
Technical Devices, Parts, and Equipment

Providing documentation, detailed instructions, drawings, or
specifications to tell others about how devices, parts, equipment, or
structures are to be fabricated, constructed, assembled, modified,
maintained, or used.

Repairing and Maintaining Mechanical
Equipment

Servicing, repairing, adjusting, and testing machines, devices,
moving parts, and equipment that operate primarily on the basis of
mechanical (not electronic) principles.

Repairing and Maintaining Electronic
Equipment

Servicing, repairing, calibrating, regulating, fine-tuning, or testing
machines, devices, and equipment that operate primarily on the
basis of electrical or electronic (not mechanical) principles.

Documenting/Recording Information Entering, transcribing, recording, storing, or maintaining
information in written or electronic/magnetic form.

Performing Administrative Activities Performing day-to-day administrative tasks such as maintaining
information files and processing paperwork.

Performing general physical activities Performing physical activities that require considerable use of your
arms and legs and moving your whole body, such as climbing, lifting,
balancing, walking, stooping, and handling of materials

Handling and moving objects Using hands and arms in handling, installing, positioning, and
moving materials, and manipulating things.
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Table 2.7: Description of O*NET work activities in abstract employee control

Variable Description
Getting Information Observing, receiving, and otherwise obtaining information from all

relevant sources.
Identifying Objects, Actions, and Events Identifying information by categorizing, estimating, recognizing

differences or similarities, and detecting changes in circumstances or
events.

Estimating the Quantifiable Characteristics
of Products, Events, or Information

Estimating sizes, distances, and quantities; or determining time,
costs, resources, or materials needed to perform a work activity.

Judging the Qualities of Things, Services, or
People

Assessing the value, importance, or quality of things or people.

Evaluating Information to Determine
Compliance with Standards

Using relevant information and individual judgment to determine
whether events or processes comply with laws, regulations, or
standards.

Analyzing Data or Information Identifying the underlying principles, reasons, or facts of information
by breaking down information or data into separate parts.

Making Decisions and Solving Problems Analyzing information and evaluating results to choose the best
solution and solve problems.

Thinking Creatively Developing, designing, or creating new applications, ideas,
relationships, systems, or products, including artistic contributions.

Interpreting the Meaning of Information for
Others

Translating or explaining what information means and how it can be
used.

Communicating with Persons Outside
Organization

Communicating with persons outside organization, representing the
organization to customers, the public, government, and other
external sources. This information can be exchanged in person, in
writing, or by telephone or e-mail.

Establishing and maintaining interpersonal
relationships

Developing constructive and cooperative working relationships with
others and maintaining them over time.

Selling or Influencing Others Convincing others to buy merchandise/goods or to otherwise change
their minds or actions.

Resolving Conflicts and Negotiating with
Others

Handling complaints, settling disputes, and resolving grievance and
conflicts, or otherwise negotiating with others.

Performing for or Working Directly with the
Public

Performing for people or dealing directly with the public. This
includes serving customers in restaurants and stores, and receiving
clients or guests.

Provide Consultation and Advice to Others Providing guidance and expert advice to management or other
groups on technical, systems, or process related topics.

In order to compare the above work activities with the frequencies of the tasks that correspond to them

it is necessary to attribute values to the seven frequency categories in the original data. Table (2.8) shows

the seven categories, on the left, and their corresponding values in times per year a task is performed. The
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value for 5-daily is based on 5 work days a week. For 7-hourly or more it is assumed 8 hours of work for 251

days a year and for category 6-several times a day we take half of the highest frequency, hence roughly a task

is performed once every two hours of work.

Table 2.8: Corresponding value in number of times a year for each task frequency category

Category Value

1- Yearly or less 1
2- More than early 4
3- More than monthly 12
4- More than weekly 48
5- Daily 251
6- Several times a day 1004
7- Hourly or more 2008

The Impact variable is build using work context. In particular, we select characteristics from a specific

subset of work context: criticality of position amount of impact the worker has on final products and their

outcomes49, which is part of structural job characteristics. Out of the four variables in this category, reported

in table (2.9), two are selected to compose our Impact variable. The other two variables, frequency of decision

making and freedom to make decisions, are excluded because they do not asses the actual impact or the

consequences of employee’s actions but rather the frequency or decisions that could affect the firm and are,

hence, more related to a measure of discretion than one of impact.
494.C.3.a in the O*NET content reference model.
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Table 2.9: O*NET Work Context characteristics that compose the criticality of position amount of impact
the worker has on final products and their outcomes for Impact variable

Variable Selected Description
Consequence of error yes How serious would the result usually be if the worker made a

mistake that was not readily correctable?
Impact of Decisions on Co-workers or
Company Results

yes What results do your decisions usually have on other people or the
image or reputation or financial resources of your employer?

Frequency of Decision Making no How frequently is the worker required to make decisions that affect
other people, the financial resources, and/or the image and
reputation of the organization?

Freedom to Make Decisions no How much decision making freedom, without supervision, does the
job offer?

Table B.5 contains the means and standard deviations of the dependent and independent variables used

in the regression analyses displayed in table 2., 3. and 4. for the final sample of non-managerial workers.

Table 2.10: Descriptive statistics of main variables in tables 2., 3. and 4.
Mean S.D. Mean S.D.

Real hourly wages 22.72 16.07 Race/ethnicity
Log real wage hourly wages 2.94 0.57 White 0.68 0.47
Abstract -0.06 0.97 Black 0.09 0.29
Physical -0.13 0.90 Hispanic 0.16 0.36
Physical routine -0.21 0.88 Asian 0.06 0.24
Physical non-routine -0.10 0.92 Other 0.01 0.10
Impact -0.15 1.06 Education
Union 0.08 0.28 Less than high school 0.07 0.26
Female 0.43 0.49 High school 0.31 0.46
Age 40.27 12.22 Some college 0.30 0.46
Potential experience 20.47 12.40 College 0.22 0.41
U.S. citizenship 0.90 0.29 Advanced degree 0.10 0.30

N = 146, 067 excluding workers in managerial occupations

The next four figures plot the random intercepts and slopes of the multilevel analysis in table (2.4) and

figures (2.4) and (2.5). Figures (2.7) and (2.8) are from model (5) while (2.9) and (2.10) correspond to model

(6). The random slopes and intercept estimates are shown with their 90% confidence intervals. The grid
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lines in the normal quantile plots for the level 1 residuals of models (5), left of figure (2.8), and (6), left of

figure (2.10), represent the 5, 10, 25, 50, 75, 90 and 95 percentiles. The histograms for the same models, in

grey bars, are shown together with a line that plots a normal distribution.

Figure 2.7: Estimated random effects for model 5 (table 2.4)

Figure 2.8: Normal quantile plot and histogram of model (5) residuals (table 2.4)
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Figure 2.9: Estimated random effects for model 6 (table 2.4).

Figure 2.10: Normal quantile plot and histogram of model (6) residuals (table 2.4)
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The final table of the appendix (2.11) contains the descriptive statistics for the industry level variables in

the multinomial logit regressions.

Table 2.11: Descriptive statistics of multinomial logit variables
Mean S.D. Mean S.D.

Abstract r.e. 0.00 0.04 Union 0.08 0.10
Discrete abstract r.e. 1 0.48 ∆union -0.01 0.06
Physical r.e. 0.00 0.05 Professional associations 6.06 3.02
Discrete physical r.e. 0.97 0.59 ∆professional associations 0.44 0.76
Physical -0.11 0.45 Industry mean wages 24.44 7.73
∆physical -0.02 0.07 ∆industry mean wages 0.08 0.19
Abstract -0.02 0.49 Industry wage dispersion 15.15 6.18
∆abstract 0.01 0.09 ∆industry wage dispersion 0.18 0.44
Impact -0.17 0.38
∆impact 0.01 0.07

N = 249 industries
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Chapter 3

Supervision and Work Content:

Industry level evidence

Abstract

The existence of a trade-off between supervision and wages has proven to be a challenging empirical issue

due to the lack of direct measures of supervision and its simultaneous setting with wages. This article proposes

a novel measure of supervisory frequency and an explanation based on an old idea, namely that firm’s choice

depends on how difficult it is to monitor the workers they employ. We test this hypothesis using occupational

level data on the frequency of supervisory detailed work activities and measures of work content. At the

industry level the analysis suggests supervision increases with the complexity of the activities performed

by workers, hence, in striking contrast to previous studies relying on the ratio of supervisors to employees,

industries that employ more workers performing non-routine cognitive activities also rely on supervision the

most. Moreover, at the individual level there is no evidence of a trade-off but only weak evidence of a positive

relation between wages and supervision which seems to be a complement rather than a substitute to wage

incentives.
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3.1 Introduction

Supervision of work is recognized as an instrument of employee discipline in efficiency wage models (Shapiro

and Stiglitz, 1984; Bowles,1985) with evidence of extensive use of monitoring in the workplace (Dickens et

al., 1989; Jayadev and Bowles, 2006). Other authors have argued, though, that supervision might have a

deleterious effect on productivity (Falk and Kosfeld, 2006) as it undermines intrinsic motivations and social

(gift) exchange (Barkema, 1995). Attempts to mend together this contrasting views have thus far relied on

different impacts of monitoring incentives on performance in the short (positive) and long run (negative)

(Bénabou and Tirole, 2003) and between personal and impersonal relationships (Frey, 1993).

The existence of a trade-off between wages and supervision is a matter of debate in efficiency wage models.

If supervision is determined endogenously and together with wages the presence of a trade-off is not guaranteed

and there might be a positive relation between wages and supervisory intensity (Schmidt-Sørensen, 1990).

Indeed empirical evidence has delivered mixed results. While some confirm the trade-off (Rebitzer, 1995;

Krueger, 1991), others have interpreted a positive or the absence of a correlation as evidence against the

shirking version of efficiency wages (Leonard, 1987; Neal, 1993).

Two problems in particular contributed to make this trade-off empirically challenging for researchers.

First, supervisory workers often perform activities other than monitoring employees. Hence, some degree of

substitution between supervisors and production worker might induce a positive correlation between wages

and supervision since an increase in wages might lead firms to increase employment of supervisory workers.

Second, both wages and supervision are the result of a firm’s choice. If these are set simultaneously and

the underlying factor to guide this decision is omitted we should expect biased estimates of the relation

among supervision and wages (Sessions, 2008, p.655).

The following pages rely on a novel measure of supervision to test an old explanation for this choice between

internal and external incentives to labour productivity. It is the actual feasibility of properly supervising

work to dictate the amount of employee supervision, that is, industries or firms that employ workers in

harder-to-monitor occupations will supervise them to a greater extent.

To test this hypothesis we rely on work content and the importance of abstract, non-routine work activities

as a measure of how difficult or ineffective supervision is in a certain industry. Two arguments underpin this
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relation. First, abstract work that require decision making, creative thinking and interpretation, to give a few

examples, are certainly harder to verify than more structured, tangible work such as dealing with customers

or operating industrial equipment. Second, whenever the final product of work is not directly measurable

and standardized, even if it is possible to verify the activities performed by an employee, it is difficult to fix

a maximum or desired performance standard to be achieved. Take for instance an architect, it is virtually

impossible to know with certainty how good a project developed for specific requirements of a particular

client could actually be. Note that the second argument is perhaps more general and may apply to workers

in more occupations than the first such as sales, personal care and protective services.

This idea - that supervision depends on how difficult or imperfect monitoring is - although already present

in Shapiro and Stiglitz (1984), precedes efficiency wage models. Williamson (1967) argued that an increase

in firm size led to loss of control by employers. This argument was later shown to be valid only if employees

know when they are being monitored (Calvo and Wellisz, 1978). Empirically as well there is evidence of wage

premia for workers in larger, hence, harder to monitor work groups (Ewing and Payne, 1999).

There are however grounds to contest the use of firm or work group size as a measure of imperfect

monitoring. Size and the organization of work depend fundamentally on production technology, and so does

the intensity of supervision. Edwards (1979) identifies three different systems of employee control: simple,

technical and bureaucratic. While the first, implies direct supervision and may be subject to the difficulties

related to firm size, the second relies on machinery and the organization of production to dictate work

pace. Thus, in a large production line, for instance, a great number of employees may be fairly easy to

monitor1. The third system, bureaucratic control, instead, relies on internal labour markets and human

resource management with systems of promotion and seniority that induce employees to exert effort by

increasing their cost of jobloss.

The next section briefly summarizes previous empirical evidence on supervision and the existence of

a trade-off with wages. We then use data from the Current Population Survey’s Outgoing Rotation Group

(CPS-ORG) to test our hypothesis. In order to surpass the two main empirical problems mentioned above we

rely on data from the Occupational Information Network (O*NET). The detailed occupational characteristics

make it possible to (i.) compute the frequency of supervision in all occupations based on 55 work activities
1Although the cost of loafing, even when detected, might be high.
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directly related to supervision and monitoring and (ii.) to calculate the industry means of non-routine

cognitive and routine work content, based on measures by Acemoglu and Autor (2011) and Autor and

Handel (2013).

The empirical analysis that follows first considers a panel with 250 3-digit industries from the 2012

U.S. Census Industry Classification ranging from 2003 to 2016. Industry mean non-routine cognitive and

routine activities are good predictors of industry average supervision, with positive and negative coefficients,

respectively, in fixed and correlated random effects models.

There is also a striking difference between our measure of supervisory frequency and the traditional ratio

of supervisors2 to employees by industry, as seen in figure 3.1 below. Such a remarkable difference between

the two measures is due to the great number of occupations, 210 out of 467, that perform at least some

supervisory activities.

Then to analyze the presence of a trade-off between supervision and wages we rely on the CPS-ORG

structure to estimate first-difference regressions3 for all workers and for those that perform no supervision

whatsoever. In order to circumvent the simultaneous setting of wages and supervision industry mean non-

routine cognitive activities are used as an instrument for industry average supervision. While the estimates

find no evidence of a relation between supervision and wages in the full sample, once only workers that

perform no supervision are considered our estimates suggest a positive relation. Thus, there might be a

complementarity between supervision and wages as both increase with the complexity of work.

3.2 A brief literature review

The general empirical evidence and main challenges to estimate supervision’s influence on wages were already

outlined in the introduction. This section provides further details on the strategies previously employed by

authors and their results. Additionally, a brief overview of the empirical findings on employee autonomy and

routine-biased technological change is presented in order to, later, contrast those with our own results.

Most of the empirical research on the trade-off between supervision and wages dates back to the late

1980s and early 1990s, after the publication of seminal contributions to the efficiency-wage literature. The
2Workers in supervisory occupations.
3Individuals are interviewed 8 times for a period of 16 months and are often present in two consecutive years of the survey.
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overall results are mixed, while some reject the trade-off and interpreted it as evidence against the shirking

version of efficiency wages other authors did find a negative relation between monitoring and pay.

These studies, some of which are summarized in table 3.1, differ in terms of the industries studied and

measures of supervisory intensity adopted. In particular, it seems relevant to distinguish between single

and inter-industry studies. While all of the former (Groshen and Krueger, 1990; Krueger, 1991; Rebitzer,

1995) suggest the existence of a trade-off, the later deliver mixed results. Since our measure of supervisory

frequency is defined at the industry level the following results do not exclude the existence of a trade-off

between firms in the same industry.

The different measures of supervision also vary substantially and are often indirect. With the single

exception of Neal’s (1993) use of the actual frequency of supervision reported by production workers, all other

studies rely on indirect measures or other factors that might affect supervision in specific contexts. Groshen

and Krueger (1990) use regional dummies to capture specific local regulations that determine, exogenously,

the required supervisor-to-staff ration in hospitals. In Krueger (1991) employees are found to earn higher

wages in company owned fast-food restaurants with respect to those in franchises, since the franchisees have

a greater incentive to monitor workers than managers in the company owned restaurants.

Table 3.1: Summary of previous results on the wage-supervision trade-off
Reference Tade-off Industry Measure of supervision Year CountryMethodology

Leonard (1987) No High tech.
industries Supervisors/employees 1982 U.S. OLS

Groshen and Krueger (1990) Yes Hospitals
Supervisors/employees,
instrumented by regional
dummies

1985 U.S. 2SLS

Krueger (1991) Yes Fast-food
restaurants

Ownership as proxy for
incentive to monitor
employees

1982 U.S. Random
Effects

Neal (1993) No Inter-industry Frequency of supervision 1977 U.S. OLS

Rebitzer (1995) Yes Petrochemical Third part safety
supervision 1990 U.S. Ordered

probit

Brunello (1995) Yes - non-manual workers
No - manual workers Inter-industry

Supervisors/employees,
instrumented by ratio of
managers to supervisors

1975-
1982 U.K. 2SLS

Ewing and Payne (1999) Yes Inter-industry Size of work groups 1989 U.S. OLS

A more generalist approach is due to Brunello (1995) where the ratio of managers to supervisors, as a

96



proxy of the quality of supervision, is used as an instrument for the supervisor-to-staff ratio. Evidence of a

trade-off, after accounting for the endogeneity of supervision, is found for non-manual workers only. Ewing

and Payne (1999) test the hypothesis proposed by Williamson (1967) that larger work groups are harder to

monitor and, thus, there is a wage premia associated to their size. Despite the positive results, the relation

of work group size to supervision is theoretically questionable (Calvo and Wellisz, 1978) and may only be

considered a very indirect evidence of supervision at best.

The first part of the empirical analysis below considers the determinants of supervisory frequency at

the industry level, which to some extent is an instrument to discipline and restrict worker autonomy. The

literature on employee discretion relates higher skill and employee commitment to greater autonomy for

individual workers (Gallie et al., 2004; Green, 2008). However, while skill levels and commitment have

increased over the past decades there has been a decline in employee discretion, more pronounced among

part-time and temporary workers, since the early 1990s (Gallie, 2012). Therefore, other factors must account

for the fall in discretion.

As shown in the following pages there has been an overall increase in supervision in the U.S. economy

between 2003 and 2016 which, according to out argument, is related to the increase in the relative employment

of harder to monitor occupations with greater non-routine cognitive work content4. Still, it also reveals that

supervision is more frequent in industries that employ high-skill workers. That is, although the employment

of complex work is related to more intense supervision, the later doesn’t seem to be the exact inverse of

employee discretion.

Finally, let us consider recent studies, summarized by Autor (2015), that have focused on the automation

of routine work, due to the progress of information technology, and its effects on employment and wages. In

this framework technology replaces routine jobs concentrated in middle skill, middle wage occupations such

as industrial blue collar workers. Evidence on the slower employment growth of routine occupations relative

to high and low-skill jobs, particularly during the 1990s in the U.S. and Europe is presented in Acemoglu

and Autor (2011) and Goos, Manning and Salomons (2009). Moreover, the loss of middle skill jobs has been

connected to employment changes in the business cycle and jobless recoveries (Jaimovich and Siu, 2012) and

to changes in wage inequality (Autor and Handel, 2013).
4As well as the fall in occupations that perform routine work.
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So far no studies have yet considered a connection between the decline of routine work and trends in

employee supervision, to the best of our knowledge. The next sections describe the data employed in this

study and the main variables built from O*NET data, namely the industry mean supervisory frequency,

non-routine cognitive and routine work activities.

3.3 Empirical analysis

3.3.1 Sample

Two different samples build from the CPS-ORG (Center for Economic and Policy Research. 2017) ranging

from 2003 to 2016 constitute the basis of the following empirical analysis and provide data on wages and

demographics of individual workers as well as their respective occupations and industries. The choice to

start from 2003 and not earlier is due to a large scale revision in the occupational codes that would require

significant aggregation in occupations and, hence, a considerable loss of information on our supervisory

frequency and work content variables.

For the first part of the analysis below we build a panel with 250 3-digit industries that sums up to

3, 947 observations. The descriptive statistics of all the variables constructed, mostly industry averages, are

presented in table 3.7 at the data appendix. The second sample makes use of the CPS-ORG structure to

identify workers interviewed in two consecutive years of the survey in order to obtain first-difference estimates.

Usual sample restriction are applied to include full time5 workers aged between 17 and 64. All observations

correspond to employed workers in the private sector6.

Additionally, observations with imputed earnings and hours, since part of the hourly wages are calculated

based on worked hours, are excluded from the sample to avoid an artificial reduction of wage variation

between occupations (Mouw and Kalleberg, 2010, p.413). Workers with real hourly wages in the bottom and

top percentile are also excluded, as well as those who change occupation or industry between the two years

they are observed. Hence, the final sample that includes 72, 779 individual workers and 145, 558 observations,

out of which 44.3% do not perform any supervisory activities.
5All those reporting 35 weekly hours or more in the week before their interview.
6Excluding self-employed.
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The measures of supervisory frequency, non-routine abstract and routine work content are constructed

from work activities, work content, detailed work activities and task variables from O*NET 21.3 (ONET,

2017). In order to make them compatible with the CPS occupation codes the O*NET occupations are

first aggregated to Standard Occupational Classification (SOC 2010) codes and then to the 2010 Census

Occupation Codes using averages weighted by the relative employment of each SOC 2010 occupation obtained

from the 2015 Occupational Employment Statistics provided by the Bureau of Labor Statistics.

The next section describes in greater detail our main variables and their construction before the results

are presented.

3.3.2 Main variables

The bulk of the empirical analysis is based on three variables henceforth described in greater detail. Namely,

i.) industry mean frequency of supervision and ii.) measures of non-routine cognitive and iii.) routine work.

Moreover, a raw measure of the proportion of employees in 15 supervisory occupations7 to the total number

of workers by industry, displayed on the right side of figure 3.1, is computed to provide some comparison to

our measure of frequency.

Supervisory frequency is first calculated for each CPS occupations (si) based on O*NET task frequencies

aggregated into detailed work activities. Each task in the database contains a measure of frequency in seven

discrete categories from yearly or less to hourly or more (fs,k), to which we attribute values in times per year

such a task is performed, presented in table 3.4. Then an average of these values weighted by the proportion

of respondents that report them (θk) is taken for each task.

In the O*NET job content model (Onetcenter, 2017) tasks are occupation specific, but can be aggregated

to detailed work activities that are common to all occupations. The measure of supervisory frequency in each

occupation is then obtained as the sum of the frequencies of all tasks associated to 55 supervisory activities

, represented by the subscript m, over the sum of the frequencies of all tasks associated to all detailed work

activities, described by subscript l in equation 3.1. Table 3.5, in the data appendix, lists the 55 supervisory

activities considered which include, to mention a few; to investigate work related complaints to determinate

corrective actions, to evaluate employee performance, to verify employee information, to supervise employees
7Table 3.9 in the data appendix contains a list of the 2010 Census Occupation Codes supervisory occupations.
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and to inspect work to ensure standards are met.

si =

55∑
m=1

7∑
k=1

fs,kθ,k

∑
l

7∑
k=1

fkθ,k

(3.1)

Hence, si represents the ratio between the frequency of supervisory activities (m) and the frequency of

all detailed work activities (l) in each occupation (i). The empirical analysis, however, considers industry

mean frequency of supervision (Sj) which is equal to the average of si in all the occupations employed in that

industry weighted by their relative employment φi. The industry mean non-routine cognitive (nrcogj) and

routine work activities (routj) are obtained in a similar fashion8. After the occupational codes transformation

described in the previous section, we take the industry averages weighting each occupation by the inverse of

the frequency of supervision. The industry level variables for supervisory frequency, non-routine cognitive

and routine work activities are described in equations 3.2, 3.3 and 3.4, respectively.

Sj =

n∑
i=1

siφi (3.2)

nrcogj =

n∑
i=1

nrcogiφi(1− si) (3.3)

routj =

n∑
i=1

routiφi(1− si) (3.4)

Figure 3.1 plots industry mean supervision and the ratio of supervisors to employees as a function of

industry mean non-routine cognitive activities, as a proxy to the difficulty to supervise employees in the

x-axis. As mentioned earlier, the frequency of supervision increases with the content of non-routine cognitive

activities in an industry and has a negative correlation to the ratio of supervisors to employees. The complete

list of 3-digit occupations with their respective frequency of supervision is provided in the appendix and

although a great number of occupations perform some supervision, more often than not it sums up to a

small fraction of total work activities. Among the workers that perform supervision more frequently are, as
8The O*NET work activities used to build these two variables are listed in table 3.6 in the data appendix

100



expected, allocated in many first-line supervisors, management and human resources occupations.

Figure 3.1: Supervisory frequency (left) and ratio of supervisors to employees (right) by industry

A final caveat about the variables build from O*NET is worth some attention. CPS-ORG data from

several years is matched to a single version of the O*NET. It is so due to the lack of a longitudinal dimension

in the O*NET whose different releases calculate occupational work activities and content variables based

on observations from multiple years. Thus, the change in time in the industry level supervisory frequency

(3.2) and work content variables (3.3) and (3.4) reflects the evolution of the employment composition in each

industry and not in the intensive margin.

The next section presents the estimates, first at the industry level and then on the trade-off between

supervision and wages and draws comparisons with previous studies.

3.3.3 Findings

The first results presented in table 3.2 regress supervisory frequency on industry level characteristics. The

increase of supervision between 2003 and 2016, most of it concentrated between 2007 and 2012, is plotted in

the four graphs of figure 3.2, whose supervisory frequency is an average of Sj for all industries weighted by

their respective size in number of employees.
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The two top graphs show an inverse relation with routine work and an increasing trend in both supervision

and non-routine cognitive work. Just as supervision the routine and non-routine variables experience greater

variation from 2007 to 2011 which is in line with Jaimovich and Siu (2012) argument that most of the routine

jobs are lost during economic downturns, thus reducing overall routine content in the composition of U.S.

employment.

A possible explanation for the increase in supervision during the global financial crisis is that most of the

occupations that perform some form of monitoring, such as managers and human resources workers, typically

rank higher in firms’ hierarchies and were less likely to lose their jobs during the recession. However, it should

be noted that the higher level of supervision shows no decreasing trend in the years of sluggish economic

recovery that followed the crisis.

The south-west quadrant graph shows once again the negative relation between our frequency of super-

vision measure and the ratio of supervisors to workers that has fallen about 1.5% since 2003. Finally, the

bottom-right plot depicts a great similarity in the trends of supervision and the percentage of workers in

managerial positions. The ratio of non-production to production workers has been previously explored in

Gordon (1990) where it is shown to have increased from the 1960s to the mid 1980s in Japan, West Germany,

Sweden and the U.S.
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Figure 3.2: Increase in supervisory intensity and selected variables

The industry level estimates in table 3.2 confirm the intuition provided by the previous graphs. A unity

increase in mean non-routine cognitive work activities, which corresponds to 2.2 standard deviations9, is

associated to an increase of about 2% in supervision. Note that this effect is way larger than the actual

increase in supervisory frequency for the U.S. economy presented in figure 3.2, of 0.4%.

Routine activities also present the expected sign with a unit increase in industry average routine content

associated to a reduction of 0.76% in the frequency of supervision10. The coefficient for the percentage of
9The descriptive statistics for the variables in table 3.2 are listed in the data appendix table 3.7. A unity increase is certainly

large since nrcogj values range from -1.85 to 1.21 and is unlikely to be found within a single industry in the period considered
but rather between them.

10For routine a unit corresponds to 2.05 standard deviations with minimum and maximum value of −1.69 and 1.88.

103



workers in managerial occupations coefficient is positive and slightly smaller than that of non-routine cognitive

activities, but is statistically different from zero only in the correlated random effects estimates in column (3).

Finally, unionization rates are also related to lower supervisory frequency but with a much smaller coefficient

than industry mean routine work, since a variation of 100% in unionisation rate corresponds to roughly 10

standard deviations to reduce supervision by one percentage point.

Table 3.2: Industry level estimates of Supervisory frequency

(1) (2) (3)
FE −OLS FE −OLS Mundlak

Non-routine cognitive 0.0195∗∗∗ 0.0197∗∗∗ 0.0197∗∗∗

(0.0044) (0.0044) (0.0013)
Routine -0.0074∗∗ -0.0076∗∗ -0.0076∗∗∗

(0.0028) (0.0027) (0.0013)
Percentage of managers 0.0177 0.0169 0.0169∗∗∗

(0.0114) (0.0106) (0.0034)
Log industry size 0.0005 0.0005

(0.0014) (0.0005)
Percentage of female 0.0038 0.0038+

(0.0052) (0.0022)
Unionization rate -0.0108∗ -0.0108∗∗

(0.0047) (0.0035)
% of workers with university degree -0.0061 -0.0061∗∗

(0.0047) (0.0020)
Average age/10 0.0036+ 0.0040∗∗∗

(0.0020) (0.0010)
N 3,497 3,497 3,497
Groups 250 250 250
R2 within 0.193 0.203 0.203
R2 overall 0.273 0.274 0.428
All models include a constant. Standard errors in parentheses are clustered
by industry in models (1) and (2). Model (3) includes group means for all variables.
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The results presented above suggest that the shift in the U.S. productive structure and employment

towards relatively more complex occupations and away from routine work, either due to technological progress

and automation or to offshoring, contributed to the observed increase in supervision. Our take on this relation

is that non-routine cognitive work is harder to monitor and, despite being characterized by higher average
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skill and wages, employers attain to a certain level of supervision that allow them to evaluate and possibly

boost employee effort.

In that spirit a parallel between the estimates in table 3.2 and Edwards’ (1979) systems of employee control

is rather interesting. The contemporaneous decrease in routine work, largely present in industrial blue-collar

occupations, and increase in supervision somehow strengthen the idea of technical control, whereby machinery

pace dictates the speed of work, which happens to be in most cases highly standardized, thus mitigating the

need for direct supervision.

Our results, however, are at odds with bureaucratic control. Even though high-skill workers performing

complex work might enjoy higher wages, fringe benefits and gains from seniority the industries that employ

them also seem to rely more on supervision. That is, although employees carrying out non-routine cognitive

work are more likely to face a greater cost of losing their current positions the difficulty to properly asses

their effort is such that it requires a greater degree of supervision from the employers.

The estimates so far say nothing about the existence of a trade-off between wages in supervision. The

second part of the results focus on individual workers that appear for two consecutive year in the CPS-ORG

from 2003 to 2016. A similar application of CPS data is presented by Addison, Orgul and Si (2017) who

describe the survey characteristics that allow for such longitudinal link in greater detail.

First a sample of all workers consistently identified twice in the same occupation and industry is considered

in columns (1) to (3) of table 3.3 and then a sub-sample excluding workers in the 210 occupations that perform

some supervision11 in columns (4)-(6). The measure of supervisory frequency from O*NET detailed work

activities also provides support to the hypothesis that supervisors perform other work activities. In no

occupation the frequency of supervision is greater than half of all activities performed and among all the

occupations that supervise only around 7% of their work, in average, is dedicated to monitoring.

Therefore, the estimates in columns (3) and (6) use industry average non-routine cognitive work (nrcogj)

as an instrument for industry mean supervisory frequency. Moreover, the regressions in table 3.3 do not

include the measures of non-routine cognitive and routine work for the occupations associated to each indi-

vidual worker. Given that only workers that remain the the same occupation are considered their respective

measures of work content are also fixed, while industry averages change due to different composition of
11The list of all such occupations and their relative frequency of supervision is presented in the data appendix table 3.10.
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employment through the years.

Table 3.3: First-difference estimates of log hourly wages on supervision

All workers Only non-supervisors†

(1) (2) (3) (4) (5) (6)
FD FD IV − FD FD FD IV − FD

Supervision 0.295 0.080 0.690 0.046 -0.158 1.090+

(0.212) (0.215) (0.539) (0.308) (0.306) (0.612)
Union 0.036∗∗∗ 0.036∗∗∗ 0.051∗∗∗ 0.051∗∗∗

(0.010) (0.010) (0.013) (0.013)
Age/10 0.414∗∗∗ 0.414∗∗∗ 0.346∗ 0.345∗

(0.081) (0.081) (0.144) (0.144)
Age2/100 -0.024∗∗ -0.024∗∗ -0.020 -0.020

(0.008) (0.008) (0.014) (0.014)
Potential experience/10 0.041 0.041 0.101 0.100

(0.062) (0.062) (0.097) (0.097)
Potential experience2/100 -1.240+ -1.231+ -1.615 -1.609

(0.749) (0.747) (1.079) (1.083)
Married -0.003 -0.003 0.005 0.005

(0.005) (0.005) (0.008) (0.008)
U.S. citizen -0.035 -0.035 0.075+ 0.074+

(0.041) (0.041) (0.038) (0.039)
Education
High school -0.002 -0.002 -0.003 -0.003

(0.013) (0.013) (0.0168) (0.017)
Some college 0.010 0.010 -0.001 -0.002

(0.018) (0.018) (0.025) (0.025)
College 0.031 0.031 0.029 0.028

(0.034) (0.034) (0.050) (0.050)
Advanced degree 0.038 0.038 0.055 0.054

(0.043) (0.043) (0.066) (0.066)
N 145,558 144,324 144,324 64,424 63,836 63,836
Workers 72,779 72,162 72,162 32,212 31,918 31,918
Kleibergen− Paap F statistic 3625.4∗∗∗ 2142.1∗∗∗

Endogeneity test χ2(1) 1.43 4.94∗

R2 within 0.000 0.008 0.008 0.000 0.010 0.009
Standard errors clustered by industry in parentheses.
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
†Only non-supervisors considers exclusively workers in occupations that perform no supervisory activities.

The left-side estimates, considering all workers, do not support a trade-off between industry level super-
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vision and wages. In fact, there seems to be no systematic relation between supervision and pay. Neither is

there evidence that supervision is endogenous in the IV-FD regression (3). However, it might be the case,

given the large number of occupations that perform supervision, that we are comparing the level of industry

supervision with the wages of the supervisors themselves thus cancelling out the negative effect of supervision

on production workers with the positive one it might have to supervisors.

The results are slightly different when the non-supervisors sub-sample is considered, but still no evidence of

a trade-off is found. Indeed, column (6) actually suggests wages are higher for production workers in industries

with greater intensity of supervision, though the estimated coefficient is only marginally statistically different

from zero. A one percent increase in mean supervisory intensity is associated to hourly real wages 1.09%

higher.

In contrast to the regression in column (3), the estimates in (6) reject the exogeneity of supervision.

Furthermore, the validity the difficulty to monitor employees, proxied by nrcogj , as an instrument is tested

using the Keinbergen-Paap F-statistic (Keibergen and Paap, 2006; Kleibergen and Schaffer, 2015) which

does not require i.i.d. residuals as the Cragg-Donald (1993) test, rejecting the null hypothesis of a weak

instrument.

The results above offer no support for a trade-off between wages and supervision at the industry level, and

suggest instead a weak positive relation. The frequency of supervision seems to increase with the complexity

and difficulty to monitor the workforce in an industry. Even if this results are due to workers that perform

supervision themselves earning higher wages, although the industry work content variables in equations (3.3)

and (3.4) assign a greater to occupations that don’t supervise, it remains that the level of supervision in these

industries is higher and has been increasing contemporaneously with the relative employment of workers in

occupation that perform more complex work12 in the U.S. economy.

3.4 Discussion

Two results from the previous empirical analysis stand out. First, the frequency of supervision seems to

increase with the difficulty to monitor the workers employed in an industry as seen by the estimates of a
12And the relative decrease of routine, easy to monitor, occupations in total employment.
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positive relation with non-routine cognitive and a negative one routine work content. Second, it does not

support a trade-off between supervision and wages and instead offer some weak evidence of a positive relation

for workers that perform no supervision.

It seems that there might be a complementarity between wages and supervision. Which would make sense

in the framework presented above since performing more complex, abstract work is related to higher wages

(Autor and Handel, 2013) but is also harder to monitor.

Still, our analysis does not exclude the existence of a trade-off between firms, within an industry as found

in other empirical studies. If that is the case there would be a minimum level of supervision desired by firms

given the type of occupations they employ, in order to sustain a certain level of control and discipline over

the workforce, above which the typical trade-off suggested in efficiency wage models could operate.

Another interesting point raised concerns the great number of workers that perform some supervisory

activities, which begs the question who bosses whom? A more refined analysis with supervision and its

impact at the individual worker level was previously impossible due to limitations in the data. However, the

advent and quick diffusion of employee monitoring software (Solon, 2017; Lohr, 2014) should soon open up

a new wave of studies on the effects of supervision on employee pay and performance.
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3.6 Data Appendix

Supervisory frequencies Each of the work activity variables in the O*NET data is further disaggregated

into detailed work activities (DWA), which are common for all occupations. A measure of frequency for
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each DWA is provided in seven categories to which the values in the left table below are attributed. These

correspond to the approximate number of times a year that activity is performed in a certain occupation.

In the final step the frequency values are weighted by the percentage of respondents in each occupation that

reports them.

Table 3.4: Task frequency categories and values

Category Value

1- Yearly or less 1
2- More than early 4
3- More than monthly 12
4- More than weekly 48
5- Daily 251
6- Several times a day 1004
7- Hourly or more 2008
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Table 3.5: Supervisory detailed work activities
Supervisory Detailed Word Activities

1 Investigate work related complaints to determine corrective actions.
2 Monitor food services operations to ensure procedures are followed.
3 Monitor loading processes to ensure they are performed properly.
4 Inspect cargo to ensure it is properly loaded or secured.
5 Monitor operational procedures in technical environments to ensure conformance to standards.
6 Monitor performance of organizational members or partners.
7 Monitor activities of individuals to ensure safety or compliance with rules.
8 Monitor operations to ensure compliance with safety or security policies or regulations.
9 Evaluate personnel practices to ensure adherence to regulations.
10 Monitor operational activities to ensure compliance with regulations or standard operating procedures.
11 Monitor medical facility activities to ensure adherence to standards or regulations.
12 Inspect work to ensure standards are met.
13 Inspect completed work to ensure proper functioning.
14 Inspect completed work to ensure proper installation.
15 Evaluate effectiveness of personnel policies or practices.
16 Evaluate performance of educational staff.
17 Evaluate current or prospective maintenance employees.
18 Evaluate skills of athletes or performers.
19 Evaluate employee performance.
20 Evaluate performance of applicants, trainees, or employees.
21 Verify employee information.
22 Verify patron or staff credentials.
23 Analyze jobs using observation, survey, or interview techniques.
24 Analyze data to inform personnel decisions.
25 Maintain personnel records.
26 Document work hours or activities.
27 Record personnel information.
28 Meet with coworkers to communicate work orders or plans.
29 Confer with managers to make operational decisions.
30 Communicate dining or order details to kitchen personnel.
31 Warn individuals about rule violations or safety concerns.
32 Resolve personnel problems.
33 Supervise maintenance workers.
34 Supervise engineering or other technical personnel.
35 Supervise trainees.
36 Supervise service workers.
37 Supervise production or support personnel.
38 Direct activities of subordinates.
39 Supervise information technology personnel.
40 Supervise clerical or administrative personnel.
41 Supervise activities of other legal personnel.
42 Supervise scientific or technical personnel.
43 Supervise medical support personnel.
44 Supervise workers providing client or patient services.
45 Supervise employees.
46 Supervise patient care personnel.
47 Supervise technical medical personnel.
48 Supervise sales or support personnel.
49 Supervise laboratory work.
50 Supervise workers performing environmentally sustainable activities.
51 Direct activities of agricultural, forestry, or fishery employees.
52 Coordinate personnel recruitment activities.
53 Coordinate activities of food service staff.
54 Coordinate activities of production personnel.
55 Coordinate project activities with other personnel or departments.
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The same procedure is repeated for all the DWAs performed by supervisors. From these we select 16

that are directly associated with employee supervision, listed on the right table above. The ratio between

the frequency value of supervisory and the sum of all DWA by occupation provides the adjustment which is

attributed to supervisors in the final dataset.

Non-routine cognitive and routine work activities

Table 3.6: Non-routine cognitive and routine work activities variables
Non-routine cognitive Routine

Analytical Manual
4A2a4 Analyzing data/information 4C3d3 Pace determined by speed of equipment
4A2b2 Thinking creatively 4A3a3 Controlling machines and processes
4A1a1 Interpreting information for others 4C2d1i Spend time making repetitive motions
Interpersonal Cognitive
4A4a4 Establishing and maintaining personal relationships 4C3b7 Importance of repeating the same tasks
4A4b4 Guiding, directing and motivating subordinates 4C3b4 Importance of being exact or accurate
4A4b5 Coaching/developing others 4C3b8 Structured v. Unstructured work (inverse)
The codes are the reference for the variables in the O*NET job content model

Descriptive statistics

Table 3.7: Industry level descriptive statistics for variables in table 3.2

Variable Mean s.d.
Supervision 0.029 0.015
Non-routine cognitive -0.052 0.450
Routine -0.078 0.486
Percentage of managers 0.115 0.080
Log industry size 4.744 1.277
Percentage of female workers 0.378 0.213
Unionization rate 0.088 0.109
Pct. of workers with university degree 0.583 0.183
Average age 40.89 3.081
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Table 3.8: Worker level descriptive statistics for variables in table 3.3
Variable Mean s.d. Variable %
Real hourly wages 24.71 14.77 Ethnicity
Log real hourly wages 3.06 0.53 White 76.1
Supervision 0.03 0.01 Black 6.3
Union 0.10 0.31 Hispanic 11.7
Age 42.81 11.08 Asian 4.9
Age2 1956.0 9496.0 Other 1.0
Potential experience 22.93 113.07 Education
Potential experience2 65.39 53.05 Less than high school 6.6
Married 0.65 0.47 High school 30.3
Metropolitan area 0.80 0.40 Some college 29.5
U.S. citizen 0.92 0.27 College 22.4
Female 0.42 0.49 Advanced degree 11.2
N 144,324
Workers 72,162

Supervisory occupations

Table 3.9: Supervisory occupations used in figure and table 1.

3-digit supervisory occupations 2010 COC

First-line supervisors of correctional officers 3700
First-line supervisors of fire fighting and prevention workers 3720
First-line supervisors of food preparation and serving workers 4010
First-line supervisors of housekeeping and janitorial workers 4200
First-line supervisors of landscaping, lawn service, and groundskeeping workers 4210
First-line supervisors of gaming workers 4300
First-line supervisors of personal service workers 4320
First-line supervisors of retail sales workers 4700
First-line supervisors of non-retail sales workers 4710
First-line supervisors of office and administrative support workers 5000
First-line supervisors of farming, fishing, and forestry workers 6005
First-line supervisors of construction trades and extraction workers 6200
First-line supervisors of mechanics, installers, and repairers 7000
First-line supervisors of production and operating workers 7700
Supervisors of transportation and material moving workers 9000
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List of all occupation that perform supervisory detailed work activities
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Table 3.10: Occupations that perform supervision and their respective frequency
Occupation Freq.
Payroll and timekeeping clerks 43-3051 0.453
1st-line supervisors/managers landscape, lawn, grounds workers 37-1012 0.390
1st-line supervisors/managers housekeeping & janitorial workers 37-1011 0.337
Compensation, benefits, and job analysis specialistst 13-1141 0.282
Medical and health services managers 11-9111 0.267
Pest control workers 37-2021 0.257
Human resources assistants, except payroll and timekeeping 43-4161 0.253
Compensation and benefits managers 11-311 0.246
Food servers, nonrestaurant 35-3041 0.240
Human resources workers 13-1070 0.238
Public relations managers 11-2031 0.230
Purchasing managers 11-3061 0.228
Urban and regional planners 19-3051 0.224
1st-line supervisors/managers farming, fishing, and forestry workers 45-1011 0.222
Gaming managers 11-9071 0.212
First-line supervisors/managers of non-retail sales workers 41-1012 0.199
Fundraisers 13-1131 0.195
Transportation, storage, and distribution managers 11-3071 0.189
Dietitians and nutritionists 29-1031 0.188
Financial managers 11-3031 0.185
Education administrators 11-9030 0.184
Social and community service managers 11-9151 0.182
Ushers, lobby attendants, and ticket takers 39-3031 0.173
1st-line supervisors/managers office & admin support workers 43-1011 0.171
Biological technicians 19-4021 0.166
Human resources managers 11-3121 0.164
Medical records and health information technicians 29-2071 0.162
Lodging managers 11-9081 0.158
Athletes, coaches, umpires, and related workers 27-2020 0.150
Chefs and head cooks 35-1011 0.142
First-line supervisors/managers of personal service workers 39-1021 0.139
Residential advisors 39-9041 0.139
Marketing and sales managers 11-2020 0.128
1st-line supervisors/managers mechanics, installers, repairers 49-1011 0.126
Crossing guards 33-9091 0.125
Lifeguards and other recreational, and all other protective service workers 33-909X 0.122
Medical scientists and life scientists, all other 19-10XX 0.112
Miscellaneous agricultural workers, incl animal breeders 45-20XX 0.111
Biological scientists 19-1020 0.109
Lawyers, Judges, magistrates, and other judicial workers 23-1011 0.101
Chemists and materials scientists 19-2030 0.099
Materials engineers 17-2131 0.096
Archivists, curators, and museum technicians 25-4010 0.096
Hosts and hostesses, restaurant, lounge, and coffee shop 35-9031 0.094
Industrial production managers 11-3051 0.092
Advertising and promotions managers 11-2011 0.091
Combined food prep and serving workers, including fast food 35-3021 0.089
Construction managers 11-9021 0.089
Property, real estate, and community association managers 11-9141 0.088
Chief executives 11-1011 0.088
1st-line supervisors/managers food prep and serving workers 35-1012 0.085
Computer hardware engineers 17-2061 0.083
Management analysts 13-1111 0.082
Food service managers 11-9051 0.079
First-line supervisors/managers of retail sales workers 41-1011 0.079
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Occupation Freq.
Environmental engineers 17-2081 0.079
Farm, ranch, and other agricultural managers 11-9013 0.078
Database administrators 15-1041 0.075
Mathematicians, Statisticians, and Misc mathematical science occ 15-20XX 0.074
Logisticians 13-1081 0.073
Compliance officers 13-1041 0.071
Training and development specialists 13-1151 0.070
Misc community and social service specialists, incl heal educators and comm health workers 21-109X 0.070
Computer and information systems managers 11-3021 0.069
Loan counselors and officers 13-2070 0.069
Other education, training, and library workers 25-90XX 0.067
Transportation inspectors 53-6051 0.066
Natural sciences managers 11-9121 0.066
1st-line supervisors/managers of correctional officers 33-1011 0.065
Financial examiners 13-2061 0.065
Producers and directors 27-2012 0.065
Petroleum engineers 17-2171 0.064
Software developers, applications, and systems software 15-113X 0.062
Supervisors, transportation and material moving workers 53-1000 0.062
Editors 27-3041 0.060
First-line supervisors/managers of gaming workers 39-1010 0.060
Sheet metal workers 47-2211 0.060
Morticians, undertakers, and funeral directors 39-4031 0.059
Surveying and mapping technicians 17-3031 0.059
Directors, religious activities and education 21-2021 0.059
Appraisers and assessors of real estate 13-2021 0.059
Claims adjusters, appraisers, examiners, and investigators 13-1030 0.058
Material moving workers, incl mine shuttle operators and tank car, truck, and ship loaders 53-71XX 0.056
Highway maintenance workers 47-4051 0.056
Licensed practical and licensed vocational nurses 29-2061 0.056
Economists 19-3011 0.054
Aircraft pilots and flight engineers 53-2010 0.054
Mining & geological engineers, including mining safety engineers 17-2151 0.054
Engineering managers 11-9041 0.053
Aircraft mechanics and service technicians 49-3011 0.052
Wholesale and retail buyers, except farm products 13-1022 0.050
Mining machine operators 47-5040 0.050
Purchasing agents and buyers, farm products 13-1021 0.050
Counter attendants, cafeteria, food concession, and coffee shop 35-3022 0.049
Cooks 35-2010 0.049
Waiters and waitresses 35-3031 0.049
Drafters 17-3010 0.048
Computer programmers 15-1031 0.047
Fishers and related fishing workers 45-3011 0.047
Physical therapists 29-1123 0.047
Geological and petroleum technicians 19-4041 0.047
Automotive body and related repairers 49-3021 0.047
Environmental scientists and geoscientists 19-2040 0.046
Receptionists and information clerks 43-4171 0.046
Training and development managers 11-3131 0.046
Construction and building inspectors 47-4011 0.045
Miscellaneous entertainment attendants and related workers 39-3090 0.045
Computer network architects 15-1143 0.044
Social workers 21-1020 0.044
Managers, all other 11-9199 0.043
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Occupation Freq.
Agricultural inspectors 45-2011 0.042
Cement masons, concrete finishers, and terrazzo workers 47-2050 0.041
Miscellaneous life, physical, and social science technicians 19-4090 0.041
Real estate brokers and sales agents 41-9020 0.041
Gaming services workers 39-3010 0.041
Information security analysts 15-1122 0.040
Engineers, all other 17-2199 0.040
Bartenders 35-3011 0.039
Physicians and surgeons 29-1060 0.039
Financial specialists, all other 13-2099 0.038
Clinical laboratory technologists and technicians 29-2010 0.037
Dancers and choreographers 27-2030 0.036
Television, video, & motion picture camera operators & editors 27-4030 0.035
Heavy vehicle & mobile equipment service techs & mechanics 49-3040 0.035
Security guards and gaming surveillance officers 33-9030 0.035
Computer occupation, all other 15-1199 0.034
Registred Nurses 29-1141 0.033
Locomotive engineers and operators 53-4010 0.033
Veterinarians 29-1131 0.033
Purchasing agents, except wholesale, retail, and farm products 13-1023 0.032
Meeting, convention, and event planners 13-1121 0.031
Parking enforcement workers 33-3041 0.031
Special education teachers 25-2050 0.031
Production, planning, and expediting clerks 43-5061 0.031
Precision instrument and equipment repairers 49-9060 0.031
Recreation and fitness workers 39-9030 0.031
Logging workers 45-4020 0.031
Accountants and auditors 13-2011 0.030
Marine engineers and naval architects 17-2121 0.030
Driver/sales workers and truck drivers 53-3030 0.030
Agricultural and food science technicians 19-4011 0.029
Dentists 29-1020 0.029
Procurement clerks 43-3061 0.028
Gen and operations managers 11-1021 0.028
Postsecondary teachers 25-1000 0.028
Speech-language pathologists 29-1127 0.028
Agricultural and Biomedical engineers 17-20XX 0.028
Nurse midwives and Nurse Practitioners 29-11XX 0.028
Air traffic controllers and airfield operations specialists 53-2020 0.027
1st-line supervisors/managers fire fighting & prevention workers 33-1021 0.027
Hotel, motel, and resort desk clerks 43-4081 0.027
Physician assistants 29-1071 0.026
Miscellaneous social scientists, including survey researchers and sociologists 19-30XX 0.026
Market research analysts and marketing specialists 13-1161 0.026
Office clerks, general 43-9061 0.025
Secretaries and administrative assistants 43-6010 0.025
Audiologists 29-1181 0.024
Septic tank servicers and sewer pipe cleaners 47-4071 0.024
Librarians 25-4021 0.023
Industrial engineers, including health and safety 17-2110 0.022
Interviewers, except eligibility and loan 43-4111 0.021
Psychologists 19-3030 0.021
Radiation therapists 29-1124 0.021
Hairdressers, hairstylists, and cosmetologists 39-5012 0.021
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Occupation Freq.
Parking lot attendants 53-6021 0.020
Broadcast and sound engineering technicians and radio operators 27-4010 0.020
Maintenance and repair workers, general 49-9071 0.020
Heating, air conditioning, refrigeration mechanics, installers 49-9021 0.019
Fire inspectors 33-2020 0.018
Counselors 21-1010 0.018
Barbers 39-5011 0.017
Other extraction workers, incl roof bolters and helpers 47-50XX 0.017
Library technicians 25-4031 0.017
Computer and information reserach scientists 15-1111 0.017
Miscellaneous health technologists and technicians 29-2090 0.016
Cargo and freight agents 43-5011 0.016
Mechanical engineers 17-2141 0.015
Electrical and electronics repairers, industrial and utility 49-209X 0.015
Chemical technicians 19-4031 0.015
Securities, commodities, and financial services sales agents 41-3031 0.015
Computer operators 43-9011 0.015
Architects, except naval 17-1010 0.014
Computer support specialists 15-1150 0.013
Diagnostic related technologists and technicians 29-2030 0.013
Elementary and middle school teachers 25-2020 0.012
Preschool and kindergarten teachers 25-2010 0.012
Conservation scientists and foresters 19-1030 0.012
Computer systems analysts 15-1121 0.012
Recreational therapists 29-1125 0.012
Carpet, floor, and tile installers and finishers 47-2040 0.011
Court, municipal, and license clerks 43-4031 0.011
Cashiers 41-2010 0.011
Respiratory therapists 29-1126 0.011
Judicial Law Clerks 23-1012 0.011
Library assistants, clerical 43-4121 0.010
Photographers 27-4021 0.010
Ship and boat captains and operators 53-5020 0.010
Electrical and electronic engineers 17-2070 0.010
Engineering technicians, except drafters 17-3020 0.009
Occupational therapists 29-1122 0.008
Business operations specialists, all other 13-1199 0.007
Other teachers and instructors 25-3000 0.007
Misc vehicle & mobile equipment mechanics, installers, repairers 49-3090 0.006
Other healthcare practitioners and technical occupations, including podiatrists 29-XXXX 0.005
Health practitioner support technologists and technicians 29-2050 0.005
Funeral service workers 39-40XX 0.004
Private detectives and investigators 33-9021 0.004
Radio and telecommunications equipment installers and repairers 49-2020 0.003
Helpers, construction trades 47-3010 0.003
Miscellaneous construction and related workers,incl photovoltaic installers 0.002
Grounds maintenance workers 37-3010 0.002
Other installation, maintenance, and repair workers 49-909X 0.001
Painters, construction and maintenance and paperhangers 47-214X 0.001
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Chapter 4

Polarization or Redistribution?

Interactions between collective

bargaining and technological change

in Portugal, 1995-2012

Abstract

This study considers the mediating role of collective bargaining in the effect of routine work automation on

wage polarization in Portugal between 1995 and 2012. Following the identification of employment polarization

in several developed economies empirical studies have delivered mixed results on the expected translation

routine work automation to the polarization of wages. In particular, while American data usually delivers

evidence in favour of wage polarization, most continental European economies characterized by comprehensive

and centralized collective bargaining systems lack such trends despite facing a polarization of employment.

Using a linked employer-employee dataset that covers all firms and workers in the Portuguese economy we

find evidence of greater wage premia from the introduction of new collective agreements within job spells
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for low and high with respect to middle-skill occupations. However, under further scrutiny this polarizing

pattern is not confirmed once this three broad skill groups are substituted by O*NET work content variables

of routine and non-routine work. Accounting for measures of bargaining power, given by the concentration

of workers in an occupation within a collective agreement, we uncover evidence that the greater returns to

low-skill workers might results from unions’ strategy to compress wages, increasing earnings in the bottom

at the expense of middle-skill employees which constitute by far the largest skill group in Portugal while the

high-skill workers, who earn the most from shifting to new collective agreements, are usually underrepresented

in collective agreements with the other two skill groups.

4.1 Introduction

Contemporary economic literature identifies technological change as the driving force behind increasing wage

inequality since the early 1980s. In particular, the automation of routine work was singled out as the cause

of wage and employment polarization since the 1990s. As routine work, concentrated in middle-skill jobs, is

automated employment and wages grow faster in both ends of the skill and wage distribution.

Labour market institutions such as minimum wages and collective bargaining, on the other hand, have also

provided a convincing explanation for wage inequality and labour market stratification. Unions in particular

are well known for compressing the wage structure in collective bargaining thus reducing inequality.

This study considers the relation between collective bargaining and routine work automation and their

respective contributions to wage inequality. We focus on the wage premia that follows the introduction of new

collective agreements for workers in different skill groups in the Portuguese economy from 1995 to 2012 using

a administrative linked employer-employee data that covers the universe of Portuguese firms and workers.

Previous research by Acemoglu, Aghion and Violante (2001) has emphasized the contribution of skill

biased technical change to deunionisation. Increased returns to skilled workers is responsible for undermining

coalitions between low and high-skill workers which reduces the later’s benefit of joining a collective agreement.

The resulting deunionisation and the consequent lack of wage compression in collective bargaining then

amplifies the effects of skill biased technological progress on wages inequality.

Such an hypothesis, however, does not translate directly into the case here considered. Portugal, as many
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other continental European economies, has a centralized collective bargaining system where coverage is not

directly tied to unionisation due to administrative extensions of collective agreements to all workers in an

industry.

After initial studies identified job polarization patterns in the U.S. (Autor, Levy and Murnane, 2003)

and the U.K. (Goos and Manning, 2007), it has also been verified in several other European countries

(Goos, Manning and Salomons, 2009; Adermon and Gustavsson, 2015). Apart from the above mentioned

routinisation hypothesis, polarization may also be attributed to the offshoring of middle-skill jobs and to

an increase in demand for low-skill services by the rich who experienced a remarkable increase in income

and wealth over the past few decades (Manning, 2004). Although it is hard to disentangle these alternative

explanation Goos, Manning and Salomons (2014) and Michaels, Natraj and Van Reenen (2014) argue that

the routinisation hypothesis and the progress of information technology, instead of offshoring, account for

most of the employment polarization in developed economies.

The picture is not so clear when it comes to the impact of routine work automation on wages. Even though

a corresponding polarization in wages is expected to follow the substitution middle-skill workers in routine

intensive occupations in Acemoglu and Autor’s (2011, p.1138-1142) theoretical model, empirical results so

far have delivered mixed results. Studies that successfully attribute a polarization of wages to routine-biased

technological change rely on U.S. data (Autor, Katz and Kearney, 2006; Autor and Handel, 2013; Cortes,

2016; Antonczyk, DeLeire and Fitzenberger, 2010). On the other hand, contributions that use data from

European countries do not find evidence of wage polarization (Massari, Naticchioni and Ragusa, 2013).

Not surprisingly the scant evidence of wage polarization in Europe comes from countries that have cent-

ralized collective bargaining systems that encompass the vast majority of their labour force such as Sweden

(Afermon and Gustavsson, 2015) and Germany (Antonczyk, DeLeire and Fitzenberger, 2010). If indeed the

widespread influence of collective bargaining is related to the absence of wage polarization in countries where

employment has grown more substantially for low and high-skill workers it should be possible to trace the

footprints of unions’ roles in the process through the wage gains attributed to workers in different occupations

on the introduction of new collective agreements. Such a pattern, with union action affecting pay and not

employment, is no news in economics and constitutes the centrepiece of the right to manage model (Leontief,

1946).
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However, when it comes to Portugal, in contrast to the other continental European economies mentioned

above, the trends of wage inequality seem to have followed the expected patterns of skill-biased technological

change in the 1980s and polarization since the mid-1990s. Cardoso (1998) identifies an increase in wage

inequality during the 1980s and early 1990s which is associated to shifts in the employment structure that

benefited workers in the upper-tail of the distribution. After 1995 there is evidence of wage polarization

characterized by a continued increase in the wage differentials between the 90/50 and a decrease between the

50/10 percentiles of the wage distribution (Centeno and Novo, 2014). Low-skill workers relative wage gains in

the period are connected to the polarization of employment demand but also to the effect of minimum wages

while the persistent increase of inequality at the top was not as strong as in the 1980s due to the expansion

of the supply of college educated workers.

The next section describes the general characteristics of the Portuguese collective bargaining system. Of

particular interest is the introduction of new collective agreements whose effects on wages are used to infer the

relation between collective bargaining and wage polarization. We anticipate that new contracts are assumed

to better reflect the contemporary economic conditions to the extent that there were multiple attempts to

increase the rate of renewal in Portuguese collective agreements since the early 2000s by the establishment

of new expiration rules.

The remainder of the article describes the data and main variables and then presents the empirical results

in three separate sections. The first focus on the differential effects of new collective agreements on the wages

low, middle and high-skill workers. The estimates in table 4.3 suggest a wage polarization pattern induced

by new collective agreements that entail higher wage gains to employees in low and high-skill occupations

with respect to middle-skill ones. However, there seems to be no overall polarization between the three

skill-groups1.

The second part of our findings replaces this three skill groups with O*NET work content variables asso-

ciated to them - non-routine manual, routine manual and non-routine cognitive work activities - with results

that cast further doubts on wage polarization and also on its relation to collective bargaining in Portugal.

Table 4.4 shows greater wage returns for workers with higher routine manual work content, associated to

middle-skill, than for those with greater non-routine manual, more usual among low-skill occupations, on the
1In other words, the coefficients for middle-skill are related to greater wage increases with respect to low-skill and those for

high are larger than middle-skill employees.
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shift to a new collective contract of the same level2 .

The third and final section of the results performs separate job spell fixed-effects regressions for each of

the three skill groups and introduces a measure of bargaining power defined as the concentration of workers in

a 3-digit occupation in a collective agreement. The estimates in tables 4.5 and 4.6 provide some clarification

for the seemingly contradictory results in the two previous sections. The apparent wage polarization among

skills that follows shifts to new agreements and does not seem to be a result of job polarization is found only

among workers with high bargaining power. In light of this findings we argue, in the next pages, that union’s

attempt to compress wages in an economy where high-skill workers compose a small part of the labour force

and, consequently, of collective contracts might induce a polarization like pattern on wages often increasing

pay for low at the expense of middle-skill employees.

4.2 Collective bargaining in Portugal

Portugal, as many other continental European countries, has a regulated industrial relations system. Al-

though collective bargaining is allowed in multiple levels, the vast majority of workers are covered by in-

dustrywide agreements (Contratos Colectivos de Trabalho - CCT ) negotiated between employer’s associ-

ations and unions without any clear trend of decentralization towards firm level (Acordos de Empresas - AE)

and multi-firm agreements (Acordos Colectivos de Trabalho - ACT )3.

Despite a low union density of around 10 per cent of its labour force, about 90 per cent of workers are

covered by collective agreements (Addison, Portugal and Vilares, 2017, p.553). Frequent extensions, requested

by either unions or employers and granted by the public authorities, account for the gap between coverage and

unionisation and ensure the negotiated agreements apply to all workers in an industry. However, this once

almost automatic extensions have been severely restricted in 2011 after the Memorandum of Understanding

signed between the national government and Troika which demanded, among other measures to decentralize

and increase flexibility in collective bargaining, the establishment of clear rules for administrative extensions

(Martins, 2014, p.7-8). Initially extensions were restricted to agreements signed by employers’ organizations
2That is, a change from an industry wide or single firm agreement to another at the same level of centralization.
3ACTs differ from CCTs in that they do not require employers to be organized in associations. Agreements are negotiated

directly between firms management and unions.
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and unions that represented at least half of the workers in an industry. As of 2014 the criteria was softened

and extensions were admitted for collective agreements whose employers’ organizations were composed of

30 per cent or more of micro, small and medium firms with at most 250 employees (Addison, Portugal and

Vilares, 2017, p.557).

The typical collective agreements in Portugal, most of which cover whole industries, usually sets general

conditions such as duration of work, overtime pay and base monthly wages which may be later increased

at the firm level. This difference between actual and base wages, the wage cushion, allows firms to adapt

wages to their individual economic conditions and according to Cardoso and Portugal (2005, p.899) it also

increases the wage returns to workers and firms attributes such as age, education, tenure, firm size and firm

productivity while cutting down the returns to union bargaining power.

At last we address the frequency of wage adjustments and new collective agreements. Until the public-

ation of the new Portuguese labour code in 2003 (Law 99/2003) a collective agreement would remain valid

indefinitely until a new one was negotiated with only minor revisions, often annually, regarding wages. In

the absence of a renewal, after 2003, collective agreements were allowed to expire five years after they first

became valid with an extra period (sobrevigência) of 18 months for a new agreement to be struck. The

introduction of the 2014 modifications to the labour code (Law 55/2014) reduced the expiration period to

three years and the sobrevigência to 12 months (Addison, Portugal and Vilares, 2017, p.556).

Hence, even if the 2014 reform happens after our sample the continued attempts to allow for expiration

and foster more frequent negotiations instead of persistent narrow reviews of old agreements demonstrate the

importance of new agreements for collective bargaining to better reflect current economic conditions. Our

sample indicates some degree of success, see table 4.2, with an increase in the proportion of workers who

changed collective agreements within a job spell from 6.3 per cent between 1995 and 1999 to 8 percent in the

early 2000s and finally 13.4 per cent in the 2008-2012 period.

Overall the Portuguese collective bargaining system seems fit for the following analysis. Its degree of

centralization guarantees unions have a decisive influence in wage setting while firm’s are also able to further

adjust wages, upwards, after the collective agreements are in place. It also seems to be fairly stable and

has not experience a strong decentralizing trend as other European economies, such as Denmark in the

1990s (Dahl, le Maire and Munch, 2013) or Sweden, Italy and the U.K. from the mid 1980s on (Katz, 1993,
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p.4-12). Therefore, the combination of a changing labour market with evidence of job polarization and an

industrial relations system that has remained pretty much unchanged in terms of its degree of centralization

and coverage provide a favourable setting to test the effects of collective agreements on wage polarization.

Moreover, our focus on the introduction of new contracts within a job spell make it possible to analyse

the direct influence of bargaining on the wages of low, middle and high-skill workers, during three different

periods: the second half of the 1990s, when wage polarization was first identified in Portugal (Centeno and

Novo, 2014), from 2000 to 2007 and after the global financial crisis, 2008 to 2012.

The next section describes the data in greater detail and explains the construction of our main variables,

namely the definition of job spells, of the three categories of skill by occupations and the introduction of new

collective agreements.

4.3 Data, sample and main variables

This study is based on the Quadros de Pessoal, a longitudinal linked employer-employee dataset covering all

Portuguese firms with at least one paid employee. The ministry of employment (MESS) compiles the data

annually4 from mandatory questionnaires filled by employers, which ensures not only a very high response

rate but also accurately reported wages. Worker, firm and establishment characteristics are reported and

may be matched for a precise definition of job spell, which will be explained in greater detail below.

Among worker’s characteristics, besides age, gender, education, occupation and wages, the data reports

tenure and, of greater importance to this study, the specific collective agreement each individual is covered by.

Due to this unique feature the Quados de Pessoal has been previously used in several studies considering the

relation between collective bargaining and wages. The capacity of firms to adjust wages after bargaining was

analyzed by Cardoso and Portugal (2005), the impact of the multiple wage floors through different occupation

and its widespread effects on job creation due to administrative extensions was considered by Martins (2014)

and the contribution of collective bargaining to the gender wage gap by Card, Cardoso and Kline (2015).

The empirical analysis is performed on a sample of full-time workers5 aged between 20 and 64 employed in
4With the single exception of 2001 for the years that compose our sample.
5The data reported concerns the employees in a reference week each year and thus it does not identify full year workers

(Cardoso and Portugal, 2006, p.899)
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100 per cent privately owned firms in mainland Portugal. The sample is further restricted to establishments

with at least 5 employees earning real monthly wages above the national minimum wage and below the 99th

percentile. Finally, workers not covered by a collective agreement of any kind - CCTs, ACTs or AEs - are

not considered in the analysis.

Wages are reported in separate components. Our empirical analysis considers both monthly base wages

which bare a very close relation to contractual wages set in collective agreements (Cardoso and Portugal,

2005, p.880-881) and monthly wages without overtime pay given by the sum of base wage, regularly and

irregularly paid components.

Contractual and hence base monthly wages are defined for very detailed, up to 30, 000, professional

categories (Martins, 2014, p.3). All of the empirical results presented from the next section on are based

on fixed effects estimates with job spells as the unit of observation. Thus, the results are base on repeated

observations of a worker, in the same establishment and 3-digit occupation. Throughout the whole period

considered, from 1995 to 2012, occupations are defined by the 1994 Portuguese national classification of

occupations (Classificação nacional de profissões - CNP 94) whose 3-digit codes contain 112 occupations.

Therefore, the job spell definition adopted relies on much more aggregated occupational codes than the

professional categories actually considered for contractual wages. Since new contracts are associated to

considerable reassignment of workers to new professional categories, this allows for a greater number of

transitions to new collective contracts within job spells while still controlling for changes in professional

categories6.

Each workers is associated to a code that corresponds to the collective agreement she is covered by.

Therefore it is possible to identify the level of bargaining - industry (CCT ), multi-firm (ACT ) and firm level

(AE) - and to follow employees in collective agreements through the years. Hence, the introduction of a new

collective agreement is defined as a shift to another collective agreement of the same bargaining level within

a job spell7. Moreover, multiple changes in collective agreements, which sum up to less than one per cent of

the job spells in all three sample periods, are not considered8.
6In other words, this changes in professional categories are included among the covariates of the regressions.
7In practical term the variable new collective agreement is equal to one if the collective agreement for a certain job spell in

year t is different from the one in year t− 1 and remains so as long as that worker, in the same job spell, is still covered by the
same agreement. The variable remains equal to zero if there is no change.

8Being so rare it is hard to argue that the wage effects of a second or third shift in collective agreement have any more general
interpretation as they are very likely to reflect a narrow industry or groups of occupations.
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Another important definition regards low, middle and high skill workers. These three broad skill categories

are based on occupational codes. To be more specific, on the 1-digit CNP 94. Workers in the three lowest

paying, in average, 1-digit occupations are classified as low-skill. These include i.) service professions such

as personal and security service workers, including domestic work, and food serving and preparation, ii.)

agriculture and fishery occupations which include for instance harvesting crops, planting and breeding animals

and iii.) non-qualified workers that perform simple, usually manual work. In the middle-skill occupations are

listed i.) administrative white collar workers such as secretaries and cashiers and ii.) blue-collar manufacturing

occupations. Finally, high-skill includes the remainder 1-digit occupations i.) managers, ii.) professional and

scientific occupations and iii.) technicians such as programmers, teachers and midwives9.

Note that this three skill levels not only are ordered from lowest to highest average pay but are also

a good fit for the analysis of routine biased technological change. Middle-skill occupations are those more

prone to routine automation such as office and blue collar workers, as in Goos, Manning and Salomons (2009,

p.59), while low-skill occupations concentrate workers that perform manual, non-routine activities. High-

skill occupations as well rely mostly on non-routine, though cognitive, work that requires interpretation and

abstraction.

In order not to rely solely of these three very broad skill groups we also match O*NET data to the Quadros

de Pessoal to have a more direct measure of the work content in each of the CNP 94 3-digit occupations.

The Occupational Information Network (O*NET) database provides detailed occupational level data on work

content including the work activities and work context context that employees in each occupation face and

has been extensively used in the analysis of routine work automation and its effects on employment and

wages (Acemoglu and Autor, 2011; Autor and Handel, 2013).

The following empirical analysis is based on version 9.0 of the O*NET, released in December 2005. That is

the last version of the database in which the occupational codes are based on the 2000 Standard Occupational

Classification (SOC 2000) whose codes may be converted to the 1988 International Standard Classification

of Occupations (ISCO 88). The later happens to be very similar to the CNP 94 that classifies workers in

our sample. After these conversions three different variables, associated to each of the skill groups, are build

based on Autor and Handel (2013, p.S91-S92) and shown in table 4.1.
9Naturally armed forces and public employee occupations are excluded from the analysis that considers only private sector

firms.
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Table 4.1: Routine and non-routine variables values by skill
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High
Non-routine manual .42 .34 -.61 .36 .37 -.66 .33 .38 -.65
Routine manual -.20 .56 -.74 -.24 .47 -.71 -.30 .42 -.70
Non-routine cognitive -.31 -.74 .81 -.28 -.55 .82 -.32 -.53 .85

Non-routine manual work is associated to low-skill workers, routine manual to middle-skill and non-routine

cognitive work is more important to high-skill workers. The three variables above are obtained from O*NET

measures of importance originally in a scale from one, not important, to five, extremely important10. In

order to ease interpretation in the regressions later the original measures are standardized such that they

have mean zero and a standard deviation of one among all occupations11. It is clear from table 4.1 that

low-skill workers have the higher scores in non-routine manual work in all three periods considered. Routine

manual work is higher among middle-skill workers, as expected, and non-routine cognitive work is far above

the other lower skill groups for employees in high-skill occupations12.

Having described the data and the main variables, it is now possible to proceed to the empirical analysis

over the next three sections. First the differential effects of a new collective agreement by skill on both

monthly real and real base wages are considered. Second, the interactions of new collective agreements

with the three O*NET variables, presented in table 4.1, substitutes the three skill groups as a measure of

routine and non-routine work. Finally the characteristics of the collective agreements, namely a measure of

bargaining power by occupations and the number of workers and firms in each contract, are introduced.
10Incumbents are asked to indicate the importance of a certain work activity to their occupation in this five categories. For

example, in work activity 4.A4.a1 Interpreting the meaning of information for others, which composes our non-routine cognitive
variable, an employee is asked “How important is interpreting the meaning of information for others to the performance of your
current job?” and chooses an answer from five levels of importance: 1 - not important, 2 - somewhat important, 3 - important, 4
- very important and 5 - extremely important. A brief description of the activity is also presented together with the question, in
the current example it reads “Translating or explaining what information means and how it can be used.” (O*NET Generalized
work activities questionnaire, p.14)

11This does not imply that the variables will maintain the mean and standard deviation of zero and one, respectively once
they are matched to the sample since occupations are not uniformly distributed in the economy.

12The list of O*NET work activities used to build the three variables presented in table 4.1 is available in the appendix.
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4.4 The introduction of new collective agreements by skill

The first results presented in this section are based on fixed effects estimates over three different periods, the

second half of the 1990s, from 2000 to 2007 and from the beginning of the global financial crisis to 2012. The

first period is marked by a strong expansion in the Portuguese economy, with average annual growth rates of

3.8 per cent and a stable decline in the unemployment rate from 7.1 in 1995 to 4.4 per cent in 1999. The next

eight year saw milder growth rates and unemployment rates steadily rising up to 8 per cent in 2007. The

shock of the crisis after 2008 severely affected growth and employment in Portugal that was further deepened

after 2011 with unemployment reaching 15.5 per cent in the last year of our sample.

After applying the sample restriction described in the previous section each of the three sample periods

contains over a million job spells with average lengths of approximately 3, 3.5 and 2.9 years, respectively, out

of a maximum 5, 713 and 5 years. Before presenting the results, figure 4.1 plots some general employment

trends from our sample. The left graph shows a decrease in the relative size of middle-skill occupations from

1995 to 2012 while the proportion of low-skill workers remained stable between the first and second sample

periods, then increasing in the third. The percentage of high-skill workers increased period over period from

11 to 14 and finally 17 per cent of all job spells between 2008 and 2012.

Figure 4.1: Employment trends by skill (left) and economy wide average of O*NET measures of work content
(right)

.
13The Quadros de Pessoal data is not available for 2001.
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The right graph instead shows the economywide averages for the O*NET variables associated to the three

skill groups. Since the O*NET variables do not have a longitudinal dimension, that is the value of the routine

manual variable for a worker in the same occupation in 1995 is equal to the one in 2012, for example. Hence,

changes shown in the right side graph above actually reflect changes in the composition of employment. For

instance, the substantial increase in overall non-routine cognitive work is due to greater relative employment

in occupations that perform this type of activities. Both non-routine and routine manual work decline, but

the former has a much more pronounced reduction than the later while non-routine cognitive work content

increases period after period. Therefore, the general picture that emerges from both graphs in figure 4.1

sustains the hypothesis that employment has polarized in Portugal since the mid-1990s.

Does this trend translates into a similar polarization of wages? Does collective bargaining contributes to

or hampers such a polarization? The answer to the second question would be quite straightforward if the

expected increase in inequality was monotonic on skills and wages, as in the skill biased technological change

studied by Acemoglu, Aghion and Violante (2001), and high collective bargaining coverage in Portugal should

offset at least partially an increase in inequality pursuing a more compressed wage structure. If, however,

employment polarization is expected to cause a u-shaped growth in wages, the effects of collective bargaining

are less clear and will depend even more so on the specific coalitions that compose a collective agreement.

Imagine, for instance, an agreement with low and middle-skill workers alone. An attempt to reduce

inequality, setting low-skill base wages to increase more than middle-skill ones could actually reinforce wage

polarization. Even a very large agreement, involving workers in occupations of all three skill groups, could

have a similar effect inasmuch an effort to compress wages would reduce inequality between middle and

high-skill workers, but also stretch wage polarization between low and middle-skill.

The estimates in table 4.3 below take a first look at this problem with special attention to the wage

premia that follows shifts to new collective agreements and how it differs among the three skill groups. The

percentage of the job spells in our sample that actually experience such a shift is presented in table 4.2 below.

A considerable amount of workers change agreements in all three periods and that proportion increases from

6.3 to 13.4 percent of all job spells from the first to the third period. Moreover, such an expansion happens

across all of the skill groups.
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The increase in collective agreements’ rate of renewal was nonetheless expected. The possibility of expir-

ing, established in the 2003 Portuguese labour code, indeed seems to have had an impact and boosted the

frequency of negotiations.

Table 4.2: Percentage of workers that change to a new collective agreements by skill

1995-1999 2000-2007 2008-2012
Low skill .017 .023 .034
Middle skill .037 .043 .077
High skill .009 .014 .023
Total .063 .080 .134

The regressions in table 4.3 estimate mostly positive wage premia related to a shift in collective agreements,

except for the post-crisis period. This is by no means a surprise, Portuguese law determines a new collective

contract must be globally more favourable to workers in order to replace a previous one, in what is know

as favor laboratoris principle (Ramalho, 2014, p.147-148; Law 7/2009, article 503, n.3). Although this

certainly means negotiated wages in new agreements frequently exceed the former ones, such an increase is

not necessary. New collective agreements must institute better overall conditions to workers which could

come by through fringe benefits or the avoidance of a mass layoff. Wages and even more so real wages may

in fact decline (Law 7/2009, article 129, n.1d).

Let us now describe the empirical results in table 4.3. The difference between skills in the introduction

of new agreements, in none of the sample periods middle-skill workers earn a higher wage premia than low-

skill ones, both for real and real base wages. The wage returns for high-skill workers that shift collective

agreements, on the other hand, are systematically larger. Moreover, there seems to be some support for a

relation between wage polarization and collective bargaining. Middle-skill workers that switch agreements

within a job spell are associated to smaller, often negative, or at most equal growth in real wages than

employees in both low and high-skill occupations.

Between 1995 and 1999 joining a new bargaining agreement reduced real base monthly wages of low and

middle-skill workers by 0.9 per cent whereas high-skill occupations had an estimated wage premia 0.3 per

cent. The coefficients for log real monthly wages suggest a positive effect on low and high-skill workers who
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earn wages 0.6 and 1.7 per cent higher while middle-skill workers have their real monthly wages reduced by

0.01 per cent in average after the introduction of a new collective agreement.
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Table 4.3: Fixed effects regressions for log real wages (lrw) and log real base wages (lrb)

log real wages log real base wages
1995-1999 2000-2007 2008-2012 1995-1999 2000-2007 2008-2012

New collective agreement .006∗∗∗ .002∗∗∗ -.029∗∗∗ -.009∗∗∗ .004∗∗∗ -.035∗∗∗

(.001) (.001) (.001) (001) (.001) (.000)
New collective agreement*Middle skill -.007 ∗∗∗ .001 .001 -.000 -.004∗∗∗ -.001∗∗

(.001) (.001) (.001) (.001) (.001) (.000)
New collective agreement*High skill .011∗∗∗ .028∗∗∗ -.004∗∗∗ .012∗∗∗ .029∗∗∗ -.001

(.002) (.001) (.001) (.002) (.001) .001
Skill
Middle skill .009∗∗∗ .008∗∗∗ .009∗∗∗ .014∗∗∗ .012∗∗∗ .004∗∗

(.002) (.001) (.001) (.001) (.001) (.001)
High Skill .034∗∗∗ .039∗∗∗ .028∗∗∗ .038∗∗∗ .035∗∗∗ .017

(.003) (.002) (.002) (.002) (.001) (.001)
Level of collective agreement
Multi-firm (ACT) - .026∗∗∗ .013∗∗ - .023∗∗∗ .010∗∗∗

(.002) (.004) (.002) (.003)
Single firm (AE) .048∗∗∗ .005+ .009 -.008+ .023∗∗∗ .007∗∗∗

(.008) (.003) (.006) (.005) (.002) (.007)
Log workers in firm .029∗∗∗ .041∗∗∗ .034∗∗∗ .033∗∗∗ .035∗∗∗ .022∗∗∗

(.001) (.001) (.001) (.001) (.001) (.001)
Log workers in establishment .022∗∗∗ .015∗∗∗ .013∗∗∗ -.006∗∗∗ .003∗∗∗ .005∗∗∗

(.000) (.001) (.001) (.000) (.001) (.001)
Job market entrant
< than 1 year -.032∗∗∗ -.036∗∗∗ -.031∗∗∗ -.019∗∗∗ -.016∗∗∗ -.013∗∗∗

(.001) (.001) (.001) (.001) (.000) (.001)
< than 2 year -.012∗∗∗ -.014∗∗∗ -.015∗∗∗ -.013∗∗∗ -.012∗∗∗ -.011∗∗∗

(.001) (.000) (.001) (.001) (.000) (.000)
< than 3 year -.006∗∗∗ -.008∗∗∗ -.011∗∗∗ -.006∗∗∗ -.006∗∗∗ -.007∗∗∗

(.000) (.000) (.001) (.000) (.000) (.000)
Education
Middle school -.008∗∗∗ .000 .015∗∗∗ -.000 .000 .005∗

(.019) (.001) (.003) (.001) (.001) (.002)
High school -.005∗ .002 .012∗∗ .001 .004∗∗∗ .008∗∗∗

(.002) (.002) (.004) (.001) (.001) (.002)
University degree .015∗∗∗ .028∗∗∗ .020∗∗∗ .020∗∗∗ .033∗∗∗ .021∗∗∗

(.004) (.003) (.005) (.004) (.002) (.003)
Additional controls X X X X X X
Major regions (5 categories) X X X X X X

N 3,066,518 5,719,988 3,610,531 3,066,518 5,719,988 3,610,531
Job spells 1,002,878 1,635,388 1,254,286 1,002,878 1,635,388 1,254,286
R2 within .041 .046 .013 .074 .055 .024
Job spell clustered standard errors in parentheses, all models include a constant.
Additional controls include: number of establishments in firm, age/10, age2/100, tenure/10, tenure2/100

and changes in professional categories.
Major regions considered are North, Center, Lisbon area, Alentejo and Algarve.
Complete regression table in Appendix
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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In the following sample period, 2000 to 2007, the estimated effects of new collective agreements point in

a similar direction but are related to smaller wage changes for low a middle and much greater increases for

high-skill occupations. In the first half of the 2000s real base wages grew for low and high-skill workers that

shifted agreements, by 0.4 and 2.9 per cent respectively, and remained stagnant in middle-skill occupations.

The change in the coefficients for real wages is very small, but it increases the returns to middle while reducing

the one to low-skill occupations, equalizing the effects of new agreements on these two skill groups to a actual

real wage increase of 0.2 per cent.

The severe negative impact of the global financial crisis, later aggravated in 2011, in Portugal is also

seen in our estimates. A large reduction of real and real base wages is associated to workers that shifted

agreements after 2008. In this period, however, high-skill workers had the largest losses.

Curiously, as far as changes in collective agreements are concerned, the results above do not corroborate

Cardoso and Portugal (2005) findings on the wage cushion. That is, there is no clear evidence that the effects

of new collective agreements on base wages are systematically larger than the ones on actual real monthly

wages, just as firm and workers’ attributes are not stretched by the wage cushion. Overall, the cushion

actually sees to increase the returns to new agreements between 1995 and 1999 and after 2008 while reducing

them in the sample period from 2000 to 2007.

In contrast to the introduction of new collective agreements, which show some support for a role of

collective bargaining in wage polarization, the coefficients for middle and high-skill occupations alone do

not corroborate the polarization story. Both are positive, although decreasing, in all three periods for real

base wages and real wages. Hence, the absence of similar relative wage reductions associated to middle-skill

occupations, as in the introduction of new bargaining agreements, raises some doubts about whether there is

indeed a relation between bargaining a polarization or if the inequality changes that follow new agreements

could be attributed to unions trying to increase wages in the bottom of the distribution while being unable

to affect those of high-skill-high-wage employees.

This particular issue is addressed in the following pages once the the characteristics of each collective

agreement and particularly a measure of bargaining power are considered. Still, first its is central for our

argument to further inquire whether there is a polarization in wages, which is done next using O*NET
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variables that correspond to the three broad skill groups used in the analysis thus far.

Before proceeding some of the other covariates in table 4.3 deserve some notice. A more decentralized

level of collective bargaining, single or multi-firm, with respect to industry wide agreements are associated

to higher mean wages which is in line with evidence for other European countries such as Denmark (Dhal, le

Maire and Munch, 2011), Belgium and Spain (Plasman, Rusinek and Rycx, 2007). Note that this coefficients,

just as new collective agreements, also represent shifts between collective agreements within a job spell but to

a different level of bargaining14. Another stylized fact that follows decentralization is a rise in wage dispersion

which will be dealt with later. Other coefficients also have the expected sign. The estimated elasticities of

wages to firm and establishment size are positive. Job market entrants are characterized by lower wages that

increase with tenure.

4.5 New collective agreements and O*NET measures of work con-

tent

Let us now reassess the previous findings substituting the occupational skill groups by the more direct

measures of work content from O*NET. Even though the non-routine cognitive, routine and non-routine

manual variables seem to fit low, middle and high-skill workers, respectively, the O*NET variables provide

a more straightforward account of the actual work activities performed in each occupation15. Take for

instance our definition of middle-skill workers in table 4.1, their average value of non-routine manual activities,

associated to low-skill, is also sizeable although still falling short of routine manual. Indeed, in two of the

three sample periods, 2000-2007 and 2008-2012, the average values of non-routine manual for middle actually

surpass those of low-skill occupations.

Therefore it is reasonable to assume that, among the occupations previously included in middle-skill which

sum up to more than half of the labour force, at least some rely more on non-routine work and should not

be negatively affected by job and wage polarization. This refinement in the type of work activities related to
14In the 1995-1999 estimates, the omitted coefficient for multi-firm bargaining (ACT) is due to a lack of transition from other

levels to a multi-firm agreement during this period.
15On the other hand, O*NET is based on a survey of U.S. workers and, thus, its application to Portugal implicitly assumes

the activities performed in a certain occupation are similar in the U.S. and Portugal.
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each of the 3-digit CNP 94 occupations, given by the O*NET variables, then justifies a second look on the

effects of new collective agreements on wages.

The following table 4.4 estimates similar models to those in the section above, replacing skills for the

O*NET variables. In contrast to the previous section, there is no evidence of lower wage premia for new

collective agreements in occupations that perform more routine manual work. Instead, a one unit16 increase

in routine-manual work on the introduction of a new collective agreement is related to greater wage increases

than those associated with the coefficient for the interaction between new agreements and non-routine manual

work. Much like on table 4.3, the estimates for actual and base real wages identify consistent increases in

the returns to a new collective agreement for employees in occupations with higher scores for non-routine

cognitive work in every sample period.

Therefore, unlike with the skill groups before, no evidence of a contribution of collective bargaining to

wage polarization is found once the O*NET variables are used in table 4.4. Neither there is any indication

of general wage polarization, disregarding the interaction with collective bargaining. With the exception of

the post-crisis years, the coefficients for routine manual work are positive while those for non-routine manual

work are negative or statistically equal to zero. Non-routine cognitive work, as expected, is always related to

higher wages.
16Which corresponds to about a standard deviation.
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Table 4.4: Fixed effects regressions for log real wages (lrw) and log real base wages (lrb) with routine/non-
routine interactions

log real wages log real base wages
1995-1999 2000-2007 2008-2012 1995-1999 2000-2007 2008-2012

New collective agreement .006∗∗∗ .011∗∗∗ -.031∗∗∗ -.005∗∗∗ .010∗∗∗ -.036∗∗∗

(.001) (.000) (.000) (.001) (.000) (.000)
New collective agreement* -.004∗∗∗ -.005∗∗∗ -.005∗∗∗ -.006∗∗∗ -.007∗∗∗ -.004∗∗∗

non-routine manual (.001) (.001) (.000) (.001) (.000) (.000)
New collective agreement* -.005∗∗∗ -.001 .000 .002+ -.003∗∗∗ -.001
routine manual (.001) (.001) (.001) (.001) (.001) (.000)

New collective agreement* .008∗∗∗ .017∗∗∗ -.006∗∗∗ .009∗∗∗ .018∗∗∗ -.003∗∗∗

non-routine cognitive (.002) (.001) (.001) (.001) (.001) (.000)
Non-routine manual .001 -.004∗∗∗ .001 -.001 -.006∗∗∗ -.000

(.001) (.001) (.001) (.001) (.001) (.001)
Routine Manual .004∗∗ .005∗∗∗ -.006∗∗∗ .005∗∗∗ .006∗∗∗ -.005∗∗∗

(.001) (.001) (.001) (.001) (.001) (.001)
Non-routine cognitive .006∗∗∗ .015∗∗∗ .006∗∗∗ .008∗∗∗ .012∗∗∗ .007∗∗∗

(.002) (.001) (.001) (.001) (.001) (.001)
Level of collective agreement
Multi-firm (ACT) - .026∗∗∗ .012∗∗ - .020∗∗∗ .010∗∗

(.003) (.004) (.002) (.004)
Single firm (AE) .052∗∗∗ .005+ .001 -.009+ .023∗∗∗ .005

(.008) (.003) (.006) (.005) (.002) (.001)
Log workers in firm .030∗∗∗ .040∗∗∗ .033∗∗∗ .033∗∗∗ .034∗∗∗ .022∗∗∗

(.001) (.001) (.001) (.001) (.001) (.001)
Log workers in establishment .022∗∗∗ .015∗∗∗ .013∗∗∗ -.006∗∗∗ .004∗∗∗ .004∗∗∗

(.000) (.001) (.001) (.000) (.001) (.001)
Job market entrant
< than 1 year -.031∗∗∗ -.036∗∗∗ -.031∗∗∗ -.018∗∗∗ -.015∗∗∗ -.013∗∗∗

(.001) (.001) (.001) (.001) (.000) (.001)
< than 2 year -.012∗∗∗ -.014∗∗∗ -.015∗∗∗ -.013∗∗∗ -.012∗∗∗ -.011∗∗∗

(.001) (.000) (.001) (.001) (.000) (.000)
< than 3 year -.005∗∗∗ -.008∗∗∗ -.011∗∗∗ -.006∗∗∗ -.006∗∗∗ -.007∗∗∗

(.001) (.000) (.001) (.000) (.000) (.000)
Education
Middle school -.008∗∗∗ .000 .015∗∗∗ .000 .000 .006∗∗

(.002) (.001) (.003) (.001) (.000) (.002)
High school -.005+ .001 .013∗∗ .001 .003∗∗ .009∗∗∗

(.002) (.002) (.004) (.001) (.001) (.002)
University degree .014∗∗ .027∗∗∗ .019∗∗∗ .021∗∗∗ .033∗∗∗ .020∗∗∗

(.005) (.003) (.005) (.004) (.002) (.003)
Additional controls X X X X X X
Major regions (5 categories) X X X X X X

N 2,856,037 5,515,962 3,507,550 2,856,037 5,515,962 3,507,550
Job spells 938,061 1,580,731 1,221,756 938,061 1,580,731 1,221,756
R2 within .041 .047 .013 .075 .056 .024
Job spell clustered standard errors in parentheses, all models include a constant.
Additional controls include: number of establishments in firm, age/10, age2/100, tenure/10, tenure2/100

and changes in professional categories.
Major regions considered are North, Center, Lisbon area, Alentejo and Algarve.
Complete regression table in Appendix.
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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The results outlined above raise two important questions. Why do our findings in tables 4.3 and 4.4

contradict previous evidence of wage polarization in Portugal by Centeno and Novo (2014)? And what

explains the different wage inequality patterns related to the introduction of new bargaining agreements

when interacted with skill groups and O*NET variables?

As for the first question, we note that our definitions of skill and work content differ from the one adopted

by Centeno and Novo (2014, p.16). Both the low, middle and high-skill groups and the three O*NET variables

are based on the type of work performed in each occupation, on whether they are more related to routine or

non-routine, physical or abstract work. Centeno and Novo, on the other hand, infer skill from workers’ years

of schooling. Moreover, our regressions consider only within job spell effects. Thus it is not possible to rule

out a polarization of wages from workers that move from middle to low and high-skill jobs.

The answer for the second question, we believe, lies in the well document role of unions in the promotion

of more compressed wage structures (Freeman, 1980, 1984; Card, 1996). That is, the higher wage premia

in the introduction of new collective agreements to low with respect to middle-skill workers is the result of

unions’ actions to reduce wage inequality. Even though the higher wage gains for high-skill workers do not

fit that explanation, we note that these constitute only a small part of total employment in Portugal.

In order to address this hypothesis the next section explicitly considers characteristics of each collective

agreement, including a measure of bargaining power defined by occupation. We test whether greater bargain-

ing power translates into wage gains in new collective agreements, particularly among low-skill occupations.

4.6 Bargaining power and other collective agreement characterist-

ics

In comparison to the previous analysis, this section adopts a slightly different empirical approach. In addition

to collective agreement characteristics, job spell fixed-effects regressions are now performed separately for low,

middle and high-skill workers. Since the objective is to understand the influence of collective bargaining on

wages, the estimates in table 4.5 consider only log real monthly base wages, which better reflect contractual
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wages, as the dependent variable. Although actual real monthly wages are more relevant for wage inequality,

the additional changes after base wages are set suffer no influence from collective bargaining and, as seen

before, more often than not the effects of new collective agreements on base wages have a similar influence

on the final real wages.

Three new variables related to each collective agreement are introduced in addition to the new collective

agreements and the level of bargaining. First, the log of the number of workers and firms in each agreement

is computed. Then we calculate a measure of bargaining power, following the procedure adopted by Cardoso

and Portugal (2005, p.890). The bargaining power of an employee in a certain occupation and agreement

is given by the concentration of the workers of that occupation in the agreement. That is, if all employees

classified in a 3-digit occupation are covered by the same agreement their bargaining power is equal to one,

the highest possible. Lower concentrations then correspond to a fragmentation of workers in an occupation

dispersed through multiple collective agreements.

The use of occupations for a measure of bargaining power is in line with the sociological literature that

identifies them as micro-classes (Grusky and Galescu, 2005) and as the most important unit of analysis for

labour market stratification, whose objectives and aspirations are represented by unions and occupational

associations. Moreover, the concentration of workers in an agreement, in a segmented labour marker, reduces

the outside option of employers who can not resort to other equally qualified workers as a substitute labour

force or a threat to the currently employed workers.

Before describing the results, figure 4.2 provides a graphical intuition on the coalitions inside collective

agreements. It plots, in separate graphs for the three sample periods, the proportion of low, middle and

high-skill workers within each agreement by year. These are ordered, in the x-axis, by the number of workers

covered. The plots are not related to the bargaining power measure explained above. For example, low-skill

workers of a certain occupation may be all included in a large agreement, which gives the higher possible

value for bargaining power, but still account for a small proportion of all workers covered by that contract.

The average size of collective agreement is substantial, ranging from 27, 588 from 1995 to 1999 to 39, 054

between 2000 and 2007.

The first thing that stands out in the 3 graphs of figure 4.2 is that collective agreements are mostly

dominated by middle-skill occupations, in black circles, which is expected since this is also the greater the
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largest of the three skill groups. The relative growth of high-skill occupation depicted in figure 4.1 is also

seem below. From 1995 to 2012 there is a clear increase in the proportion of high-skill workers, represented

by the gray triangles, particularly in the largest agreements. Most single skill contracts are small, which is

seen from negative slopes in the three linear trends plotted in the graphs. Additionally, with few exceptions

the largest collective contracts, with some exception, appear to be more balanced between skills, notably

after 2000.

Figure 4.2: Relative size of skill groups within collective agreements
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As mentioned in the beginning of this section, the estimates in table 4.5 consist of three separate re-

gressions, for the three skill groups, in each sample period. Now, when compared to employees of similar

skill there is no evidence of polarization in the wage premia from shifting collective agreements. Indeed, for

both 1995-1999 and 2000-2007 middle-skill workers’ wages increase more, or decrease less, after a change in

agreement.

A different picture emerges once the interaction between a new agreement and bargaining power is con-

sidered. In all three periods low-skill workers base wages increase the most for those with bargaining power a

unit higher17. It is also possible to identify some polarization of wages among workers in contracts with high

bargaining power. The estimated coefficients show greater relative returns to low and high with respect to

middle-skill employees between 2000 and 2012. However, in light of our previous results it is highly unlikely

that those are due to routine work automation and job polarization. Instead, we interpret these estimates as

a attempt by unions to compress the wage structure.

On the other hand, in an ideal redistribution strategy by unions middle-skill wages should be pushed

further up than high-skill ones. A possible explanation for the absence of such a pattern is in the small,

although increasing, proportion of high-skill workers in collective agreements. Hence, in many new collective

agreements an increase in low-skill wages is achieved at the expense of the majority of employees in middle-

skill occupations.

Next, the influence of bargaining power itself on wages does not seen to follow any obvious patterns.

It should be noted that bargaining power is simply the concentration of worker of an occupation within a

contract. Hence, if it indeed reflects unity and actual bargaining power, it also neglects the specific coalition of

workers in different skills and occupations that compose a collective contract and, consequently, the capacity

to redistribute wages among the workers in it.

As expected the estimated coefficients for bargaining power among high-skill workers are always greater

than zero but decreasing, a unit increase in bargaining power is associated to real base wages 5.5 per cent

higher between 1995 and 1999, 3.7 per cent in the subsequent period and a much smaller 1.2 per cent after the

crisis. Meanwhile middle-skill employees’ return to bargaining power are either null or marginally negative.
17A unit increase in bargaining power corresponds to the maximum difference from total fragmentation to the highest con-

centration possible of workers in a occupation in the same agreement. However, we should mention that bargaining power is
quite high among all workers with averages of 0.30 in the first two sample periods and a modest contraction to 0.26 between
2008 and 2012.
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The results are mixed for low-skill occupations, large and positive coefficients in the first and last sample

periods are at odds with an also large but negative coefficient for bargaining power between 2000 and 2007.

Even though a positive coefficient is expected from bargaining power, for low-skill workers in particular

this might not be the case if the high concentration is accompanied an unbalanced contract composed mostly

by low-skill workers, which according to figure 4.2 seems to happen more frequently either on very small

or very large collective agreements. Under such conditions it is possible that the expected gains from an

occupation’s concentration within a contract are surpassed by the incapacity to increase wages in the bottom

reducing those at the top18.

Another interesting observation regarding the distributive effects of collective bargaining level may be

drawn from the estimates in table 4.5, although we have to bear in mind that the amount of total workers

and hence also the quantity of transitions from and to single (AE) and multi-firm (ACT) agreements is limited

and may reflect characteristics of specific industries19. The previous results relate bargaining decentralization

to higher mean wages, as in most of the literature. Another standard finding for most countries is an increase

in wage dispersion in firm-level bargaining (Dhal, le Maire and Munch, 2011; Plasman, Rusinek and Rycx,

2007).

The coefficients for the two decentralized bargaining regimes do not suggest an increase in wage dispersion.

In some cases, such as single firm agreements from 1995 to 1999 and multi-firm bargaining between 2008

and 2012, it actually seems to reduce inequality. In the second sample period - 2000-2007 - both AEs and

ACTs are associated to greater wage increases for middle-skill workers. In the neighboring Spain as well

firm level bargaining has been associated with wage compression due to higher union density in these firms.

Also, in contrast to Denmark and Belgium, Spanish unions and work councils are most likely to take the

initiative and actively seek firm level bargaining (Plasman, Rusinek and Rycx, 2007, p.174). While we are

unable to check whether these same condition apply to Portugal, it is known that even with widespread

administrative extensions and the consequently high coverage rate, union wage gap are increasing in union
18Of course it is also possible to achieve an absolute increase in wages without any redistribution. Larger union wage premia

has been related to employer’s capacity to pay and product market power (Mishel, 1986). However, in our within job spell
regressions based on relatively short periods of time significant changes in firms market power are unlikely. Therefore, an
increase in low-skill wages is more likely through a redistribution within occupations than from an overall increased employer’s
capacity to pay or at the expense of profits.

19According to Addison, Portugal and Vilares (2017, p.554) single firm agreements (AE) in Portugal are more relevant in oil,
transport and communications, while ACTs are common in finance and utilities.
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density in Portugal (Addison, Portugal and Vilares, 2017, p.565).

Table 4.5: Fixed effects regressions for log real base wages (lrb) with bargaining power measures, by skill.
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High
New collective agreement -.008∗∗∗ -.005∗∗∗ -.015∗∗∗ -.002∗∗ .011∗∗∗ .009∗∗∗ -.038∗∗∗ -.035∗∗∗ -.034∗∗∗

(.001) (.001) (.002) (.001) (.001) (.001) (.001) (.000) (.001)
New collective agreement* .006 -.004∗ -.042∗∗ .030∗∗∗ -.043∗∗ -.032∗∗∗ .022∗∗∗ .002 .010+

bargaining power (.007) (.002) (.015) (.003) (.002) (.007) (.003) (.001) (.005)
Bargaining Power .046∗∗∗ -.002 .055∗∗∗ -.059∗∗∗ -.003∗∗∗ .037∗∗∗ .033∗∗∗ -.002∗ .012∗∗

(.006) (.001) (.008) (.004) (.001) (.005) (.002) (.001) (.004)
Log workers in collective agr. -.005∗∗∗ -.007∗∗∗ -.001 .016∗∗∗ .010∗∗∗ .008∗∗∗ -.020∗∗∗ -.018∗∗∗ -.013∗∗∗

(.001) (.001) (.001) (.001) (.005) (.001) (.000) (.000) (.001)
Log firms in collective agr. .002∗∗ .006∗∗∗ -.003∗ -.011∗∗∗ -.004∗∗∗ -.005∗∗∗ .016∗∗∗ .016∗∗∗ .012∗∗∗

(.001) (.001) (.001) (.001) (.001) (.001) (.001) (.000) (.001)
Level of collective agr.
Multi-firm (ACT) - - - -.002 .036∗∗∗ .016∗∗ .035∗∗∗ .010 .004

(.003) (.004) (.005) (.003) (.012) (.010)
Single firm (AE) .032∗∗∗ -.005 -.024+ -.009+ .037∗∗∗ .009 -.021 .021+ .011

(.006) (.006) (.013) (.005) (.004) (.006) (.033) (.012) (.010)
Log workers in firm .024∗∗∗ .034∗∗∗ .041∗∗∗ .026∗∗∗ .035∗∗∗ .036∗∗∗ .011∗∗∗ .022∗∗∗ .043∗∗∗

(.001) (.001) (.002) (.001) (.001) (.002) (.001) (.001) (.002)
Log workers in estab. -.007∗∗∗ -.005∗∗∗ -.003∗∗∗ .001 .002+ .014∗∗∗ .005∗∗∗ .004∗∗ .003

(.001) (.000) (.000) (.001) (.001) (.002) (.001) (.001) (.002)
Job market entrant
< than 1 year -.019∗∗∗ -.015∗∗∗ -.002∗∗∗ -.014∗∗∗ -.014∗∗∗ -.024∗∗∗ -.011∗∗∗ -.008∗∗∗ -.029∗∗∗

(.001) (.001) (.002) (.001) (.000) (.001) (.001) (.001) (.002)
< than 2 year -.014∗∗∗ -.011∗∗∗ -.009∗∗∗ -.013∗∗∗ -.010∗∗∗ -.015∗∗∗ -.011∗∗∗ -.008∗∗∗ -.018∗∗∗

(.001) (.001) (.004) (.001) (.000) (.001) (.001) (.001) (.001)
< than 3 year -.005∗∗∗ -.005∗∗∗ -.030∗∗∗ -.004∗∗∗ -.005∗∗∗ -.007∗∗∗ -.007∗∗∗ -.006∗∗∗ -.010∗∗∗

(.001) (.000) (.005) (.000) (.000) (.001) (.001) (.000) (.001)
Education
Middle school -.000 .000 -.014 .001 .001 -.016+ -.001 .008∗∗ -.006

(.002) (.001) (.014) (.002) (.001) (.008) (.009) (.003) (.009)
High school -.003 .003 -.016 .006∗ .005∗∗ -.018∗ -.001 .012∗∗∗ -.004

(.003) (.002) (.014) (.002) (.001) (.009) (.004) (.003) (.009)
University degree -.006 .023∗∗∗ -.000 .017∗∗∗ .035∗∗∗ -.001 .019∗ .026∗∗∗ -.000

(.016) (.006) (.014) (.006) (.003) (.009) (.008) (.004) (.010)
Additional controls X X X X X X X X X
Major regions X X X X X X X X X

N 748,724 1,992,208 352,586 1,377,205 3,527,795 814,988 944,320 2,064,332 601,879
Job spells 260,468 644,087 118,275 435,181 994,686 257,151 357,727 712,357 230,842
R2 within .063 .072 .099 .054 .044 .091 .032 .022 .025
Job spell clustered standard errors in parentheses, all models include a constant.
Additional controls include: number of establishments in firm, age/10, age2/100, tenure/10, tenure2/100

and changes in professional categories.
Major regions considered are North, Center, Lisbon area, Alentejo and Algarve.
Complete regression table in Appendix
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Most of the results presented so far are based on the definition of new collective agreements as a shift to

a new contract of the same bargaining level. That is, for a worker that shifts agreements within a job spell

our main variable assumes value zero before and one for all the years after the contract change. The last

estimates, in table 4.6, provide a straightforward consistency check performing first-difference regressions

similar to those in table 4.5. The estimates below consider only job spells that have a shift in collective

agreement, additionally only the two observations immediately before and after the shift for each employee

are included.

Despite some of the coefficients that are now statistically equal to zero in the estimates below, the overall

patterns in table 4.6 are much like those in table 4.5. Still there is no evidence of polarization between skills

due to the introduction of new agreements and, just as before, once these are interacted with bargaining

power the coefficients point to greater, or less negative, real base wage returns to low and high with respect

to middle-skill workers. Perhaps the greatest difference lies in the bargaining power coefficients that are no

longer positive and large for high-skill in all three periods, while middle-skill occupations now have positive

returns to bargaining power from 2000 to 2012. Low-skill workers have similar estimates for bargaining power

which are related to real base wage increases of 2.7 and 3.6 per cent in the first and last sample periods and

a reduction of 2.4 per cent between 2000 and 2007.

The estimates for the size of collective agreements in number of workers and firms are also slightly different

from before. These coefficients now seem to be particularly relevant for low-skill workers for whom a one

percent increase in the number of workers included in a collective agreement is related to 0.3 and 0.8 per

cent increases in real base wages during the two first sample periods while the number of firms, on the other

hand, has a negative effect on them. However, between 2008 and 2012 these two variables, as in the previous

regressions, have unexpected signs: negative for number of workers and positive for firms as in table 4.5.

At last we outline that our original definition of new agreements, which also considers the years after

their introduction, is actually more comprehensive than the one year shifts in the first-difference regressions.

New collective contracts remain valid in subsequent years after the initial shift and base wages tend to be

renegotiated yearly (Cardoso and Portugal, 2007, p.878). Therefore, there is no reason to believe, for instance,

that union’s attempts to compress wages in the first negotiations would not continue in the following renewals
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of the contract’s wage clauses.

Table 4.6: First-difference regressions for log real base wages (lrb) with bargaining power measures, by skill.
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High
New collective agreement -.001 .005∗∗∗ .002 -.004∗ .008∗∗∗ .011∗∗∗ -.043∗∗∗ -0.40∗∗∗ -.040∗∗∗

(.002) (.001) (.003) (.001) (.001) (.002) (.001) (.001) (.001)
New collective agreement* -.002 -.010∗∗∗ -.001 .031∗∗∗ -.049∗∗∗ -.009 .003 -.010∗∗∗ .003
bargaining power (.009) (.003) (.022) (.005) (.003) (.010) (.004) (.002) (.007)

Bargaining Power .027∗ -.002 .003 -.024∗∗ .020∗∗∗ -.011 .036∗∗∗ .007∗∗∗ 029∗∗∗

(.011) (.003) (.017) (.008) (.003) (.012) (.003) (.001) (.006)
Log workers in collective agr. .003∗∗ -.002∗ .000 .008∗∗∗ -.001 .003 -.013∗∗∗ -.009∗∗∗ -.005∗∗

(.001) (.001) (.002) (.001) (.001) (.002) (.001) (.001) (.001)
Log firms in collective agr. -.004∗∗∗ .001 -.001 -.009∗∗∗ .001 -.003 .013∗∗∗ .010∗∗∗ .006∗∗

(.001) .001 (.002) (.001) (.001) (.002) (.001) (.001) (.002)
Additional controls X X X X X X X X X
Major regions X X X X X X X X X

N 62,509 137,391 34,856 115,056 219,172 77,574 235,325 537,151 161,356
Job spells 32,534 70,194 18,128 59,985 112,630 40,595 121,936 273,913 84,229
R2 within .064 .076 .071 .084 .052 .106 .047 .045 .036
Job spell clustered standard errors in parentheses, all models include a constant.
Additional controls include: number of establishments in firm, age/10, age2/100, tenure/10, tenure2/100, changes in professional categories,
number of workers in a firm and establishment, educations (4 categories) & job market entrant (3 categories)
Major regions considered are North, Center, Lisbon area, Alentejo and Algarve.
Complete regression table in Appendix
+ p < 0.10, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

4.7 Discussion

The present article has considered the role of collective bargaining as an institution mediating the effects of

employment polarization on wages in Portugal. The introduction of new collective agreements and its differ-

ential effects on wages of different skill groups do not provide evidence that collective bargaining contributes

to wage polarization, neither is there any sign of overall wage polarization within job spells. It seems though

that unions’ attempts to compress the wage structure and reduce inequality, increasing low-skill wages at the

expense middle-skill workers are able to induce polarization like patterns on wages, particularly if high-skill

workers are not included or compose a minority of those inside collective agreements.

The findings of the empirical analysis above may be summarized in three parts. First, the introduction of
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new collective agreements seems to be related to wage polarization with high and low-skill workers earning

higher wage increases than those in middle-skill occupations. Second, once the three skill groups are substitute

by O*NET work content variables there is no evidence of a polarization related to collective bargaining. The

interaction of new agreements with routine manual work is associated to wage premia systematically higher

than the one with non-routine manual work while employees performing non-routine cognitive activities have

the greatest returns to shifting collective contracts. In these two sets of results we find no evidence of an

overall, unrelated to collective bargaining, polarization of wages in Portugal.

Third, the apparent contradiction between the results is explained once we take into account the char-

acteristics of collective agreements and workers bargaining power. The polarization of wages between skills

that follows shifts to new collective contracts is found among workers in occupations-contracts with high

bargaining power, thus suggesting that it is actually the results of unions’ strategies to reduce inequality.

We further highlight the importance of the coalitions between workers of different occupations and skills

given that the incapacity to compress wages in the top of the skill-wage distribution may result in u-shaped

patterns of wage growth once low-skill gains might be achieved through lower wage returns to middle-skill

occupations.

Apart from the main results outlined above, some other less direct but interesting findings emerge from

our analysis. First, the wage cushion, the difference between contractual and actual real wages, does not

always reduce the returns to collective bargaining as measures by the introduction of new agreements at the

same level or a shift to or from more decentralized firm or multi-firm bargaining. Second, the last results do

not confirm as for many other countries an increase in wage dispersion in decentralized collective bargaining

regimes in Portugal.

Some of these results raise, in our view, important question to be pursued in future research. In particular,

the role of wage setting institutions as a counterbalancing the effect of technological progress on wages

deserves further attention. It would be important to understand if indeed stable and comprehensive collective

bargaining in continental Europe prevents the polarization of employment to translate into wages and wage

inequality. Another relevant argument concerns the coalitions of workers that compose collective agreements.

Greater attention should be dedicated to the occupational dimension of bargaining centralization. In other

words, aside from the level in which bargaining takes place, the redistributive impact of bringing together
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employees from different skills and wages inside a single agreement also seems to be particularly relevant.
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4.9 Data appendix

Table 4.7: Non-routine cognitive and routine work activities variables
Non-routine cognitive Routine manual Non-routine manual

Analytical
4A2a4 Analyzing data/information 4C3d3 Pace determined by speed of equipment 4A3a4 Operating vehicles, mechanized
4A2b2 Thinking creatively 4A3a3 Controlling machines and processes devices, or equipment
4A1a1 Interpreting information for others 4C2d1i Spend time making repetitive motions 4C2d1g Spend time using hands to handle,
Interpersonal control or feel objects, tools or controls
4A4a4 Establishing and maintaining personal relationships 1A2a2 Manual dexterity
4A4b4 Guiding, directing and motivating subordinates 1A1f1 Spatial orientation
4A4b5 Coaching/developing others
The codes are the reference for the variables in the O*NET job content model
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Table 4.8: Means of the variables used in tables 4.3, 4.4, 4.5 and 4.6
95-99 00-07 08-12

Real monthly wages 608.5 925.3 1008.0
Real monthly base wages 495.9 729.4 782.1
Female 0.38 0.39 0.40
Age 37.3 38.3 40.1
Tenure 9.0 8.6 9.2
Education
Less than middle school 0.04 0.02 0.01
Middle school 0.83 0.76 0.71
High school 0.11 0.16 0.19
University degree 0.02 0.06 0.09
Region
Norte 0.39 0.35 0.28
Algarve 0.02 0.03 0.03
Centro 0.21 0.22 0.23
Lisboa 0.28 0.27 0.27
Alentejo 0.04 0.05 0.05
New collective agreement 0.06 0.08 0.14
Skills
Low skill 0.24 0.24 0.26
Middle skill 0.65 0.62 0.57
High Skill 0.11 0.14 0.17
Collective Agreement Level
Industry (CCT) 0.99 0.96 0.97
Multi-firm (ACT) - 0.02 0.02
Single firm (AE) 0.01 0.02 0.01
Job market entrant
< than 1 year 0.08 0.09 0.08
< than 2 year 0.09 0.10 0.10
< than 3 year 0.08 0.09 0.08
Bargaining power 0.30 0.30 0.26
Workers in collective agreement 27,588 39,054 30,067
Firms in collective agreement 1,847 3,333 2,365
Log workers in firm 4.28 4.11 4.17
Log workers in establishment 3.73 3.67 3.70
Number of establishments
1 0.72 0.71 0.68
2 to 5 0.18 0.16 0.19
6 to 10 0.04 0.03 0.03
11 or more 0.06 0.10 0.10
Number of changes in professional category
1 0.16 0.35 0.11
2 0.03 0.09 0.01
3 0.01 0.01 0.00
4 0.00 0.00 0.00
5 0.00
6 0.00
years 5 7 5
Job spells 1,002,878 1,635,388 1,254,316
Observations 3,006,518 5,719,988 3,610,802

Real wages and base wages are calculated for the last year of each sample.
There is no data for year 2001.
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Table 4.9: Complete fixed-effects regression from table 4.3
lrw lrb

95-99 00-07 08-12 95-99 00-07 08-12

New collective agreement .006 .002 -.029 -.009 .004 -.035
(.001) (.001) (.001) (001) (.001) (.000)

New collective agreement*Middle skill -.007 .001 .001 -.000 -.004 -.001
(.001) (.001) (.001) (.001) (.001) (.000)

New collective agreement*High skill .011 .028 -.004 .012 .029 -.001
(.002) (.001) (.001) (.002) (.001) .001

Skill
Middle skill .009 .008 .009 .014 .012 .004

(.002) (.001) (.001) (.001) (.001) (.001)
High Skill .034 .039 .028 .038 .035 .017

(.003) (.002) (.002) (.002) (.001) (.001)
Level of collective agreement
ACT - .026 .013 - .023 .010

(.002) (.004) (.002) (.003)
AE .048 .005 .009 -.008 .023 .007

(.008) (.003) (.006) (.005) (.002) (.007)
Job market entrant
< than 1 year -.032 -.036 -.031 -.019 -.016 -.013

(.001) (.001) (.001) (.001) (.000) (.001)
< than 2 year -.012 -.014 -.015 -.013 -.012 -.011

(.001) (.000) (.001) (.001) (.000) (.000)
< than 3 year -.006 -.008 -.011 -.006 -.006 -.007

(.000) (.000) (.001) (.000) (.000) (.000)
Log workers in firm .029 .041 .034 .033 .035 .022

(.001) (.001) (.001) (.001) (.001) (.001)
Log workers in establishment .022 .015 .013 -.006 .003 .005

(.000) (.001) (.001) (.000) (.001) (.001)
Number of establishments
2 to 5 .012 .008 .011 -.003 -.002 .008

(.001) (.001) (.001) (.001) (.001) (.001)
6 - 10 .013 .006 .037 -.007 -.003 .013

(.002) (.001) (.002) (.001) (.001) (.001)
more than 11 -.008 -.009 .013 -.018 -.011 .016

(.002) (.002) (.002) (.002) (.001) (.001)
Change in professional categories
1 .028 -.002 .024 .021 .008 .021

(.000) (.000) (.000) (.000) (.000) (.000)
2 .027 .010 .039 .032 .027 .039

(.001) (.000) (.001) (.001) (.000) (.001)
3 .043 .033 .051 .040 .051 .040

(.002) (.001) (.004) (.001) (.001) (.003)
4 .056 .055 .056 .056 .070 .044

(.008) (.003) (.022) (.006) (.002) (.008)
5 .066 .075

(.010) (.007)
6 .052 .077

(.031) (.022)
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Table 4.10: Complete fixed-effects regression from table 4.3 (continued)
lrw lrb

95-99 00-07 08-12 95-99 00-07 08-12

Age/10 .230 .350 .260 .342 .272 .283
(.001) (.003) (.004) (.003) (.002) (.003)

Age2/100 -.023 -.027 -.024 -.023 -.025 -.025
(.004) (.000) (.000) (.000) (.000) (.000)

Tenure/10 .017 .001 -.003 -.006 .002 -.002
(.002) (.001) (.002) (.001) (.001) (.001)

Tenure2/100 -.013 -.000 -.001 -.001 -.000 -.000
(.001) (.000) (.000) (.000) .000 (.000)

Education
Middle school -.008 .000 .015 -.000 .000 .005

(.019) (.001) (.003) (.001) (.001) (.002)
High school -.005 .002 .012 .001 .004 .008

(.002) (.002) (.004) (.001) (.001) (.002)
University degree .015 .028 .020 .020 .033 .021

(.004) (.003) (.005) (.004) (.002) (.003)
Region
Algarve -.084 -.032 -.003 -.027 -.002 -.003

(.020) (.009) (.011) (.014) (.005) (.008)
Centro -.071 .005 .031 -.020 -.002 -.014

(.007) .004 (.007) (.004) (.003) (.005)
Lisboa -.035 .003 -.008 -.004 -.005 -.004

(.006) (.003) (.006) (.003) (.002) (.004)
Alentejo -.071 .007 -.051 -.009 .002 -.028

(.010) (.005) (.007) (.004) (.004) (.005)

N 3,066,518 5,719,988 3,610,531 3,066,518 5,719,988 3,610,531
Job spells 1,002,878 1,635,388 1,254,286 1,002,878 1,635,388 1,254,286
R2 within .041 .046 .013 .074 .055 .024

Job spell clustered standard errors in parentheses, all models include a constant.
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Table 4.11: Complete fixed-effects regression from table 4.4
lrw lrb

95-99 00-07 08-12 95-99 00-07 08-12

New collective agreement .006 .011 -.031 -.005 .010 -.036
(.001) (.000) (.000) (.001) (.000) (.000)

New collective agreement* .008 .017 -.006 .009 .018 -.003
non-routine cognitive (.002) (.001) (.001) (.001) (.001) (.000)
New collective agreement* -.005 -.001 .000 .002 -.003 -.001
routine manual (.001) (.001) (.001) (.001) (.001) (.000)
New collective agreement* -.004 -.005 -.005 -.006 -.007 -.004
non-routine manual (.001) (.001) (.000) (.001) (.000) (.000)
Non-routine cognitive .006 .015 .006 .008 .012 .007

(.002) (.001) (.001) (.001) (.001) (.001)
Routine Manual .004 .005 -.006 .005 .006 -.005

(.001) (.001) (.001) (.001) (.001) (.001)
Non-routine manual .001 -.004 .001 -.001 -.006 -.000

(.001) (.001) (.001) (.001) (.001) (.001)
Level of collective agreement
ACT - .026 .012 - .020 .010

(.003) (.004) (.002) (.004)
AE .052 .005 .001 -.009 .023 .005

(.008) (.003) (.006) (.005) (.002) (.001)
Job market entrant
< than 1 year -.031 -.036 -.031 -.018 -.015 -.013

(.001) (.001) (.001) (.001) (.000) (.001)
< than 2 year -.012 -.014 -.015 -.013 -.012 -.011

(.001) (.000) (.001) (.001) (.000) (.000)
< than 3 year -.005 -.008 -.011 -.006 -.006 -.007

(.001) (.000) (.001) (.000) (.000) (.000)
Log workers in firm .030 .040 .033 .033 .034 .022

(.001) (.001) (.001) (.001) (.001) (.001)
Log workers in establishment .022 .015 .013 -.006 .004 .004

(.000) (.001) (.001) (.000) (.001) (.001)
Number of establishments
2 to 5 .012 .008 .011 -.002 -.002 .008

(.001) (.001) (.001) (.001) (.001) (.001)
6 - 10 .013 .006 .038 -.006 -.002 .013

(.002) (.001) (.002) (.001) (.001) (.001)
more than 11 -.010 -.009 .012 -.018 -.010 .016

(.003) (.002) (.002) (.002) (.001) (.001)
Change in professional categories
1 .028 -.001 .023 .022 .008 .021

(.000) (.000) (.000) (.000) (.000) (.000)
2 .027 .011 .039 .032 .027 .039

(.001) (.001) (.001) (.001) (.000) (.001)
3 .042 .033 .050 .041 .051 .040

(.002) (.001) (.004) (.001) (.001) (.003)
4 .056 .055 .051 .057 0.070 .043

(.008) (.003) (.022) (.006) (.002) (.008)
5 .068 .076

(.009) (.007)
6 .074 .090

(.032) (.023)
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Table 4.12: Complete fixed-effects regression from table 4.4 (continued)
lrw lrb

95-99 00-07 08-12 95-99 00-07 08-12

Age/10 .241 .352 .258 .349 .276 .281
(.004) (.003) (.005) (.001) (.002) (.003)

Age2/100 -.024 -.027 -.024 -.023 -.025 -.025
(.004) (.000) (.000) (.000) (.000) (.000)

Tenure/10 .016 .000 -.002 -.005 .002 -.001
(.002) (.001) (.002) (.001) (.001) (.001)

Tenure2/100 -.013 -.000 -.001 -.001 -.000 -.001
(.001) .000 (.000) (.000) .000 (.000)

Education
Middle school -.008 .000 .015 .000 .000 .006

(.002) (.001) (.003) (.001) (.000) (.002)
High school -.005 .001 .013 .001 .003 .009

(.002) (.002) (.004) (.001) (.001) (.002)
University degree .014 .027 .019 .021 .033 .020

(.005) (.003) (.005) (.004) (.002) (.003)
Region
Algarve -.089 -.034 -.004 -.026 -.003 -.001

(.020) (.009) (.011) (.015) (.005) (.008)
Centro -.083 .004 .031 -.022 -.001 -.013

(.007) (.004) (.008) (.004) (.003) (.005)
Lisboa -.048 .001 -.009 -.006 -.004 -.002

(.006) (.003) (.006) (.003) (.002) (.004)
Alentejo -.087 .004 -.055 -.010 .000 -.025

(.010) (.006) (.008) (.004) (.004) (.005)

N 2,856,037 5,515,962 3,507,550 2,856,037 5,515,962 3,507,550
Job spells 938,061 1,580,731 1,221,756 938,061 1,580,731 1,221,756
R2 within .041 .047 .013 .075 .056 .024

Job spell clustered standard errors in parentheses, all models include a constant.

157



Table 4.13: Complete fixed-effects regression from table 4.5
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High

New collective agreement -.008 -.005 -.015 -.002 .011 .009 -.038 -.035 -.034
(.001) (.001) (.002) (.001) (.001) (.001) (.001) (.000) (.001)

New collective agreement* .006 -.004 -.042 .030 -.043 -.032 .022 .002 .010
bargaining power (.007) (.002) (.015) (.003) (.002) (.007) (.003) (.001) (.005)
Bargaining Power .046 -.002 .055 -.059 -.003 .037 .033 -.002 .012

(.006) (.001) (.008) (.004) (.001) (.005) (.002) (.001) (.004)
Level of collective agreement
ACT - - - -.002 .036 .016 .035 .010 .004

(.003) (.004) (.005) (.003) (.012) (.010)
AE .032 -.005 -.024 -.009 .037 .009 -.021 .021 .011

(.006) (.006) (.013) (.005) (.004) (.006) (.033) (.012) (.010)
Log workers in collective agreement -.005 -.007 -.001 .016 .010 .008 -.020 -.018 -.013

(.001) (.001) (.001) (.001) (.005) (.001) (.000) (.000) (.001)
Log firms in collective agreement .002 .006 -.003 -.011 -.004 -.005 .016 .016 .012

(.001) (.001) (.001) (.001) (.001) (.001) (.001) (.000) (.001)
Job market entrant
< than 1 year -.019 -.015 -.002 -.014 -.014 -.024 -.011 -.008 -.029

(.001) (.001) (.002) (.001) (.000) (.001) (.001) (.001) (.002)
< than 2 year -.014 -.011 -.009 -.013 -.010 -.015 -.011 -.008 -.018

(.001) (.001) (.004) (.001) (.000) (.001) (.001) (.001) (.001)
< than 3 year -.005 -.005 -.030 -.004 -.005 -.007 -.007 -.006 -.010

(.001) (.000) (.005) (.000) (.000) (.001) (.001) (.000) (.001)
Log workers in firm .024 .034 .041 .026 .035 .036 .011 .022 .043

(.001) (.001) (.002) (.001) (.001) (.002) (.001) (.001) (.002)
Log workers in establishment -.007 -.005 -.003 .001 .002 .014 .005 .004 .003

(.001) (.000) (.000) (.001) (.001) (.002) (.001) (.001) (.002)
Number of establishments
2 to 5 -.003 -.002 -.002 -.002 -.003 .004 .006 .007 .006

(.001) (.001) (.002) (.001) (.001) (.002) (.001) (.001) (.002)
6 - 10 -.005 -.007 -.009 -.004 -.004 .008 .022 .002 .007

(.002) (.001) (.004) (.002) (.001) (.003) (.002) (.002) (.003)
more than 11 -.018 -.009 -.030 -.006 -.009 -.022 .020 .003 .005

(.002) (.002) (.005) (.002) (.002) (.004) (.002) (.002) (.004)
Change in professional categories
1 .024 .020 .017 .011 .004 .010 .025 .018 .018

(.001) (.000) (.001) (.000) (.000) (.001) (.001) (.000) (.001)
2 .038 .029 .022 .038 .021 .023 .045 .033 .033

(.001) (.001) (.002) (.001) (.000) (.001) (.001) (.001) (.003)
3 .048 .037 .029 .066 .043 .044 .048 .036 .029

(.003) .001 (.005) (.001) (.001) (.002) (.007) (.003) (.007)
4 .045 .053 .053 .085 .065 .052 .056 .050 .017

(.015) (.006) (.016) (.005) (.002) (.005) (.015) (.009) (.020)
5 .071 .066 .072

(.022) (.007) (.023)
6 .063 .064 .33

(.018) (.023) (.005)
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Table 4.14: Complete fixed-effects regression from table 4.5(continued)
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High

Age/10 .304 .326 .604 .213 .249 .49 .188 .290 .435
(.005) (.001) (.013) (.004) (.002) (.008) (.006) (.004) (.011)

Age2/100 -.020 -.022 -.041 -.020 -.023 -.041 -.012 -.026 -.045
(.001) (.000) (.002) (.000) (.000) (.001) (.001) (.000) (.001)

Tenure/10 -.008 -.004 -.007 -.002 .002 -.003 -.004 -.004 -.016
(.002) (.001) (.005) (.002) (.001) (.003) (.003) (.002) (.005)

Tenure2/100 -.000 -.001 .000 .000 -.000 .000 -.002 .001 .006
(.001) (.000) (.002) (.000) (.000) .000 (.001) (.000) (.001)

Education
Middle school -.000 .000 -.014 .001 .001 -.016 -.001 .008 -.006

(.002) (.001) (.014) (.002) (.001) (.008) (.009) (.003) (.009)
High school -.003 .003 -.016 .006 .005 -.018 -.001 .012 -.004

(.003) (.002) (.014) (.002) (.001) (.009) (.004) (.003) (.009)
University degree -.006 .023 -.000 .017 .035 -.001 .019 .026 -.000

(.016) (.006) (.014) (.006) (.003) (.009) (.008) (.004) (.010)
Region
Algarve -.037 -.017 .020 -.002 -.006 .015 .013 .000 -.033

(.012) (.039) (.025) (.008) (.005) (.023) (.009) (.015) (.019)
Centro -.025 -.003 -.020 .000 -.001 .003 -.005 -.027 -.003

(.006) (.005) (.016) (.005) (.003) (.009) (.013) (.007) (.008)
Lisboa -.025 .022 .034 -.020 .009 -.001 .002 -.003 -.013

(.004) (.005) (.017) (.003) (.004) (.007) (.007) (.006) (.006)
Alentejo -.037 .021 -.006 .006 .003 -.003 -.020 -.037 .006

(.006) (.006) (.019) (.006) (.005) .015 (.006) (.007) (.015)

N 748,724 1,992,208 352,586 1,377,205 3,527,795 814,988 944,320 2,064,332 601,879
Job spells 260,468 644,087 118,275 435,181 994,686 257,151 357,727 712,357 230,842
R2 within .063 .072 .099 .054 .044 .091 .032 .022 .025

Job spell clustered standard errors in parentheses, all models include a constant.
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Table 4.15: Complete first-differences regression from table 4.6
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High

New collective agreement -.001 .005 .002 -.004 .008 .011 -.043 -0.40 -.040
(.002) (.001) (.003) (.001) (.001) (.002) (.001) (.001) (.001)

New collective agreement* -.002 -.010 -.001 .031 -.049 -.009 .003 -.010 .003
bargaining power (.009) (.003) (.022) (.005) (.003) (.010) (.004) (.002) (.007)
Bargaining Power .027 -.002 .003 -.024 .020 -.011 .036 .007 029

(.011) (.003) (.017) (.008) (.003) (.012) (.003) (.001) (.006)
Log workers in collective agreement .003 -.002 .000 .008 -.001 .003 -.013 -.009 -.005

(.001) (.001) (.002) (.001) (.001) (.002) (.001) (.001) (.001)
Log firms in collective agreement -.004 .001 -.001 -.009 .001 -.003 .013 .010 .006

(.001) .001 (.002) (.001) (.001) (.002) (.001) (.001) (.002)
Job market entrant
< than 1 year -.022 -.032 -.019 -.029 -.017 -.028 -.010 -.014 -.035

(.005) (.003) (.008) (.003) (.002) (.005) (.002) (.001) (.003)
< than 2 year -.020 -.018 -.013 -.028 -.009 -.021 -.007 -.011 -.015

(.004) (.003) (.006) (.002) (.002) (.004) (.002) (.001) (.003)
< than 3 year -.007 -.010 -.011 -.008 -.005 -.010 -.005 -.007 -.009

(.003) (.002) (.005) (.002) (.001) (.003) (.001) (.001) (.002)
Log workers in firm .030 .035 .041 .018 .036 .039 .025 .029 .041

(.004) (.003) (.007) (.004) (.004) (.007) (.003) (.003) (.005)
Log workers in establishment -.004 -.007 -.004 .012 -.004 .012 -.007 .002 .003

(.001) (.001) (.001) (.004) (.004) (.006) (.003) (.003) (.005)
Number of establishments
2 to 5 .000 -.003 -.006 -.000 -.005 .011 .000 .006 .003

(.001) (.003) (.007) (.004) (.003) (.007) (.002) (.001) (.003)
6 - 10 -.010 .001 -.007 -.013 -.002 .008 .010 -.000 .004

(.008) (.009) (.012) (.009) (.005) (.010) (.005) (.003) (.008)
more than 11 -.004 .023 -.030 -.000 .009 -.023 .012 .012 -.000

(.009) (.024) (.024) (.010) (.008) (.014) (.004) (.004) (.010)
Change in professional categories .000 -.000 .001 -.001 -.000 -.000 -.001 -.001 -.001

(.001) (.001) (.002) (.001) (.001) (.001) (.001) (.000) (.001)
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Table 4.16: Complete first-differences regression from table 4.6 (continued)
1995-1999 2000-2007 2008-2012

Low Middle High Low Middle High Low Middle High

Age/10 .359 .431 .526 .342 .302 .562 .310 .388 .514
(.021) (.015) (.042) (.015) (.010) (.030) (.012) (.008) (.022)

Age2/100 -.024 -.032 -.036 -.029 -.024 -.043 -.017 -.027 -.046
(.002) (.002) (.005) (.001) (.001) (.003) (.001) (.001) (.003)

Tenure/10 .010 -.014 .011 .005 .003 -.021 .014 .005 .005
(.009) (.006) (.015) (.007) (.005) (.011) (.007) (.004) (.011)

Tenure2/100 -.006 -.000 -.005 -.000 -.000 .002 -.004 -.001 .003
(.003) (.002) (.004) (.001) (.000) (.001) (.001) (.001) (.002)

Education
Middle school -.004 .003 .023 -.002 -.003 .017 .008 .010 -.013

(.007) (.005) (.018) (.006) (.006) (.022) (.007) (.005) (.007)
High school -.013 .006 .019 -.005 -.003 .014 .005 .012 -.007

(.011) (.006) (.018) (.009) (.007) (.022) (.008) (.005) (.008)
University degree .003 .045 .051 .062 .031 .025 .023 .033 .005

(.024) (.017) (.022) (.021) (.014) (.024) (.016) (.009) (.012)
Region
Algarve -.014 -.009 .065 .007 -.038 .019 .027 .013 .018

(.049) (.038) (.041) (.021) (.028) (.108) (.017) (.033) (.034)
Centro .018 -.008 .001 .009 -.011 .033 -.002 -.033 -.039

(.019) (.014) (.032) (.017) (.009) (.036) (.035) (.018) (.027)
Lisboa -.028 -.007 .037 -.017 -.010 -.029 .000 .002 -.034

(.018) (.011) (.032) (.015) (.013) (.038) (.009) (.018) (.020)
Alentejo -.061 -.031 .009 .012 .005 -.096 -.016 .006 .004

(.021) (.013) (.033) (.017) (.017) (.098) (.010) (.020) (.031)

N 62,509 137,391 34,856 115,056 219,172 77,574 235,325 537,151 161,356
Job spells 32,534 70,194 18,128 59,985 112,630 40,595 121,936 273,913 84,229
R2 within .064 .076 0.71 .084 .052 .106 .047 .045 .036

Job spell clustered standard errors in parentheses, all models include a constant.
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