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This paper addresses the empirical relationship between job tasks and wages for a harmonised sample of 19 devel- 

oped countries. We do so by using worker-level PIAAC data to account for task heterogeneity within occupations. 

Our contribution is threefold: First, we compute abstract, routine and manual task measures that are found to be 

well-validated visa-vis previous research. Second, we estimate task prices, and find that a one-standard-deviation 

increase in abstract tasks is related to a 3.3-log-point wage premium, whereas there is a 2.6 to 2.9-log-point wage 

penalty for each standard deviation of routine (manual) tasks. Development factors and labour market institu- 

tions, particularly union coverage and strictness of employment protection legislation, seem to play a role in the 

differences in all three task prices. 
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. Introduction 

Recent technological change has led to the automation of tasks that

ollow precise and well-understood procedures or routines. As work-

lace computerisation and robotisation have been replacing the hu-

ans who previously performed these routines, there has been a grad-

al change in the contents/tasks demanded in the workplace, espe-

ially in a range of low- and medium-skill occupations. The theoret-

cal and empirical study of the reshaping of the structure of labour

emand has been the focus of a growing body of literature pioneered

y Autor, Levy and Murnane (ALM) (2003) , and further developed by

cemoglu and Autor (2011) , Autor and Handel (2013) (henceforth AH),

oos, Manning and Salomons (2014) and, more recently, by Acemoglu

nd Restrepo (2018a, 2018b). The new theoretical model used in these

nalyses is based on the task-based approach. Production requires the

llocation of tasks to capital or labour, and new technologies require

hanges in the allocation of tasks to these factors of production. Track-

ng such changes in the task content of production has been found to be

aluable for understanding how labour demand is changing as a result

f automation. In particular, ALM (2003) , Acemoglu and Autor (2011) ,

utor and Dorn (2013) and Goos et al. (2014) have found that comput-

risation is associated with an increase in non-routine cognitive tasks

nd a decrease in routine manual and routine cognitive tasks. 
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There are, however, significant challenges associated with using the

ask framework, with measurement undoubtedly being among them.

o approximate job tasks, the first empirical studies drew upon a de-

ailed occupation dataset, The Dictionary of Occupational Titles (DOT),

r its successor, the Occupation Information Network (O 

∗ NET). How-

ver, Spitz-Oener (2006) using data for Germany, and more recently,

H for the US, documented substantial heterogeneity in job contents

ven within detailed occupations. These findings encourage the use of

orkplace-level data rather than occupational-based data to measure

ob contents/tasks, especially if the aim is to provide a precise estimation

f task prices. In this paper, we account for this need, and use individ-

al information on job tasks to explore, first, cross-country differences

n task endowments for a harmonised sample of developed countries.

 second and more important aim of our study is to explore the link

etween tasks and wages by estimating task prices in a cross-country

etting in order to devise country differentials in task prices, and to ex-

mine their potential drivers. We do so by using data from the Pro-

ramme for the International Assessment of Adult Competencies (PI-

AC), a survey that provides harmonised information across countries,

nd that contains very precise information on job contents at the worker

evel. Furthermore, the PIAAC survey data contain precise information

n workers’ skills (based on the results of numeracy and literacy cogni-

ive tests) that goes beyond the educational level attained. These data

nable us to estimate the factors that underlie the intensity of task en-
ts. We declare that we do not have relevant of material financial interests that 
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3 We decided to keep part-time workers because we consider them an impor- 

tant part of the workforce. Nevertheless, we show a descriptive analysis of tasks 

by full-time/part-time workers ( Table 4 below), and we run robustness checks 

for the task price section excluding part-time workers. 
4 Principal component analysis is a linear transformation of a set of variables 
owments, as well as their prices conditional on a more precise measure

f workers’ skills. Moreover, these survey data provide excellent controls

f individual skills that we can use in determining and interpreting task

rices. 

A cross-country analysis of these developments is needed because

revious evidence has shown that the process of de-routinisation has

ot followed identical paths across countries. Hardy et al. (2018) doc-

mented an increase rather than a decrease in routine cognitive em-

loyment in the transition economies of Eastern and Central Europe.

impelson and Kapeliushnikov (2016) and Aedo et al. (2013) found sim-

lar results for Russia and Southern European countries, respectively.

ence, there is clear a need for an assessment of job tasks as well as

ask prices based on a comparable sample of developed countries at the

orker level. Ours is not the first study to use the PIAAC dataset to ex-

lore task contents and their cross-country differences. Recent studies,

uch as Marcolin et al. (2018) and Lewandowski et al. (2019) , have used

IAAC data to construct a routine job index and the cross-country differ-

ntials. However, our study is the first to explore the link between tasks

nd wages, particularly to estimate task prices and their differentials

cross countries. 

Empirical evidence on task prices is scarce. In the US, AH found that

 one-standard-deviation increase in abstract tasks predicts a seven-log-

oint wage premium; a one-standard-deviation increase in manual tasks

esults in a wage penalty of 11 log points; while an increase in routine

asks is not related to any significant difference in wages 1 . Other studies

hat have explored the link between tasks and wages with individual-

evel data for the US are Firpo, Fortin and Lemieux (2013), and, more

ecently, Bohm (2020) . Additionally, Spitz-Oener (2003) estimated task

eturns for Germany. This paper’s main contributions are to extend the

ingle-country analysis of task prices to a broad group of developed

ountries, to show their differences, and to try to envisage potential

rivers. As our task measures closely resemble those of AH, our aims

re to estimate prices for abstract, routine and manual tasks for 19 de-

eloped countries; to compare our results (for the US) with those found

y AH; and to explore the cross-country differentials. Furthermore, the

IAAC survey data contain precise information on workers’ skills (based

n the results of numeracy and literacy cognitive tests) that goes beyond

he educational level attained. These data enable us to estimate task

rices conditional on workers’ skills, and, hence, to obtain a measure of

he market demand for each of the constructed tasks 2 . 

Our findings represent a relevant contribution to the literature. First,

ur task measures, and the items these measures are based on, are well-

alidated vis-a-vis previous research using the PIAAC, as well as other

orker-level studies, such as AH. Averaged at the occupational level,

ur task measures show very high correlations with respect to O 

∗ NET,

pecifically for abstract tasks. Based on these measures, we depict the

ifferences in tasks across countries, provide suggestive evidence on the

mportance of the within-occupation variation in task measures across

ountries, and relate those task disparities across countries with vari-

bles that have been shown to reflect countries’ development levels

such as GDP per capita, ICT capital stock or numeracy skills). Second,

e estimate wage returns to tasks (task prices), and find that within oc-

upations, a one-standard-deviation increase in abstract tasks is related

o a 3.3-log-point wage premium. For routine (manual) tasks, we find

hat the individual returns within occupations are a 2.6- (2.9)-log-point

age decrease for each standard deviation of routine tasks. Finally, we

ddress the differences in task prices across countries by computing the

elationship between country level variables and task prices. We find

uggestive evidence that supply-and-demand factors can help to explain

ask returns: i.e., the higher the task endowment in a country is, the

ore attenuated the positive or the negative deviation in the price of
1 See Table 5 of Autor and Handel (2013) . 
2 Indeed, this is an advantage of the PIAAC relative to the Princeton Data 

mprovement Initiative (PDII), the database used by AH. 
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c
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i

his specific task is. Development factors, as well as labour market insti-

utions – particularly union coverage and the strictness of employment

rotection legislation – seem to play a role in the differences in all three

ask prices. 

The rest of the paper is organised as follows. Section 2 dis-

usses the data sources and the construction of task/job contents.

ection 3 presents the descriptive results and decompositions of in-

ernational differences in tasks. Section 4 discusses the estimation of

ask returns, and focuses on their differentials and potential drivers.

ection 5 concludes. 

. Data sources and Construction of Job Task Measures 

Our sample includes 19 countries covered by PIAAC for which data

n wages and task items are available: Belgium, Chile, the Czech Re-

ublic, Denmark, Spain, France, Great Britain, Greece, Italy, Japan, the

epublic of Korea, Lithuania, the Netherlands, Norway, New Zealand,

oland, Slovakia, Slovenia, and the United States. For our sample, we

onsider employee respondents aged 25-54 with hourly wages between

ero and 150 USD (PPP), and exclude workers in non-profit firms or

n agriculture. We also exclude workers for whom some information is

issing on the items used for task construction. We consider both full-

ime and part-time salaried workers – hence, self-employed workers are

xcluded 3 . This leads to a sample of 37,607 workers in 19 countries. 

To construct the measurements of task intensities, we use worker-

evel data on activities conducted at work. We follow the AH approach to

onstruct abstract, routine and manual task measures. We also consider

he framework proposed by Marcolin et al. (2018) in order to construct

 measure of routine tasks. We validate our approach by comparing our

ask measures averaged at the occupational level in the United States

ith those obtained from US O 

∗ NET occupational-specific task measures

uilt by Acemoglu and Autor (2011) . 

We construct our measurements using the PIAAC questionnaire,

hich includes several questions on work habits and tasks performed in

he workplace. As our aim is to construct reliable statistical indicators,

e exclusively pick items with the same quantitative input responses for

he time intensity indicators of tasks. In particular, we focus on those

asks with the same structure of answers (never; less than once a month;

ess than once a week but at least once a month; at least once a week

ut not every day; every day). Our proposed task framework and its link

ith PIAAC items is presented in Table 1 below. 

We follow the approach of AH, whose analysis was based on the US

DII survey at the worker level, and use the first component of a prin-

ipal component analysis (PCA) to derive continuous job task variables

rom items with multiples responses 4 . We apply the PCA to all countries

n our sample using standardised weights that give each country equal

otal weight in the sample. 

For abstract tasks, we pick a combination of three analytical and

wo interpersonal tasks so that both dimensions of non-routine cogni-

ive tasks are balanced. In line with AH, we pick five items: (i) use more

dvanced math or statistics such as calculus, complex algebra, trigonom-

try, or use regression techniques (very similar to item 2 in AH 

5 ; (ii) face

omplex problems that take at least 30 minutes (almost equal to item 3
hat provides a set of linearly uncorrelated variables called principal compo- 

ents. This transformation is organised in such a way that the first principal 

omponent has the largest possible variance in explaining data variability. 
5 Item 2 in AH corresponds to “frequency of mathematics tasks involving 

igh-school or higher mathematics: algebra, geometry, trigonometry, probabil- 

ty/statistics or calculus ”. 
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Table 1 

Task framework with PIAAC data. 

Task PIAAC questionnaire item Item no. 

Abstract 

Face complex problems ( < 30 mins) F_Q05b 

Use more advanced math or statistics such as calculus, complex algebra, trigonometry, or use regression techniques G_Q03h 

Read articles in professional journals or scholarly publications G_Q01d 

Planning the activities of others F_Q03b 

Persuading/influencing people F_Q04a 

Routine 

Planning your own activities (inverse) F_Q03a 

Organising your own time (inverse) F_Q03c 

Instructing, training or teaching people, individually or in groups (inverse) F_Q02b 

Making speeches or giving presentations (inverse) F_Q02c 

Advising people (inverse) F_Q2e 

Manual Working physically for a long period F_Q06b 

Using skill or accuracy with hands or fingers F_Q06c 

Note: To ensure the reliability of the statistical constructs, all questions provide the same time answers: (i) every day; (ii) at least once a week but not every 

day; (iii) less than once a week; (iv) less than once a month; (v) never. 
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n AH 

6 ); (iii) planning the activities of others (quite similar to item 4 of

H 

7 ); (iv) persuading or influencing people (similar to item 4 of AH); (v)

ead articles in professional journals or scholarly publications. This last

tem is included to ensure that the cognitive non-routine tasks are not

iased towards numerical tasks, in line with Lewandowski et al. (2019) .

Regarding the routine task index, we follow a mixed approach by

ombining the approaches used by Marcolin et al. (2018) and AH. We

rst consider two items with quantitative responses related to time in-

uts from Marcolin et al. (2018) : namely, the inverse values of “planning

our own activities ” and “organising your time ” (which is also consid-

red in AH, through the “proportion of the workday spent performing

hort, repetitive tasks ”). In addition, we consider the proposal of AH

o include the absence of face-to-face interactions with different types

f co-workers (customers or clients, suppliers or contractors, and stu-

ents or trainees). In particular, we add three items reflecting a lack of

ace-to-face interactions proposed by AH: instructing, training or teach-

ng people; making speeches or presentations in front of five or more

eople; and advising people. 

We have decided against replicating the measure of routine intensity

roposed by Marcolin et al. (2018) for two reasons. First, they used a

eterogeneous mix of items from PIAAC, some of which are more re-

ated to quantitative inputs ( “How often does your job involve…? ”) like

lanning or organising, but some of which also follow qualitative re-

ponse items ( “To what extent can you choose or change …? ”). The

se of this approach could undermine the reliability of our results, as it

ould mean that we are measuring two different types of phenomena.

econd, when we attempted to replicate the four-item measure proposed

y Marcolin et al. (2018) , the resulting index averaged at the occupa-

ional level for the US showed a correlation with O 

∗ NET data (0.27) that

as much lower than the correlation obtained by AH (0.48) with PDII

S data or the correlation obtained by Lewandowski et al. (0.55) with

he US PIAAC data. 

For manual tasks, we compute the mean of two items: “working phys-

cally for long periods ” and “using skill or accuracy with hands or fin-

ers ”. The first item is similar to the one used by AH ( “the proportion

f the workday spent performing physical tasks such as standing, op-

rating machinery or vehicles, or making or fixing things by hand ”). It

lso has the same quantitative responses pertaining to time intensity as

he questions used for abstract and routine measures. The second item

orresponds to the non-routine dimension measure of Autor and Ace-

oglu (2011) . 

Our approach differs slightly from those used in other studies that

re based on individual-level data on tasks. Marcolin et al. (2018) and
6 Item 3 in AH corresponds to “frequency of problem-solving tasks requiring 

t least 30 minutes to find a good solution ”. 
7 Item 4 of AH corresponds to “proportion of work day managing or supervis- 

ng other workers ”. 

w

w

t

p

a

ewandowski et al. (2019) constructed task indexes using PIAAC data

y averaging items. Spitz-Oener (2006) computed means of binary vari-

bles on whether the worker does or does not perform a certain task.

lthough our approach differs from these two alternatives, we com-

are our results by reconstructing the task measures following both ap-

roaches 8 . All of the methods generate very similar results. When the

pitz-Oener (2006) approach (means of transformed binary variables)

s applied, the correlations are 0.93 for abstract tasks, 0.82 for routine

asks and 0.96 for manual tasks. When the standardised means approach

used by Marcolin et al. (2018) and Lewandowski et al. (2019) ) is ap-

lied, the correlations are 0.99 for abstract tasks and 0.87 for routine

asks (for manual tasks, there is no comparison as the approach is the

ame, given that there are only two items; hence, we compute the mean).

The results of the principal component analysis and, more impor-

antly, the pair-wise correlations between each of the tasks for all coun-

ries and for the US sample only, are shown in Table 2 . The pair-wise

orrelation between the abstract and routine tasks is strong and nega-

ive, and is similar in size in both the overall sample and the US sample.

he correlation between abstract and manual tasks is negative, while

he correlation between routine and manual tasks is positive. However,

oth are much weaker than the correlation between the abstract and

outine tasks. They are also slightly weaker in the US sample than in

he overall sample. Additionally, Table A.1 in the Annex displays the

asic statistical information of our tasks measures. 

.1. Statistical validation of task measures 

In order to validate our measures, we compare the survey-based mea-

ures averaged at the occupational level with the Acemoglu and Au-

or (2011) measures calculated with O 

∗ NET data. Given that some coun-

ries only have data on occupations at the three-digit level of the ISCO

lassification, we compute O 

∗ NET and PIAAC measures at the three-digit

ccupational level. We construct an abstract measure that represents a

tandardised mean of non-routine cognitive analytical and interpersonal

asks, a routine measure corresponding uniquely to the routine cognitive

ask of Acemoglu and Autor (2011) , and a standardised mean of manual

outine and non-routine tasks from Acemoglu and Autor (2011) . Results

re displayed in Figure 3 . 

First, as the abstract task measure is correlated positively and

trongly (0.82) with O 

∗ NET data at the occupation level for the US, it

rovides a solid validity check for our choice. In particular, it improves
8 For the Marcolin et al. (2018) and the Lewandowski et al. (2019) methods, 

e compute average measures of the items. For the Spitz-Oener (2006) method, 

e transform the five response items into binary variables by gathering the 

wo highest (at least once a week but not every day; every day) categories as a 

ositive answer on the task being performed, and by gathering the lowest three 

s a negative answer. 
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Notes: Own elaboration from PIAAC.
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Fig. 1. Correlation of task indexes with O 

∗ NET at the occupational level 

Notes: Own elaboration from PIAAC. 



S.D.L. Rica, L. Gortazar and P. Lewandowski Labour Economics 65 (2020) 101845 

Table 2 

Results of PCA and cross-tasks correlations. 

Computation PCA Pair-wise correlations Pair-wise correlations 

(all countries) (all countries) (US sample only) 

Number of components Variation of first component Abstract Routine Manual Abstract Routine Manual 

Abstract 5 0.444 1 - - 1 - - 

Routine 5 0.478 -0.708 1 - -0.704 1 - 

Manual 1 - -0.208 0.164 1 -0.144 0.119 1 

Notes: Own elaboration from PIAAC. 
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Table 3 

Distribution of task measures by worker covariates. 

Abstract Routine Manual 

Female -0.08 0.01 -0.06 

Male 0.07 -0.01 0.05 

Aged 25-29 0.00 0.01 0.04 

Aged 30-34 0.08 -0.04 -0.02 

Aged 35-39 0.06 -0.04 -0.03 

Aged 40-44 0.02 -0.02 -0.04 

Aged 45-49 -0.07 0.04 0.03 

Aged 50-54 -0.10 0.07 0.03 

Primary or lower-secondary education -0.63 0.56 0.41 

Upper-secondary education -0.25 0.23 0.23 

Post-secondary non-tertiary 0.16 -0.17 -0.05 

Tertiary education 0.59 -0.51 -0.51 

Numeracy Skill (Q1) -0.48 0.43 0.41 

Numeracy Skill (Q2) -0.15 0.12 0.16 

Numeracy Skill (Q3) 0.10 -0.10 -0.11 

Numeracy Skill (Q4) 0.47 -0.39 -0.42 

Literacy Skill (Q1) -0.44 0.39 0.38 

Literacy Skill (Q2) -0.09 0.08 0.13 

Literacy Skill (Q3) 0.17 -0.16 -0.15 

Literacy Skill (Q4) 0.47 -0.41 -0.47 

Legislators, senior officials and management 0.98 -0.84 -0.51 

Professionals 0.61 -0.60 -0.41 

Technicians and associate professionals 0.31 -0.24 -0.30 

Clerks -0.13 0.12 -0.40 

Service workers and shop and market sales -0.40 0.30 0.32 

Craft and related trades workers -0.42 0.40 0.75 

Plant and machine operators and assemblers -0.76 0.76 0.49 

Elementary occupations -0.82 0.79 0.52 

Public sector 0.21 -0.24 -0.14 

Private sector -0.08 0.09 0.05 

Full-time worker 0.06 -0.04 0.00 

Part-time worker -0.37 0.26 -0.01 

Firm size: 1-10 workers -0.22 0.19 0.13 

Firm size: 11-50 workers 0.01 -0.04 0.04 

Firm size: 51-250 workers 0.05 -0.05 -0.04 

Firm size: 251-1000 workers 0.10 -0.02 -0.11 

Firm size: More than 1000 workers 0.30 -0.22 -0.22 

Observations 37,607 37,607 37,607 

Notes : Results display values of standardised indexes for each task, with a mean 

of zero and a standard deviation of one across the whole distribution. Individual 

observations are weighted so that countries are weighted equally. 

3
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e  

B  
onsiderably the validity check by AH. Moreover, in all countries, the

orrelation between our measure and the O 

∗ NET-based measure exceeds

.60; and in many countries, it exceeds 0.65. The index displays a higher

orrelation in the US, Slovenia, the Czech Republic, Slovakia and France;

nd a lower correlation in Chile, Italy and Korea. 

Second, as the correlation between the routine task measure and the

elevant O 

∗ NET measure at the occupational level in the US is 0.53, it

s higher than that obtained by AH (0.48), and it is similar than that of

ewandowski et al. (0.55). The correlation is between 0.2 and 0.5 for

ost countries. The correlation is highest in the US, Norway, Slovenia,

nd France; and it is lowest in Greece, Japan, and Lithuania. 

Third, the correlation for manual tasks in the US is high (0.73). Thus,

he correlation is higher than that obtained by AH (0.63), and is similar

o that of Lewandowski et al. (0.74). 9 The correlation is above 0.54 for

ll countries, with the US, New Zealand, France, and Belgium having

igher correlations; and the Republic of Korea (at the very bottom),

lovenia and Lithuania having the lowest correlations. 

. Job Task Descriptives and Cross-Country Disparities 

.1. Task descriptives 

We display the average task content of jobs for the sample of coun-

ries analysed across a set of individual covariates, which can be found

n Table 3 . The results show larger average values for abstract and man-

al tasks among males, but no gender differences in the average values

or routine tasks. By age, abstract tasks display a concave shape that is

imilar to the standard productivity/age profile. However, we should

e cautious in interpreting these results, as cohort effects may interfere

ith age effects. The opposite pattern is found for routine and manual

asks – they display a convex shape, which appears to be consistent with

he relative decrease in less qualified tasks (routine and manual) as pro-

uctivity evolves with age, regardless of the potential cohort effects. The

ikelihood of performing abstract tasks increases by educational level

nd by literacy and numeracy skills 10 , whereas the likelihood of per-

orming routine and manual tasks decreases by education level, with

he decline being more pronounced for manual tasks. In more qualified

ccupations, abstract tasks are more prevalent, whereas routine tasks

and, to a lesser extent, manual tasks) are less prevalent. Employees in

he public sector are more likely than their counterparts in the private

ector to perform abstract tasks, and are less likely to perform routine

nd manual tasks. Full-time workers tend to perform more abstract tasks

nd fewer routine tasks than part-time workers, while the levels of man-

al task intensity are similar for both groups. Finally, the prevalence of

bstract tasks increases by firm size (based on the number of employ-

es), whereas the prevalence of routine and manual tasks decreases as

he size of the firm size increases. 
9 That finding that the correlations between our task measures and O 

∗ NET 

easures are higher than those obtained by AH may be related to the sample 

ize: the US PIAAC sample is more than double the size of the PDII survey sample 

sed by AH. 
10 Information on numeracy and literacy skills is directly provided in the PIACC 

ataset for each individual. The values reported in the table are the quartiles of 

he average of all 10 plausible values for each skill. 
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a  
.2. Cross-country differences in job tasks among developed countries 

In Table 4 below, we display country average values (standardised

or all workers in the sample giving equal weights to all countries) of the

ask variables. In particular, we find that the countries with the high-

st GPD per capita levels in our sample – New Zealand, Norway, Great

ritain, Denmark and the United States – display the highest positive

alues for abstract tasks. The lowest average values for abstract tasks are

een in Greece, Italy, Japan, Lithuania and Slovakia. An almost inverse

elationship is found for routine tasks (with the cross-country correla-

ion equal to -0.88), whereas a small cross-country correlation is found

etween manual tasks and abstract tasks (0.11) as well as routine tasks

-0.05). These cross-country patterns are consistent with those found by

ewandowski et al. (2019) . The lowest average levels of manual tasks

re observed in the Asian OECD countries (Japan, Republic of Korea)
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Table 4 

Job task measures by countries. 

Observations Abstract Routine Manual 

Belgium 2,007 0.00 0.01 -0.20 

Chile 1,396 -0.02 -0.02 0.20 

Czech Republic 1,709 0.01 0.16 0.05 

Denmark 2,481 0.31 -0.41 0.04 

Spain 1,856 -0.18 0.04 -0.16 

France 2,587 -0.07 0.11 -0.26 

Great Britain 3,263 0.31 -0.25 0.10 

Greece 989 -0.24 0.38 0.06 

Italy 1,390 -0.25 0.08 -0.02 

Japan 2,122 -0.22 0.07 -0.54 

Rep. of Korea 2,289 -0.08 0.15 -0.27 

Lithuania 1,861 -0.46 0.15 0.25 

Netherlands 1,922 0.14 -0.11 -0.23 

Norway 2,042 0.38 -0.32 -0.32 

New Zealand 1,992 0.50 -0.44 0.34 

Poland 1,973 -0.03 0.03 0.17 

Slovakia 1,779 -0.23 0.35 0.13 

Slovenia 1,859 -0.16 0.25 0.33 

United States 2,090 0.30 -0.22 0.33 

Total Observations 37,607 0.00 0.00 0.00 

Notes : Results display values of standardised indexes for each task 

across all of the sample (giving equal weights to all countries), with a 

mean of zero and a standard deviation of one, averaged at the coun- 

try level. Individual observations are weighted so that countries are 

weighted equally. 
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Table 5 

Decomposition of cross-country variance in the average values 

of PIAAC-based task measures. 

Abstract Routine Manual 

Cross-country variance tasks 0.061 0.051 0.06- 

Contribution of (in %) 

Within-occupation effect 64.2% 65.5% 90.4% 

Between-occupation effect 32.1% 30.2% 7.8% 

Interaction 3.7% 4.3% 1.8% 

Notes : Contributions calculated in line with equations (1) –(5) . 
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nd in Western European countries (France, Netherlands, Norway). On

he other hand, we also find that the average levels of manual tasks are

elatively high in the Central Eastern European countries and Chile; and

re highest in New Zealand and the United States, which are otherwise

haracterised by high levels of abstract tasks and low levels of routine

asks. These implausible results suggest that the questions used to con-

truct the manual measure, and particularly the question about “work-

ng physically for a long period ”, are probably not entirely comparable

etween countries covered by the PIAAC. 11 

The task content measures based on PIAAC data show that the inter-

ational differences in tasks are larger than those suggested by O 

∗ NET-

ased task measures, in which the differences between countries are

ntirely driven by the differences in occupational structures. In particu-

ar, the cross-country variance for the case of PIAAC (O 

∗ NET) is 0.061

0.037) for abstract tasks, is 0.051 (0.015) for routine tasks and is 0.060

0.028) for manual tasks. 

In order to analyse to what extent the cross-country differences in

ask values can be attributed to differences in occupational structures,

nd to what extent they can be attributed to differences in occupation-

pecific task values, we apply a shift-share decomposition. For each task

easure i ∈ [ abstract , routine , manual }, we decompose the difference be-

ween the average task content level in a country c , 𝑇 𝑖 
𝑐 
, and the global av-

rage, T i , (which equals zero) into the between-occupation, 𝐵𝑂 

𝑖 
𝑐 
, within-

ccupation, 𝑊 𝑂 

𝑖 
𝑐 
, and interaction, 𝐼 𝑁 𝑇 𝑖 

𝑐 
, terms. Formally: 

𝑇 𝑖 
𝑐 
− 𝑇 𝑖 

)
= 

( ∑
𝑗∈𝐼𝑆𝐶𝑂 

𝛼𝑗,𝑐 𝑡 
𝑖 
𝑗,𝑐 

− 

∑
𝑗∈𝐼𝑆𝐶𝑂 

𝛼𝑗 𝑡 
𝑖 
𝑗 

) 

= 𝐵𝑂 

𝑖 
𝑐 
+ 𝑊 𝑂 

𝑖 
𝑐 
+ 𝐼 𝑁 𝑇 𝑖 

𝑐 
, (1)

𝑂 

𝑖 
𝑐 
= 

∑
𝑗∈𝐼𝑆𝐶𝑂 

𝑡 𝑖 
𝑗 

(
𝛼𝑗,𝑐 − 𝛼𝑗 

)
, (2)

 𝑂 

𝑖 
𝑐 
= 

∑
𝑗∈𝐼𝑆𝐶𝑂 

𝛼𝑗 

(
𝑡 𝑖 
𝑗,𝑐 

− 𝑡 𝑖 
𝑗 

)
, (3)
11 Lewandowski et al. (2019) also found that the incidence of workers who 

eport “working physically for a long period ” is implausibly high in the US. This 

ay suggest that the US workers have interpreted this question as a question 

bout long working hours, rather than as a question about performing physically 

emanding tasks. 

 

f  

t  

l  

d  

d  
 𝑁 𝑇 𝑖 
𝑐 
= 

∑
𝑗∈𝐼𝑆𝐶𝑂 

(
𝛼𝑗,𝑐 − 𝛼𝑗 

)(
𝑡 𝑖 
𝑗,𝑐 

− 𝑡 𝑖 
𝑗 

)
, (4)

hereby: 

• 𝑡 𝑖 
𝑗,𝑐 

and 𝑡 𝑖 
𝑗 

are the average values of task content i for workers in

occupation j in country c , and on average across all countries in the

sample, respectively; 

• 𝛼𝑖 
𝑗,𝑐 

and 𝛼𝑖 
𝑗 

are the shares of workers within occupation j in total

employment in country c , and on average across all countries in the

sample, respectively; 

• ISCO is the set of three-digit ISCO-08 occupations. 

Moreover, to assess the contribution of each factor to the cross-

ountry variance of T i , we use the covariance-based decomposition pro-

osed by Morduch and Sicular (2002). For instance, the contribution

f the between-occupation factor to the variance of RTI is defined as

ollows: 

𝑖 
𝐵𝑂 

= 

𝑐𝑜𝑣 
(
𝐵𝑂 

𝑖 
𝑐 
, 𝑇 𝑖 

𝑐 
, 
)

𝑣𝑎𝑟 
(
𝑇 𝑖 
𝑐 
, 
) , (5)

nd in the same way as for the within-occupation and interaction effects.

he results of the shift-share decomposition are presented in Figure 2 ,

nd the results of the covariance-based decomposition are presented in

able 5 . 

We find that the cross-country differences in PIAAC tasks mainly

tem from differences in the average tasks contents within particular oc-

upations defined at detailed, three-digit ISCO levels ( Figure 2 ). About

wo-thirds of the cross-country differences in the prevalence of abstract

nd routine tasks, and as much as 90% of the cross-country differences

n the prevalence of manual tasks, can be attributed to the within-

ccupation effect ( Table 5 ). 

Moreover, the between- and within-occupation country effects are

trongly correlated across countries for abstract (0.43) and routine

0.40) tasks. The correlation for manual tasks is virtually zero (0.04),

ut it turns positive (0.19) if two countries with spurious results for

anual tasks (New Zealand and the US) are removed from the sam-

le. These findings indicate that countries with above-average shares

f occupations rich in particular tasks also tend to have above-average

ntensities of these tasks within occupations, in line with the Roy-type

odel of allocation of tasks (Autor, 2013). For O 

∗ NET-based tasks, the

ross-country differences are almost entirely driven by differences in the

ccupational structures at a finer disaggregation level ( Figure A.1 and

able A.2 in the Annex ). 

.3. Tasks and other development and institutional variables across 

ountries 

In order to shed light on the factors related to the cross-country dif-

erences in task values, we start by performing an exploratory analysis

hat examines the average task values in relation to relevant country-

evel variables. Figure 3 plots these average task values against four

ifferent variables: log GDP per capita in USD PPP (to track economic

evelopment), numeracy skills (to track human capital, derived from
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Note: Shift-share decomposition of differ- 
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sample average, based on three-digit ISCO 

occupations. 
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Data: All variables are demeaned at the country average. Own calculations for data on abstract tasks. Data on 
numeracy are based on the PIAAC test. Data on ICT capital stock were collected by Eden and Gaggl (2020). Data 
on employment protection legislation are derived from OECD Labour statistics. 
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Fig. 3. Abstract and manual tasks country average and other relevant development measures across countries. 

Data: All variables are demeaned at the country average. Own calculations for data on abstract tasks. Data on numeracy are based on the PIAAC test. Data on ICT 

capital stock were collected by Eden and Gaggl (2020) . Data on employment protection legislation are derived from OECD Labour statistics. 
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14 We do so because of the high correlation between task measures at the 

worker and occupation levels, which would cause collinearity issues, and would 

hamper interpretation of the coefficients. 
15 We only include numeracy skills because these skills have a higher predic- 

tive power regarding wages, and because there is a strong correlation between 

numeracy and literacy cognitive skills. 
16 For abstract tasks, individual positive returns are lower than they are in AH 
IAAC data), ICT capital stock per worker (to track technological devel-

pment, derived from Eden and Gaggl (2020) ) and employment legisla-

ion protection (to introduce a measure of labour institutions, following

roecke et al. (2016) 12 ). Given the high cross-country negative corre-

ation (-0.88) between levels of abstract and routine tasks, the cross-

ountry comparisons for routine tasks are reported in Figure A.2 in the

nnex . Moreover, a complete set of correlations between average levels

f tasks and key country-level variables is displayed in Table A.2 in the

nnex . 

The average levels of abstract tasks performed by workers are pos-

tively correlated with all dimensions displayed in Figure 3 , except for

he strictness of employment legislation protection (EPL). In particular,

igher levels of abstract tasks are performed by workers in countries

ith higher GDP (the cross-country partial correlation of 0.74, square

oot of R-2 of 0.543 in Figure 3 ), in countries with higher ICT capital

tock per worker (correlation 0.58, square root of R-2 0.34), in countries

ith higher average numeracy skills (correlation 0.21, square root of R-

 0.04), and in countries with less restrictive employment protection

egislation (correlation 0.52, square root of R-2 0.27). 13 On the other

and, the average levels of manual tasks are negatively correlated with

ll four factors (although the correlation is weak in all four cases, with

-2 being between 0.1 and 0.22, and, hence, the correlation being be-

ween 0.3 and 0.47). Finally, the strictness of EPL correlates negatively

ith abstract and manual task levels across countries. 

. Task Prices 

In this section, we examine the empirical relationship between task

rices and wages across countries. We start by conducting a descriptive

nspection of the cross-country differences in the relationship between

ask endowments and wages. This will help us understand later what is

ehind the cross-country differentials in task prices. 

Figure 4 plots the cross-country differences in task endowments and

verage wages (USD PPP). For wages, two clusters can be distinguished.

he first cluster, which includes the Anglo-Saxon countries, the Nordic

ountries, the Western European countries, as well as Spain and Italy,

as higher average wages than the other cluster, which includes Eastern

uropean countries as well as Greece and Chile. There is a clear posi-

ive relationship between the average level of wages and the average

alue of abstract tasks, and a negative relationship between wages and

outine tasks. For manual tasks, the relationship is negative but weaker

or routine tasks, mainly because some high-wage countries like the US,

reat Britain, New Zealand, and Denmark have positive levels of manual

asks. 

.1. Task prices – Basic Empirical Approach 

The wage data reported in the PIAAC corresponds to hourly earnings

ith bonuses for wage and salary earners. Moreover, for consistent com-

arisons, we use the conversion data to $USD, corrected in purchasing

ower parity (PPP), constructed by the OECD. Following AH, we start

y estimating a linear model for each of the tasks for the pool for the 19
12 We follow Broecke et al. (2016) , and consider three different measures of 

abour institutions (minimum wage, strictness of employment legislation pro- 

ection and union density). The cross-country correlation with task measures 

s included for all three dimensions in Table A.2 in the Annex . We include an 

mployment legislation protection variable in Figure 3 , as it is the one that has 

he highest explanatory value of the task measures across countries. 
13 For numeracy skills, the relationship is weaker than it is for the other vari- 

bles. This may be related to the presence of outliers such as Japan and Slovakia 

which have much higher numeracy skills relative to the level of abstract tasks) 

r Great Britain and the United States (which have much lower numeracy skills 

elative to the level of abstract tasks). 

(

i

r

t

r

a

9

c

q

i

i

(

(

ountries in our sample 14 ( 𝐣 = 1 …19 ) . 

𝑜𝑔 𝑊 𝑖𝑗 = 𝛼 + 
∑
𝑚 

𝛽1 𝑚 𝑋 

𝑚 
𝑖𝑗 
+ 
∑
𝑛 

𝛽2 𝑛 𝑍 

𝑛 
𝑖𝑗 
+ 

𝑘 ∑
1 
𝛽3 𝑘 𝑇 𝑎𝑠𝑘 

𝑘 
𝑖𝑗 
+ 

𝑘 ∑
1 
𝛽4 𝑘 𝑇 𝑎𝑠𝑘 

𝑘 
𝑖𝑗 
+ 𝛿𝑗 + 𝜀 𝑖𝑗 (6)

here Log W ij denotes the hourly log-wage of individual i in country j ,

 

𝑚 
𝑖𝑗 

capture the vector of m individual worker characteristics, such as

ender, age or level of education. But more importantly, it is a compa-

able measure of individual ability approximated by the individual test

cores of numeracy skills 15 . 𝑍 

𝑛 
𝑖𝑗 

includes the pool of n job characteris-

ics (public or private firm, firm size, and on-the-job training. Finally,

 𝑎𝑠𝑘 𝑘 
𝑖𝑗 

captures the value (intensity) for each specific task k (abstract,

outine and manual) that each worker reports performing in his/her

ork. Additionally, to net out the pure individual job task prices from

he association between job tasks and occupations, we also include the

verage mean of each task k at occupation-country level 𝑇 𝑎𝑠𝑘 𝑘 
𝑖𝑗 

. This is

 leave-out mean, representing the average intensity of the k-th task for

ll workers from a particular country in each occupation except for the

-th worker. 

Task price regressions are displayed in Tables 6 and Table A.4 in the

nnex . In Table 6 , we include the three tasks together as explanatory

ariables, as well as individual- and occupational-level task variables.

olumn 1 of Table 6 replicates the AH model. In the second specifica-

ion (column 2), we additionally control for numeracy skills, given the

redictive power of this variable for wages. Information on these skills is

vailable in the PIACC data, but not in the PDII survey data used by AH.

esults from column 1 indicate similarities with respect to the sign and

he size of effects of AH (see Table 6 , column 4 of AH) 16 . Abstract prices

re positive and routine, and manual prices are negative. Furthermore,

he magnitude of these prices is higher when they are introduced jointly

n the estimation than when they are introduced separately ( Table A.4 ).

his might be due to a collinearity of the task variables. 

Two additional key findings emerge from comparing column 1

nd column 2 of Table 6 . First, the magnitude of the individual- and

ccupation-level task price is slightly reduced (by around 10-20%). This

uggests that the estimates of task prices based on data that have no mea-

ures of workers’ abilities or skills may be too high. Second, while the im-

act of tasks is smaller, it remains significant, which highlights the value

f the task framework in explaining within- and between-occupational

age differences. 

Finally, in terms of individual returns, a gender wage gap is observed,

long with an increase of returns with age, level of education, on-the-

ob training, firm size, ICT use at work 17 , and numeracy skills. However,

he effects of key socio-demographic characteristics (like gender, level of

ducation) are also reduced by controlling for workers’ numeracy skills.
2% vs 9% per s.d. of task); occupational-level returns are higher than they are 

n AH (12% vs 7% per s.d. of task), and the aggregate effects are similar. For 

outine tasks, individual returns are negative and significant (3% per s.d. of 

ask), whereas in AH, the effects are not significant and the occupational-level 

eturns are not significant. For manual tasks, individual returns are negative and 

mount to a 4% per standard deviation of manual tasks, slightly lower than the 

% in AH. The occupation-level effect is not significant, as in AH. 
17 The variable ICT at work is taken from the PIACC database. It is the first 

omponent derived from a principal component analysis of the following PIACC 

uestionnaire items: (i) “Do you use the internet in order to better understand 

ssues related to your work? ” (G_Q05C); (ii) “Do you conduct transactions on the 

nternet? ” (G_Q05D); (iii) “Do you use spreadsheet software, for example Excel? ”

GQ05E); (iv) “Do you participate in real time discussions on the internet? ”

G_Q05H). 
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Data: All variables are demeaned at the country average. 
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Fig. 4. Tasks and wages across countries. 

Data: All variables are demeaned at the country average. 
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Table A.4 in the Annex displays log wage estimations that include

ach task separately, with and without task averages at the country-

ccupation level 18 . As in Table 6 , the abstract prices are positive and

outine, and the manual prices are negative (although the relationship

etween wages and manual tasks is weaker). When we control for the

ask measures averaged at the country-occupational level, the estimated

ask prices decrease by 50% for abstract tasks, by 70% for routine tasks,

nd by 30% for manual tasks. These findings confirm the observation,

lso reported by AH, that individual-level task prices are to some ex-

ent driven by the occupational selection of workers with a comparative

dvantage in performing particular tasks. 

Moreover, the differences in the task prices across countries are no-

iceable. To illustrate these differences, we include an interaction term

f country dummies and individual task measures in equation (6) . The

esults are reported in Table A.5 in the Annex for each task model,

ith our main specification including task values across country-level

ccupations (columns 2, 4, 6 of Table 6 ). Abstract tasks provide posi-

ive returns for all countries in the sample except Belgium, Denmark,

reece and Norway; whereas manual tasks provide negative returns for

ll countries in the sample except Belgium and Denmark. Although the

verage return for routine tasks is negative, the returns are positive (al-

hough small) for five countries, and are strongly positive (eight per cent

er task s.d.) for the Czech Republic. More importantly, the differences

n the returns across countries are large in magnitude: i.e., the standard

eviation of returns is more relevant than the mean return across coun-

ries. 

.2. Accounting for cross-country differences in task prices 

To dig deeper into the observed differences in task prices across

ountries, we follow Hanushek et al. (2015) by adapting the pooled

odel to account for cross-country differences in task prices. While

anushek et al. (2015) aimed to capture differences in returns to skills,

e aim to capture differences in task prices. We estimate the country-

pecific task prices (one for each task), approximated by the interaction

f the individual task prices with different country-level variables, in

rder to establish stylised facts related to task prices across countries.
18 As a robustness check, we re-estimated the model including only full-time 

orkers. Although the results are not reported, they exhibit the same patterns 

s those displayed in Table A.4 . They are available upon request. 

r

e

ormally, we estimate a log-wage equation pooled model, where in addi-

ion to all variables previously included as well as country fixed effects,

e consider the interaction term between a country-level covariate Δ𝑖𝑘 

reflecting different measures 𝑙 = 1 …𝑚 of country development and in-

titutions) and worker-level task measures, with 𝛽5 lk being the interac-

ion coefficient of interest for each country-level variable l and each task

 . 

𝐿𝑜𝑔 𝑊 𝑖𝑗 = 𝛼 + 

∑
𝑚 

𝛽1 𝑚 𝑋 

𝑚 
𝑖𝑗 
+ 

∑
𝑛 

𝛽2 𝑛 𝑍 

𝑛 
𝑖𝑗 
+ 

𝑘 ∑
1 

𝛽3 𝑘 𝑇 𝑎𝑠𝑘 
𝑘 
𝑖𝑗 

+ 

𝑘 ∑
1 

𝛽4 𝑘 𝑇 𝑎𝑠𝑘 
𝑘 
𝑖𝑗 
+ 𝑇 𝑎𝑠𝑘 𝑘 

𝑖𝑗 
∗ Δ𝑙𝑘 + 𝛿𝑗 + 𝜀 𝑖𝑗 (7) 

The country-level variables reflect a broad set of dimensions of devel-

pment, including human capital (numeracy skills), income, ICT capital

tock per worker, and labour market institutions (the same as the dimen-

ions used in Section III). We also consider average task endowments at

he country level (abstract, routine, manual). All the country-level vari-

bles are demeaned relative to the international average across coun-

ries, which allows for a better understanding of the variation in task

rices across countries through differences in country contexts (always

elative to the mean country value). Table 7 presents the results of such

n interaction effect captured by 𝛽5 lk in equation (7) for each combina-

ion of tasks 𝑘 = 1 , 2 , 3 at the individual level. A positive (negative) sign

f our coefficient of interest 𝛽5 lk means that the higher the country en-

owment in a specific task or development variable, the higher (lower)

he price of such a task 19 . 

First, we find that the interactions between abstract task prices and

evelopment level, numeracy skills and ICT capital stock are negative,

ttenuating the positive effect of development level and ICT capital stock

er worker. For routine and manual tasks, the interactions with GDP and

CT capital stock per worker are positive. This finding indicates that a

igher development level and higher ICT capital stock attenuate to some

xtent the direct negative price workers receive for performing these

asks. 

Second, we find evidence that the cross-country differences in labour

arket institutions are associated with the cross-country differences in
19 Given that Table 7 is an extension of the model for which the estimation 

esults are reported in Table 6 , only the interaction effects are reported. Full 

stimation results are available upon request. 
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Table 6 

Estimation of task prices – log wage regressions. 

AH (2013) AH (2013) + Numeracy Skills 

Abstract 0.0255 ∗ ∗ ∗ 0.0241 ∗ ∗ ∗ 

(0.00476) (0.00669) 

Abstract (Occupation level) 0.130 ∗ ∗ ∗ 0.122 ∗ ∗ ∗ 

(0.0119) (0.0186) 

Routine -0.0240 ∗ ∗ ∗ -0.0227 ∗ ∗ ∗ 

(0.00440) (0.0063) 

Routine (Occupation level) -0.00114 -0.00008 

(0.0118) (0.0146) 

Manual -0.0411 ∗ ∗ ∗ -0.0382 ∗ ∗ ∗ 

(0.00375) (0.0052) 

Manual (Occupation level) 0.0193 ∗ ∗ ∗ -0.0229 ∗ ∗ 

(0.00711) (0.0094) 

Male 0.175 ∗ ∗ ∗ 0.165 ∗ ∗ ∗ 

(0.00582) (0.0071) 

Upper-secondary -0.0548 ∗ ∗ ∗ 0.0348 ∗ ∗ ∗ 

(0.00905) (0.0123) 

Post-secondary or tertiary professional 0.0556 ∗ ∗ ∗ 0.0832 ∗ ∗ ∗ 

(0.00874) (0.0145) 

Tertiary (bachelor’s/master’s degree) 0.194 ∗ ∗ ∗ 0.210 ∗ ∗ ∗ 

(0.00830) (0.017) 

30-34 0.0764 ∗ ∗ ∗ 0.0774 ∗ ∗ ∗ 

(0.00977) (0.0106) 

35-40 0.142 ∗ ∗ ∗ 0.143 ∗ ∗ ∗ 

(0.00982) (0.0104) 

40-44 0.184 ∗ ∗ ∗ 0.188 ∗ ∗ ∗ 

(0.00974) (0.0104) 

45-49 0.186 ∗ ∗ ∗ 0.191 ∗ ∗ ∗ 

(0.00985) (0.0226) 

50-54 0.187 ∗ ∗ ∗ 0.195 ∗ ∗ ∗ 

(0.0102) (0.0226) 

On-the-job training 0.0433 ∗ ∗ ∗ 0.0411 ∗ ∗ ∗ 

(0.00608) (0.0085) 

Private sector 0.0132 ∗ 0.011 

(0.00687) (0.0121) 

Firm size: 1-10 workers -0.132 ∗ ∗ ∗ 0.0925 ∗ ∗ ∗ 

(0.00828) (0.0162) 

Firm size: 11-50 workers -0.0372 ∗ ∗ ∗ 0.128 ∗ ∗ ∗ 

(0.00757) (0.0157) 

Firm size: 251-1000 workers 0.0677 ∗ ∗ ∗ 0.195 ∗ ∗ ∗ 

(0.00972) -0.018 

Firm size: More than 1000 workers 0.115 ∗ ∗ ∗ 0.242 ∗ ∗ ∗ 

(0.0113) (0.02) 

ICT use at work 0.0583 ∗ ∗ ∗ 0.0531 ∗ ∗ ∗ 

(0.00412) -0.0051 

Numeracy skills 0.00095 ∗ ∗ ∗ 

-0.00016 

Country fixed effects Yes Yes 

Constant 2.549 ∗ ∗ ∗ 2.15 ∗ ∗ ∗ 

(0.0171) -0.036 

Observations 37607 37607 

R-squared 0.461 0.463 

Note s: Data reflects log hourly earnings, including bonuses for wage and salary earn- 

ers, in PPP-corrected USD$. We exclude earnings below USD$1 and above USD$150. 

All regressions cluster standard errors at the occupation level. Regressions have been 

conducted using complex sampling weights (weighted so that countries are weighted 

equally), and have been conducted for all plausible values for numeracy skills. 
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ask prices. For union coverage and EPL, there are significant negative

nteractions with abstract task prices, and positive interactions with

outine and manual task prices. No relationship is found between the

inimum wage (relative to the median wage of full-time workers) and

ask prices across countries. Although we do not attempt to provide any

ausal interpretation of these results, they are consistent with the ob-

ervation that unions tend to compress the wage distribution. They are

lso consistent with the finding of Hanushek et al. (2015) that higher

evels of unionisation are associated with lower returns to skills. It thus

ppears that wherever union coverage and EPS are high, the prices of

ighly qualified tasks (abstract) are likely to be relatively low, whereas

he prices of less qualified tasks (routine and manual) are likely to be
p  
elatively high. Still, this is a tentative interpretation which should be

aken with caution. 

In order to ascertain the magnitude of the relationship between task

rices and country, we estimate a pooled model controlling for key

ountry-level institutional variables (column 10 of Table 7 ). We find

hat EPL remains significant for all three tasks (negative for abstract

asks, and positive for routine and manual tasks). Union coverage is

lso negatively associated with abstract tasks prices. Finally, ICT capital

tock is negatively (positively) associated with abstract (manual) task

rices, whereas the level of numeracy is positively associated with rou-

ine tasks. 

Next, to assess the economic significance of these effects, we com-

ute counterfactual simulations in the vein of Hanushek et al. (2015) by
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Table 7 

Accounting for differences in returns to tasks across countries. 

Abstract Tasks 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Average Return 0.033 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.031 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.032 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.033 ∗ ∗ ∗ 0.019 ∗ ∗ ∗ 

∗ Log GDP PC -0.055 ∗ ∗ ∗ 0.077 
∗ Numeracy -0.045 ∗ ∗ ∗ -0.032 
∗ ICT Capital Stock -0.002 ∗ ∗ ∗ -0.005 ∗ ∗ 

∗ Minimum Wage 0.030 -0.037 
∗ EPL -0.042 ∗ ∗ ∗ -0.037 ∗ ∗ ∗ 

∗ Union Coverage -0.149 ∗ ∗ ∗ -0.071 ∗ ∗ ∗ 

∗ Abstract Tasks -0.016 
∗ Routine Tasks 0.000 
∗ Manual Tasks 0.042 ∗ ∗ ∗ 

Routine Tasks 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Average Return -0.025 ∗ ∗ ∗ -0.025 ∗ ∗ ∗ -0.021 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ -0.024 ∗ ∗ ∗ -0.025 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ -0.012 ∗ ∗ ∗ 

∗ Log GDP PC 0.061 ∗ ∗ ∗ -0.069 
∗ Numeracy 0.066 ∗ ∗ ∗ 0.076 ∗ ∗ ∗ 

∗ ICT Capital Stock 0.002 ∗ ∗ ∗ 0.004 
∗ Minimum Wage -0.091 0.056 
∗ EPL 0.031 ∗ ∗ ∗ 0.021 ∗ ∗ 

∗ Union Coverage 0.111 ∗ ∗ ∗ 0.013 
∗ Abstract Tasks 0.039 ∗ ∗ 

∗ Routine Tasks -0.010 
∗ Manual Tasks -0.019 

Manual Tasks 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Average Return -0.030 ∗ ∗ ∗ -0.030 ∗ ∗ ∗ -0.032 ∗ ∗ ∗ -0.030 ∗ ∗ ∗ -0.032 ∗ ∗ ∗ -0.030 ∗ ∗ ∗ -0.030 ∗ ∗ ∗ -0.029 ∗ ∗ ∗ -0.033 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ 

∗ Log GDP PC 0.043 ∗ ∗ ∗ -0.066 
∗ Numeracy 0.035 ∗ ∗ 0.021 ∗ ∗ ∗ 

∗ ICT Capital Stock 0.002 ∗ ∗ ∗ 0.005 
∗ Minimum Wage 0.003 0.022 
∗ EPL 0.039 ∗ ∗ ∗ 0.037 ∗ ∗ 

∗ Union Coverage 0.085 ∗ ∗ ∗ 0.020 
∗ Abstract Tasks -0.017 
∗ Routine Tasks -0.006 
∗ Manual Tasks -0.085 ∗ ∗ ∗ 

Country Fixed Effects Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Countries 19 19 18 16 19 19 19 19 19 16 

Observations 37607 37607 35746 29833 37607 37607 37607 37607 37607 29833 

Note s: Only country-level interaction terms (added with the average effect) are included, with the United States being the country of reference (and, 

hence, having an interaction term equal to zero). The model for ICT capital stock includes all countries but Lithuania, for which no data are available. The 

model for minimum wage includes all countries but Denmark, Italy and Norway; i.e., countries that have no national minimum wages. All regressions 

cluster standard errors at the occupation level. Regressions have been conducted using complex sampling weights (weighted so that countries are 

weighted equally) and conducted for all plausible values for numeracy skills. 
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ultiplying the estimated partial correlation coefficient (column 10) by

ifferences in particular variables between countries in our dataset. For

nstance, the recorded differences in ICT capital stock per worker trans-

ate into noticeable variation in abstract task prices, ranging from the

inimum of -0.08 in Chile to the maximum of 0.05 in Norway. Simi-

arly, for labour market institutions, abstract task prices conditional on

PL values range from -0.01 (Belgium) to 0.06 (US), and returns to ab-

tract tasks depending on union coverage vary from -0.01 (Denmark) to

.03 (France). 

Finally, we find some evidence that the more abundant particular

asks in the country are, the higher the individual prices workers re-

eive for performing the other tasks. In particular, the returns for per-

orming abstract tasks are higher in countries with higher manual task

ndowments, whereas returns for performing routine tasks are higher

n countries with higher abstract task endowments. For manual tasks,

here is a negative relationship between manual task returns and task

ndowments. Overall, the less prevalent manual tasks are, the higher

he prices associated with performing them are. 

. Conclusion 

This paper has addressed the empirical relationship between job

asks and wages for a harmonised sample of 19 developed countries. The

rst empirical evidence on such a relationship was based on occupation-
evel data. However, Spitz-Oener (2006) , and, more recently, Autor and

andel (2013) using worker-level data, documented substantial hetero-

eneity in job contents within even detailed occupations. These findings

ncouraged the use of workplace-level data rather than occupational-

ased data to measure job contents/tasks, especially if the aim is to

rovide a precise estimation of task prices. 

Building on these findings, we used individual information on job

asks to explore, first, cross-country differences in task endowments.

 second and more important aim of our study was to assess the link

etween tasks and wages by estimating task prices in a cross-country

etting and exploring their potential drivers. We did so by using the

rogramme for the International Assessment of Adult Competencies (PI-

AC), a survey that provides harmonised information across countries,

nd contains very precise information on job contents at the worker

evel. Moreover, as the PIAAC contains information on individual nu-

eracy and literacy cognitive skills, it provides excellent controls of

ndividual skills for the interpretation of task prices. 

We constructed three task measures: abstract, routine and manual

asks. We then compared our choices and method of aggregation with

hose previously constructed using the PIAAC dataset. Additionally, we

alidated our measures with those previously constructed at the occu-

ation level for the US (O 

∗ NET), as well as with those constructed by

utor and Handel (2013) from the PDII dataset (for the US). The task

ontent measures based on the PIAAC data showed that the international
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ifferences in tasks are larger than those suggested by O 

∗ NET-based task

easures, with the differences between countries being entirely driven

y the differences in occupational structures. Using a shift-share analy-

is, we found that the cross-country differences in the PIAAC tasks stem

ainly from differences in the average task contents within particular

ccupations, defined at a detailed, three-digit ISCO levels (about 100 oc-

upations). Additionally, when relating task disparities across countries

ith variables that reflect country development, such as GDP per capita,

CT capital stock per worker or numeracy skills, we found that abstract

asks correlated positively with the development level of a country, the

CT capital stock and the numeracy skills of workers. 

For the estimation of task prices, we estimated a log (hourly) wage

odel in which the main covariate was the task (abstract, routine or

anual) endowment. First, we pooled all countries together and con-

rolled for the usual demographic and job variables, as well as for indi-

idual cognitive skills (particularly numeracy skills) in order to control

or usually unobserved ability. Conditional on this process, the prices of

asks must be seen as being mostly driven by demand factors. We found

hat within occupations, a one-standard-deviation increase in abstract

asks was related to a 3.3-log-point wage premium. For routine tasks,

he individual (within occupations) prices for performing routine tasks

ere associated with a 2.6-log-point wage decrease for each standard

eviation of routine tasks. Finally, for manual tasks, our results showed

 2.9-log-point wage decrease per standard deviation of manual tasks. 

In order to account for cross-country differences in task prices, we es-

imated models with interactions between the individual task prices (rel-

tive to the US) and the country-level key covariates. We found a neg-

tive relationship between task prices and the task endowment, which

ighlights the importance of supply-and-demand factors in the deter-

ination of task prices. Additionally, the interactions between the task

rices and the country-level key covariates were sizable. In particular,

he relationships between the abstract task prices and the development

evel and the ICT capital stock were negative, attenuating the positive

ffects of the development level and the ICT capital stock. For routine

nd manual tasks, the interactions with GDP and ICT capital stock were

ositive, which showed that a higher development level and higher ICT

apital stock attenuated to some extent the direct negative returns to

hese tasks. Additionally, we found significant negative interactions be-

ween union coverage and EPS and abstract task prices, and positive

nteractions between union coverage and EPS and routine task prices.

lthough we do not attempt to offer any causal interpretation of these

esults, they are consistent with the observation that unions tend to com-

ress the wage distribution. By contrast, we found that the effect of the

inimum wage was negligible once the other labour market institutions

ere included. 
From a policy perspective, this study contributes to fundamental pol-

cy discussions on issues such as the effects of technological change

nd automation on the job content of workers, and their implications

or wages. This issue will be at the core of social sciences in the com-

ng decades. Our paper provides a consistent and promising avenue of

uture research on the impact of technological change on the labour

arkets from an international perspective, which can be pursued when

he second or third waves of PIAAC (or national longitudinal stud-

es) data are implemented worldwide. Moreover, our findings confirm

he importance of collecting worker-level information of job activities

nd habits (already discussed in previous studies for the US and Ger-

any), and, hence, the need to complement occupation-level analysis

ith individual-level data. 

nnex 

Table A.1 

Descriptive statistics of task measures. 

Abstract Routine Manual 

Max 2.88 2.09 1.11 

Minimum -1.51 -1.80 -1.69 

Median 0.04 -0.20 -0.29 

Mean 0.00 0.00 0.00 

Standard deviation 1.00 1.00 1.00 

Number of observations 37,607 37,607 37,607 

Number of cells 2,163 1,952 9 

Number of observations per cell (average) 

Average 17.39 19.27 4178.56 

Median 3 3 2404 

Minimum 1 1 1165 

Maximum 3575 1742 11557 

Table A.2 

Decomposition of cross-country variance in the average values 

of O 

∗ NET-based tasks. 

Abstract Routine Manual 

Cross-country variance tasks 0.037 0.015 0.028 

Contribution of (in %) 

Within-occupation effect 7.7% 20.6% 4.3% 

Between-occupation effect 82.8% 76.8% 87.7% 

Interaction 9.5% 2.6% 8.0% 

Notes : Contributions calculated in line with equations (1) –(5) . 
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Fig. A.1. The shift-share decomposition of cross-country differences in tasks according to O 

∗ NET-based task measures 

Note: Shift-share decomposition of differences between particular countries and the sample average, based on three-digit ISCO occupations. 



S.D.L. Rica, L. Gortazar and P. Lewandowski Labour Economics 65 (2020) 101845 

BELCHL

CZE

DNK

ESP
FRA

GBR

GRC

ITAJPN
KORLTU

NLD

NOR

NZL

POL

SVK
SVN

USAy = -0.4738x - 8E-09
R² = 0.6122

-0.50
-0.40
-0.30
-0.20
-0.10
0.00
0.10
0.20
0.30
0.40
0.50

-0.80 -0.60 -0.40 -0.20 0.00 0.20 0.40 0.60 0.80

Ro
u�

ne
 T

as
ks

Log Wage (PPP USD)

Rou�ne Tasks and Log Wage (PPP USD)

BELCHL

CZE

DNK

ESP
FRA

GBR

GRC

ITA JPN
KORLTU

NLD

NOR

NZL

POL

SVK

SVN

USA
y = -0.1255x - 8E-09

R² = 0.0389

-0.50

-0.40

-0.30

-0.20

-0.10

0.00

0.10

0.20

0.30

0.40

0.50

-1.50 -1.00 -0.50 0.00 0.50 1.00

Ro
u�

ne
 T

as
ks

Numeracy skills

Rou�ne Tasks and Numeracy skills

BELCHL

CZE

DNK

ESP
FRA

GBR

GRC

ITAJPN
KOR

NLD

NOR

NZL

POL

SVK
SVN

USA

y = -0.023x - 0.0086
R² = 0.365

-0.50
-0.40
-0.30
-0.20
-0.10
0.00
0.10
0.20
0.30
0.40
0.50

-10.00 -5.00 0.00 5.00 10.00 15.00 20.00

Ro
u�

ne
 T

as
ks

ICT Capital Stock

Rou�ne Tasks and ICT Capital Stock

BELCHL

CZE

DNK

ESP
FRA

GBR

GRC

ITAJPN
KORLTU

NLD

NOR

NZL

POL

SVK
SVN

USA

y = 0.2058x - 0.4656
R² = 0.2279

-0.50
-0.40
-0.30
-0.20
-0.10
0.00
0.10
0.20
0.30
0.40
0.50

0.00 1.00 2.00 3.00 4.00

Ro
u�

ne
 T

as
ks

Employment Protec�on Legisla�on

Rou�ne Tasks and Employment 
Protec�on Legisla�on

Fig. A.2. Routine tasks and other relevant development measures across countries. 

Data: All variables are demeaned at the country average. Own calculations for data on abstract tasks. Data on numeracy are based on the PIAAC test. Data on ICT 

Capital Stock were collected by Eden and Gaggl (2020) . Data on employment protection legislation are derived from OECD Labour statistics. 

Table A.3 

Cross-country correlations of task endowments. 

Abstract Routine Manual 

Log Wage 

(PPP USD) 

Log GDP pc 

(PPP USD) 

Literacy 

score 

Numeracy 

score 

ICT Capital 

Stock 

Minimum 

wage 

(relative to 

median) 

Employment 

protection 

legislation 

Union 

Coverage 

(%) 

Abstract 1 -0.88 0.11 0.74 0.63 0.35 0.21 0.58 0.07 -0.52 0.38 

Routine - 1 -0.05 -0.78 -0.65 -0.33 -0.20 -0.60 -0.03 0.48 -0.47 

Manual - - 1 -0.40 -0.42 -0.43 -0.41 -0.33 0.31 -0.47 -0.18 

Log wage (PPP USD) - - - 1 0.88 0.48 0.36 0.77 -0.14 -0.20 0.53 

Log GDP pc (PPP USD) - - - - 1 0.61 0.56 0.92 -0.32 -0.03 0.52 

Literacy score - - - - - 1 0.93 0.42 -0.56 -0.05 0.16 

Numeracy score - - - - - - 1 0.40 -0.53 0.19 0.36 

ICT capital stock - - - - - - - 1 -0.28 -0.03 0.54 

Minimum wage 

(relative to median) 

- - - - - - - - 1 -0.05 0.07 

Employment 

protection legislation 

- - - - - - - - - 1 0.22 

Union Coverage (%) - - - - - - - - - - 1 

Data: All variables are demeaned at the country average. Own calculations for data on abstract tasks. Data on numeracy are based on the PIAAC test. Data on ICT 

capital stock were collected by Eden and Gaggl (2020) . Data on employment legislation protection and minimum wage are derived from OECD Labour statistics. 

Data from union coverage are derived from ILO statistics. 
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Table A.4 

Estimation of task prices (separately by task) – log-wage regressions. 

Abstract Routine Manual 

Task price 0.0639 ∗ ∗ ∗ 0.0331 ∗ ∗ ∗ -0.0508 ∗ ∗ ∗ -0.026 ∗ ∗ ∗ -0.0355 ∗ ∗ ∗ -0.0295 ∗ ∗ ∗ 

(0.00515) -0.00464 -0.00402 -0.00448 -0.00474 -0.00505 

Task price (occupation level) 0.129 ∗ ∗ ∗ -0.112 ∗ ∗ ∗ -0.0224 ∗ ∗ ∗ 

(0.0128) (0.0119) (0.0083) 

Male 0.160 ∗ ∗ ∗ 0.162 ∗ ∗ ∗ 0.169 ∗ ∗ ∗ 0.174 ∗ ∗ ∗ 0.176 ∗ ∗ ∗ 0.177 ∗ ∗ ∗ 

(0.00738) (0.00734) (0.00761) (0.0077) (0.00786) (0.0078) 

Upper-secondary 0.0468 ∗ ∗ ∗ 0.0374 ∗ ∗ ∗ 0.0475 ∗ ∗ ∗ 0.041 ∗ ∗ ∗ 0.06 ∗ ∗ ∗ 0.0559 ∗ ∗ ∗ 

(0.0118) (0.012) (0.0123) (0.0124) (0.0118) (0.0121) 

Post-secondary or tertiary professional 0.116 ∗ ∗ ∗ 0.0888 ∗ ∗ ∗ 0.119 ∗ ∗ ∗ 0.0971 ∗ ∗ ∗ 0.131 ∗ ∗ ∗ 0.129 ∗ ∗ ∗ 

(0.0132) (0.014) (0.0141) (0.0145) (0.0136) (0.014) 

Tertiary (bachelor’s/master’s degree) 0.274 ∗ ∗ ∗ 0.223 ∗ ∗ ∗ 0.28 ∗ ∗ ∗ 0.239 ∗ ∗ ∗ 0.289 ∗ ∗ ∗ 0.284 ∗ ∗ ∗ 

(0.0125) (0.0159) (0.0127) (0.0144) (0.0131) (0.0137) 

30-34 0.0805 ∗ ∗ ∗ 0.0779 ∗ ∗ ∗ 0.083 ∗ ∗ ∗ 0.081 ∗ ∗ ∗ 0.084 ∗ ∗ ∗ 0.083 ∗ ∗ ∗ 

(0.011) (0.0101) (0.011) (0.0107) (0.011) (0.011) 

35-40 0.148 ∗ ∗ ∗ 0.145 ∗ ∗ ∗ 0.149 ∗ ∗ ∗ 0.148 ∗ ∗ ∗ 0.151 ∗ ∗ ∗ 0.15 ∗ ∗ ∗ 

(0.0101) (0.0103) (0.0099) (0.0102) (0.01) (0.01) 

40-44 0.196 ∗ ∗ ∗ 0.191 ∗ ∗ ∗ 0.193 ∗ ∗ ∗ 0.195 ∗ ∗ ∗ 0.199 ∗ ∗ ∗ 0.198 ∗ ∗ ∗ 

(0.0105) (0.0104) (0.00993) (0.0103) -0.0101 (0.0105) 

45-49 0.201 ∗ ∗ ∗ 0.194 ∗ ∗ ∗ 0.201 ∗ ∗ ∗ 0.197 ∗ ∗ ∗ 0.202 ∗ ∗ ∗ 0.201 ∗ ∗ ∗ 

(0.0127) (0.0128) (0.0013) (0.013) (0.013) (0.0126) 

50-54 0.207 ∗ ∗ ∗ 0.199 ∗ ∗ ∗ 0.208 ∗ ∗ ∗ 0.202 ∗ ∗ ∗ 0.208 ∗ ∗ ∗ 0.206 ∗ ∗ ∗ 

(0.0225) (0.0228) (0.0223) (0.0226) (0.0077) (0.0227) 

On-the-job training 0.0462 ∗ ∗ ∗ 0.0416 ∗ ∗ ∗ 0.0471 ∗ ∗ ∗ 0.044 ∗ ∗ ∗ 0.0609 ∗ ∗ ∗ 0.0609 ∗ ∗ ∗ 

(0.00838) (0.0087) (0.008) (0.0083) (0.00773) (0.0077) 

Private sector -0.00316 0.00823 -0.003 0.0125 -0.0101 -0.0086 

(0.0114) (0.012) (0.0119) (0.0121) (0.0113) (0.0114) 

Firm size: 1-10 workers 0.0918 ∗ ∗ ∗ 0.093 ∗ ∗ ∗ 0.0919 ∗ ∗ ∗ 0.0939 ∗ ∗ ∗ 0.094 ∗ ∗ ∗ 0.0939 ∗ ∗ ∗ 

(0.0161) (0.0162) -0.0162 (0.0163) (0.0162) (0.0162) 

Firm size: 11-50 workers 0.127 ∗ ∗ ∗ 0.129 ∗ ∗ ∗ 0.128 ∗ ∗ ∗ 0.132 ∗ ∗ ∗ 0.125 ∗ ∗ ∗ 0.125 ∗ ∗ ∗ 

-0.0167 (0.0168) (0.0168) (0.0169) (0.0164) (0.0116) 

Firm size: 251-1000 workers 0.191 ∗ ∗ ∗ 0.195 ∗ ∗ ∗ 0.195 ∗ ∗ ∗ 0.204 ∗ ∗ ∗ 0.186 ∗ ∗ ∗ 0.186 ∗ ∗ ∗ 

(0.0182) (0.0185) (0.0182) (0.019) (0.018) (0.0179) 

Firm size: More than 1000 workers 0.242 ∗ ∗ ∗ 0.243 ∗ ∗ ∗ 0.244 ∗ ∗ ∗ 0.252 ∗ ∗ ∗ 0.238 ∗ ∗ ∗ 0.248 ∗ ∗ ∗ 

(0.0201) (0.0202) (0.0204) (0.0207) (0.02) (0.02) 

ICT use at work 0.0779 ∗ ∗ ∗ 0.0601 ∗ ∗ ∗ 0.0885 ∗ ∗ ∗ 0.0753 ∗ ∗ ∗ 0.0958 ∗ ∗ ∗ 0.0913 ∗ ∗ ∗ 

-0.00453 -0.00479 (0.0038) -0.00387 -0.0038 (0.004) 

Numeracy skills 0.00115 ∗ ∗ ∗ 0.000998 ∗ ∗ ∗ 0.0012 ∗ ∗ ∗ 0.00101 ∗ ∗ ∗ 0.00118 ∗ ∗ ∗ 0.00116 ∗ ∗ ∗ 

(0.00014) -0.00016 (0.00014) -0.00015 -0.00015 -0.00015 

Country fixed effects Yes Yes Yes Yes Yes Yes 

Constant 2.082 ∗ ∗ ∗ 2.121 ∗ ∗ ∗ 2.073 ∗ ∗ ∗ 2.09 ∗ ∗ ∗ 2.08 ∗ ∗ ∗ 2.09 ∗ ∗ ∗ 

(0.0334) (0.0352) -0.0327 (0.0336) (0.0354) (0.0351) 

Observations 37607 37607 37607 37607 38,835 37607 

R-squared 0.456 0.462 0.456 0.46 0.453 0.454 

Note s: Data reflect log hourly earnings, including bonuses for wage and salary earners, in PPP-corrected USD$. We exclude 

earnings below USD$1 and above USD$150. All regressions cluster standard errors at the occupation level. Regressions have been 

conducted using complex sampling weights (weighted so that countries are weighted equally) and conducted for all plausible 

values for numeracy skills. 
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Table A.5 

Country-level returns from the interaction term between country- 

dummies and individual tasks. 

Abstract Tasks Routine Tasks Manual Tasks 

United States 0.067 -0.043 -0.107 

Belgium -0.028 0.019 -0.002 

Chile 0.103 -0.122 -0.064 

Czech Republic 0.004 0.083 -0.038 

Denmark -0.024 0.011 -0.001 

Spain 0.035 -0.047 -0.025 

France -0.001 0.000 -0.005 

Great Britain 0.061 -0.054 -0.048 

Greece -0.011 -0.012 -0.033 

Italy 0.003 -0.002 -0.011 

Japan 0.084 -0.048 -0.005 

Rep. Of Korea 0.075 -0.078 -0.054 

Lithuania 0.082 -0.069 -0.014 

Netherlands 0.026 -0.014 -0.024 

Norway 0.003 0.004 -0.001 

New Zealand 0.049 0.003 -0.090 

Poland 0.055 -0.044 -0.061 

Slovakia 0.026 -0.004 -0.047 

Slovenia 0.048 -0.033 -0.065 

Min -0.028 -0.122 -0.107 

Max 0.103 0.083 -0.001 

Mean 0.035 -0.024 -0.037 

SD 0.039 0.044 0.031 

SD/Mean 1.125 -1.874 -0.860 

Note s: Only country-level interaction terms (added with the average 

effect) are included, with the United States being the country of ref- 

erence (and, hence, having an interaction term equal to zero). Data 

reflect log hourly earnings, including bonuses for wage and salary 

earners, in PPP-corrected USD$. We exclude earnings below USD$1 

and above USD$150. All regressions cluster standard errors at the 

occupation level. Regressions have been conducted using complex 

sampling weights (weighted so that countries are weighted equally) 

and conducted for all plausible values for numeracy skills. 
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