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1 Introduction

Over the past decade, there has been an explosion of interest in understanding how the twin forces
of trade and technology are shaping the nature of work around the world. A rapidly growing body
of research has focused on studying the evolution of the task content of jobs—investigating
patterns over time and across countries (Acemoglu and Autor 2011; Autor 2013; Firpo et al.
2011)—and assessing the relative importance of demand- and supply-side drivers from the nature
of task changes. This approach has been particularly useful given that data on technology use are
lacking from most labour force surveys. In developed countries, the relative share of routine-
intensive jobs—both cognitive and manual—has declined while the relative share of non-routine
jobs, especially those involving cognitive tasks, has increased, contributing to rising wage
polarization (Autor et al. 2003; Goos et al. 2014; Spitz-Oener 2000).

In previous research, the task content of jobs, namely the role of routine vs. non-routine and
cognitive vs. manual tasks, is typically measured at the occupation level. Because information on
the specific task content of different occupations has not been systematically collected in most
countries, most existing studies use the US O*NET occupational task data to analyse task demand
in countries around the world (Apella and Zunino 2018; Arias et al. 2014; Du and Park 2018;
Hardy et al. 2018; Lewandowski et al. 2020). This research, however, requires the assumption that
the task content of each occupation is identical everywhere in the world to that of the USA
Especially for less-developed countries, this assumption may be problematic, given large
differences in labour productivity, technology adoption, and skills supply (Eden and Gaggl 2020;
Hsieh and Klenow 2010). Theory suggests that tasks are endogenously assigned by employers
based on the demand and supply of different skills and given available technologies (Acemoglu
and Autor 2011; Autor and Handel 2013). As a consequence, we should expect that specific
occupations utilize different skill sets and perform different tasks in low-, middle-, and high-
income countries. In particular, poorer countries may specialize in routine tasks and richer
countries may specialize in non-routine tasks (Grossman and Rossi-Hansberg 2008).

Corroborating this concern, Lewandowski et al. (2019) presented evidence of substantial
differences in the task content of work within occupations across countries. In particular, they
found that sector and country differences in technology use, workers’ skills, and globalization
(measured by foreign value-added (FVA) share) all influence the task content of workers, even
when they have the same occupation. Lo Bello et al. (2019) also showed that jobs in low- and
middle-income countries are more routine intensive than in high-income countries. Lewandowski
et al. (2019) relied on adult skill use survey data collected in 46 countries which include low-,
middle-, and high-income economies. However, these survey data are (as yet) unavailable for
several large emerging economies, including, for instance, Argentina, Brazil, Bangladesh, India,
Nigeria, and South Africa. As a result, they are not sufficient to fully quantify the global allocation
of routine and non-routine work, or to test whether de-routinization of work and wage polarization
have occurred in low- and middle-income countries to an extent comparable with developed
economies.

This paper makes two main contributions. First, we develop a regression-based methodology to
predict the country-specific task content of each occupation in a large number of countries around
the world. Building upon earlier work (Lewandowski et al. 2019), we show that in countries with
lower levels of economic and technological development, workers tend to perform more routine-
intensive tasks compared to those in more advanced countries, even within the same occupations.
These within-occupation across-country gaps are sizeable. Accounting for cross-country



differences between occupations creates a more nuanced and accurate picture of the nature of
work in low- and middle-income countties.

Our second contribution is to present new evidence on the patterns and evolution of the global
distribution of routine and non-routine work since the early 2000s. To this end, we merge country-
specific occupational task measures with employment structure data for 87 countries from 2000
to 2017. Our country sample includes 25 low- or lower middle-income countries, 24 upper middle-
income countries, and 38 high-income countries. In 2017, the countries in our sample jointly
accounted for over 2.5 billion workers, equivalent to approximately 75 per cent of global
employment. We analyse the changing distribution of tasks over time, both holding country-
occupation routine task intensity (henceforth RTI) fixed over time, and by allowing the task
content of occupations to evolve over time.

We find that in low- or lower middle-income countries, the average RTI has hovered around the
same level over the past two decades. This contrasts with the results obtained under the
assumption that occupations are identical around the world, which show a reallocation of labour
away from routine and towards non-routine work in all country groups. Moreover, when
accounting for cross-country differences in occupational tasks, we find that the gap in country-
level RTT between the high-income countries and low- and lower middle-income countries has
been much larger than suggested using O*NET. Moreover, this gap has increased over time. We
show that it can be attributed to both between-occupation effects—poorer countries exhibit
higher employment shares of routine-intensive occupations—and within-occupation effects—in
poorer countries occupations require more routine tasks. Finally, we show that the assumption
that occupations are identical around the world leads to an implausible finding that, between the
early 2000s and the middle 2010s, low- and middle-income countries became the dominant
supplier of non-routine work. Accounting for cross-country within-occupation differences in tasks
allows us to conclude that the high-income countries remain the dominant provider of non-routine
workers, while routine work remains concentrated in low- and middle-income countries.

The remainder of this paper is structured as follows. In the second section we outline our
methodology for defining occupational task content measures using survey data and predicting
them for countries with no required survey data available. We also describe the method to combine
task data with the employment data in countries around the world. In the third section, we present
the predicted differences in the task content of comparable occupations—across countries at
various levels of development, and over time. In the fourth section, we describe the evolution of
the RTT of jobs in countries at various development levels and characterize the global allocation
of routine and non-routine work. The fifth section concludes.

2 Methodology for predicting routine task intensity

2.1 Measurement of the task content of jobs using survey data

The starting point of our analysis is to use the harmonized task content measures developed by
Lewandowski et al. (2019) to calculate country-specific average RTI by occupation in 46 countries
covered by large-scale surveys spanning developed and developing countries. The survey data
come from three sources: the OECD’s Programme for the International Assessment of Adult
Competencies (PIAAC) (OECD 2014, 2017, 2019), covering a set of high- or middle-income
countries, the World Bank’s Skills toward Employment and Productivity (STEP) surveys (World
Bank 2016a, 2016b, 2018), conducted in middle- and low-income countries, and the China Urban
Labor Survey (CULS) collected by the Institute of Population and Labor Economics of Chinese



Academy of Social Science (2017) which included a module based on STEP (the full list of
countries is presented in Appendix A).

Lewandowski et al. (2019) used the US PIAAC data to define survey-based measures of non-
routine cognitive analytical, non-routine cognitive interpersonal, routine cognitive, and manual
tasks which are consistent with the widely used Acemoglu and Autor (2011) measures based on
the O*NET data. The definitions of their measures are shown in Table 1. By applying the same
definitions to workers in all countries covered by the PIAAC, STEP, and CULS surveys,
Lewandowski et al. (2019) obtained worker-specific measurements that can be aggregated to
describe country-level differences in job tasks. We use the same definitions.

Table 1: Survey task items from US PIAAC selected to calculate task content measures consistent with O*NET
occupation task measures

Task content Non-routine cognitive Non-routine cognitive Routine cognitive Manual
analytical interpersonal
Task items Solving problems Supervising others Changing order of tasks Physical
. . —reversed (not able) tasks
Reading news Making speeches or
(at least once a month) giving presentations Filling out forms
(any frequency) (at least once a month)

Reading professional journals
(at least once a month) Making speeches or
giving presentations

Programming — reversed (never)

(any frequency)

Notes: the cut-offs for the ‘yes’ dummy are in parentheses. See Lewandowski et al. (2019) for more detail on the
full wording of questions, the definitions of cut-offs, and the criteria for selecting task items.

Source: authors' illustration based on Lewandowski et al. (2019).

Following previous literature (Autor and Dorn 2009, 2013; Goos et al. 2014), we also define a
measure of relative RTT using the following formula:

RTI = ln(rcog) —1In (nranalytical;'nrpersonal)’ (1)

whereby 1¢64, Manaiytical 20d NTpersonal ate routine cognitive, non-routine cognitive analytical,
and non-routine cognitive personal task levels, respectively." Our definition omits manual tasks
because the survey data do not distinguish between routine and non-routine manual tasks, and the
available manual task measure is not entirely comparable across countries (Lewandowski et al.
2019). Nonetheless, the survey-based RTI measure successfully captures the routine nature of
work, even for manual jobs. For example, the RTI among plant and machine operators and
assemblers (ISCO 8), who perform highly routine jobs according to the RTI based on O*NET
which accounts for manual routine tasks, is also high according to the survey measure (Figure 1).
Workers in high-skill occupations (ISCO 1-3) perform, on average, less routine-intensive tasks,
while workers in middle- and low-skill occupations ISCO 4-5, ISCO 7-9) perform more routine-
intensive tasks (Figure 1), which is consistent with the occupational patterns using the O*NET
measures. The survey-based measure also shows that tasks performed by sales and service workers
(ISCO 5) around the world are on average slightly more routine than tasks performed by clerical
support workers (ISCO 4, a reference group), contrary to O¥NET measures (Figure 1).

! For cach task, the lowest score in the sample is added to the scores of all individuals, plus 0.1, to avoid non-positive
values in the logarithm.



Figure 1: The differences in RTI across 1-digit ISCO occupations according to survey and O*NET measures

Survey measures O*NET measures
iscold=1 —e— iscold=1- &
iscold=2 —— Iscold=2- -
1scold=3 —— 1scold=3 -
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Notes: coefficients pertaining to occupation fixed effects (1-digit ISCO) estimated in a worker-level model on RTI
against occupation fixed effects and country fixed effects. Manual tasks are included in the RTI based on O*NET.
Sample size 151,625. Reference groups: Clerical support workers (ISCO 4), the United States.

Source: Lewandowski et al. (2019) on the basis of PIAAC, STEP, CULS, and O*NET data. Reproduced with
permission.

Lewandowski et al. (2019) showed that international differences in average RTT are attributable
mainly to cross-country differences in task content within occupations, while only a small share is
explained by differences in occupational structures. This highlights the importance of using
comparable survey data to accurately estimate the extent of cross-country differences in task
content and the determinants of those differences.

2.2 Methodology to predict the country-specific task content of jobs

In order to predict the task content of occupations in countries with no available survey data on
tasks, we use the RTT as the main variable of interest. The measures developed by Lewandowski
et al. (2019) are worker-specific so we calculate their averages at the level of 1-digit and 2-digit
ISCO-08 occupations.” We standardize all task variables, including the RTI, using relevant means
and standard deviations in the US (PIAAC).

To approximate the task content of occupation j in country ¢, we fit a set of ordinary least squares
(OLS) regressions to data from 46 countries for which survey data on the task content of jobs
were collected (see Appendix A for the list of countries). We condition the predictions of task
content of jobs on key factors identified by Lewandowski et al. (2019) as important correlates of
cross-country differences in tasks, namely development level (GDP), technology use (T),
globalization (G), and the supply of skills (5).

At the 1-digit ISCO level, we estimate OLS regressions of the form:

RTI;; = Bjo + Bj1GDF. + BT, + BjzGe + BjaSc + &jc. 2

At the 2-digit ISCO level, we add fixed effects for occupations k which are sub-categories of a
given 1-digit occupation j:

* We omit group 0 (‘Armed Forces’) which is not covered by survey-based task measures nor by O*NET.

4



RTIgjc = Bjo + Bj1GDF. + BjoTe + BjsGe + BjaSc + vij + & 3)

We measure the development level by gross domestic product (GDP) per capita (in § PPP
(purchasing power parity), natural logarithm). Our preferred proxy measure for technology use is
the number of internet users per 100 inhabitants, as this is available for the largest set of countties.
We quantify globalization with a measure of specialization in global value chains (GVCs) proposed
by Wang et al. (2017): the share of FVA in the production of final goods.” We also interact this
measure with GDP per capita (log) in order to account for the possibility that globalization reduces
routine tasks in rich countries and increases them in poor countries. Finally, we measure skill
supply with the average years of schooling obtained from the World Development Indicators
database (World Bank 2020). All variables are demeaned using the unweighted average in the
sample of countries with survey data.

The development and globalization variables are identical to those used by Lewandowski et al.
(2019). However, the technology and skill supply variables used by Lewandowski et al. (2019) are
not available for countries not covered by the survey data. We use different variables which are
available for a large number of countries and which are highly correlated with the relevant variables
used by Lewandowski et al. (2019). The correlation between the average years of schooling and
the average proficiency in literacy skills is 0.87, and correlation between the average years of
schooling and the occupation-specific literacy proficiency ranges from 0.80 to 0.87 (across 44
countries with available data, see Table C1 in Appendix C). The correlation between the share of
internet users and the share of workers who use computers at work is 0.94 and the correlation

between the share of internet users and the occupation-specific literacy proficiency ranges from
0.77 to 0.91 (44 countries, Table C1).*

We allow the task content within occupations to vary across countries (given their endowments)
as a function of changes in technology, globalization, development, and skills. The task content of
occupations may be expected to change gradually over time in relation to the country’s overall
endowments (Autor et al. 2003; Spitz-Oener 2006) and will likely not be reactive to short-term
business cycle fluctuations. Thus, to fit the regression model, we take averages of the explanatory
variables for the 2011-16 period since the vast majority of STEP/PIAAC/CULS survey data were
collected during this period. We use globalization variables from 2011 as more recent data are not
available.

In order to assess the relative importance of particular factors in predicting cross-country
differences in tasks, for each occupation j we decompose the variance of RTT at the country level
RTI;. using the covariance-based decomposition proposed by Morduch and Sicular (2002).

Formally, the contribution of a variable, p, to the variance of mc is defined as follows:

. :cov(ﬁpif,mc)
s var(RTI,) )

? The data on GVC participation come from the RIGVC UIBE (2016) database. We use the backward linkage-based
measure, defined as the FVA share in production of final goods and services (Wang et al., 2017). We use the variables
based on data from the Global Trade Analysis Project. The latest year available is 2011. We merge the RIGVC UIBE
(2016) data with our data at the country level. The RIGVC UIBE (2016) data are not available for Macedonia.

* The correlation between the share of internet users and ICT capital stock per worker (Eden and Gaggl, 2020), is
0.78, but the share of internet users is available for many more countries (192 vs. 69).



Next, in order to account for intertemporal changes in the task content of occupations between
2000 and 2017, we assume that the estimated cross-country relationships between the RTI and
explanatory variables hold over time. Such assumption is required as no survey data on workers’
tasks were collected before 2011. We use the estimated equation (1) to predict the country-specific
RTT in 200105, using the averages of explanatory variables across this period, except for the
globalization variable, which is available only for 2004. Having calculated the predictions for two
periods, we apply a weighted average to combine the task content measures based on the 2001—
05 and 2011-16 predictions for each country and occupation. From 2000 to 2002, we use task
measures based on the RTI predicted for 2001-05; for any year #in the period 2003—17, we assign

a weight zoiz—t to RTI based on the RTI predicted for 2001-05, and a weight t—i203 to the RTI

predicted for 2011-16.

In order to quantify changes in task content under the assumption that occupations are identical
around the world, we use O*NET 2003 and 2017 releases to calculate the Acemoglu and Autor
(2011) RTI measure.” We use the 2003 O*NET as our baseline measure. To create the O*NET
RTI that accounts for changes of task content of occupations over time, we use the same weighted
average approach as for the survey and predicted task measures. Finally, to isolate the differences
which stem from country-specific measurement, rather than from methodological differences, we
also use the occupational RTI based on the US PIAAC survey.

In order to convert all RTI measures to the ISCO-88 classification, we use the crosswalk prepared
on the basis of European Working Conditions Survey data (Eurofound 2020).

2.3 Methodology of merging tasks with employment data

Having predicted the occupation-specific RTT in various countries, we merge the RTI values with
ILOSTAT data on employment structures by occupation between 2000 and 2017 (International
Labour Organization 2020). Our sample includes 87 countries that meet two data conditions: all
explanatory variables described above are available, and at least two years of employment data are
provided in the ILOSTAT.® Our sample includes approximately 2.5 billion workers in 201517,
which corresponds to about 75 per cent of total global employment in this period. Our models are
estimated for countries that are covered by the survey data, of which the majority are high- or
upper middle-income countries. In order to avoid extrapolating beyond the range of values used
to build the model, we exclude from our sample nine economies with a GDP per capita level below
Kenya ($2687 PPP, on average, between 2011 and 2016), the poorest country in our PIAAC/STEP
sample. For presentation purposes, we split our country sample into four income groups: low-
income or lower middle-income countries (25), upper middle-income countries (24), lower high-
income countries (17) and top high-income countries (21)—see Table B1 in Appendix B.

We calculate the average RTI in a given country and year as a weighted average of the country-
specific RTT across occupations, using occupation employment shares as weights. For countries
covered by the survey data, we use occupation-specific average RTIs calculated as described in

> The O*NET data were initially collected from occupation analysts; this information is updated annually by ongoing
surveys of workers and occupation experts. On average, 614 O*NET occupations were updated between 2003 and
2018. The O*NET-SOC 2010 taxonomy includes 1110 occupational titles, 974 of which represent O*NET data-level
occupations. We calculate the O*NET RTI measures at two points in time, using the 2003 and 2017 data release. In
line with the approach used to account for changes over time in the country-specific task content measures, for each
year, the aggregate O*NET RT1 is calculated as the moving average of the two measures.

% Of the countries covered by the ILOSTAT data, we omit seven oil exporting countries, five countries classified as
tax havens (according to Financial Secrecy Index for 2011) and six small island states or overseas tertitories.
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section 2.1. For the remaining countries, we use predicted values estimated in line with the
regression framework presented in section 2.2. Whenever possible, we use data at the 2-digit
occupation level. However, we use 1-digit level data if the employment structure at the two-digit
level is not available in the survey data or in the ILOSTAT data, or if the share of workers
unclassified at the 2-digit occupation level exceeds 5 per cent in a given year.” We also use predicted
RTI values at the 1-digit level for ISCO 6 (skilled agricultural, forestry, and fishery workers) for all
countries, because the sample sizes in ISCOG are small in some countries covered by STEP, which
is an urban survey. We use either ISCO-08 or ISCO-88, depending on the classification available
in the ILOSTAT data for a given year and country.® In order to convert all RTI measures to the
ISCO-88 classification, we use the crosswalk prepared for the FEuropean Working Conditions
Survey data.

For each task measure, we standardize the measure using the relevant mean and standard deviation
in the USA so that O reflects the US average in the year 2000 and 1 reflects standard deviations in
the US.’

In order to analyse to what extent the cross-country differences in task values can be attributed to
differences in occupational structures, and to what extent to differences in occupation-specific task
values, we apply a shift-share decomposition. For each task measure we decompose the difference

between the average task content level in a given country group ¢, RTI¢, and the average in top
high-income countries, RTI, into the between-occupation, BO;, within-occupation, WO¢, and
interaction, INT¢, terms. Formally:

(RTI: — RTIY) = ( Z @ Tt . — Z ajrti) = BOL + WO. + INT!

JEISCO JEISCO ©
BO} = Z rti}'(aj,c — a]-)
JEISCO ©
BO! = Z rti}'(aj,c - a]-)
JEISCO )
INT} = Z (aj,c - aj)(rti}‘c — rti} ®)
JEISCO

whereby:

o Tti},c and Tti} are the average values of task content i for workers in occupation j in
country group €, and in top high-income countries, respectively;

o a}‘c and 0(} are the shares of workers in occupation j in total employment in country c,
and in top high-income countries, respectively; and

7 If the share of workers unclassified at the 1-digit occupation level exceeds 5 per cent, we omit such year.
¥ ISCO-08 is used, by and large, from year 2011 on.

K Following Acemoglu and Autor (2011), we use survey weights (at the 3-digit Standard Occupational Classification
level) from the US 2000 census for the standardization of O*NET tasks. However, to ensure consistency with the
ILOSTAT data we use in our cross-country study, we adjusted the census weights (at the 1-digit level) to match the
occupational structure in the ILOSTAT data for the USA in 2000.
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e [SCO is the set of 1-digit ISCO-08 occupations.

Finally, we use the task measures merged with employment data to quantify the global allocation
of routine and non-routine work. To this aim, we calculate the global distribution of RTT (weighted
by total employment across all countries and occupations in our sample) at the end of our study
period." We define the threshold for the non-routine jobs as the 25" percentile of that distribution,
and classify as non-routine all jobs with the RTT value below it. We define the threshold for the
routine jobs as the 75" percentile of that distribution, and classify as routine all jobs with the RTI
value above it. We apply these thresholds both at the beginning and at the end of our study period.
This ensures that the definition of routine and non-routine jobs is consistent over time. Next, we
calculate the shares of particular country groups in total, routine and non-routine employment in
each period. We conduct this analysis using both our country-specific occupational task measures
and the O*NET task measures, which allows us to quantify how much the role of non-routine
tasks in low- and middle-income countries is overestimated under the assumption that occupations
are identical around the world.

3 Predicting the country-specific routine task intensity of occupations

3.1 Model selection and estimation results

In the first step, we estimate separate regressions for each 1-digit occupation. We select the
following models:

*  For ISCO 1-5 the model that controls for development level, technology, and skills;

*  For ISCO 6 (agriculture) the model that controls for development level; and

*  For ISCO 7-9 the model that controls for development level, globalization, technology,
and skills.

For each occupation, we select the best model from a set of seven alternatives which differ in
explanatory variables (see Table C2 in Appendix C). We use two model selection criteria. First, we
select models that fit the data best, in particular, that have the highest predictive power based on
the leave-one-out cross-validation (LOOCV)." The chosen models exhibit the lowest root mean
square errors, the lowest mean absolute errors, and the highest pseudo-R2 (with two exceptions)
amonyg all alternatives considered for each occupation (Table C3 in the Appendix C)."” Second,
the specifications are consistent with the occupation-specific regressions estimated at a worker
level by Lewandowski et al. (2019). The differences in RTT among workers in high-skilled ISCO
1-3) and middle-skilled (ISCO 4-5) occupations are related to the differences in technology use,
skills, and development level (Table 2). In particular, countries with higher technology use exhibit
lower RTI. In the case of low-skilled occupations (ISCO 7-9) these differences are also related to

10 Ag a starting point, we use the 2000 employment data, and for countries lacking 2000 data, we use the earliest
available data. The end pointis 2017, and for countries lacking 2017 employment data, we use the most recent available
data. If a country has no data available before 2005, or from 2014 on, we do not include it in this analysis.

""'We use the command LOOCV by Barron (2014) in STATA. From the full sample of N country observations, each
model specification is repeatedly estimated N-1 times leaving out one country at a time and fitting the model using
the remaining N-1 observations. The resulting parameters are used to predict the value of the dependent variable for
the country that has been excluded and the prediction error is calculated to assess the goodness-of-fit.

"2 The pseudo-R2 is the square of the correlation coefficient of the predicted and observed values of the dependent
variable.



globalization: in poorer countries higher specialization in the GVCs is associated with the higher
RTI of jobs, while the opposite is true in the richer countries (Table 2). Once we control for
technology use, the coefficient on (log) GDP per capita is positive (but in most cases insignificant),
similar to the worker-level estimates in Lewandowski et al. (2019). The coefficients pertaining to
the supply of skills are positive. This suggests that the cross-country relationship between skill
supply and RTI may be associated with differences between occupational structures rather than
differences within occupations.” In the case of agricultural workers (ISCO 6) we condition RTIT
only on development level."

Table 2: The estimated occupation-specific models at the 1-digit ISCO level

Managers Profes- Tech- Clerical Sales Agricul-  Crafts- Machine Elemen-
(ISCO 1) sionals nicians  workers and tural men oper-  tary occ.
(ISCO2) (ISCO3) (ISCO4) services workers (ISCO7) ators (ISCO 9)
workers  (ISCO 6) (ISCO 8)
(ISCO 5)
Ln (GDP per  -0.015 0.116 0.125 0.243** 0.072  -0.308***  0.175 0.244** 0.002
capita) (0.102) (0.104) (0.096) (0.095) (0.101) (0.056) (0.109) (0.117) (0.093)
FVA share 1.160** 1.614***  0.619
(%) (0.526)  (0.563)  (0.451)
FVA share x -0.568  -0.958  1.043
Ln (GDP per
capita) (0.883) (0.945) (0.756)
Internet use  -1.036** -1.521*** -1.384** -1.334** -1.182%* -1.407** -1.468** -0.814**
(%) (0.427)  (0.436) (0.399) (0.395) (0.420) (0.455) (0.487) (0.390)
?g:rrsg‘]? 0.024  0.061** 0.064** 0.080***  0.047 0.046  0.066** 0.085**
schooling (0.029) (0.030) (0.027) (0.027) (0.029) (0.030) (0.032) (0.025)
Constant -0.651*** -0.488*** -0.128** (.283*** (0.534*** (0.470*** 0.523** 0.867** 1.076***
(0.032) (0.033) (0.030) (0.030) (0.032) (0.041) (0.034) (0.036) (0.029)
Observations 46 46 46 46 46 44 45 45 45

Adjusted R2 0.431 0.326 0.259 0.219 0.261 0.404 0.224 0.234 0.271

Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. We use standardized weights that give
each country equal weight.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.

Next, we estimate model (3) separately for each set of 2-digit occupations grouped at the
corresponding 1-digit level. We use the same explanatory variables as earlier and add dummies for
the 2-digit subgroups. The coefficients on explanatory variables are virtually identical to the ones
obtained in the regressions at the 1-digit level (Table C5 in Appendix C). The estimates of 2-digit
occupation subgroups (Figure 2) show that there is a moderate heterogeneity among the subgroups
of a particular 1-digit ISCO occupation, especially for high-skilled occupations (ISCO1-3)." We

Y Lewandowski et al. (2019) find a similar effect in regressions estimated at the country-sector level. However, at a
worker level they find a negative relationship between individual skill supply and RTI, which suggests that within
countries and sectors workers with higher skill proficiency perform less routine-intensive tasks.

' This occupational group is not studied by Lewandowski et al. (2019) at all.

"> We also interacted these occupational dummies with demeaned log GDP per capita, without substantial
improvement in fit—results are available upon request.



do not estimate the 2-digit models for agricultural workers (ISCO 0) as the coding of occupational
subgroups 61 to 63 in the PIAAC and STEP data is inconsistent. "

Figure 2: Estimated differences in RTI across 2-digit ISCO occupations
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Note: coefficients pertaining to occupation fixed effects (2-digit ISCO) estimated in a country-level model on RTI
against occupation fixed effects and country variables presented in Table 2C.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.

As a robustness check, we re-estimate the models using the measures of technology and skills
based on PIAAC and STEP surveys which were used by Lewandowski et al. (2019) in their
regressions at the worker level. Results (Table C4) are consistent with our baseline results (Table
2), which validates our choice of technology and skill variables to be used for out-of-sample
predictions.

3.2 Routine task intensity prediction results

We use the estimated coefficients (shown in Tables 2 and C4, and Figure 2) to predict the RTT by
1- and 2-digit occupations for each country, conditional on the level of economic development,
skill supply, technology endowment, and the participation in GVCs.

First, we compare the survey-based and predicted average RTI values in countries covered by
PIAAC/STEP/CULS (Figutre 3). The predicted values ate close to the survey tresults for most
countries. Given the narrower range of the predicted RTTs as compared to the survey results, our
predictions provide a conservative estimate of the within-occupation differences in RTT levels
across countries.

' In countries such as Bolivia or Kenya, all ISCO 6 are assigned to occupations ISCO 61 or 63 occupations (no
workers are assigned to ISCO 62), while in countries such as Greece, Italy, Japan, Macedonia, Republic of Korea,
United States, and Slovakia, all ISCO 6 workers are assigned to occupations ISCO 61 or 62 (no workers are assigned
to ISCO 63). In countries such as Belgium, Germany, and Israel, all ISCO 6 workers are assigned to occupations
ISCO 61 (no workers are assigned to ISCO 62 or 63).
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Figure 3: Comparison of survey-based and predicted average routine task intensity levels in countries with
available survey data
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Note: average levels of RTI estimated from survey data and as weighted (with occupation employment shares)
average of RTI predicted by occupation-specific models presented in Table 2.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.
Figure 4: Predicted routine task intensity levels by 1-digit occupations
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Note: country-specific levels of RTI predicted by occupation-specific models presented in Table 2.
Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.
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Second, we characterize the predicted RTI levels by 1-digit occupational groups in the extended
sample (Figure 4). The predicted values show large cross-country differences in RTT for specific
occupations, matching the patterns observed in the survey data (Lewandowski et al. 2019). The
relationship between development level and RT1T is strongest for high-skilled occupations (ISCO
1—managers, ISCO 2—professionals, ISCO 3—technicians): skilled workers in more-developed
countries perform less routine-intensive tasks than those in poorer countries. For middle- and low-
skill occupations, the relationship between GDP per capita and relative routine intensity is mixed.
Among sales and services workers (ISCO 5) and to a lesser extent craft and related trade workers
(ISCO 7), those in richer countries do less routine work. However, among clerical workers ISCO
4) and workers in low-skill occupations (ISCO 8—plant and machine operators, ISCO 9—
elementary occupations), cross-country differences are large but weakly correlated with the level
of GDP per capita.

Third, we assess the contribution of particular explanatory factors to the cross-country variance
of RTI for different occupations. Better access to technology in the more-developed countries—
associated with a lower routine intensity of tasks performed by workers—plays a key role in this
regard. Most of the cross-country variance in RT1 is attributed to differences in technology (Figure
5). This relationship holds for some low- and middle-skilled occupations (ISCO 5—sales and
services workers). In the case of clerical workers (ISCO 4), there is no clear-cut relationship
between the development level and RTI. However, we observe that clerical workers in the poorest
countries perform less routine-intensive tasks, which can be associated with a lower supply of skills
in the poorest countries. Indeed, clerical workers (ISCO 4) are the only occupational group for
which the cross-country differences in skill supply contribute the most to international differences
in RTT (Figure 5).

Among workers in low-skilled occupations which are mainly demanded in manufacturing and
other tradable sectors (ISCO 7—craft and related trades workers, ISCO 8—plant and machine
operators), globalization plays an important role in predicting cross-country differences in tasks.
As routine jobs are easier to offshore and so poorer countries may specialize in them (Grossman
and Rossi-Hansberg 2008), a higher FVA share in domestic production is associated with a higher
RTI among the less-developed countries and a lower RTT among more-developed countries. For
these occupations, about a half of the cross-country variance in predicted RTI can be attributed
to differences in specialization in GVCs (Figure 5). The contribution of this factor is even higher
among low- and lower middle-income countries.'” Accordingly, the predicted RTT for workers in
these occupations is the highest in small open economies specialized in narrow segments of GVCs
(e.g. Honduras, Vietnam, Cambodia). Among workers in elementary occupations (ISCO 9), which
are largely demanded in the non-tradable sector, differences in development level and skills play a
higher role, while differences in GVC specialization play a much smaller role than among craft and
related trades workers, or plant and machine operators (both overall, Figure 5, and among the low-
and lower middle-income countries).

Fourth, we use estimated model (1) to calculate changes in the country-specific RTI of
occupations, between 2001-05 and 2011-16. We average the changes in country-specific RTT by
country groups and compare these changes with changes in RTI as measured with the 2003 and
2017 O*NET data. However, these results should be interpreted with caution, as we assume that
the regression coefficients are estimated on cross-country data for 2011-16 to predict RTTs in the
early 2000s. Results are summarized on Figure 6.

' The results of variance decomposition by country groups are available upon request.
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Figure 5: Decomposition of cross-country variance of predicted routine task intensity (share of total variance)
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Note: the contributions of particular factors to RTI variance, oy, calculated in line with equation (4) using the
models presented in Table 2.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.

Figure 6: Intertemporal changes in routine task intensity according to country-specific and O*NET measures, by
occupation and country groups
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Notes: predicted change: difference between the average country-specific occupational RTI predicted for 2011—
16 and 2001-05. O*NET change: difference between occupational RTI based on O*NET 2017 and O*NET 2003.
The low, lower-middle, and upper-middle groups follow the World Bank definitions. The bottom and top high
groups follow Lewandowski et al. (2019). The list of countries included in each group is presented in Appendix C.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, and RIGVC UIBE (2016) data.

According to both methodologies, between the early 2000s and the middle 2010s, the RTT declined
in most occupations, in line with the routine-replacing technological change hypothesis (Acemoglu
and Autor 2011; Autor et al. 2003). Both methodologies show a decline in RTT in low-skilled
occupations intensive in routine manual tasks (ISCO 7-9). Our predictions provide more
conservative results in this regard, namely a less pronounced decline than suggested by the O*NET
data. Both methods also show a decline in the RTT in high-skilled occupations (ISCO 1-2), slightly
stronger using the predicted measures. A key difference is that, according to O*NET, RTI
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increased in occupations ISCO 3-5, which are quite intensive in routine cognitive tasks, while the
predicted measures suggest a decline in RTT in these occupations because of increasing technology
use. Finally, our predictions of RTT in farming occupations (ISCO 6) indicate a decline due to the
increasing GDP per capita, while O*NET suggests that these occupations became more routine
intensive. While the changes in O*NET RTI are obviously identical for all country groups, the
country-specific predictions show that the changes in the occupational RTI were the strongest in
bottom high-income countries and upper middle-income countries, where technology use grew
the most between the early 2000s and the early 2010s.

4 The distribution and evolution of task content around the world

4.1 The evolution of routine task intensity in countries at various development levels

In this section, we establish stylized facts on the evolution of task content of jobs around the
world, by combining the occupational RTI values with ILOSTAT time series data on occupational
structures.

Since 2000, occupational structures around the world have evolved away from routine-intensive
occupations and towards non-routine-intensive occupations. However, accounting for the cross-
country differences in task content of particular occupations highlights important differences
between countries at various development levels. To focus on the changes in task content
attributable to changes in occupational structure, in this subsection we hold the occupational RTI
values constant at their end-period (2011-16) values.

The country-specific measures indicate that the decline in the average routine intensity of tasks has
been faster in high-income countries than in less-developed countries (Figure 7). This is
particularly visible in the group of low- and lower middle-income countries, for which the average
RTI has barely declined when using country-specific task measures. On the other hand, the
O*NET-based measures suggest that trends in the gross reallocation of labour away from routine
and towards non-routine tasks have been parallel in all country groups.

Second, the differences in the average RTI between high-income countries and the rest of the
world are substantially larger according to the country-specific measures than according to the
O*NET measures (Figures 7 and 8). This finding is consistent with the RTI of comparable
occupations being higher in less-developed countries, as discussed in the previous section. Our
results show that assuming that occupations are identical around the world would substantially
overestimate the role of non-routine tasks in these countries at low- or middle-income levels.

Third, according to the country-specific measures, the differences between high-income countries
and the rest of the world have increased over time, especially in low- and middle-income countries
(Figure 8). Moreover, a substantial share of these differences can be attributed to the differences
in country-specific task content of comparable occupations (the within-occupation effect). In low-
and lower middle-income countries, part of the RTT difference with respect to the top high-income
countries can also be attributed to the interaction effect. This means that in these countries, the
occupations which are more routine intensive than in the high-income countries also exhibit higher
employment shares, in line with theories of trade and offshoring that imply that poorer countries
with a less-productive labour force might specialize in more routine-intensive activities (Grossman
and Rossi-Hansberg 2008). On the other hand, under the assumption that occupations are identical
around the world, the gaps in RTI between particular groups of countries have remained virtually
unchanged.

14



Finally, we investigate the relevance of discrepancies in survey-based and O*NET methodologies'™
by applying an alternative approach to measure RTI under the assumption that occupations are
identical around the world. We use occupational RTT calculated using the US survey data rather
than the US O*NET data. The results are presented in Appendix D. Overall, our conclusions
remain the same. Specifically, the within-occupation differences between low- and middle-income
countries and high-income countries are even more pronounced than in the case of the O*NET
measures. For bottom high-income countries they are identical, and for top high-income countries
the differences are smaller, indicating that the task contents of occupations in this group may most
closely resemble those in the USA (Figure D1 in Appendix D).

Figure 7: The evolution of average routine task intensity according to country-specific and O*NET measures, by
country groups
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Notes: the low, lower-middle, and upper-middle groups follow the World Bank definitions. The bottom and top high
groups follow Lewandowski et al. (2019). The list of countries included in each group is presented in Appendix C.
The labels on the predicted RTI indicate the number of countries in each group with data available in a given year.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, RIGVC UIBE (2016), and ILOSTAT
data.

'8 Most notably, the RTT differences between occupations are lower according to the country-specific measures
drawing on survey data than according to the O*NET measures (see Lewandowski et al., 2019).
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Figure 8: The shift-share decomposition of differences in the average routine task intensity in low- and lower
middle-income, upper middle-income, bottom high-income countries, and the top high-income countries,
according to the country-specific RTI and O*NET RTI
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Appendix C.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, RIGVC UIBE (2016), and ILOSTAT

data.
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4.2 Accounting for task content changes within occupations

Next, we investigate how the patterns discussed above change once we account for intertemporal
changes in the task content of occupations. As this requires additional assumptions, we treat these
results as complementary to our baseline results discussed in the previous subsection.

Our key findings remain valid. The decline in RTT between 2000 and 2017 is found to be stronger
(Figure 9) because of the de-routinization of jobs within occupations (Figure 6). However,
according to the country-specific measures of task content, the decline in RTI in low- and lower-
middle countries has been much slower than in the other country groups. On the other hand,
under the assumption that occupations are identical around the world, the trends in RTT have been
virtually parallel in all country groups.

Figure 9: The evolution of average routine task intensity according to country-specific and O*NET measures
which account for task content changes within occupations, by country groups
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Notes: the low, lower-middle, and upper-middle groups follow the World Bank definitions. The bottom and top high
groups follow Lewandowski et al. (2019). The list of countries included in each group is presented in Appendix C.
The labels on the predicted RTI indicate the number of countries in each group with data available in a given year.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, RIGVC UIBE (2016), and ILOSTAT
data.
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Importantly, accounting for task content changes within occupations over time indicates that the
gap in average RTI between low- and lower middle-income countries and top high-income
countries has been widening over time (Figure 10). The within-occupation effect—slower de-
routinization of jobs in poorer countries (Figure 6)—has contributed substantially to this widening
gap. In the upper middle-income countries and bottom high-income countries, the gaps with
respect to the top high-income countries seem larger, because over time the occupations in these
countries become more similar to the occupations in the top high-income countries, (Figure 0).
This effect was especially pronounced in the bottom high-income countries.

According to O*NET measures which account for changes in the task content of occupations
over time but assume that occupations are identical in various countries, the differences between
particular country groups and top high-income countries (Figure 10) have been smaller than
according to our baseline measure (O*NET 2003, Figure 8). The reason is that changes in O¥*NET
suggest that the highly routine occupations, which are relatively more common in the less-
developed countries, have been becoming less routine intensive over time (Figure 6). Again, the
cross-country differences are smaller according to O*NET than according to the country-specific
measures.

Figure 10: The shift-share decomposition of differences in the average routine task intensity in low- and lower
middle-income, upper middle-income, bottom high-income countries, and the top high-income countries,

according to the country-specific and O*NET measures which account for task content changes within
occupations
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Notes: the low, lower-middle, and upper-middle groups follow the World Bank definitions. The bottom and top high
groups follow Lewandowski et al. (2019). The list of countries included in each group is presented in Appendix C.
The labels on the predicted RTI indicate the number of countries in each group with data available in a given year.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, RIGVC UIBE (2016), and ILOSTAT
data.

4.3 'The global distribution of routine and non-routine work

In this subsection, we study the global allocation of routine and non-routine work. Routine jobs
are defined as those with the RTT value above the 75 percentile of the global distribution of RTI
at the end of our study period. Non-routine jobs are defined as those with the RTT value below
the 25" percentile of the global distribution of RTT at the end of our study period. Results are
presented in Figure 11.

First, according to the country-specific measures, the changes in the global employment shares of
routine and non-routine workers were less pronounced than under the assumption that
occupations are identical in various countries. According to the country-specific RT1, the share of
non-routine workers in global employment increased by 5 percentage points between the early
2000s and the middle 2010s, while the share of routine workers remained stable. According to the
O*NET measurements, the share of non-routine workers increased by 9 percentage points, while
the share of routine workers declined by 5 percentage points. This confirms that applying O*NET
globally overestimates the pace of de-routinization of work.

Second, according to the country-specific measures, non-routine workers are concentrated in the
high-income countries. In 2017, more than 50 per cent of non-routine workers were either in
bottom or top high-income countries, while the share of these countries in total employment in
our sample was 24 per cent (see Table E1 in Appendix E). In 2000, the concentration of non-
routine work in the high-income countries was even stronger. Although the share of low- and
middle-income countries’” workers in global non-routine employment increased, they remained a
minority. Using O*NET, i.e. assuming that high-skilled occupations such as managers and
professionals in low- and middle-income countries are as intensive in non-routine tasks as these
occupations in high-income countries, leads to an implausible result that between 2000 and 2017
the low- and middle-income countries became the main suppliers of non-routine work (see Figure
11 and Table E1).

Third, routine workers are concentrated in low- and middle-income countries. Both
methodologies deliver this result, but the share of low- and middle-income countries in global
routine employment is higher according to the survey/predicted RTI than according to the
O*NET RTTI (Figure 11).
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Figure 11: The distribution of routine and non-routine workers across country groups according to the country-
specific and O*NET measures, expressed as shares in global employment in 2000 and 2017 (in %)
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Note: for each country, we use data from 2000, or the earliest available, and 2017, or the most recent available.
Source: authors’ estimations based on PIAAC, STEP, CULS, O*NET, World Bank, and RIGVC UIBE (2016) data.

We also calculate the global distribution of routine and non-routine workers using RTI
measurements which account for task content changes within occupations. Results are presented
in Table E2 in Appendix E and confirm the above findings.

5 Summary and conclusions

In this paper, we have developed a methodology to predict the country-specific task content of
jobs in a wide range of countries. We have applied it to quantify the evolution of occupational task
content in countries at different stages of development, and to determine the global allocation of
routine and non-routine work. We have used survey data collected in 46 countries—including low-
, middle-, and high-income economies—to estimate models which related the RTT of occupations
to the level of economic development, technology use, participation in GVCs, and the supply of
skills in a country. We have found that occupations in low- and middle-income countries are more
routine intensive than in the high-income countries, especially in high-skilled occupations (ISCO
1-3). We have attributed these international differences in the RTT of occupations mainly to lower
technology use in less-developed countries.

Having predicted the country-specific occupational task contents around the world, we have
combined them with employment data in 87 countries that represent more than 2.5 billion of
workers (75 per cent of global employment), in order to study the global distribution of routine
and non-routine work between 2000 and 2017. Accounting for the cross-country differences in
occupational tasks, we have found that the gross reallocation of labour away from routine work
and non-routine work has occurred much slower in the low- and middle-income countries than in
high-income countries. In consequence, the gap between these groups of countries in terms of
average RTI has widened. High-income countries have remained the dominant supplier of non-
routine work, while low- and middle-income countries have remained the dominant supplier of
routine work, although their share in the global pool of non-routine workers has increased. On
the other hand, we have shown that the use of conventional O*NET task measures, which assume
that occupations are identical around the world, would suggest that the average RTI has been
declining in all country groups at a similar pace. It also leads to the implausible conclusion that, by
2017, low- and middle-income countries became the dominant supplier of non-routine work.
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We strive to add to the understanding of how the nature of work evolves, and how it differs
between countries which differ in technology use, supply of skills, and participation in
globalization. Existing research (e.g. World Bank 2019) has commonly assumed that occupations
are identical across countries and can be quantified with the US O*NET task data. We show that
such an assumption leads to an overestimation of the non-routine task content of jobs in
developing and emerging economies, and to overly optimistic conclusions regarding the
convergence of the nature of work in these countries towards the most advanced countries. This
may, in turn, overestimate the importance of routine-replacing technological change, embodied in
ICT and automation technologies, in explaining the evolution of wage inequality in low- or middle-
income countries. From the policy perspective, our findings suggest that the reallocation of
workers in low- and middle-income countries to higher-skilled occupations is unlikely to fully close
the gaps in productivity and incomes with respect to high-income countries, as long as the gaps in
occupational tasks are not closed. Policies aimed at increasing technology use and raising skill
supply may be conducive to reducing these within-occupation gaps in the content of work.
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Appendices
Appendix A. List of countries in PIAAC, STEP and CULS

We use publicly available data from three rounds of PIAAC surveys (collected in 2011-12, 2014-
15, and 2017) covering 37 countries. Round I (23 countries): Austria, Belgium (Flanders), Canada,
Cyprus (the area under the effective control of the Government of the Republic of Cyprus),
Czechia, Denmark, Estonia, Finland, France, Germany, Ireland, Italy, Japan, South Korea,
Nethetlands, Norway, Poland, Russia (w/o Moscow municipal area), Slovakia, Spain, Sweden, UK
(England and Northern Ireland), United States. Round II (9 countries): Chile, Greece, Indonesia
(Jakarta), Israel, Lithuania, New Zealand, Singapore (only permanent residents), Slovenia and
Turkey. Moreover, a dataset with supplementary 2™ round is available for the United States via the
US National Center for Education Statistics (NCES). Round III (5 countries): Ecuador, Hungary,
Kazakhstan, Mexico, Peru.

STEP surveys were conducted between 2012 and 2014 in 12 low- or middle-income countries, out
of which we use data for 8 countries: Armenia, Bolivia (four main capital cities—ILa Paz, El Alto,
Cochabamba and Santa Cruz de la Sierra), Colombia (13 main metropolitan areas), Georgia (w/o
Abkhazia and South Ossetia), Ghana, Kenya, Lao PDR (both urban and rural areas), Macedonia. "

We also use the third wave of the China Urban Labor Survey (CULS) conducted in 2016 in six
large cities in China: Guangzhou, Shanghai and Fuzhou on the coast, Shenyang in the northeast,
Xian in the northwest and Wuhan in central China.

9 Following Lewandowski et al. (2019), we decided against using three available STEP datasets: Yunnan (China), Sri
Lanka and Vietnam. For China, we use the CULS data instead of the STEP survey for the Chinese Yunnan province,
as the former contains far more observations (almost 15,500) and covers a more comprehensive area. Yunnan is one
of the poorer and more rural provinces in China so it might not reflect the dominant patterns of work in Chinese
urban areas. Lo Bello et al. (2019) also omitted the Yunnan dataset. The survey of Sri Lanka includes too few
observations in urban areas (about 650 workers); the Vietnam survey has low quality of data on skill use at work.
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Appendix B. Allocation of countries to income groups

Table B1: Allocation of countries to income groups

Low- and Lower Middle- Upper Middle-Income

Income Countries Countries Countries Countries
Armenia Albania Chile Australia
Bangladesh Argentina Croatia Austria
Bolivia Azerbaijan Czechia Belgium
Cambodia Belarus Estonia Canada
Egypt, Arab Rep. Botswana Greece Denmark

El Salvador Brazil Hungary Finland
Georgia Bulgaria Italy France
Ghana China Latvia Germany
Guatemala Dominican Republic Lithuania Hong Kong SAR, China
Honduras Ecuador Poland Ireland

India Iran, Islamic Rep. Portugal Israel
Indonesia Jamaica Russia Japan

Kenya Kazakhstan Slovakia Luxembourg
Kyrgyz Republic Malaysia Slovenia Netherlands
Laos Mauritius South Korea New Zealand
Mongolia Mexico Spain Norway
Morocco Namibia Uruguay Singapore
Nigeria Peru Sweden
Pakistan Romania Switzerland
Paraguay South Africa United Kingdom
Philippines Thailand United States
Sri Lanka Tunisia

Vietnam Turkey

Zambia Venezuela

Notes: the allocation of countries to low- and lower middle-, upper middle-, and high-income groups follows the

Bottom High-Income

Top High-Income

World Bank Analytical Classification. The additional split of high-income countries to the bottom and top
subgroups follows Lewandowski et al. (2019).

Source: authors’ elaboration based on World Bank data.
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Appendix C. Model selection

Table C1: The correlations between country-level explanatory variables used in the prediction models and
occupation-specific averages of variables used by Lewandowski et al. (2019) in worker-level models

Managers Profes- Techni- Clerical Sales and Craftsmen Machine Elemen- All
(ISCO 1) sionals cians workers  services (ISCO7) operators tary occ. workers
(IsCO02) (IsCO3) (IsCO4) workers (IsCO8) (IsCO9)
(ISCO 5)
Internet use w/  0.87 0.81 0.81 0.78 0.91 0.86 0.85 0.77 0.95
occupation-
specific
computer use
(survey)
Average years  0.87 0.83 0.85 0.84 0.86 0.83 0.80 0.82 0.87
of schooling w/
occupation-
specific literacy
proficiency
(survey)
FVA share w/ na na na na na 0.97 0.95 0.98 1.00
occupation-
specific FVA
share

Note: number of countries with available data: 44 in the case of technology and skill variables, 42 in the case of
FVA share.

Source: authors’ calculations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.

Table C2. Specification of regression models used in the leave-one-out cross-validation procedure

1) ) ®) (4) (6) (6) 7

Ln (GDP per capita) X X X X X X X
FVA (%) X X X X
FVA share x Ln (GDP per capita) X X X X
Internet use (%) X X X X
Average years of schooling X X X

Source: authors’ elaboration.
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Table C3: Model fit measures based on the leave-one-out cross-validation procedure at the 1-digit ISCO level

ISCO 1
RMSE
MAE
Pseudo-R2
ISCO 2
RMSE
MAE
Pseudo-R2
ISCO 3
RMSE
MAE
Pseudo-R2
ISCO 4
RMSE
MAE
Pseudo-R2
ISCO 5
RMSE
MAE
Pseudo-R2
ISCO 6
RMSE
MAE
Pseudo-R2
ISCO7
RMSE
MAE
Pseudo-R2
ISCO 8
RMSE
MAE
Pseudo-R2
ISCO 9
RMSE
MAE
Pseudo-R2

1)

0.235
0.190
0.329

0.257
0.199
0.104

0.234
0.176
0.036

0.230
0.178
0.000

0.236
0.183
0.102

0.281
0.220
0.364

0.247
0.198
0.000

0.273
0.229
0.337

0.220
0.175
0.156

)

0.236
0.189
0.339

0.267
0.207
0.082

0.243
0.184
0.020

0.236
0.186
0.000

0.239
0.186
0.114

0.293
0.233
0.318

0.252
0.194
0.017

0.267
0.222
0.025

0.209
0.170
0.062

©)

0.239
0.193
0.308

0.264
0.204
0.069

0.238
0.182
0.020

0.231
0.179
0.003

0.241
0.187
0.076

0.288
0.221
0.337

0.254
0.203
0.010

0.280
0.234
0.105

0.213
0.169
0.022

(4)

0.230
0.186
0.363

0.236
0.182
0.245

0.214
0.171
0.189

0.210
0.161
0.160

0.224
0.175
0.195

0.298
0.228
0.299

0.235
0.181
0.079

0.270
0.218
0.006

0.208
0.164
0.069

Q)

0.242
0.194
0.309

0.276
0.215
0.048

0.247
0.190
0.009

0.237
0.185
0.000

0.244
0.191
0.086

0.301
0.234
0.294

0.259
0.199
0.004

0.276
0.227
0.008

0.199
0.158
0.153

6

0.233
0.186
0.361

0.256
0.198
0.155

0.233
0.174
0.095

0.228
0.185
0.042

0.234
0.188
0.151

0.301
0.237
0.292

0.239
0.187
0.097

0.259
0.215
0.080

0.214
0.175
0.037

()

0.238
0.191
0.342

0.250
0.193
0.195

0.224
0.180
0.162

0.215
0.167
0.149

0.234
0.191
0.164

0.313
0.242
0.254

0.240
0.185
0.104

0.257
0.207
0.111

0.194
0.154
0.202

Notes: RMSE, MAE and pseudo-R2 calculated with the leave-one-out cross-validation method. Bold numbers
indicate the models we chose for the predictions.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.
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Table C4: The estimated occupation-specific models at the 1-digit ISCO level, using survey measures of
technology (computer use at work) and skill supply (literacy proficiency)

Managers
(IsCo 1)
Ln (GDP per 0.003
capita) (0.098)
FVA share
(%)
FVA share x
Ln (GDP per
capita)
Internet use ~ -1.730%**
(%) (0.423)
Average 0.004**
years of
schooling (0.002)
-0.651***
Constant
(0.030)
Observations 45
Adjusted R2 0.533

Profes-
sionals
(ISCO 2)

0.082
(0.104)

-1.951 %+
(0.446)

0.005%**
(0.002)

-0.488%+
(0.031)

45
0.412

Tech- Clerical
nicians workers
(ISCO3) (ISCO4)
0.156 0.172
(0.095) (0.110)
-1.825***  -0.956**
(0.408) (0.471)
0.004** 0.003
(0.002) (0.002)
-0.129%**  (0.284***
(0.029) (0.033)
45 45
0.356 0.069

Sales and
services
workers
(ISCO 5)

0.070
(0.105)

-1.361%+
(0.450)

0.003
(0.002)

0.537%**
(0.032)

45
0.290

Agricul-
tural
workers
(ISCO 6)

-0.308**
(0.056)

0.470%%*
(0.041)

44
0.404

Crafts-
men
(ISCO 7)

0.147
(0.101)

1.308%+
(0.480)

-0.462
(0.816)

-1.919%*
(0.422)

0.005**
(0.002)

0.526%**
(0.030)

45
0.376

Machine
oper-
ators

(ISCO 8)

0.157
(0.116)

1,705
(0.550)

-0.712
(0.935)

-1.659%*
(0.483)

0.005**
(0.002)

0.869%**
(0.035)

45
0.294

Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. We use standardized weights that give

each country equal weight.

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.
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Table C5: The coefficients pertaining to country-level variables estimated in models at the 2-digit ISCO level

Ln (GDP per
capita)

FVA share
(%)

FVA share x
Ln (GDP per
capita)

Internet use
(%)

Average
years of
schooling

Constant

Observations

Adjusted R2

Managers  Profes- Tech-
(IsCo 1) sionals nicians
(Isco2) (IsCco3)
0.039 0.091 0.068
(0.074) (0.056) (0.063)
-1.152%* ] 389%*  -1.242%*
(0.309) (0.236) (0.264)
0.025 0.076***  0.073***
(0.021) (0.016) (0.018)
-0.810***  -0.495***  -0.188***
(0.048) (0.045) (0.046)
164 246 205
0.368 0.390 0.330

Clerical
workers
(ISCO 4)

0.236%**
(0.070)

-1.318%*
(0.294)

0.091 %
(0.020)

0.255%*
(0.046)

164
0.158

Sales and
services
workers
(ISCO 5)

0.105
(0.067)

-1.331%*
(0.282)

0.064**
(0.019)

0.542%%*
(0.044)

164
0.201

Agricul-
tural
workers
(ISCO 6)

-0.276%+
(0.078)

0.428%*
(0.087)

90
0.116

Crafts-
men
(ISCO 7)

0.266%**
(0.072)

1.276%%
(0.359)

-0.604
(0.577)

-1.678%*
(0.304)

0.064%**
(0.020)

0.520%**
(0.050)

200
0.233

Machine
oper-
ators

(ISCO 8)

0.198**
(0.090)

1.590%
(0.457)

-0.949
(0.737)

-1.476%
(0.370)

0.088***
(0.025)

0.812%*
(0.046)

112
0.197

Notes: *** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. We do not estimate models at the 2-digit
level for agricultural workers (ISCO 6).

Source: authors’ estimations based on PIAAC, STEP, CULS, World Bank, and RIGVC UIBE (2016) data.

29



Appendix D. Comparison of results using country-specific O¥*NET and US survey data

Figure D1: The evolution of average routine task intensity according to country-specific measures, O*NET
measures, and the US survey-based measure merged to all other countries, by country groups

Low or lower-middle income Upper middle-income
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Notes: the low, lower-middle, and upper-middle groups follow the World Bank definitions. The bottom and top high
groups follow Lewandowski et al. (2019). The list of countries included in each group is presented in Appendix C.
The labels on the predicted RTI indicate the number of countries in each group with data available in a given year.

Source: authors’ estimations based on PIAAC, STEP, O*NET, World Bank, RIGVC UIBE (2016), and ILOSTAT
data.
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Appendix E. Global allocation of routine and non-routine work—additional results

Figure E1: The distribution of routine and non-routine workers across country groups according to the country-
specific and O*NET measures, expressed as shares in global employment in 2000 and 2017 (in %)

Routine workers

Non-routine workers 30%
0% : 1
25% 25% — —_——
20% 20%
15% 15%
10% 10%
0,
5% 506
0% 0
2000 2017 2000 2017 0%
2000 2017 2000 2017
Country-specific task O*NET task measures " .
measures Country-specific task O*NET task measures
measures
mLow or lower-middle income m Upper-middle income
m Bottom high-income m Top high-income

Note: for each country, we use data from 2000, or the earliest available, and from 2017, or the most recent
available.

Source: authors’ estimations based on PIAAC, STEP, CULS, O*NET, World Bank, and RIGVC UIBE (2016) data.
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Table E1: The distribution of routine and non-routine workers across country income groups in 2000 and 2017,

according to country-specific and O*NET task measures (in %)

Low or lower middle
Upper middle

Low and middle, total
Bottom high

Top high

High, total

Total

Low or lower middle
Upper middle

Low and middle, total
Bottom high

Top high

High, total

Total

Survey/predicted task measures

Non-routine
workers

20.4
24.1
44.5
13.7
41.8
55.5
100.0

22.2
245
46.7
13.2
40.1
53.3
100.0

Routine

workers

2000, or the earliest available year

64.9
23.5
88.3
6.9
4.8
11.7

100.0

56.5
32.8
89.2
5.7
5.1
10.8

100.0

O*NET task measures

Non-routine
workers

19.4
22.1
41.6
17.3
41.2
58.4
100.0

2017, or the most recent available year

28.6
25.4
54.0
14.8
31.2
46.0
100.0

Routine
workers

49.4
311
80.5
9.7
9.8
19.5
100.0

38.3
40.4
78.7
7.9
134
213
100.0

Total
employment

30.7
47.0
7.7
8.5
13.9
22.3
100.0

32.8
43.3
76.1
7.8
16.1
23.9
100.0

Note: for each country, we use data from 2000, or the earliest available, and from 2017, or the most recent

available.

Source: authors’ estimations based on PIAAC, STEP, CULS, O*NET, World Bank, and RIGVC UIBE (2016) data.
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Table E2: The distribution of routine and non-routine workers across country groups in 2000 and 2017, according
to country-specific and O*NET task measures which account to occupational RTI changes over time (in %)

Low or lower middle
Upper middle

Low and middle, total
Bottom high

Top high

High, total

Total

Low or lower middle
Upper middle

Low and middle, total
Bottom high

Top high

High, total

Total

Survey/predicted task measures

Non-routine Routine
workers workers

2000, or the earliest available year

23.7 38.8
21.3 46.4
45.0 85.2
10.6 111
44.4 3.7

55.0 14.8
100.0 100.0

2017, or the most recent available year

22.2 56.5
24.5 32.8
46.7 89.2
13.2 57

40.1 51

53.3 10.8
100.0 100.0

O*NET task measures

Non-routine
workers

194
22.1
41.6
17.3
41.2
58.4
100.0

275
24.0
51.5
155
33.0
48.5
100.0

Routine
workers

49.4
31.1
80.5
9.7
9.7
19.5
100.0

30.9
53.7
84.6
5.6
9.8
15.4
100.0

Total
employment

30.7
47.0
7.7
8.5
13.9
22.3
100.0

32.8
43.3
76.1
7.8
16.1
23.9
100.0

Note: for each country, we use data from 2000, or the earliest available, and from 2017, or the most recent

available.

Source: authors’ estimations based on PIAAC, STEP, CULS, O*NET, World Bank, and RIGVC UIBE (2016) data.
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