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Abstract

Occupations include a set of work tasks that continuously undergo changes, in
terms of skills required, employment, productivity and wages, as a consequence of
improvements in production technology. This paper focuses on wages, analysing the
marginal effect of switching between four broad categories of work tasks over a 13-
year period. Exploiting almost universal employer–employee data for the Swedish
labour market for 2003–2015, our fixed-effect estimates suggest a wage premium of
approximately 4% when switching from manual work tasks with a large routine con-
tent such as production, craft and repair, to non-routine cognitive (NRC) tasks. The
latter type of occupational task includes professionals, managers, technicians and as-
sociate professionals.The wage effect is even larger, about 6% for workers moving
from mainly service tasks classified as routine cognitive to NRC tasks. The wage pre-
mium is highest for shifting to NRC tasks from non-routine manual work tasks, such
as personal care, personal services and food and cleaning services. The average effect
is approximately 8%. A key finding in the study is that the wage premium for shift-
ing to NRC job tasks from all other parts of the labour market increases substantially
over the period analysed. The results indicate that adapting technology to comple-
ment analytical skills has a higher marginal productivity compared to technologies
aimed at replacing or complementing routinised and manual work tasks.
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1 Introduction

Technological progress can increase productivity by either being a complement or sub-

stitute for human capital. The benefits of the new production technology will then es-

sentially be based on how such technology affects the marginal productivity of an indi-

vidual’s work tasks. When production technology changes, it may place more weight

on skills for certain work tasks. This paper considers four classifications of work tasks,

namely, non-routine cognitive (NRC), routine cognitive (RC), non-routine manual (NRM)

and routine manual (RM). Using a fixed-effect model, the relative wage changes in each

task group are estimated over time, controlling for an extensive set of employee and firm

characteristics. The wages are assumed to be determined by marginal productivity (i.e.

how much production increases if an additional worker is assigned to a task group). The

empirical analysis is based on occupational data from the Swedish labour market, ob-

tained from Statistics Sweden.

Recent research has documented an ongoing process of skewed wage distribution

in many industrialised countries, a process that has given rise to a number of compet-

ing and partly overlapping task-based theoretical frameworks. A task-based framework,

where there is a clear distinction between labour skills and job tasks, becomes particu-

larly important when workers of a given skill level may not only perform a variety of

tasks, but can also alter and adjust their tasks in response to technological change. An

additional attractiveness of a task-based approach is that the analytical tool accommo-

dates the proliferation of IT, automation and other innovations in the development of

production technology.

The particular level of production technology is reflected in the distribution of work

tasks. The level of gross domestic product per capita indicates that Sweden has a rela-

tively high overall standard of production technology in the economy, a standard that

is reflected in the distribution of work tasks. The data show that approximately 44% of

the employed Swedish labour force had an NRC work task in 2003, and the share had

increased somewhat by the end of the period. In NRC work tasks, technical change is

considered to be complementary rather than a substitute. In contrast, technical change is

assumed to be a substitute in routinised work tasks. Between year 2003 and year 2015,
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the fraction of routinised manufacturing jobs increased from 18% to 20%, while cognitive

jobs decreased from 12% to 8% of the employment.

While many jobs in routinised occupations are automatable, this does not necessar-

ily imply that jobs will disappear, but rather that tasks may be transformed. Thus, the

majority of work tasks remain, primarily because they are not fully automatable. The

McKinsey Global Institute (2017) reported that less than one out of ten potentially au-

tomatable work tasks are replaceable with improvements in production technology. In-

stead, technical change transforms, rather than eliminates, work tasks in most occupa-

tions (Ocampo 2018). However, jobs are also disappearing due to changes in production

technology. Acemoglu & Restrepo (2017), for instance, estimated that industrial robots

displaced 756,000 workers in U.S. manufacturing between 1993 and 2007.

Depending on the work task, the introduction of new production technology may

either decrease or increase the marginal productivity of labour and thereby affect both the

labour share and wages. In the case of automation technology, the effect on employment

and wages will depend on how productive robots are at the tasks they take over, as well

as their associated costs. For a discussion, see Acemoglu & Restrepo (2018).1

Our main results are in accordance with the existing literature. The fixed-effect esti-

mates suggest a wage premium of approximately 4%, on average, when switching from

manual work tasks with a large routine content to NRC tasks. The wage effect is about

6% for workers moving from mainly service tasks classified as RC to NRC tasks. The

largest wage premium is found when shifting from NRM work tasks to NRC tasks (ap-

proximately 8%).

Because this study exploited extensive data, observed over a relatively long period

of time, it allows the consideration of possible time trends. An important finding is that

the wage premium for shifting to NRC job tasks from all other parts of the labour market

1It should also be noted that new technology can influence wages not only through marginal productiv-
ity, but also via so-called complementary dissemination effects. Pekkarinen (2004) studied the relationship
between work task complexity and wages for individual workers in and between firms in Finland. In the
Finnish metal industry, the complexity of an individual’s tasks is regularly evaluated as a part of the wage-
setting process. Pekkarinen (2004) utilised data for the entire population of employees in the Finnish metal
industry for 1996–2000, and calculated the overall complexity of the workplace’s production process as a
function of the complexity of the individual’s work tasks. The author then studied how individual wages
are affected by increased complexity through the introduction of new technologies. He found that the gen-
eral level of wages rises for those who have received more demanding tasks. The increased complexity also
resulted in higher wages for jobs that were not affected by the new technology.
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increases substantially over the study period. This result suggests that adapting tech-

nology to complement analytical skills has a higher marginal productivity compared to

technologies aimed at replacing or complementing routinised and manual work tasks.

The rest of the paper is organised as follows. Section two provides a background from

the literature. Data and the empirical model are presented in Section 3. An empirical

analysis is conducted in Section 4, while Section 5 sets out the conclusions.

2 Related literature

Motivated by recent decades of extensive technological change, this paper can be linked

to the literature on general-purpose technologies (GPTs), which represent profound tech-

nological changes that affect the entire economy and transform jobs, firms and industries.

The three most classical examples are steam energy, electricity and IT. More recent candi-

dates are artificial intelligence (AI), robots and digitalisation. The theoretical prediction

is that skill premiums are increased due to the introduction of a new GPT because, if the

GPT is not initially user-friendly, skilled individuals will be in greater demand and their

earnings should rise compared to those of the unskilled. This literature includes Bresna-

han & Trajtenberg (1995), Jovanovic & Rousseau (2005), Brynjolfsson & McAfee (2014),

among many others.

The GPT hypothesis is illustrated in Figure 1, with the skills premium on the vertical

axis and the skills ratio, between H (high education) and L (low education), on the hori-

zontal axis. The labour supply for skills is represented by the dashed vertical lines, and

the demand by the downward sloping curves. With initial technology and labour supply,

the skill premium and wage equilibrium is equal to w.

With the arrival of a new technology, which could be associated with a GPT, such as

IT, the demand curve moves to the right and the wage equilibrium increases to W∗. This

higher premium on skills, or skill-based technical change, increases the supply of highly-

educated workers and the H/L ratio moves to H’/L’, with a new wage equilibrium W∗∗.

3



Tech. change

Demand for skills

W

𝑊∗∗

Skill premium 

𝐻/𝐿 𝐻/𝐿∗

Supply of skills

𝑊∗

Figure 1: Demand for skilled labour

This paper is also related to the literature documenting that technical change is skill-

based. In the classical canonical model of Tinbergen (1974, 1975), the relative demand

for skills is linked to technical change. The model has two skill groups, who perform

two distinct and imperfectly-substitutable occupations. While technical change is tradi-

tionally viewed as factor-neutral, in the canonical model, it is assumed to take a factor-

augmenting form complementing either high- or low-skilled workers. A shift in the pro-

duction technology that favours high-skilled groups is assumed to be skill-based, in the

sense that improvements in technology naturally increase the relative demand for more

skilled workers. With minor extensions of the Tinbergen model, it has been possible

to explain the distribution of both employment and wages in industrialised economies

(Card & Lemieux 2001, Acemoglu et al. 2004, Atkinson 2008, Goldin & Katz 2009).

More recent research, however, has employed a richer framework to understand the

impact of technical change on the labour market. In particular, the literature empha-
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sises the importance of distinguishing between skills needed for work tasks that produce

output and skills for performing work tasks that require interpersonal skills. This re-

search also examined different occupations to understand the effects of technical change

on the labour market (Acemoglu & Pischke 1999, Autor et al. 2003, Goos et al. 2009), as

well as approaches, such as hypotheses, on routine-based technical change (Autor et al.

2003), globalisation and offshoring (Blinder 2006)) and consumption (Mazzolari & Ra-

gusa 2013).

Another limitation of the classical canonical model, as noted by Acemoglu & Restrepo

(2018), is that it treats technology as exogenous, and assumes that technological change,

by default, is skill-based. However, historical evidence has demonstrated that techno-

logical change can be both complementary and substitutable to skills. While information

and communication technologies coincide with an increased return to education, Goldin

& Katz (1998) found that production technologies during the end of the Second Industrial

Revolution were skill-complementary.

Ocampo (2018) provided an improved theoretical framework for task-based studies

through extending the basic one-dimensional framework by incorporating multidimen-

sional heterogeneity across workers and tasks. Workers were defined by a vector of dif-

ferent skills, and tasks by a vector of the skills required to perform them. In the model,

production involves the completion of a continuum of tasks by finitely many types of

workers. A single type of worker can then perform various tasks, which differ from

the one-dimensional characteristic in almost all existing task approaches. The model in-

cludes two distinct types of innovations — innovations in worker-replacing technology

that leads to the automation of tasks, and innovation in skill-enhancing technology that

changes the productivity of workers across tasks. Both innovations can be directed to-

wards specific tasks or skills, with the aim of increasing productivity. Testing the model

using U.S. data, Ocampo (2018) found that, in non-routinised occupations, it be may op-

timal to adapt new technology to complement the workers’ skills, and thus raise their

marginal productivity. In contrast, automation may increase productivity by replacing

workers with routinised work tasks. However, the outcome depends on the joint dis-

tribution of skill requirements across the tasks and skill endowments of the workers, as

well as its interaction within the production technology.
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In this study, a broad classification system is used in the augmented canonical model

discussed above, which delineates occupations along two dimensions based on the skill

content of tasks performed – cognitive versus manual and routine versus non-routine.

The first dimension is based on the extent of mental versus physical activity. The sec-

ond dimension distinguishes between job tasks with well-defined instructions and pro-

cedures, and jobs that require flexibility, problem-solving or human-interaction skills.

Following Acemoglu & Autor (2011), I used four occupational groupings, ranging from

managers to personal care workers, to analyse the marginal wage effects of changing

work-tasks on the Swedish labour market.

The literature applying a task-based approach similar to mine reports an increasing

wage gap between non-routine and routine tasks, as well as between cognitive and man-

ual work tasks. In his theoretical model of occupational sorting, based on cognitive and

manual skill endowments, Yamaguchi (2012) predicted that the productivity difference of

workers increases with task complexity because skills are used more intensely in complex

tasks in non-routinised cognitive occupations.

3 Empirical approach

3.1 Data and empirical model

I this paper, I wmploy several full population-level databases, including LISA (a longi-

tudinal integration database that contains information regarding the labour market, and

the educational and social sectors relating to all individuals registered in Sweden as of

December 31 each year, from the age of 16 years and older), RAMS (register-based labour

market statistics) and RAKS (registered activity statistics).

The RAKS database is essentially a further development of the variables contained in

the LISA database. From this database, wage statistics regarding full-time employment

were gathered. It was assumed that, if an individual had at least 60% of the yearly me-

dian wage of that occupational category, they were a full-time employee. This database

also includes information for each individual’s employee work task classification (SSYK

codes). All databases were retrieved from Statistics Sweden, and accessed through the

remote MONA (microdata online access) delivery system.
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The definition and construction of the variables used are presented in Table 1. The

analysis was performed for the time period 2003–2015. This time span is the longest

possible time-series with consistent work-task data for Sweden. 2

The conceptual framework for the task approach is based on a broad approach pro-

posed by Acemoglu & Autor (2011) that delineated all relevant occupational tasks into

two dimensions – cognitive versus manual and routine versus non-routine. The occu-

pations in each task group were defined according to the two-digit SSYK occupational

coding of 1996. The four categories are presented in Table 2.

2The SSYK occupational coding of 1996 is used in this study. As of 2014, SSYK 1996 was replaced with
SSYK 2012. Using the Statistics Sweden conversion key, it was assumed that the 1996 coding could be applied
to the years 2014 and 2015.
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Table 1: Variable description

Variable Definition

Wage Yearly normalised wage earnings relative to median

yearly wage for all industries. Trimmed at 1% to obtain

remove outliers

Education 1=primary education 10 ≤ years, 2=secondary educa-

tion = 12-year education, 3=tertiary education (below uni-

versity degree), 4=bachelor’s degree, 5=master’s degree,

6=doctoral degree,

Age included as a categorical variable 1=age <30, 2=age, 30–34,

3=age 35–39, 4=age 40–49, 5=age 50–59,6=age<59

Civil status 1= married 0= unmarried

Children age 0–3 number of children aged 0–3 years, winsorised at 2, refer-

ence category 0 children

Children aged 4–6 number of children aged 4–6 years, winsorised at 2

Experience Number of years after examination year

Industry 1=high-tech manufacturing, 2=medium-tech manufactur-

ing, 3=low-tech manufacturing, 4=high-tech knowledge-

intensive service (kis), 5=market kis, 6=less knowledge-

intensive services

Firm size Number of firm’s employees, 1=micro <1–9, 2=small

10–49, 3=medium 50–249, 4=large 250–999, 5=big ≥ 1000

Region Municipality where an individual’s workplace is located.

1=metropolitan area, 2=densely populated close to larger

city, 3=rural close to larger city, 4=dense remote, 5=rural

very remote

Note: reference category of a categorical variable is shown in bold.
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Table 2: Labour market tasks

Tasks groups Definition SSYK 96

Non-routine Cognitive Professionals 21-24

Managers 12-13

Technicians and Associate professionals 31-34

Non-routine manual Personal Care, Personal Service, Protective Service 51

Food and cleaning service 91

Routine cognitive Office and Administrative Support 41

Sales 42, 52

Routine manual Production, Craft and Repair 71-74

Operators, Fabricators and Laborers 81-83, 93

Note:Routine manual is the reference category

Routine tasks may be described as tasks performed through step-by-step guidelines

or specific rules. It is assumed that RM tasks and RC occupations can relatively easily

be replaced with technology, and these are therefore expected to be substitutes for tech-

nology. NRC occupations require problem-solving skills, critical thinking and decision-

making, all of which are harder to replace with technology. Technology is therefore ex-

pected to be a complement for this task group. NRM occupations are generally service

intensive, and require social- and service-orientated skills that are harder to replace with

technology. Technology is therefore expected not to be complementary nor a substitute

for this task group. See Adermon & Gustavsson (2015) for a discussion on the Swedish

context of this issue.

3.2 Descriptive statistics

Figure 2 shows the development of Swedish employment by the four occupational groups.

Similar to many other Organisation for Economic Co-operation and Development economies,

a large proportion of the labour force is involved in analytical work. In 2003, 43% of the

labour force was associated with NRC tasks (professionals, associate professionals, man-

agers and technicians). By 2015, this share had increased to 46%. The shares for the two
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groups, non-routine manual (personal care, staff service, protective service, food service

and cleaning service) and routine manual (production, fabricators, craft and repair) com-

pose close to 44% in the beginning of the period. In line with developments in other

industrialized countries, the employment share of the task group routine cognitive (of-

fice and administrative support) decreased. The decrease was from 12% to 8% during the

13-year period.

Figure 2 also illustrates some interesting patterns in the employment rates during the

period 2003–2015. In connection with the financial crisis of 2007–2008, the proportion

of the RM employed (mainly manufacturing) decreased from 22% to 21%, and kept de-

creasing to the end of the period. In contrast, one can see an increase in the proportion

of employment with NRC job tasks during the financial crisis. This trend continues un-

til the end of the period of study. The employment share for RC work tasks decreases

slowly throughout the period, while the proportion of NRM jobs increases slightly after

the financial crisis.

While this study applied the Acemoglu-Autor (2011) task-based approach for the clas-

sification of occupations, most other studies related to our research have used the method

suggested by Autor et al. (2003). With this classification, Goos et al. (2014) studied the

labour market structure in 16 European countries, reporting that the average share of em-

ployment in high-skilled and -wage occupations increased from 31.7% to 37.3% between

1993 and 2010. The share of low-skilled and -wage occupations increased from 21.6% to

25.2% between 1993 and 2010. Meanwhile, the share of employment in middle-skilled

and -waged occupations decreased from 46.8% to 37.5%. Thus, the job polarisation at the

European level does not really appear in the Swedish data when using the choice of task

approach used herein for grouping occupations.

Descriptive statistics from the panel data are presented in table 3. There was a total of

4,629,575 unique individuals in the sample, observed over a period of 13 years, adding

up to 34,323,163 million observations. On average, the annual nominal wage income was

3,224, with a standard deviation of 1,281. The majority of the observed individuals in the

dataset had an NRC job task (approximately 46%); the typical individual in the data had

six years of work experience, a secondary education, lived in a dense geographical area

close to a larger city and worked for a medium-sized firm.
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Figure 2: Fraction of labour force by task group
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Table 3: Summary statistics

Variable Mean Std. Dev. Min. Max. N
Wage 3224.151 1280.868 1160 10718 34323163
Experience 6.24 3.383 0 13 34323163
Expsq 50.383 46.437 0 169 34323163
Civil status 0.414 0.492 0 1 34323163
Children(0_3) 0.137 0.394 0 2 34323163
Children(4_6) 0.117 0.352 0 2 34323163
Non-routine cognitive 0.458 0.498 0 1 34323163
Routine cognitive 0.091 0.288 0 1 34323163
Non-routine manual 0.238 0.426 0 1 34323163
Routine manual 0.213 0.41 0 1 34323163
Primary 0.107 0.309 0 1 34323163
Secondary 0.498 0.5 0 1 34323163
Tertiary 0.177 0.382 0 1 34323163
Bachelor 0.111 0.314 0 1 34323163
Master 0.096 0.294 0 1 34323163
Doctoral 0.012 0.109 0 1 34323163
Metro/city 0.376 0.484 0 1 34323163
Dense close larger city 0.421 0.494 0 1 34323163
Rural close larger city 0.076 0.265 0 1 34323163
Dense remote 0.072 0.258 0 1 34323163
Rural remote 0.046 0.209 0 1 34323163
rural very remote 0.01 0.1 0 1 34323163
firmsize micro< 1-9 0.129 0.335 0 1 34323163
firmsize small 10-49 0.31 0.462 0 1 34323163
firmsize medium 50-249 0.319 0.466 0 1 34323163
firmsize large 250-999 0.215 0.411 0 1 34323163
firmsize big > =1000 0.027 0.163 0 1 34323163
Individuals 4,629,575

3.3 Empirical model

The empirical specifications exploit variation in the task premium on wages as a result of

an occupation change, regardless of whether that change is between any two of the four

work tasks.

While the standard Mincer earnings model estimates market wage as a function of hu-

man capital, proxied by years of schooling and potential experience, this task approach

applies these variables as controls, together with other individual and firm characteris-

tics. Equation (1) specifies the task model, as follows:
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wageit = X′itβ + Q′itγ + F′itθ + λt + µi + ε it, (1)

, where, X′itβ is a vector of the four task groups, Q′itγ is a vector of dummy variables

describing individual characteristics, F′itθ is a vector of dummy variables describing firm

characteristics, λt is year-fixed effects, µi is the individual fixed-effect variable and ε it

denotes the idiosyncratic error term.

In the next section, Equation 1 is estimated with a fixed-effect model, and the results

are analysed.

4 Result

This section presents the empirical results derived from the fixed-effect regression model

described in Equation 1. The marginal effect of changing work task in Sweden was esti-

mated over the period 2003–2015. Table 4 is organised as follows:

Column 1 controls for both task group and education, while Column 2 only controls

for education and Column 3 controls only for task. Column 4 controls for both task and

education, but excludes individuals with more than five times the median wage. This

elimination of observations on very high returns allows us to examine the sensitivity of

skewed wage distribution on the total wage effect.

Looking first at the key variables, the table reports significant differences in wage

effect from a job switch between the four task categories. The reference category in Table 4

is RM work tasks. Column 1 reports the log-lin coefficient estimate as 0.045 for NRC jobs.

This result implies that a switch from the reference category corresponds to a marginal

wage increase of 4.4%, controlling for education, experience, age, family, location, firm

characteristics and time-fixed effects. The corresponding point-estimates for RC tasks

and NRM work tasks are -0.011 and - 0.034, respectively.

The key finding in Column 1 is that the wage premium for shifting to NRC job tasks

from all other parts of the labour market is within the range 4–8%. This result suggests

that adapting technology to complement analytical skills has a higher marginal produc-

tivity compared to technologies aimed at replacing or complementing routinised and

manual work tasks.
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Figure 3 illustrates the marginal effects from interactions of task occupational changes

and time effects. The reference category is the same as in Table 3 (RM: production, crafts

and repair operators, fabricators and labourers). The graphical representations reveal

several interesting findings, not captured by the average point estimates.

The first finding is that the wage premium of switching job task relative to the refer-

ence group was negative between 2003 and 2006. That is, no wage premium for mobility

from routine manual work task existed during this time period.

This result is in conflict with the predictions of the routine-based technological change

hypothesis, which assumes that the arrival of new technology has a complementary im-

pact on cognitive and non-routine professions, while instead, it may automate standard-

ised manual occupations. Alternatively, the latter category may be subject to offshoring

to remote locations. In the first case, one can expect that technological development leads

to an increase in relative wage premium, and in the second case to a declining premium.

However, this is exactly what happens after the financial crisis. Within a period of two

years, from 2007 to 2009, the wage gap (the marginal effect of changing job category from

routine task to NRM task) increases from 1% to approximately 5%, and by the end of the

period, it has grown to about 14%. In Table 4, it was estimated that the average wage gap

rose to 4.5%, but this not capture the dramatic change during the period.

A second result presented in the graph is the rapidly growing difference in wage

premiums by switching to NRC job tasks from all three other task categories, and that

this trend accelerated after the financial crisis.

The control variables in Table , Column 1 show expected results. Wage premium

rises with education. It also applies to experience and age, up to a given level. The

wage premium is also higher in large companies, in larger cities and in high-technology

companies, all else being equal. The marginal effect of family formation is negative when

the children are small.

The results in Column 2 show that the education premium estimate and the profes-

sional experience estimate are largely the same as in Column 1, even without controlling

for task category. Correspondingly, the task estimates in Column 3 are almost the same

when education is not controlled for, indicating that marginal wages are not driven by

education. Column 4 excludes individuals with more than five times the median wage.

14



Given that the results are more or less the same as in Column 1, the possibility that the

main results may be driven by individuals at the top of the wage distribution can be ruled

out.

Additional sensitivity tests were conducted. First, the financial sector was excluded,

which is characterised by a strong wage trend during the period. Second, the sample was

restricted to only full-time individuals. The third test restricted the sample to individuals

with at least a secondary degree and at least 50% of the median wage for the industry.

The main results are robust to all of these changes.

Table 4: Total wage effect

(1) (2) (3) (4)
task & edu edu task income < 5*median

Task
Non-routine cognitive 0.045∗∗∗ 0.050∗∗∗ 0 .047∗∗∗

[0.000] [0.000] [0.000]
Routine cognitive -0.011∗∗∗ -0.010∗∗∗ -0.010∗∗∗

[0.000] [0.000] [0.000]
Non-routine manual -0.034∗∗∗ -0.038∗∗∗ -0.034∗∗∗

[0.000] [0.000] [0.000]
Education
Secondary -0.004∗∗∗ -0.008∗∗∗ -0.003∗∗

[0.001] [0.001] [0.001]
Tertiary -0.003 0.008∗∗∗ 0.000

[0.001] [0.001] [0.001]
Bachelor 0.100∗∗∗ 0.127∗∗∗ 0.102∗∗∗

[0.001] [0.001] [0.001]
Master 0.179∗∗∗ 0.208∗∗∗ 0.183∗∗∗

[0.00] [0.001] [0.001]
Doctoral 0.385∗∗∗ 0.407∗∗∗ 0.389∗∗∗

[0.003] [0.003] [0.001]
Experience 0.069∗∗∗ 0.069∗∗∗ 0.069∗∗∗ 0.067∗∗∗

[0.000] [0.000] [0.000] [0.000]
Experience2 -0.002∗∗∗ -0.003∗∗∗ -0.003∗∗∗ -0.002∗∗∗

[0.000] [0.000] [0.000] [0.000]
(Continue next page)
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(1) (2) (3) (4)
task & edu edu task income < 5*median

Age
20≤ 0.221∗∗∗ 0.234∗∗∗ 0.219∗∗∗ 0.222∗∗∗

[0.001] [0.001] [0.001] [0.001]
25≤ 0.294∗∗∗ 0.314∗∗∗ 0.295∗∗∗ 0.297∗∗∗

[0.001] [0.001] [0.001] [0.001]
30≤ 0.351∗∗∗ 0.376∗∗∗ 0.356∗∗∗ 0.354∗∗∗

[0.001] [0.001] [0.001] [0.001]
35≤ 0.397∗∗∗ 0.423∗∗∗ 0.404∗∗∗ 0.397∗∗∗

[0.001] [0.001] [0.001] [0.001]
40≤ 0.448∗∗∗ 0.475∗∗∗ 0.455∗∗∗ 0.443∗∗∗

[0.001] [0.001] [0.001] [0.001]
50≤ 0.437∗∗∗ 0.462∗∗∗ 0.444∗∗∗ 0.434∗∗∗

[0.001] [0.001] [0.001] [0.001]
≥60 0.355∗∗∗ 0.375∗∗∗ 0.359∗∗∗ 0.355∗∗∗

[0.002] [0.001] [0.001] [0.001]
Civil status -0.004∗∗∗ -0.004∗∗∗ -0.004∗∗∗ -0.004∗∗∗

[0.001] [0.000] [0.001] [0.000]
Kids 0-3 -0.096∗∗∗ -0.095∗∗∗ -0.095∗∗∗ -0.095∗∗∗

[0.000] [0.000] [0.001] [0.001]
Kids 4-6 -0.021∗∗∗ -0.021∗∗∗ -0.021∗∗∗ -0.020∗∗∗

[0.000] [0.000] [0.001] [0.000]
Region Metro/city 0.053∗∗∗ 0.054∗∗∗ 0.053∗∗∗ 0.054∗∗∗

[0.001] [0.001] [0.001] [0.001]
Densely close 0.011∗∗∗ 0.011∗∗∗ 0.011∗∗∗ 0.012∗∗∗

[0.001] [0.001] [0.001] [0.001]
Rural close 0.010∗∗∗ 0.006∗∗∗ 0.010∗∗∗ 0.011∗∗∗

[0.001] [0.001] [0.001] [0.001]
Densely remote 0.006∗∗∗ 0.005∗∗∗ 0.006∗∗∗ 0.006∗∗∗

[0.001] [0.001] [0.001] [0.001]
Rural remote -0.001 -0.001 -0.000 -0.001

[0.001] [0.001] [0.001] [0.001]
Firm size
Small 0.026∗∗∗ 0.027∗∗∗ 0.027∗∗∗ 0.026∗∗∗

[0.001] [0.000] [0.000] [0.000]
Medium 0.034∗∗∗ 0.034∗∗∗ 0.034∗∗∗ 0.033∗∗∗

[0.001] [0.000] [0.000] [0.000]
large 0.036∗∗∗ 0.036∗∗∗ 0.036∗∗∗ 0.035∗∗∗

[0.001] [0.000] [0.000] [0.000]
Big 0.020∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.023∗∗∗

[0.001] [0.001] [0.001] [0.000]
(Continue next page)
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(1) (2) (3) (4)
task & edu edu task income < 5*median

High-tech manu 0.053∗∗∗ 0.055∗∗∗ 0.055∗∗∗ 0.054∗∗∗

[0.002] [0.002] [0.002] [0.001]
Medium-tech manu 0.039∗∗∗ 0.040∗∗∗ 0.055∗∗∗ 0.040∗∗∗

[0.003] [0.000] [0.000] [0.000]
Low-tech manu 0.041∗∗∗ 0.044∗∗∗ 0.042∗∗∗ 0.040∗∗∗

[0.001] [0.001] [0.001] [0.001]
High-tech kis 0.031∗∗∗ 0.035∗∗∗ 0.040∗∗∗ 0.029∗∗∗

[0.001] [0.001] [0.001] [0.000]
Market kis 0.018∗∗∗ 0.021∗∗∗ 0.029∗∗∗ 0.016∗∗∗

[0.001] [0.001] [0.001] [0.000]
Observations 34,721,302 37,039,623 34,829,440 34,616,990
rho 0.784 0.779 0.793 0.822
R2 0.139 0.118 0.098 0.224

Standard errors in brackets, * p < 0.10, ** p < 0.05, *** p < 0.01
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Figure 3: Average marginal effect of changing task group
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5 Conclusion

This paper is built on previous studies by applying a task-based approach, where work-

ers were mapped in a two-dimensional model, classified by their cognitive and routine

task content. This task approach offers promising, although far from complete, concep-

tual tools for studying productivity, employment and wage effects of the ongoing pro-

found, complex and not well understood changes in the labour market.

The main contribution of the task approach is that it relaxes the implicit equivalence

between workers’ education, skills and their jobs tasks (Autor & Handel 2013). The im-

plication of this view is that the workers are not paid according to their skills, but for the

productivity or market value of a task that is performed with a certain skill. This market

value changes, sometimes radically, due to technological development.

The empirical analysis exploited the almost universal Swedish employer–employee

data for a period of 13 years, in an economy characterised by several distinct features,

such as high employment level, strong unions, compressed wage structure and relatively

high taxes on labour income, combined with an extensive welfare system.

Following Acemoglu & Autor (2011), a broad task-based approach of the labour mar-

ket was applied to analyse the wage effects of switching between job tasks, controlling

for the key determinants used in standard Mincer equations, such as education, age, ex-

perience and firm characteristics.

The fixed-effects estimates suggest an average wage premium of approximately 4–8%

when switching to NRC tasks from other occupational tasks. But, more importantly,

while the gap was 3–5% at the beginning of the period (negative wage effect, which

switches from routine manual tasks at the beginning of the period), it increased to 10–17%

at the end of the period. These results suggest that adapting new production technology

and innovations to complement analytical skills has a higher and increasing marginal

productivity compared to technologies aimed at replacing or complementing routinised

and manual work tasks.

The results are in line with those from the previous literature, where labour-market

conditions and social conditions were partly different to those of Sweden. However,

this difference does not mean that the study does not contribute to the topic. On the
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contrary, this research was necessary, in terms of responding to the call for using, re-

using, recycling, replicating and repeatedly applying a standardised set of variables or

measures, with the aim of contributing to possible convergence in a research topic with

large social and economic relevance (for a discussion, see (Autor & Handel 2013)).

There are several directions this work could be taken in. One is to apply a multidi-

mensional approach, taking into account multiple skills, a strategy that has been shown

to be relevant for studying various labour market outcomes. Another topic for further

study is to compare different categories in the labour market, such as men and women,

natives and immigrants, when studying the relationship between technical change, work

tasks and wages.
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6 Appendix

Table 5: Definition of SSYK-Codes

SSYK96 Definition

Non-routine cognitive
21 Theoretical specialist competence in engineering and com-

puter science.
22 Theoretical specialist competence in biology, health care.
23 Teachers within universities, upper secondary and lower

secondary schools.
24 Other work that requires theoretical specialist competence.
12 Management work in large and medium-sized firms, gov-

ernment agencies.
13 Management work in smaller firms and government agen-

cies.
31 Technician and Engineering.
32 Work within biology, health care that requires shorter uni-

versity education.
33 Teaching jobs requiring short college education.
34 Other work requiring shorter university education.
Non-routine manual
51 Service, care and safety work.
91 Service work without the requirement of special voca-

tional training.
Routine cognitive
41 Office and customer service.
42 Customer service.
52 Sales work in retail.
Routine manual
71 Mining and construction work.
72 Metal crafts and repair work.
73 Fine mechanical and graphic arts and crafts work.
74 Other craft work.
81 Plant and related operators.
82 Machine operator and assembly work.
83 Transport and Machine Operations.
93 Work without the need for special vocational training.
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