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ABSTRACT

IZA DP No. 12259 MARCH 2019

From Ghana to America: 
The Skill Content of Jobs and 
Economic Development*

There is a growing body of literature exploring the skill content of jobs. This paper contributes 

to this research by using data on the task content of occupations in developing countries, 

instead of U.S. data, as most existing studies do. The paper finds that indexes based on U.S. 

data do not provide a fair approximation of the levels, changes, and drivers of the routine 

cognitive and nonroutine manual skill content of jobs in developing countries. The paper 

also uncovers three new stylized facts. First, while developed countries tend to have jobs 

more intensive in nonroutine cognitive skills than developing countries, income (in growth 

and levels) is not associated with the skill content of jobs once the analysis accounts for 

other factors. Second, although adoption of information and communications technology 

is linked to job de-routinization, international trade is an offsetting force. Last, adoption of 

information and communications technology is correlated with lower employment growth 

in countries with a high share of occupations that are intensive in routine tasks.
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1. Introduction 

There is a growing body of literature that investigates trends in the skill content of jobs in 

developed and developing countries. One of the main findings of this literature is that jobs are 

becoming less intensive in routine tasks across the world. This phenomenon is associated with a 

host of negative outcomes, including lower earnings and job opportunities for workers with routine 

skills and increasing wage inequality (Autor et al., 2006; Goos, Manning, and Salomons, 2009; 

Bussolo, Torre, and Winkler, 2018).   

To estimate the task content of jobs, most studies rely on measures tailored for the US economy, 

where occupations are ranked by the tasks they typically require. These occupation-level measures 

are then applied to other countries under the assumption that the task content of occupations is the 

same as in the United States (see, for example, Apella and Zunino, 2018; Arias et al., 2014). This 

is a strong assumption, considering that jobs may require different skill sets across countries. For 

instance, manufacturing jobs in developed countries may be more intensive in routine manual tasks 

if the production technology is more capital intensive than in developing countries, where such 

jobs may be more intensive in non-routine manual tasks.  

This paper is not based on this strong assumption. We use skill surveys from developing countries 

– i.e. the Skills Toward Employability and Productivity (STEP) surveys -  to create indicators of 

the task content of jobs comparable to those based on O*NET for the US.1  We find that both sets 

of measures are consistent regarding the relative non-routine cognitive (i.e. non-routine analytical 

and non-routine interpersonal tasks) and routine manual task content of jobs across countries and 

over time. However, occupations relatively more intensive in routine cognitive and non-routine 

manual tasks are not necessarily the same according to O*NET and STEP. This implies that the 

estimated trends in the task content of jobs will depend on whether the O*NET or STEP measures 

are used. In fact, while according to the O*NET indicators only one developing country in our 

sample shows evidence of job de-routinization, all the countries with sufficiently long-time 

coverage experience such phenomenon according to the STEP indicators.   

                                                           
1 We also construct indexes comparable to those that Autor and Handel (2013) created for the US using the PDII 
survey. Since the results are very similar to those that mimic the O*NET, we do not report them, but they are 
available from the authors upon request. 
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This research also contributes to the literature on the drivers of the skill content of jobs by using 

the World Bank’s International Income Distribution Dataset (I2D2).  I2D2 covers more than 150 

countries and several years of household survey data. By applying the skill-intensity measures to 

each occupation, we estimate cross-country regressions and find that the positive correlation 

between economic development and the intensity of jobs in non-routine cognitive skills weakens 

or disappears once other factors are accounted for. ICT adoption is consistently correlated with job 

de-routinization. The magnitudes of the estimated coefficients are also economically significant: 

An increase of 50 percentage points in internet penetration – roughly the increase experienced by 

developing countries since the early 1990s - is associated with a decline in the routine cognitive 

intensity of jobs equivalent to 42 percent of the decline in this measure experienced by Ghana 

since the 1990s. Higher levels of exports, in contrast, are accompanied by an increasing 

routinization of the labor market. These findings are robust to several specifications. 

Interaction terms suggest that ICT adoption coupled with high population growth – the 

demographic dividend - seem to be stronger predictors of the increase in the share of jobs intensive 

in non-routine cognitive skills. We also find that the change in the demand for skills associated 

with ICT is linked to labor market disruptions. ICT adoption is followed by lower employment 

growth in countries with a higher share of routine jobs, which are more susceptible to being 

replaced by this technology. 

The rest of this paper is structured as follows. Section 2 contains a review of the literature and 

discusses the contribution of this paper. Section 3 describes the data, while Section 4 presents the 

methodology and the estimated trends in the skill content of jobs. Section 5 investigates the drivers 

of the skill content of jobs across countries, while Section 6 estimates the impacts of ICT adoption 

on employment. Finally, Section 7 concludes. 

 

2. Literature review 

While the canonical model assumes a one-to-one link between skills and tasks, there is a rising 

body of literature that emphasizes the distinction between these two concepts. In particular, while 

a task is a unit of work activity that produces output, skills are the workers’ endowments of 

capabilities to perform several tasks (Acemoglu and Autor, 2011). Since the seminal work of 

Autor, Levy, and Murnane (2003), there has been a steady increase in the number of articles 
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studying the task content of jobs. For example, Autor and Dorn (2013) and Goos, Manning, and 

Salomons (2009) document the process of employment and wage polarization affecting labor 

markets in the US and Europe since the 1980s and 1990s. This process is characterized by job and 

wage growth being higher at the tails of the skill and wage distribution than at the middle. They 

argue that new technologies that allowed the automation of routine jobs (which tend to be in the 

middle of the wage distribution) and increased the demand for non-routine tasks (which tend to be 

at the top and bottom of the wage distribution) fostered this process. 

There is also a growing and large body of research on the task content of jobs in developing 

countries. Even for developing countries, these studies use US-based skill measures such as the 

O*NET or other broader occupational categories. Using a broad occupational classification, World 

Bank (2016) shows that labor market de-routinization is pervasive in the developing world.  In 

comparison, studies that used more detailed data on skills show a more nuanced picture. Hardy, 

Keister, and Lewandowski (2016) find that in contrast to the US, jobs that are intensive in middle-

skill, routine, cognitive tasks increased in most Central and Eastern European countries. They also 

find that improvements in educational attainment and a decline in the share of agricultural jobs, 

rather than technology, were the main drivers of these changes. Accordingly, Apella and Zunino 

(2017) find that the evolution of the skill content of jobs in Argentina and Uruguay was more 

similar to that of Central and Eastern European countries than to that of rich countries. Maloney 

and Molina (2016) use the same aggregate classification of World Bank (2016) and find that only 

in two, out of twenty-one, developing countries there is evidence of labor market de-routinization. 

Aedo et al. (2013) estimate trends for 30 countries at different stages of development and find that 

the share of jobs intensive in non-routine, cognitive tasks is higher in richer countries.  

To our knowledge, there are only three studies that use data on the task content of occupations 

from developing countries instead of relying on data from the US.  Dicarlo et al. (2016) use data 

from STEP surveys to determine if the skill content of jobs is different from that suggested by US-

based skill surveys. Messina, Pica, and Oviedo (2014) analyze trends in the task content of jobs in 

four Latin American countries but do not investigate the drivers of such trends. Finally, Hardy et 

al. (2018) investigate the task content of jobs using country-specific skills surveys for 46 

economies, mostly in the developed world. They analyze if the findings are different from those 

obtained when using US data from O*NET and investigate the drivers of the heterogeneity in the 
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skill content of jobs across countries but not over time. They find that ICT capital intensity, robot 

use and the position of the country in the global value chain (i.e. a high share of foreign value 

added in the production of final goods and services) are negatively correlated with the share of 

routine jobs.  

This research contributes to this literature by analyzing trends in the skill content of jobs and their 

drivers, as well as the consequences for employment creation in developing economies. The use 

of multiple survey years per country allows us to increase the number of observations substantially, 

and thereby to increase the precision of our estimates in a cross-country regression setting and to 

control for unobserved heterogeneity across countries.  

3. Data 

The empirical parameters are estimated using several data sets. First, it relies on the STEP surveys 

to measure the task content of jobs. In addition to socio-economic, demographic, employment, 

education and family background information, the surveys contain a series of harmonized 

questions on specific tasks that the respondent uses in his or her job. We use the STEP surveys for 

11 developing countries (Armenia, Bolivia, Colombia, Georgia, Ghana, FYR Macedonia, 

Philippines, Serbia, Sri Lanka, Ukraine and Vietnam), collected between 2012 and 2016.2 These 

surveys are representative of the working age population in urban areas. While it collects 

information on all individuals in the household, it randomly selects an individual between 15 to 

64 years old to answer the complete questionnaire, which includes detailed employment and skills 

questions. 

This research is also based on data from the International Income Distribution Data Set (I2D2). 

The I2D2 is a data set of harmonized household surveys which are comparable across countries 

and time. It currently covers more than 150 countries and has more than 1,000 surveys. The time 

coverage goes from 1960 until 2016, but it varies by country. Appendix 1 shows the country and 

time coverage of the sample used in this paper, which excludes the pre-1990 samples. Finally, we 

use several variables from the World Development Indicators (WDI), including GDP per capita 

                                                           
2 Azerbaijan, Bosnia-Herzegovina, Kenya, Kosovo and Lao People’s Democratic Republic are also covered by a 
STEP survey but, since we do not have harmonized repeated cross-sections with the required variables for these 
countries, they are excluded from the sample. 



6 
 

PPP (both growth and level), ICT users (as a share of total population), population by age, exports 

and imports (both as a share of GDP). 

 

4. Methodology 

To estimate our skill indexes, we first construct a conceptual link between tasks and skill categories 

following the same approach used by Autor, Levy, and Murnane (2003), Acemoglu and Autor 

(2011), Handel (2012),  Spitz‐Oener (2006) and several other studies.  

Within this approach, two main methods can be distinguished in the literature. The first one relies 

on occupational level task indexes estimated by experts, who rank occupations based on worker 

interviews. The O*NET data set is the outcome of such analysis for the US economy, with 44 

different scores being assigned to each detailed level occupation. The second approach, instead, 

relies on direct worker-level information on the specific tasks performed on the job. It was 

pioneered by Handel (2008), who developed and used the STAMP survey (that later became the 

PDII), for the US. This approach allows observation of the tasks at a more disaggregated level, 

making within-occupation analyses possible. Our methodology falls into this second category, as 

we employ task information at the worker-level, exploiting the STEP surveys for several 

developing countries. As our objective is to compare our findings with the counterfactual results 

that one would obtain using the US classifications, we employ two different specifications, each 

of which as close as possible to the O*NET and to the PDII specifications, respectively. Since the 

results using the PDII specification lead to similar conclusions to the ones we obtain using the 

O*NET one, we only discuss the latter because it provides a greater disaggregation of skill groups 

(5 vs. 3 categories). 

The O*NET specification refers back to the study of Autor, Levy, and Murnane (2003). This 

specification uses 5 different skill categories: Non-Routine Analytical, Non-Routine Interpersonal, 

Routine Cognitive, Routine Manual, Non-Routine Manual. In the original work of Autor et al. 

(2003), they make a map between DOT (the predecessor of O*NET) variables and these five skill 

brackets, with a single variable eliciting the information for each of them. In general, the five 

indexes measure the following: 

• Non-routine cognitive analytical tasks (analytic reasoning skills). 



7 
 

• Non-routine cognitive interpersonal tasks (interactive, communication and managerial 

skills). 

• Routine cognitive tasks (adaptability to work requiring limits, tolerances or standards). 

• Routine manual tasks (repetitive physical movements). 

• Non-routine manual tasks (physical movements requiring adaptability and dexterity). 

Given that the O*NET is based on variables that are specific for the US, and such classification 

has not been repeated in developing countries, matching it using STEP surveys is not 

straightforward. We select the STEP variables which provide a good approximation for each of 

the five skill groups. The list of variables chosen to mimic the O*NET structure are reported in 

Table 1. 

Regarding non-routine analytical skills, we select three STEP variables to measure the task 

“Analyzing data/information”: 1) ”Number of types of document typically read”; 2) ”Length of 

longest document typically read” , and; 3) ”Number of math tasks performed”. We use one variable 

to measure the task “Thinking creatively”, namely “How often the job requires thinking for at least 

30 minutes”. 

With regards to non-routine interpersonal skills, the task “Guiding subordinates” is elicited by a 

dummy variable capturing whether the job involves supervising co-workers. “Establishing 

personal relationships” is proxied by using the variable “How important interaction with people 

other than co-workers is”. 

To estimate the routine cognitive content of jobs, we use three STEP variables: 1) “How often 

your work involves learning new things“ (mapped to the O*NET task “Importance of repeating 

the same task” (inverse)); 2) “How much autonomy you have in your work“ (mapped to 

“Structured vs. unstructured work”), and; 3) “How repetitive your work is“ (mapped to 

“Importance of repeating the same task”). 

The routine manual content of jobs is estimated using the following variables: 1) a binary outcome 

capturing whether the work involves operating machines (mapped to “Controlling machines and 

processes”, and; 2) a categorical variable measuring the how physically demanding the work is. 

Finally, the non-routine manual content of jobs is approximated using two dummy variables: 1) 



8 
 

“Does the job involve driving?” (“Operating vehicles”), and; 2) “Does the job involve repairing 

items/instruments?” (“Control/Feel objects”; “Manual dexterity”). 

 

Table 1. Tasks to skill mapping using STEP skill measurement surveys 

Skill 
Bracket STEP Task Questio

n 
Corresponding 
O*Net Task 

Coding 

Non-
routine 
Analytical 

Type of document 
read 

m5a_q0
5 

Analyzing 
data/information 
 

Summation of 
"Yes" (0-5) 

Length of longest 
document typically 
read  

m5a_q0
4*m5a_
q06 Categorical (0-5) 

Math tasks m5a_q1
8 

Summation of 
"Yes" (0-5) 

Thinking for at least 
30 minutes to do 
tasks.  

m5b_q1
0 Thinking creatively 

Categorical (1-5) 

Non-
routine 
Interperson
al 

Supervising 
coworkers 

m5b_q1
3 Guiding subordinates Dummy  

Contact with clients 
m5b_q0
5*m5b_
q06 

Establishing personal 
relationships  Categorical (0-10) 

Routine 
Cognitive 

How often your work 
involves learning new 
things 

m5b_q1
7 

Importance of 
repeating the same 
task (inverse) Categorical (0-5) 

Autonomy m5b_q1
4 

Structured vs 
unstructured work Categorical (1-10) 

Repetitiveness m5b_q1
6 

Importance of 
repeating the same 
task Categorical (1-4) 

Routine 
Manual 

Operate m5b_q0
9 

Controlling Machines 
and processes  Dummy 

Physical demanding m5b_q0
3 - Categorical (1-10) 

Non-
Routine 
Manual 

Driving m5b_q0
7 Operating vehicles  Dummy 

Repair m5b_q0
8 

Control/Feel objects; 
Manual dexterity  Dummy 

Note: the question codes are for Wave2 of the STEP Questionnaire (they do not coincide with the codes of Wave1). 

 

To construct the indexes using STEP, each variable is standardized over the entire population of 

the pooled STEP surveys for all countries, where all countries are equally weighted. We then sum 
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up all standardized variables, constructing a skill index which varies at the worker-level. For 

instance, for the non-routine manual category, we construct a skill index that is the sum of the two 

standardized components (“Operating Vehicles” and “Control/Feel Objects; Manual dexterity”). 

These skill indexes are standardized over the entire distribution, using the sampling weights. 

Finally, the indexes are collapsed at the occupational level (1-digit), using again the sampling 

weights. These occupation-specific indexes are calculated both for the pooled STEP sample and 

for each specific STEP country. The final skill indexes vary at the level of occupations, with a 

scale that depends on the underlying distribution. For the sake of concreteness, a 1-unit differential 

across occupations in a given skill is interpreted as 1 standard deviation of the whole distribution 

of that skill among the employed workforce of all STEP countries. When applying these indexes 

to other developing countries that do not have a STEP survey, we use those calculated for the 

pooled sample (i.e. not the country-specific ones).  

Using the STEP surveys to measure skills, rather than relying on O*NET, has the obvious 

advantage that it allows us to investigate whether the skill content of jobs differs across countries. 

Given that we can independently estimate occupation-specific skill indexes, we do not need to 

assume that different countries use the same technology or have the same labor force. Nonetheless, 

a couple of caveats need to be made: first, the mapping between tasks in the STEP variables and 

skills is not trivial; second, we need to assume that workers do not differ in their way of reporting 

the tasks performed at work (which may be problematic in the case of subjective opinions); and 

third, by excluding rural areas, the sample under-represents the agricultural sector, which 

represents a significant fraction of employment in the developing world.  

Our analysis is based on the ISCO-08 occupational classification at the 1-digit level. We do not 

use a higher level of disaggregation for two reasons. First, because for most of the countries 

covered in STEP surveys, the sample size is not large enough to make reliable inferences using 

more detailed occupations, as many of the cells would contain very few observations or be empty. 

Second, since the second goal of this paper is to make comparisons across countries and across 

time, it is not feasible to harmonize the occupational classifications for all the household surveys 

(which are around 600 in this study). This is because in addition to changes in the ISCO over time, 

many countries use their own-specific occupational categories that are difficult to map to ISCO at 

finer disaggregation levels. Appendix 3 shows that while the level of aggregation may affect the 
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estimation of the routine cognitive content of jobs using O*NET, it does not seem to lead to 

different conclusions for the other four skill categories. 

Figure 1 and Figure 2 display the relationship between the task content of jobs and the level of 

GDP per capita across countries included in the STEP sample, using the STEP- and US-based 

indexes, respectively. Both sets of indexes show similar patterns regarding the link between 

economic development and the content of non-routine cognitive skills. In particular, countries with 

higher levels of GDP per capita tend to have jobs with a higher content of non-routine cognitive 

skills. Both methodologies also suggest that GDP per capita is negatively correlated with the 

intensity of routine manual skills. In contrast, there are important differences with regards to the 

intensity of jobs in routine cognitive and non-routine manual tasks. US-based measures suggest 

that the intensity of jobs in routine cognitive tasks increases with economic development, and that 

the opposite is true for the intensity of jobs in routine manual tasks. However, STEP-based 

measures of non-routine tasks increase with economic development, and both routine manual and 

routine cognitive tasks decline with economic development.  
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Figure 1. The task content of jobs across countries, STEP-based indexes. 

 
Note: Each point shows the skill content of jobs using STEP-based indexes per country and year. The horizontal axis measures 
GDP per capita in PPP from WDI. 
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Figure 2. The tasks content of jobs across countries, US-based indexes. 

 
Note: Each point shows the skill content of jobs using O*NET-based indexes per country and year. The horizontal axis measures 
GDP per capita in PPP from WDI. 

 

When looking at the total changes in the task content of jobs in all 11 countries, there are certain 

differences across countries and some key stylized facts emerge. In most countries, US- and STEP-

based indexes show an increase in the non-routine cognitive content of jobs and a decline in the 

routine intensity (Figure 3). However, while the non-routine manual content of jobs increased in 

seven countries according to the STEP-based indexes, only three countries experienced such 

increase according to the O*NET-based index. Moreover, in the countries where this index 

declined according to both measures (as in the Philippines, Serbia and Ukraine), the decline was 

smaller in magnitude according to the STEP-based index than according to the O*NET-based one.  

 

 

 

Figure 3. Changes in the skill content of jobs 
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a. STEP-based 

 
 

b. US-based 
 

 
 

Note: Each bar shows the change in the task content of jobs using STEP-based (panel a) and O*NET (panel b) indexes per 
country.  

 

In summary, O*NET- and STEP-based measures generate similar results in terms of the stock and 

changes in the non-routine cognitive, as well as in the routine manual task content of jobs. They 

are also in general consistent with regards to changes in the routine cognitive task content of jobs, 

both in levels and trends. In contrast, they generate opposite results with regards to the non-routine 

manual content (both in levels and trends) and the routine cognitive content (in levels) of jobs. 
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5. What drives the skill content of jobs across countries? 

a. Extending the sample to other countries 

This section explores the drivers of the changing skill content of jobs by assigning the task content 

of each occupation estimated using the STEP surveys and O*NET, to the corresponding 

occupations in the I2D2 data set. We exclude the agricultural sector and agricultural workers from 

the I2D2 data set since they are under-represented in the STEP surveys.  

This exercise relies on the assumption that the task content of occupations of developing countries 

not covered by STEP surveys is similar to that of those with a STEP survey. While the data do not 

allow to test this assumption, we proceed by first checking if the basic correlations between the 

skill indexes and the level of GDP per capita still hold for the extended sample. Figure 4 and Figure 

5 show the correlation of the skill content of jobs with the level of economic development, using 

the O*NET- and STEP-based methodology, respectively. The patterns are very similar to those of 

Figure 1 and Figure 2, respectively. The non-routine cognitive and interpersonal task intensity 

tends to increase with the level of GDP per capita, while routine manual task intensity tends to 

decline. Accordingly, the non-routine manual content tends to increase with GDP per capita 

according to the STEP-based indexes, while the opposite is true for O*NET-based ones. While 

according to the O*NET-based index the routine cognitive intensity increases with the level of 

development, it declines when using the STEP-based indexes, which is more consistent with the 

findings for developed countries and the prediction that new technologies are more likely to 

displace this type of occupations. Since poorer countries are more likely to have a skill content of 

jobs more similar to that of other poorer countries than to that of the US, these correlations suggest 

that using STEP-based indexes provides more accurate estimates of the skill content of jobs for 

developing countries than US-based ones. 
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Figure 4. Skill content of jobs (STEP-based) by level of GDP per capita, all countries, latest 
year. 

 
Note: Each point shows the skill content of jobs using STEP-based indexes per country and year. The horizontal axis measures 
GDP per capita in PPP from WDI. 
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Figure 5. Skill content of jobs (O*NET-based) by level of GDP per capita, all countries, 
latest year. 

 

Note: Each point shows the skill content of jobs using O*NET indexes per country and year. The horizontal axis measures GDP 
per capita in PPP from WDI. 

 

When looking at changes over time, both measures show the same patterns with regards to the 

non-routine cognitive, non-routine interpersonal and routine manual task content of jobs (Figure 

6). The correlation is also positive, but considerably smaller, for the routine cognitive task content 

of jobs. However, O*NET and STEP measures do not necessarily lead to the same conclusions 

regarding the evolution of the non-routine manual content of jobs over time, since the correlation 

coefficient is relatively low. 
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Figure 6. Correlation between STEP- and O*NET-based changes in the skill content of 
jobs, extended sample 

 

Note: Sample includes 104 countries that are assigned, alternatively, the skills scores of the pooled STEP country and O*NET. 
Changes are computed over the first and last year of each country in the sample. The changes are re-scaled by the length of the 
time covered, so that they can be interpreted as yearly changes. Each bar is the value of the Spearman correlation coefficient. 

 

b. Empirical model 

To further understand the drivers of the skill content of jobs, we use a labor supply and demand 

framework (Table 2). We argue that changes in labor supply such as educational upgrading, 

increasing female labor force participation and the demographic transition could affect the skill 

content of jobs in the economy. The secular increase in educational attainment in developing 

countries could be one of the factors behind the rise of jobs intensive in non-routine cognitive 

skills, and the fall of low-skill jobs. The increasing participation of women in the labor force may 

also be an important driver if they are more likely to have jobs that are not intensive in physical 

work. Finally, the changing age structure may affect the skill content of jobs through different 

channels. First, aging societies may be more likely to incorporate labor-saving technologies 

(Acemoglu and Restrepo (2018)), and thereby more likely to experience a decline in job 

routinization. Second, a higher share of the elderly in the population may also increase the demand 

for certain types of goods or services that may be more intensive in non-routine manual tasks, such 

as the care industry. Third, given that lifelong learning institutions are not widespread in most 

developing countries, skills tend to be acquired through formal education before young people 
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enter the labor market. Thereby, larger young cohorts would contribute disproportionately to the 

stock of skills in the labor force. 

The changing skill content of jobs may also reflect changes in the demand for labor, or the stage 

of economic development. As countries become richer, their bundle of consumption goods and 

services typically changes (Seale and Regmi (2006)). When firms upgrade the quality of their 

products and production processes, this may increase the demand for non-routine cognitive skills 

(Bresnahan, Brynjolfsson, and Hitt (2002)). The skill content of jobs may also depend on the stage 

of the business cycle (Foote and Ryan (2015)).  

The structure of the economy can shape the type of skills that are more demanded in the labor 

market. For example, the emergence of the high school movement was in part a response to the 

decline of the agricultural sector and the rise of manufacturing (Autor (2015)). Bárány and Siegel 

(2018) argue that the process of job polarization is not a recent phenomenon, but it has been taking 

place since the 1950s and it is connected to the transition from manufacturing to services. This is 

because manufacturing jobs tend to be in the middle of the distribution, thereby an increase in the 

sector’s productivity implies that workers reallocate to both low- and high-skilled services through 

changes in the demand and supply of labor.  

Last, but not least, technology and trade are likely the two potential drivers that received most of 

the scrutiny in the empirical literature. New technologies may lead to rapid decline in the demand 

for routine labor, and an increase in the demand for non-routine labor (see, for instance, Acemoglu 

and Autor (2011)). Increasing exports may in contrast increase the demand for routine labor, since 

the tradeable sector is typically more intensive in this type of labor (Marcolin, Miroudot, and 

Squicciarini (2016)). An increase in imports through offshoring may reduce the demand for routine 

labor. Table 3 shows some descriptive statistics for these covariates, while Appendix A1 displays 

the country-year coverage of the sample.  
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Table 2. Drivers of trends in the skill content of jobs (from t-1 to t). 

Labor supply factors Labor demand and structural change 

- Education:  

o Share of adults with tertiary 

education (change, from t-1 to 

t) 

- Gender:  

o Female employment share 

(change, from t-1 to t) 

- Age structure:  

o Working-age population (% of 

total population) (change, from 

t-1 to t) 

o People 65 years or older (% of 

total population) (change, from 

t-1 to t) 

 

 

- Level of development: 

o GDP per capita PPP (log, t-1)3 

- Economic growth 

o GDP per capita growth (from 

t-1 to t) 

- Sectoral structure 

o Industry Value added (% of 

GDP) (change, from t-1 to t) 

o Services Value added (% of 

GDP) (change, from t-1 to t) 

- Technology 

o Internet users per 100 

inhabitants (change, from t-1 

to t) 

- Trade 

o Imports (% of GDP) (change, 

from t-1 to t) 

o Exports (% of GDP) (change, 

from t-1 to t) 

 

  

                                                           
3 We use the lagged level of GDP to capture different trends in the skill content of jobs by level of economic 
development. 
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Table 3. Descriptive statistics. 

 

Note: each figure is the average change between each country’s first and last year in the sample, divided by the length of the 

period (in years).  

 

We estimate the following equation: 

∆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑗𝑗𝑐𝑐,𝑡𝑡,𝑡𝑡−1 = 𝛼𝛼 + ∑ 𝛽𝛽𝑑𝑑∆𝑋𝑋𝑐𝑐,𝑡𝑡,𝑡𝑡−1
𝑑𝑑

𝑑𝑑 + ∑ 𝛽𝛽𝑠𝑠∆𝑋𝑋𝑐𝑐,𝑡𝑡,𝑡𝑡−1
𝑠𝑠

𝑠𝑠 + 𝜇𝜇𝑐𝑐,𝑡𝑡 + 𝜀𝜀𝑐𝑐,𝑡𝑡        (1) 

Where 𝑗𝑗 stands for each of the five tasks considered, namely non-routine analytical, non-routine 

interpersonal, routine cognitive, routine manual and non-routine manual. Equation (1) estimates 

annual changes in the skill content of jobs as a function of annual changes in labor demand 

(∆𝑋𝑋𝑐𝑐,𝑡𝑡,𝑡𝑡−1
𝑑𝑑 ) and labor supply (∆𝑋𝑋𝑐𝑐,𝑡𝑡,𝑡𝑡−1

𝑠𝑠 ) factors. The term 𝜇𝜇𝑐𝑐,𝑡𝑡 is a control variable that captures 

unobserved heterogeneity across observations, by using an interaction of four dummy variables 

indicating the level of income of the country with year dummy variables.4 This set of dummy 

variables controls for different non-parametric trends in the skill content of jobs across broad levels 

of income. We also control for the lagged level of GDP per capita to account for different linear 

trends in the skill content of jobs by level of economic development. The sample is an unbalanced 

panel of countries with annual frequency (see Appendix 1). 

 

c. Results 

We estimate equation (1) applying, alternatively, the skill scores based on O*NET and the average 

STEP indexes from the pooled sample to all the countries. In addition to including GDP in first 

                                                           
4 We use the World Bank income level classification. 

Country group
Number 

of 
countries

GDP (log points), 
change

Industry VA (% of 
GDP), change

Services VA (% of 
GDP), change

Skilled (% of 
working age 

population), change

Females (% of 
employment), 

change
Middle and low income 72 3.2 0.0 0.2 0.5 0.0

High income 32 1.8 -0.2 0.4 0.3 0.0

Country group
Working age 

population (% of 
population), change

Older than 65 years 
(% of population), 

change

Internet users (% of 
population), change

Imports (% of GDP), 
change

Exports (% of GDP), 
change

Middle and low income 72 0.3 0.1 1.8 0.4 0.4
High income 32 0.0 0.2 3.5 0.9 1.2
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differences to capture economic growth, we include the lagged level of GDP to capture different 

trends in the skill content of jobs by level of economic development.  

In general, the results in Table 4 show that the association between GDP per capita and the skill 

content of jobs is weak once we control for unobserved heterogeneity across countries, time trends 

and time-variant country characteristics, in contrast to the strong link found when using cross-

sectional data. There is no association between non-routine cognitive skills and GDP growth or 

levels. The link between GDP growth and the routine cognitive and non-routine manual skill 

content of jobs is significant only when using O*NET measures but vanishes when using STEP-

based indexes. Only the routine manual skill content of jobs has a significant and positive link with 

GDP growth, a finding consistent with occupations intensive in routine manual tasks being 

concentrated in more volatile industries over the business cycle (Foote and Ryan, 2015). 

There are some common patterns between the estimated coefficients associated with the rest of the 

covariates using the STEP- and O*NET-based measures. First, an increase in internet penetration 

is associated with an increase in the non-routine cognitive skills content of jobs and with a decline 

in the routine manual and cognitive content of jobs. An increase in the exports share of GDP is 

associated with a decline in the non-routine cognitive skills content of jobs, and with an increase 

in the routine content of jobs. 

Some differences between both sets of skill measures emerge, particularly regarding the drivers of 

the routine cognitive and the non-routine manual skill content of jobs. The correlation between the 

latter and internet use has a different sign depending on whether the STEP or O*NET methodology 

is used. Accordingly, the same holds for the correlation between the age structure of the labor force 

and the routine cognitive content of jobs (although the relationship is not statistically significant 

when using STEP-based measures). 
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Table 4. Drivers of the trends in the skill content of jobs, all countries 

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

The results in Table 4 could be affected by the O*NET and STEP indexes not being appropriate 

measures for developing countries and developed countries, respectively. To overcome this 

limitation, we estimate the same equation using only the STEP indexes and restricting the sample 

to developing countries (Table 5). The three main findings still hold in this sample. First, trends in 

the skill content of jobs are not related to economic growth or income levels once we control for 

other factors. Second, higher internet use is correlated with an increase in share of jobs intensive 

in non-routine cognitive skills, and with a decrease in the share of jobs intensive in routine tasks. 

Third, an increase in the exports-to-GDP ratio has exactly the opposite relationship than internet 

use has with the skill content of jobs. More precisely, the ratio is linked to a decline in the share 

of jobs intensive in non-routine skills, and with an increase in the share of jobs intensive in routine 

tasks.  

These associations are also large in magnitude. An increase of 50 percentage points in the share of 

internet users – roughly the increase experienced by developing countries since the early 1990s - 

is associated with an increase in the non-routine interpersonal task intensity of jobs equivalent to 

about 5 percent of its standard deviation during the period. As a reference, such level is about a 

third of the increase experienced by Vietnam in this skill measure from 1992 to 2010. Accordingly, 

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

O*NET STEP O*NET STEP O*NET STEP O*NET STEP O*NET STEP
GDP (log), change 0.0179 -0.00186 -0.00751 -0.0214 0.108*** -0.0139 0.105* 0.0480* 0.138** 0.0381

(0.0641) (0.0310) (0.0553) (0.0299) (0.0281) (0.0158) (0.0545) (0.0260) (0.0592) (0.0240)
GDP (lagged, log) 0.000862 0.000606 0.00178 0.00173 -0.00350 8.34e-05 0.00328 0.00203 0.00319 0.00162

(0.00849) (0.00411) (0.00733) (0.00396) (0.00372) (0.00209) (0.00722) (0.00345) (0.00784) (0.00318)
Industry VA (% of GDP), change 0.275 0.136 0.223 0.134 -0.0715 -0.0886* 0.0743 0.104 0.164 0.0894

(0.212) (0.102) (0.183) (0.0986) (0.0927) (0.0522) (0.180) (0.0860) (0.195) (0.0793)
Services VA (% of GDP), change 0.129 0.0468 0.289** 0.0661 -0.0737 -0.0678 -0.129 -0.0269 -0.0982 0.00905

(0.167) (0.0810) (0.145) (0.0780) (0.0734) (0.0413) (0.142) (0.0680) (0.155) (0.0627)
Skilled (% of working age population), change -0.0587 -0.0505 -0.0501 -0.0617* 0.0421 0.0198 -0.00473 -0.0306 -0.0246 -0.00977

(0.0721) (0.0349) (0.0622) (0.0336) (0.0316) (0.0178) (0.0613) (0.0293) (0.0666) (0.0270)
Females (% of employment), change -0.492*** -0.205** -0.372** -0.132 -0.0357 0.139*** 0.227 0.0424 0.154 -0.101

(0.180) (0.0869) (0.155) (0.0837) (0.0787) (0.0443) (0.153) (0.0729) (0.166) (0.0673)
Working age population (% of population), change -0.481 -0.0845 -0.228 0.184 -1.034*** 0.238 -0.304 -0.132 -0.603 -0.243

(0.640) (0.310) (0.552) (0.298) (0.280) (0.158) (0.544) (0.260) (0.591) (0.240)
Older than 65 years (% of population), change -1.662 -0.856 0.100 -0.373 -1.602** 0.318 -1.664 -1.036 -2.199 -1.136*

(1.781) (0.862) (1.537) (0.830) (0.780) (0.439) (1.515) (0.723) (1.645) (0.667)
Internet users (% of population), change 0.218*** 0.0881** 0.276*** 0.0964*** -0.0817** -0.0615*** -0.143** -0.0465 -0.149** 0.0559*

(0.0801) (0.0388) (0.0691) (0.0373) (0.0351) (0.0197) (0.0682) (0.0325) (0.0740) (0.0300)
Imports (% of GDP), change 0.134 0.0583 0.0686 0.0583 -0.159*** -0.0313 0.0520 0.0759** 0.111 0.0263

(0.0845) (0.0409) (0.0730) (0.0394) (0.0370) (0.0208) (0.0719) (0.0343) (0.0781) (0.0317)
Exports (% of GDP), change -0.260*** -0.118*** -0.188** -0.103** 0.163*** 0.0762*** 0.137* 0.00397 0.0750 -0.00318

(0.0891) (0.0431) (0.0769) (0.0415) (0.0390) (0.0220) (0.0758) (0.0362) (0.0823) (0.0334)
Constant -0.246 -0.220 -1.770 -1.474 2.900 -0.202 -4.760 -2.606 -4.695 -2.078

(8.977) (4.344) (7.749) (4.183) (3.934) (2.213) (7.640) (3.646) (8.293) (3.364)

Observations 529 529 529 529 529 529 529 529 529 529
R-squared 0.311 0.268 0.295 0.224 0.256 0.300 0.286 0.277 0.286 0.224

Non-routine analytical Non-routine interpersonal Routine cognitive Routine Manual Non-routine manual
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the same increase in internet use is associated with a decline in the routine cognitive intensity 

equivalent to 3.5 percent of its standard deviation, or 42 percent of the decline in this task measure 

experienced by Ghana since the 1990s. The role of exports, albeit statistically significant, is smaller 

in magnitude. An increase of about 7 percentage points in the ratio of exports to GDP – roughly 

the increase experienced by developing countries since the early 1990s - is associated with an 

increase in the routine cognitive task intensity of jobs equivalent to about 7 percent of the decline 

experienced by Vietnam in this skill measure. In other words, higher exports may have partially 

offset the de-routinization process. 
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Table 5. Drivers of the trends in the skill content of jobs, developing countries sample 
(STEP index) 

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

These findings could be driven by the fact that the level of development may be correlated with 

the speed at which the demand for skills and the adoption of new technologies take place. Poorer 

countries tend to grow faster, and thereby increase their human and physical capital faster than 

other countries as well. To analyze if this could be affecting the results, Table 6 controls for 

different non-parametric trends across income groups. The coefficients associated with internet 

access and exports are not significantly different to the ones from Table 5. Moreover, the 

coefficients associated with changes in the sectoral structure of the economy continue to be 

statistically insignificant.  

 

(1) (2) (3) (4) (5)

GDP (log), change -0.0214 -0.0486 -0.00677 0.0270 0.0186
(0.0391) (0.0368) (0.0198) (0.0328) (0.0304)

GDP (lagged, log) 0.00137 0.00234 0.00145 0.00283 0.00225
(0.00373) (0.00351) (0.00188) (0.00313) (0.00290)

Industry VA (% of GDP), change 0.0812 0.0855 -0.0470 0.207** 0.0772
(0.125) (0.118) (0.0631) (0.105) (0.0970)

Services VA (% of GDP), change 0.0387 0.0551 -0.0478 -0.00485 -0.00316
(0.0940) (0.0885) (0.0475) (0.0788) (0.0730)

Skilled (% of working age population), change -0.0409 -0.0558 0.0130 -0.0418 -0.00664
(0.0478) (0.0450) (0.0241) (0.0401) (0.0371)

Females (% of employment), change -0.181* -0.117 0.120** 0.0468 -0.0792
(0.107) (0.101) (0.0540) (0.0896) (0.0830)

Working age population (% of population), change 0.375 0.670* 0.0367 -0.0711 0.00311
(0.390) (0.367) (0.197) (0.327) (0.303)

Older than 65 years (% of population), change -1.244 -0.818 0.538 -0.777 -1.146
(1.175) (1.106) (0.594) (0.985) (0.913)

Internet users (% of population), change 0.0926 0.106** -0.0701** -0.0620 0.0509
(0.0569) (0.0535) (0.0287) (0.0477) (0.0442)

Imports (% of GDP), change 0.0716 0.0651 -0.0370 0.0664 0.0307
(0.0529) (0.0498) (0.0267) (0.0443) (0.0411)

Exports (% of GDP), change -0.150** -0.128** 0.0992*** 0.0250 -0.00696
(0.0597) (0.0562) (0.0302) (0.0501) (0.0464)

Constant -0.458 -1.481 -1.653 -2.368 -1.880
(3.508) (3.303) (1.772) (2.942) (2.726)

Observations 355 355 355 355 355
R-squared 0.0865 0.0852 0.134 0.105 0.0606

Non-routine 
interpersonal

Routine 
cognitive

Routine 
Manual

Non-routine 
manual

Non-routine 
analytical
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Table 6. Drivers of the skill content of jobs, developing countries sample (STEP index). 
Controlling for income group trends. 

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

The finding that the share of working age population is not significantly correlated with the skill 

content of jobs is surprising given that in most countries the extent of lifelong learning institutions 

is limited, particularly in developing countries. Thereby it is expected that most of the skill 

upgrading in the labor force is driven by the new entrants. Table 7 explores this hypothesis by 

interacting the change in the working-age population share with the change in internet use. It shows 

that, in fact, the roles of demography and the adoption of digital technologies are only relevant 

when they take place simultaneously. In other words, only countries that experience both an 

increase in the share of the working age population and an increase in internet penetration 

simultaneously witness an increase in the non-routine cognitive skill content of jobs.   

(1) (2) (3) (4) (5)

GDP (lagged, log) 0.00364 -0.0200 -0.0189 0.0548 0.0396
(0.0405) (0.0394) (0.0204) (0.0341) (0.0322)

Industry VA (% of GDP), change 0.164 0.154 -0.104 0.112 0.0942
(0.131) (0.127) (0.0660) (0.110) (0.104)

Services VA (% of GDP), change 0.0225 0.0496 -0.0548 -0.0317 0.00334
(0.102) (0.0997) (0.0516) (0.0863) (0.0814)

Skilled (% of working age population), change -0.0575 -0.0729 0.0227 -0.0471 -0.00529
(0.0480) (0.0467) (0.0242) (0.0405) (0.0382)

Females (% of employment), change -0.208** -0.135 0.141*** 0.0405 -0.100
(0.106) (0.103) (0.0534) (0.0893) (0.0842)

Working age population (% of population), change -0.0473 0.205 0.224 -0.215 -0.300
(0.401) (0.391) (0.202) (0.338) (0.319)

Older than 65 years (% of population), change -1.486 -0.917 0.604 -1.304 -1.613*
(1.207) (1.175) (0.608) (1.018) (0.960)

Internet users (% of population), change 0.116** 0.126** -0.0762*** -0.0507 0.0815*
(0.0561) (0.0546) (0.0283) (0.0473) (0.0446)

Imports (% of GDP), change 0.0774 0.0761 -0.0418 0.0796* 0.0362
(0.0537) (0.0523) (0.0271) (0.0453) (0.0427)

Exports (% of GDP), change -0.153** -0.132** 0.100*** 0.0238 0.00139
(0.0602) (0.0586) (0.0303) (0.0508) (0.0479)

Constant 0.511 0.157 -0.154 -0.677 -0.167
(2.617) (2.548) (1.319) (2.207) (2.081)

Year x Income Group YES YES YES YES YES

Observations 355 355 355 355 355

Non-routine 
interpersonal

Routine 
cognitive

Routine 
Manual

Non-routine 
manual

Non-routine 
analytical
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Table 7. Drivers of the skill content of jobs: Demography and Technology. Developing 
countries sample.   

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

Robustness check: The role of the agricultural sector 

One of the limitations of the STEP surveys is that they cover urban areas only, which leads to an 

under-representation of the agricultural sector. This could introduce a bias to our estimates if most 

of the changes in the task content of jobs is driven by a transition out of agriculture. To assess to 

what extent the exclusion of agriculture is driving the results, we re-calculate the O*NET-based 

indexes including the agricultural sector and occupations in the I2D2 data set. We then estimate 

the cross-country equations using these indexes. As seen in Table 8 and Table 9, the results are 

very similar for both samples, as the magnitudes of the main estimated coefficients are very close. 

Thereby, the main findings do not seem to be driven by the exclusion of the agricultural sector. 

 

 

 

 

 

 

 

 

(1) (2) (3) (4) (5)

Working age population (% of population), change 0.0665 0.331 0.161 -0.112 -0.123
(0.423) (0.397) (0.214) (0.356) (0.330)

Internet users (% of population), change 0.0326 0.0400 -0.0460 -0.0701 0.0264
(0.0653) (0.0614) (0.0331) (0.0550) (0.0509)

Working age population x Internet, change 0.0393* 0.0433** -0.0158 0.00526 0.0161
(0.0213) (0.0200) (0.0108) (0.0180) (0.0166)

Observations 355 355 355 355 355

Non-routine 
interpersonal

Routine cognitive Routine Manual
Non-routine 

manual
Non-routine 

analytical
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Table 8. Robustness check: Including agricultural employment, full sample. 

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

Table 9. Robustness checks: Including agricultural employment, developing country 
sample. 

 

Note: OLS coefficients from a cross-country regression using the skill content of jobs (in first differences) as the dependent 

variable (multiplied by 100). 

 

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

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

GDP (log), change 0.0179 -0.0561 -0.00751 -0.0791 0.108*** 0.219*** 0.105* 0.0723 0.138** 0.0720
(0.0641) (0.0727) (0.0553) (0.0623) (0.0281) (0.0378) (0.0545) (0.0626) (0.0592) (0.0695)

GDP (lagged, log) 0.000862 0.00292 0.00178 0.00336 -0.00350 -0.00465 0.00328 0.00281 0.00319 0.00309
(0.00849) (0.00963) (0.00733) (0.00825) (0.00372) (0.00501) (0.00722) (0.00829) (0.00784) (0.00921)

Industry VA (% of GDP), change 0.275 0.435* 0.223 0.253 -0.0715 0.240* 0.0743 -0.270 0.164 -0.311
(0.212) (0.240) (0.183) (0.206) (0.0927) (0.125) (0.180) (0.207) (0.195) (0.230)

Services VA (% of GDP), change 0.129 0.0938 0.289** 0.205 -0.0737 -0.249** -0.129 0.0851 -0.0982 0.143
(0.167) (0.190) (0.145) (0.163) (0.0734) (0.0988) (0.142) (0.164) (0.155) (0.182)

Skilled (% of working age population), change -0.0587 0.00804 -0.0501 0.0119 0.0421 0.0333 -0.00473 -0.0804 -0.0246 -0.107
(0.0721) (0.0818) (0.0622) (0.0700) (0.0316) (0.0425) (0.0613) (0.0704) (0.0666) (0.0781)

Females (% of employment), change -0.492*** -0.524** -0.372** -0.363** -0.0357 -0.205* 0.227 0.367** 0.154 0.358*
(0.180) (0.204) (0.155) (0.175) (0.0787) (0.106) (0.153) (0.175) (0.166) (0.195)

Working age population (% of population), change -0.481 0.254 -0.228 0.578 -1.034*** -1.492*** -0.304 -0.748 -0.603 -0.925
(0.640) (0.726) (0.552) (0.622) (0.280) (0.378) (0.544) (0.625) (0.591) (0.694)

Older than 65 years (% of population), change -1.662 -1.049 0.100 0.669 -1.602** -4.665*** -1.664 1.075 -2.199 1.718
(1.781) (2.021) (1.537) (1.731) (0.780) (1.051) (1.515) (1.739) (1.645) (1.931)

Internet users (% of population), change 0.218*** 0.252*** 0.276*** 0.319*** -0.0817** -0.0913* -0.143** -0.206*** -0.149** -0.221**
(0.0801) (0.0909) (0.0691) (0.0778) (0.0351) (0.0473) (0.0682) (0.0782) (0.0740) (0.0869)

Imports (% of GDP), change 0.134 0.108 0.0686 0.0127 -0.159*** -0.0928* 0.0520 0.0350 0.111 0.0664
(0.0845) (0.0959) (0.0730) (0.0821) (0.0370) (0.0499) (0.0719) (0.0826) (0.0781) (0.0917)

Exports (% of GDP), change -0.260*** -0.299*** -0.188** -0.202** 0.163*** 0.00710 0.137* 0.303*** 0.0750 0.308***
(0.0891) (0.101) (0.0769) (0.0866) (0.0390) (0.0526) (0.0758) (0.0870) (0.0823) (0.0966)

Constant -0.246 -1.965 -1.770 -3.142 2.900 4.467 -4.760 -4.637 -4.695 -5.001
(8.977) (10.19) (7.749) (8.725) (3.934) (5.297) (7.640) (8.769) (8.293) (9.736)

Observations 529 529 529 529 529 529 529 529 529 529
R-squared 0.311 0.383 0.295 0.361 0.256 0.359 0.286 0.341 0.286 0.333

Non-routine analytical Non-routine interpersonal Routine cognitive Routine Manual Non-routine manual

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

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

O*NET
O*NET with 
agriculture

GDP (log), change -0.00707 -0.0370 -0.0350 -0.0729 0.136*** 0.231*** 0.0765 0.0232 0.105 0.0236
(0.0818) (0.0995) (0.0689) (0.0825) (0.0337) (0.0456) (0.0676) (0.0803) (0.0739) (0.0884)

GDP (lagged, log) -0.000943 0.00422 -0.00454 -0.000660 0.000938 0.00463 0.00624 -0.00112 0.00488 -0.00379
(0.00780) (0.00949) (0.00658) (0.00787) (0.00391) (0.00435) (0.00645) (0.00766) (0.00705) (0.00843)

Industry VA (% of GDP), change 0.125 0.503 0.0179 0.222 -0.0318 0.305** 0.296 -0.184 0.415* -0.184
(0.261) (0.318) (0.220) (0.263) (0.100) (0.146) (0.216) (0.256) (0.236) (0.282)

Services VA (% of GDP), change 0.0981 0.199 0.190 0.208 -0.101 -0.241** -0.0822 0.0605 -0.0498 0.127
(0.197) (0.239) (0.166) (0.198) (0.0769) (0.110) (0.162) (0.193) (0.178) (0.212)

Skilled (% of working age population), change -0.0302 0.0212 -0.0257 0.0307 0.0391 0.00720 -0.0315 -0.0832 -0.0520 -0.103
(0.0999) (0.122) (0.0842) (0.101) (0.0381) (0.0557) (0.0826) (0.0981) (0.0902) (0.108)

Females (% of employment), change -0.441** -0.443 -0.326* -0.289 0.00838 -0.171 0.225 0.366* 0.163 0.374
(0.224) (0.272) (0.188) (0.225) (0.0836) (0.125) (0.185) (0.219) (0.202) (0.242)

Working age population (% of population), change 0.269 0.848 0.403 1.078 -1.173*** -1.287*** -0.442 -1.071 -0.700 -1.324
(0.816) (0.993) (0.688) (0.823) (0.342) (0.455) (0.674) (0.801) (0.737) (0.882)

Older than 65 years (% of population), change -2.453 -2.742 -0.815 -0.939 -1.132 -4.489*** -0.837 2.858 -1.352 3.625
(2.458) (2.990) (2.072) (2.478) (1.032) (1.370) (2.030) (2.412) (2.220) (2.656)

Internet users (% of population), change 0.233* 0.266* 0.320*** 0.365*** -0.119** -0.110* -0.179* -0.260** -0.187* -0.283**
(0.119) (0.145) (0.100) (0.120) (0.0477) (0.0663) (0.0983) (0.117) (0.107) (0.129)

Imports (% of GDP), change 0.164 0.151 0.0799 0.0275 -0.150*** -0.0637 0.0300 -0.00416 0.0885 0.0243
(0.111) (0.135) (0.0933) (0.112) (0.0425) (0.0617) (0.0914) (0.109) (0.0999) (0.120)

Exports (% of GDP), change -0.326*** -0.407*** -0.248** -0.290** 0.164*** -0.0610 0.193* 0.444*** 0.126 0.461***
(0.125) (0.152) (0.105) (0.126) (0.0482) (0.0696) (0.103) (0.123) (0.113) (0.135)

Constant 2.107 -3.703 4.482 0.0785 -0.957 -4.187 -5.844 1.211 -4.303 3.741
(7.339) (8.928) (6.186) (7.400) (3.579) (4.090) (6.062) (7.201) (6.627) (7.931)

Observations 355 355 355 355 355 355 355 355 355 355
R-squared 0.106 0.107 0.131 0.134 0.186 0.273 0.119 0.154 0.111 0.162

Non-routine analytical Non-routine interpersonal Routine cognitive Routine Manual Non-routine manual
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Robustness check: Limiting the sample to countries with a STEP survey 

To assess if the imputation of task scores to countries beyond those covered by a STEP survey 

affects the results, we conduct a robustness check where we estimate the main equation using the 

original sample of countries with a STEP survey. Given that the number of observations is 

significantly smaller, we estimate more parsimonious specifications by replacing year dummy 

variables with decade dummy variables. In addition, we exclude GDP per capita (both in levels 

and changes) as control variables in the full model. 

As seen in Table 10, the estimated coefficients associated with internet use and exports have in 

general the same signs as those of Table 5, although the latter are no longer statistically significant. 

Increased internet use is associated with increases (decreases) in the non-routine (routine) task 

intensity of jobs. Several other coefficients become statistically significant in this sample, but the 

number of observations is too small to draw conclusions. 

 

Table 10. Robustness check: Restricting the sample to countries with a STEP survey. 

 

Note: Sample includes countries covered by the STEP survey only. Dummy variables for each decade are included as covariates. 

 

6. How do labor markets cope with the changing demand for skills? 

Changes in the demand for skills coming from trade and technology shocks can have disruptive 

effects in the labor market, especially when workers cannot easily move across occupations. There 

is a large body of literature showing that, even in developed countries with flexible labor markets, 

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

GDP (log), change -0.0187 0.00405 -0.0151 0.0391 0.0117
(0.0314) (0.0195) (0.0227) (0.0289) (0.0259)

GDP (lagged, log) -0.00422 -0.00236 0.000933 -0.00103 -0.00349
(0.00977) (0.00605) (0.00705) (0.00897) (0.00806)

Industry VA (% of GDP), change -0.595*** -0.255 0.292* -0.268 -0.113
(0.223) (0.161) (0.155) (0.193) (0.225)

Services VA (% of GDP), change 0.340*** 0.164* -0.281*** -0.294*** 0.00581
(0.119) (0.0861) (0.0831) (0.104) (0.121)

Skilled (% of working age population), change -0.0155 0.0344 -0.000606 0.00224 0.0667
(0.0631) (0.0455) (0.0439) (0.0547) (0.0638)

Females (% of employment), change -1.590*** -0.573 0.478 0.0763 -0.545
(0.579) (0.417) (0.403) (0.502) (0.585)

Working age population (% of population), change -2.429*** -1.012** 1.544*** 1.414*** -0.212
(0.549) (0.396) (0.382) (0.476) (0.555)

Older than 65 years (% of population), change -0.885 -0.0244 0.926 5.334*** 1.409
(1.880) (1.355) (1.308) (1.632) (1.901)

Internet users (% of population), change 0.296*** 0.160** -0.195*** -0.0833 0.0788
(0.0949) (0.0684) (0.0660) (0.0823) (0.0959)

Imports (% of GDP), change 0.161* 0.122** 0.00631 0.209*** 0.158*
(0.0803) (0.0579) (0.0559) (0.0697) (0.0812)

Exports (% of GDP), change -0.110 -0.0737 0.0191 -0.139 -0.165
(0.0990) (0.0714) (0.0689) (0.0859) (0.100)

Observations 73 68 73 68 73 68 73 68 73 68
R-squared 0.012 0.474 0.017 0.281 0.074 0.476 0.055 0.537 0.039 0.155

Non-routine analytical Non-routine interpersonal Routine cognitive Routine Manual Non-routine manual
STEP-sample STEP-sample STEP-sample STEP-sample STEP-sample
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trade and technology shocks have significant impacts on employment levels (see, for instance, 

Autor, Dorn, and Hanson (2013) and Acemoglu and Restrepo (2017)). In this section, we focus on 

the impact of ICT on employment rates and test the following prediction. Since ICT is more likely 

to replace routine tasks, countries where jobs are more intensive in these tasks would be more 

likely to experience a decline in employment as ICT adoption rises. 

We first create an index bundling both routine cognitive and routine manual tasks into one. Then, 

we estimate the following equation: 

∆𝑒𝑒𝑒𝑒𝑒𝑒𝑐𝑐,𝑡𝑡,𝑡𝑡−1 = 𝛾𝛾 + 𝛾𝛾𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐,𝑡𝑡−1 + 𝛾𝛾𝐼𝐼𝐼𝐼𝑡𝑡∆𝐼𝐼𝐼𝐼𝑅𝑅𝑒𝑒𝐼𝐼𝐼𝐼𝑒𝑒𝑅𝑅𝑐𝑐,𝑡𝑡,𝑡𝑡−1

+ 𝛾𝛾𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡×𝐼𝐼𝐼𝐼𝑡𝑡𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑐𝑐,𝑡𝑡−1∆𝐼𝐼𝐼𝐼𝑅𝑅𝑒𝑒𝐼𝐼𝐼𝐼𝑒𝑒𝑅𝑅𝑐𝑐,𝑡𝑡,𝑡𝑡−1 + �𝛾𝛾𝑠𝑠∆𝑋𝑋𝑐𝑐,𝑡𝑡,𝑡𝑡−1
𝑠𝑠

𝑠𝑠

+ 𝜏𝜏𝑐𝑐 + 𝜖𝜖𝑐𝑐,𝑡𝑡 

The dependent variable ∆𝑒𝑒𝑒𝑒𝑒𝑒𝑐𝑐,𝑡𝑡,𝑡𝑡−1 is the annual change in the employment rate from t-1 to t. The 

parameter of interest is 𝛾𝛾𝑅𝑅𝑅𝑅𝑅𝑅𝑡𝑡×𝐼𝐼𝐼𝐼𝑡𝑡, which we expect to be negative.  

The estimates in Table 11 show evidence consistent with the hypothesis that ICT has a negative 

impact on employment rates in countries where the stock of jobs is more intensive in routine tasks. 

The magnitudes of the coefficients are different across age groups, but there is no clear pattern 

since they also vary across specifications. The size of the effects is also relatively large. Our 

preferred estimate in column (2) for all age groups indicates that when internet penetration 

increases by 10 percentage points, employment rate growth is 2 percentage points lower in a 

country with a relatively high level of routine labor (Sri Lanka) with respect to one with a low 

level of routine labor (Argentina). 
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Table 11. Changes in employment rates by levels of exposure to ICT  

 

Note: OLS coefficients from a cross-country regression using the employment rate as the dependent variable. 

 

7. Conclusions 

This paper contributes to a growing body of literature investigating the skill content of jobs. While 

most articles impute US-based measures of the task content of occupations to other countries, we 

use harmonized data on the task content of jobs for 11 developing countries. We find that indexes 

based on the US and on developing countries lead to similar conclusions regarding the stock, 

changes and drivers of the non-routine cognitive and routine manual content of jobs. However, the 

(1) (2) (3) (4) (5) (6)

Routine content 20.12* 23.17** 17.71* 18.47** 21.83 26.15*
(11.54) (10.32) (9.887) (8.321) (14.33) (13.53)

Internet 0.0878 0.118 0.138 0.125 0.0577 0.118
(0.0850) (0.110) (0.0934) (0.114) (0.0957) (0.118)

Routine x Internet -2.064** -2.582** -1.607 -1.970* -2.559* -3.078**
(1.050) (1.265) (1.002) (1.118) (1.314) (1.540)

Routine content 17.80* 21.10** 16.59* 16.53** 18.54 22.50*
(10.64) (9.963) (8.867) (7.561) (13.77) (13.07)

Internet 0.222** 0.235* 0.277** 0.278** 0.180 0.216
(0.108) (0.136) (0.111) (0.135) (0.126) (0.152)

Routine x Internet -2.930*** -3.003** -2.212** -2.082* -3.528** -3.795**
(1.073) (1.206) (1.051) (1.142) (1.389) (1.543)

Routine content 20.79* 22.65** 17.93** 16.17** 22.26 26.35**
(10.90) (9.652) (8.643) (8.005) (13.97) (12.83)

Internet 0.0688 0.123 0.124 0.124 0.0342 0.112
(0.0828) (0.114) (0.0997) (0.136) (0.0916) (0.114)

Routine x Internet -2.251** -3.046** -1.998* -2.632* -2.529* -3.226**
(1.083) (1.365) (1.125) (1.388) (1.302) (1.553)

Routine content 27.28 29.61 22.57 21.22 29.81 33.63
(17.25) (19.09) (15.20) (16.17) (21.34) (22.06)

Internet 0.0338 0.0747 0.125 0.0920 0.0157 0.0810
(0.133) (0.165) (0.152) (0.182) (0.145) (0.165)

Routine x Internet -1.352 -2.253 -1.094 -1.728 -1.918 -2.561
(1.698) (2.143) (1.687) (2.084) (2.054) (2.358)

Country characteristics NO YES NO YES NO YES

Observations 300 296 300 296 300 296

All Men Women

All Ages
All Men Women

15-24 years
All Men Women

25-54 years
All Men Women

55-64 years
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former does not provide a close approximation of the routine cognitive and non-routine manual 

skill content of jobs. We also uncover three new stylized facts. First, while developed countries 

tend to have jobs more intensive in cognitive skills than developing countries, income (both in 

growth and levels) is not significantly associated with the skill content of jobs once other factors 

are accounted for. Second, while ICT adoption is linked to job de-routinization, international trade 

is an offsetting force. Last, ICT adoption is correlated with lower employment growth in countries 

with a high share of occupations intensive in routine tasks.   

These findings have important policy implications. First, they question the implicit assumption 

that the task content of occupations is similar across countries. Thereby, they highlight the 

importance of making the data collection of the task content of occupations more systematic and 

frequent in the developing world. Second, the steady increase in the non-routine cognitive content 

of jobs in developing countries shows the importance of policies to improve educational attainment 

and quality so that labor supply can keep up with demand. Third, the fact that ICT adoption - rather 

than GDP growth per se - is strongly linked to the demand for non-routine cognitive skills 

highlights that the type - rather than just the magnitude - of economic growth matters for the quality 

of jobs. Fourth, while new technologies may increase the skills intensity of jobs on average, they 

can displace routine workers with limited capacity to find another job. This highlights the 

importance of social protection systems, of reducing the barriers to job mobility and of 

strengthening lifelong learning systems to facilitate the process of finding a new job and protecting 

the incomes of displaced workers during a technological shock. 
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Appendix 1: I2D2 Country-year coverage 

 

  

Country First year Final Year
Number of 

survey-
years

Country First year Final Year
Number of 

survey-
years

Argentina 2003 2014 12 Jamaica 1996 2002 4
Armenia 1998 2013 2 Jordan 2000 2016 15
Austria 2004 2011 8 Latvia 2005 2011 7
Bangladesh 2000 2015 5 Lebanon 2004 2011 2
Belgium 2004 2011 8 Lithuania 1998 2011 14
Belize 1996 1999 4 Luxembourg 2004 2011 8
Bhutan 2003 2012 3 Mauritius 1999 2012 13
Bolivia 1997 2014 14 Mexico 1992 2006 9
Bosnia and Herzegovina 2001 2007 2 Moldova 2006 2012 7
Brazil 2002 2014 11 Montenegro 2005 2011 4
Bulgaria 2003 2010 5 Morocco 2005 2009 5
Burkina Faso 1998 2014 3 Nepal 1998 2010 4
Cabo Verde 2000 2007 2 Netherlands 2005 2011 7
Cambodia 1997 2012 7 Nicaragua 1998 2009 4
Cameroon 2001 2014 4 Norway 2004 2011 8
Chile 1992 2013 10 Pakistan 1999 2014 14
China 2007 2013 2 Panama 2001 2010 10
Colombia 2008 2014 7 Paraguay 2001 2012 4
Costa Rica 2001 2012 11 Peru 1997 2014 18
Cote d'Ivoire 2008 2015 2 Philippines 2001 2014 14
Cyprus 2005 2011 6 Poland 1998 2011 14
Czech Republic 2005 2011 7 Portugal 2004 2011 8
Denmark 2004 2010 7 Russian Federation 1994 2009 12
Dominican Republic 2001 2013 5 Serbia 2004 2013 8
Ecuador 2000 2014 6 Seychelles 2006 2013 2
El Salvador 1998 2014 13 Slovak Republic 2005 2011 7
Estonia 2000 2011 12 Slovenia 2005 2011 7
Ethiopia 2012 2014 2 South Africa 1995 2008 10
Finland 2004 2010 7 Spain 2004 2011 8
France 2004 2011 8 Sri Lanka 1994 2013 16
Gambia, The 1998 2015 4 Sweden 2004 2011 8
Georgia 2008 2013 5 Tanzania 2000 2014 6
Germany 2005 2011 7 Thailand 1994 2011 8
Ghana 1998 2012 3 Turkey 2001 2012 11
Greece 2004 2011 8 Uganda 2005 2012 3
Guatemala 2000 2006 5 United Kingdom 2005 2011 7
Hungary 2004 2011 8 United States 2000 2010 3
Iceland 2004 2011 8 Uruguay 2000 2011 12
India 1993 2011 5 Uzbekistan 2000 2003 3
Indonesia 2001 2007 7 Venezuela, RB 1992 2006 5
Ireland 2004 2009 6 Vietnam 1997 2010 8
Italy 2004 2011 8 Zambia 1998 2015 5
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Appendix 2. Measuring the skill content of jobs 

a. Cross-sectional comparisons 

In general, both STEP and O*NET measures lead to similar conclusions regarding which 

occupations have a higher intensity in non-routine analytical and interpersonal as well as routine 

manual tasks, as shown by the positive correlation between them (Figure A2 1). In other words, 

the occupations with a high content of these tasks tend to be the same in the US and in 

developing countries. The correlation between the routine cognitive task content of occupations 

also tends to be similar across occupations in the US and developing countries, although to a 

lower extent. In contrast, large differences emerge when comparing the non-routine manual 

content of occupations. Except for the Philippines, in most countries the correlation coefficients 

are either small or negative. 

These findings are consistent with those of existing studies that rely on a more disaggregated 

classification of occupations. For example,  Messina, Pica, and Oviedo (2014) find that the task 

content of occupations is similar between the US and Latin America with respect to abstract and 

routine tasks (with a correlation coefficient of around 0.5 to 0.6). In contrast, the manual content 

of occupations is more heterogeneous across countries. They arrive to these conclusions while 

using between 6 and 10 times the number of occupational categories of our study. Although the 

skills’ definitions are not strictly comparable, these results are also consistent with those of  

Dicarlo et al. (2016), as they find that the non-routine cognitive content of occupations is similar 

between developing countries and the US. They arrive to this conclusion using a much more 

disaggregated occupational classification.5  

  

                                                           
5 In contrast, they find that the non-routine interpersonal content of occupations, while positively correlated to that 
of the US, it is much weaker than suggested by our findings. However, this could be explained by the fact that the 
variables that we use to construct the non-routine interpersonal index is more like that of Autor and Handel (2013) 
than the one used by DiCarlo et al. (2016). 



37 
 

Figure A2 1. Skill content of jobs by occupation – Spearman correlation between O*NET 
and STEP measures 

 
Note: each bar shows the Spearman correlation of the skill content of jobs at the 1-digit ISCO level. The task content measures 
are estimated using STEP (for each country) and O*NET (for the US). 

 

b. Trends 

The cross-sectional differences between the skill content of jobs according to O*NET- and 

STEP-based indexes leads to different trends as well. Figure A2 2 illustrates the cases of Bolivia, 

Ghana, Sri Lanka and Vietnam, as the data for these countries cover a period (roughly 25 years) 

long enough to capture trends. As expected, the evolution of the non-routine analytical and 

interpersonal as well as the routine manual task content tends to follow the same pattern 

according to both STEP and O*NET indexes and are consistent with the process of job 

polarization. An important difference exists with respect to the non-routine manual content of 

jobs, which increases in every country according to the STEP-based measures – which is 

consistent with job polarization – but it fell over time according to O*NET (except for Ghana).      
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Figure A2 2. Trends in the skill content of jobs, 1990-2015 
a. Bolivia - STEP 

 

b. Bolivia – O*NET 

 
c. Ghana - STEP 

 

d. Ghana – O*NET 

 
e. Sri Lanka - STEP 

 

f. Sri Lanka – O*NET 

 
g. Vietnam - STEP 

 

h. Vietnam – O*NET 

 
Note: polynomial approximation 
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Discrepancies between the two indexes are driven by the fact that for the STEP-based index, 

occupations intensive in non-routine analytical tasks also tend to be intensive in non-routine 

manual tasks, the opposite holds for O*NET-based measures. For example, while managers tend 

to use relatively more non-routine manual tasks than other occupations according to the STEP 

indexes, they are one of the occupations with the lowest non-routine manual scores according to 

the O*NET-based index (Figure A2 3). 

Figure A2 3. Non-Routine Manual vs. Non-Routine Analytical content of occupations 
a. STEP-based index 

 

b. O*NET-based index 

 

Note: Each point represents the average skill content of each occupation (and by country in the left figure). STEP-based measures 
are reported for all countries in the STEP sample. 

 

Table A2 1 and Table A2 2 illustrate the sources of these discrepancies by analyzing specific 

examples of detailed occupations in Bolivia and Vietnam. In both countries, chief executives, 

senior officials and legislators have the highest levels of non-routine analytical and interpersonal 

skills at work, in terms of reading, using math, supervising, creativity and contacts with clients. 

At the same time, they are more likely to drive and operate a vehicle while at work, which is one 

of the components used to measure non-routine manual tasks. Accordingly, electrical workers, 

whose jobs seemed to be relatively intensive in reading and math, are also more likely than other 

workers to carry out non-routine manual tasks such as repairing.  

Two forces may help explain the differences in the evolution of the non-routine manual content 

of jobs. First, workers performing non-routine cognitive tasks in developing countries may also 

be more likely than other workers to own assets - such as cars – required to carry out non-routine 
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manual tasks. Second, differences in the use of non-routine analytical skills within middle-skill 

occupations such as electricians and machine operators may be larger in developing countries 

than in developed economies when compared to the average job. Low-tier jobs in developing 

countries may be relatively less intensive in both non-routine cognitive and manual tasks when 

compared to low-tier jobs in developed countries. This is consistent with occupations being less 

specialized in developing countries. 

 

Table A2 1. Skills by occupation, Vietnam 

 

 

 

Type of 
document 

read

Length of 
longest 

document 
typically 

read 

Math tasks

Thinking for 
at least 30 
minutes to 
do tasks. 

Supervising 
coworkers

Contact 
with clients

Driving Repair

High Analytical and 
Intepersonal content
Chief executives, senior officials 
and legislators

100% 93% 65% 100% 100% 93% 46% 0%

Production and specialized 
services managers

82% 57% 73% 56% 86% 70% 27% 16%

 Science and engineering 
professionals

70% 81% 76% 63% 72% 54% 17% 16%

Legal, social and cultural 
professionals

59% 56% 32% 54% 78% 89% 8% 12%

Hospitality, retail and other 
services managers

55% 33% 78% 31% 93% 81% 13% 13%

Electrical and electronic trades 
workers

54% 53% 50% 23% 38% 34% 8% 48%

Average 70% 62% 62% 55% 78% 70% 20% 18%

Low  Analytical and 
Intepersonal content
Refuse workers and other 
elementary workers

23% 21% 44% 5% 28% 22% 2% 0%

Labourers in mining, 
construction, manufacturing 
and transport

23% 26% 40% 15% 25% 45% 14% 3%

Food processing, wood working, 
garment and other craft and 
related trades workers

22% 18% 47% 19% 22% 49% 4% 6%

Cleaners and helpers 21% 15% 25% 20% 28% 52% 0% 0%

Stationary plant and machine 
operators

17% 19% 33% 14% 14% 40% 8% 13%

Agricultural, forestry and fishery 
labourers

14% 16% 41% 14% 19% 51% 2% 1%

Average 20% 19% 38% 14% 23% 43% 5% 4%

Non-Routine Analytical and Interpersonal Non-Routine manual
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Table A2 2. Skills by occupation, Bolivia. 

 

 

  

Type of 
document 

read

Length of 
longest 

document 
typically 

read 

Math tasks

Thinking for 
at least 30 
minutes to 
do tasks. 

Supervising 
coworkers

Contact 
with clients

Driving Repair

High Analytical and 
Intepersonal content

Chief executives, senior officials 
and legislators

100% 100% 100% 100% 100% 100% 64% 0%

Hospitality, retail and other 
services managers

96% 50% 50% 96% 86% 93% 24% 0%

Numerical and material 
recording clerks

85% 56% 72% 52% 61% 61% 40% 4%

Administrative and commercial 
managers

81% 56% 95% 93% 82% 86% 49% 10%

 Science and engineering 
professionals

78% 91% 97% 89% 88% 53% 34% 11%

Stationary plant and machine 
operators

75% 72% 60% 52% 30% 33% 35% 12%

Average 86% 71% 79% 80% 74% 71% 41% 6%

Low  Analytical and 
Intepersonal content

Cleaners and helpers 28% 19% 37% 30% 9% 22% 1% 0%

Legal, social, cultural and related 
associate professionals

24% 46% 53% 71% 29% 40% 3% 1%

Personal service workers 21% 15% 55% 39% 18% 23% 1% 0%

Food processing, wood working, 
garment and other craft and 
related trades workers

19% 15% 82% 60% 26% 25% 11% 1%

Agricultural, forestry and fishery 
labourers

5% 0% 50% 46% 39% 22% 11% 0%

Food preparation assistants 0% 0% 29% 43% 22% 42% 0% 0%

Average 16% 16% 51% 48% 24% 29% 4% 0%

Non-Routine Analytical and Interpersonal Non-Routine manual
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Appendix 3. Does the level of occupational aggregation drive the results? 

Measures of the skill content of jobs may also be affected by the level of disaggregation of the 

occupational classification. Ideally, one would like to have access to the most disaggregated 

level possible – i.e. three or four digits – to maximize the accuracy, but this is not feasible when 

trying to make the measures comparable across many countries as in this paper. To investigate if 

the level of aggregation is driving our results, we compare our 1-digit measures to those coming 

from country- or region-specific studies that rely on more disaggregated occupational 

classifications. Concerns would arise if changes in the skill content of jobs are substantially 

different when using a disaggregated occupational classification. Table A3 1 highlights in red the 

cases where the disaggregated O*NET measures generate different patterns than the 1-digit 

O*NET measures. The green cells indicate the cases where all three measures are consistent 

(dark green), or where the two O*NET measures are consistent (light green). While in most 

cases the aggregation does not seem to drive the results, the results for routine cognitive tasks 

suggest that this could be an issue in this case. It is important to keep in mind this caveat when 

interpreting the results for changes in the routine cognitive content of jobs.  

Table A3 1. Trends by the level of disaggregation 

 

Source: O*NET 1-digit and STEP 1-digit are the measures estimated in this paper. O*NET (disaggregated) comes 

from different sources. Apella and Zunino (2018) for Latin America and Europe and Central Asia (standard 

employment); Górka et al. (2017) for the European Union;  Mason, Kehayova, and Yang (2018) for East Asia; 

Winkler (2018) for Jordan. 

O*NET
O*NET 1-

digit
STEP 1-digit O*NET

O*NET 1-
digit

STEP 1-digit O*NET
O*NET 1-

digit
STEP 1-digit O*NET

O*NET 1-
digit

STEP 1-digit O*NET
O*NET 1-

digit
STEP 1-digit

Argentina + + + + + + + - - - - - - - +
Uruguay + + + + + + + - - - - - - - +
Brazil + + + + + + * + - - - - - - -
Chile + + + + + + + - - - - - - - -
Peru + + + + + + - + - - - - - - +
Bolivia + + + + + + * - - - - - + - +
Dominican Republic - - - - + - - - - + - - + - -
Mexico * - - + + - + - + - + + - + +
El Salvador + + + + + + + - - - - - - - -

Philippines + + + + + + + - - - - - - - -
China * - - * - - + - + * + - + + -
Vietnam + + + + + + + + - * - - - - +
Indonesia - - - - + - + - - - - - - - -

EU NMS + + + + + + + - - - - - - - -
EU 15 + + + + + + * - - - - - - - -

Russia + + + + + + - - - * - - - - -
Armenia * - + - - + + + - + + + + + +
Albania + - - + - - + - + - + + - + -

Middle East Jordan - + - + - + - - - - - - + - -

Reference:
Same trends according to the three indexes
Same trends according to O*NET and O*NET 1-digit
Different trends according to O*NET and O*NET 1-digit

Non-routine manual

Latin America

East Asia

European Union

Europe and Central Asia

Non-routine analytical Non-routine interpersonal Routine cognitive Routine manual
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