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ABSTRACT 
 

Heterogeneity of Skill Needs and Job Complexity: 
Evidence from the OECD PIAAC Survey* 

 
We use information from the new OECD Survey of Adult Skills (PIAAC) to investigate the link 
between job tasks and cognitive skill demand in 22 advanced economies. Skill demand is 
operationalized by the assessed literacy and numeracy skills of workers with well-matched 
skills to their job duties. Jobs are categorised according to the nature of tasks, including the 
intensity of abstract reasoning, employee latitude, interactivity or manual work. The analysis 
confirms the significant relation between task complexity and higher skill needs. The 
significant relation holds independently of the endogenous supply of formal human capital, 
occupational or industrial structure and other job or individual characteristics. The results 
confirm the (indirect) mapping between tasks and skills as predicted by the task approach to 
labour economics. Given the marked heterogeneity in workplace practices adopted by 
employers, it is clear that enterprise level workplace development policies are warranted as 
enablers of skills matching and higher labour productivity. 
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1. Introduction 

The ‘task approach’ to analysing skill requirements in advanced market economies has 

received increasing attention in recent literature (Autor et al. 2003; Autor and Handel 2013). 

The crux of the task framework is that the core activities that workers undertake in their jobs 

are linked to the (formal, non-formal and informal) skills required by workers to carry out 

these tasks. The degree to which labour with different skill levels is needed is determined 

endogenously according to technological changes, the relative availability of factor supplies 

and the comparative advantage of different skill types in the execution of distinct tasks 

(Acemoglu and Autor 2011). Job task requirements are linked to evolving technologies, 

including the reduced cost of ICT, and to automation of a large set of routine tasks that, as a 

consequence, has shifted relative labour demand away from occupations in need of 

individuals with intermediate-level skills. For instance, Handel (2012) shows, in both the US 

and Europe, that the trend towards a post-industrial society during the period 1997-2009 

involved rising demand for both cognitive and interpersonal skills and declining demand for 

physical tasks. 

The task framework offers an unique theoretical construct that can account for several 

stylised empirical facts in the labour markets of advanced economies over the last three 

decades, including the hollowing out (“polarisation”) of the occupational distribution of 

employment (Acemoglu and Autor 2011).2 Autor and Handel (2013) illustrate further that the 

variance in analytical, routine and manual tasks carried out by US workers is a significant 

predictor of wage differences not only between occupations but also among workers in the 

same occupation.   

Much of the previous literature on the effectiveness of high performance workplaces 

(HPW)3 has also confirmed that there is a positive relation between discretionary employee 

workplace practices and various metrics of productivity, including job satisfaction (Bauer 

2004), health and safety at work (Pouliakas and Theodossiou 2013) and firm performance 

(Bloom and Van Reenen 2011). Nevertheless, even though it is usually assumed that the 

positive effect of task discretion and autonomy on productivity is mediated by higher levels 

of human capital, little evidence exists to date to confirm the statistical relationship between 

                                                            
2 Nonetheless, other authors have pointed out that polarization is not taking place everywhere at the same pace, 
with some EU countries experiencing different types of changes in their job structure (Fernández-Macías 2012; 
Eurofound 2014). 
3 The literature on HPW suggests that human resources are at their most productive capacity when they are 
confronted with complex, autonomous, non-routine tasks (UKCES 2009). Firms relying on HPW often 
implement specific job design, hiring, training, communication and performance management measures to 
ensure that they attract a highly skilled workforce that continuously develops and utilises its skills on the job. 
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the complexity of task design and the heterogeneity of (cognitive) skills and skill 

requirements between and within occupations. As noted by Autor and Handel (2013, p. S61), 

“…the task approach faces two significant challenges.  The first is conceptual.  Research 

using the task approach has not to date made explicit the economic mapping between tasks, 

which are characteristics of jobs, and human capital, which is a characteristic of 

workers...The second challenge is measurement”.  Indeed, most previous studies have been 

constrained in the use of imperfect proxies of skills, such as formal educational 

qualifications. They have also been limited in their ability to adequately distinguish between 

different levels of skills, often relying on discrete groupings of educational attainment (e.g. 

low, medium and high).   

This paper addresses this critical disjuncture between skills and job tasks by taking 

advantage of a new rich data source generated by the Organisation for Economic Cooperation 

and Development (OECD), the so-called Survey of Adult Skills or PIAAC (OECD 2013). The 

PIAAC survey is unique as it assesses objectively the level of foundation skills of 

individuals, specifically their literacy, numeracy and problem-solving (in technology-rich 

environments) cognitive functions. It also contains a separate module with information on the 

frequency of performing different job tasks, which enables the construction of person-level 

(instead of the conventional occupation-level) measures of heterogeneity in task demands.4   

The paper examines whether the demand for skills in a sample of 22 economies is 

correlated with different descriptors of task complexity characterising people’s jobs, such as 

the extent to which their jobs entail abstract, autonomous, interactive or manual tasks. To do 

so, newly proposed measures capturing variation in skill requirements between and within 

occupations, as proposed in recent literature, are derived. Specifically, the heterogeneity of 

skill needs is captured by focussing only on jobs in which individuals’ skills are well-

matched to their job duties, the latter measured both in a subjective and an objective fashion.   

It is confirmed that skill demand is positively and statistically significantly related to the 

complexity of job tasks. Other things equal, jobs that engage employees more frequently in 

the execution of complex and abstract tasks are more likely to be characterised by higher 

(cognitive) skill needs. This positive relation holds even after taking into account other 

explanatory factors that can account for the variation in skill requirements across firms, such 

                                                            
4 With the exception of Autor and Handel (2013), researchers have typically imputed task requirements using 
data on job characteristics at the level of occupations, as obtained from national occupational dictionaries or 
libraries (e.g. the information tool O*NET in the US). 
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as the occupational and industrial distribution, establishment size, distinct recruitment 

requirements and other workplace and individual characteristics.   

The paper thus offers an empirical validation of the indirect link between tasks and skill 

needs as predicted by the task approach of labour economics. Such a relation is important for 

policymaking purposes, as it implies that enterprise level HR interventions and workplace 

innovation publicly-financed projects (aimed at improving job design and work practices or 

introducing new forms of work organisation) can potentially influence the level of skill 

demand in local or national economies.5 Raising the level of skill demand and of “employer 

ambition” (European Commission 2008) in terms of how skills can be better developed and 

deployed within enterprises, has been acknowledged as a key challenge in the ambit of skills 

policy (Buchanan et al. 2010). Stimulating higher levels of skill demand and making better 

use of workers’ skills holds the key to raising labour productivity and mitigating skill 

mismatches (particularly, high levels of overqualification/skill underutilisation) in advanced 

western economies (OECD 2013; Cedefop 2012a; Cedefop 2015a).    

The structure of the paper is as follows. Section 2 reviews the available literature 

regarding the relation between task complexity and skill needs. Section 3 describes the main 

variables used in the analysis based on the PIAAC dataset. Section 4 outlines the empirical 

methodology adopted in the paper and discusses the main findings while section 5 describes 

several tests which confirm their robustness. Section 6 concludes with a discussion of the 

policy relevance of the empirical results of the paper. 

 

2. Job design and skill needs 

2.1 Jobs as tasks 

Job design and the degree of task complexity involved in jobs is a strategic decision for 

organisations. One of the most challenging questions for human resource managers is the 

definition of a job description: that is, specifying the tasks assigned to a given job title, the 

authority and discretion granted to employees performing such jobs and the incentives tied to 

such jobs, which aim at influencing the behaviour and motivation of employees. 

Unsuccessful organisational structures that result in hierarchical ‘silos’ and isolated or routine 

                                                            
5 For instance, a number of recent government initiatives to help small and medium-sized enterprises boost their 
productivity and performance by embracing and embedding innovative workplace practices, while developing 
employee participation and empowerment as enablers of change and creativity have been implemented in 
several countries, such as the Finnish Workplace Development Programme, the Synergy programme in Flanders 
(Belgium), the Workplace Innovation Fund in Ireland and the Workplace Productivity Project in New Zealand 
(Buchanan et al., 2010). 
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jobs can demotivate employees, inhibit effective communication channels within the firm and 

result in a strained and unproductive working environment (CIPD 2008). 

As described by Lazear and Gibbs (2009), most jobs can be described by four interlinked 

components – the number of tasks to be performed (i.e. multitasking), the breadth and depth 

of ability and human capital needed by the job (i.e. skills), the degree of control, 

responsibilities borne and number of decisions made by workers (i.e. discretion) and the 

linkage with other jobs in the firm (i.e. interdependence). These factors are interlinked when 

designing jobs, namely jobs with a higher level of multitasking will also entail a greater 

degree of task discretion and will be dependent on the higher skills of job holders (Gibbs et 

al. 2010).   

The Tayloristic principle espouses fragmentation of jobs into separate and identifiable 

tasks involves clear-cut roles and responsibilities among workers, sliced up into simple 

repetitive tasks and facilitated by piece rate pay and vertical bureaucratic hierarchies, which 

allow for efficient monitoring of worker effort. Although this approach facilitates 

organisational performance, particularly in assembly line environments, it implies a low 

demand for skills and a high level of job dissatisfaction. However, Herzberg’s two-factor 

theory of motivation and job enrichment and the research it spurred in the 1970s, including 

the Job Characteristics model (Hackman and Oldham 1976), emphasises the importance of 

allowing workers to have control over aspects of their job (e.g. timing, methods) for boosting 

their motivation and organisational effectiveness.  

Along with the so-called skill-biased technological change that took place in most 

advanced economies in the 1980s (Katz and Autor 1999), a new organisational paradigm is 

also said to have prevailed that underpinned a rising demand for skills (Caroli and Van 

Reenen 2001). The skill-biased organisational change (SBOC) hypothesis asserts that due to 

rapid changes in global markets and advanced technologies a greater share of firms decided 

to enrich their jobs by allowing for a greater multitasking and employee autonomy, as a 

means of facilitating discretionary effort and motivation among staff.6 This transformation in 

work organisation has subsequently implied greater skill needs on behalf of companies.  

Together, changing work organisation practices and the availability of higher educated 

workforces are believed to have facilitated the interlinked outcomes of higher employee 

engagement, productivity and superior business performance.  

                                                            
6 Some refer to this change as ‘smart working’, ‘an approach to organising work that aims to drive greater 
efficiency and effectiveness in achieving job outcomes through a combination of flexibility, autonomy and 
collaboration, in parallel with optimising tools and working environments for employees’ (CIPD, 2008, p. 4).   
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Prominent theories of job design stress the interaction with human capital and incentives 

when firms decide how to shape and structure tasks in jobs (Lazear 1992; Prendergast 1995). 

As illustrated by Acemoglu and Autor’s (2011) assignment framework, the equilibrium 

assignment of skills to tasks will be determined in accordance with the comparative 

advantage of different skill groups across task categories and the rewards for those tasks. 

Individuals may self-select into challenging jobs with more task discretion depending on their 

own attitudes to learning and other intrinsic preferences and dispositions. Moreover, skill 

demand interacts with the relative supply of skills, both internally and in the external labour 

market. As more workplaces transit towards flatter and horizontal hierarchical structures, 

rendering workers increasingly empowered and independent, higher skilled employees are, in 

turn, more likely to have opportunities to design their own ways of working and maybe even 

shaping their own job descriptions (Syedain 2007; CIPD 2008, p. 19). 

Job design emphasising greater task discretion and employee control has been considered 

to be a key ingredient of the shift to high performance work (HPW) systems (Huczynski and 

Buchanan 2001). HPW systems are concerned with a wider bundle of human resource and 

organisational management practices, including the institution of enhanced channels of 

communication to facilitate employee engagement (e.g. autonomous teams, job rotation, 

quality circles), improved recruitment and training strategies for skill enhancement (e.g. 

careful screening, formal assessment tools and competence management) and the adoption of 

performance targets and reward instruments to incentivise employee motivation (e.g. 

incentive pay) (Applebaum et al. 2000). Empirical  studies tend to show a positive relation 

between HPW practices and measures of organisational performance (Huselid 1995; Bauer 

2004; DTI and CIPD 2006).  There is also broad consensus that the positive impact of HPW 

on firm performance holds only when different ‘bundles’ or clusters of HR practices are used, 

instead of in isolation (Macduffie 1995; Ichniowski et al. 1997). However, the causality and 

the factors that mediate the relationship (e.g. employee commitment; improved information 

flows; skills) is under dispute and is often considered to be a ‘black box’ (Ichniowski and 

Shaw 2003; Bloom and Van Reenen 2011; Cedefop 2012a).   

 
2.2 Business and management strategies, job tasks and skills 

Organisations are heterogeneous entities in nature. Even within particular industries some 

organisations are top performers in terms of the management practices used and others are 

laggards. The World Management surveys have revealed important differences in 

management practices between countries, but, most importantly, they have also highlighted 



7 
 

that marked discrepancies exist within countries and sectors (Bloom and Van Reenen 2007; 

Bloom and Van Reenen 2010; Eurofound 2011).  These diverse management practices, of 

which talent management is a key pillar, can partially account for the residual productivity 

gap between firms, namely the difference in productivity even after taking into account 

dissimilar stocks of factor inputs.   

This diversity of management practices between firms is often the outcome of strategic 

business choices made with the aim of securing competitive advantage, as influenced by 

technological forces, factor input endowments, target markets (e.g. local, regional, 

international) and other relevant factors (e.g. location, marketing strategy, organisational 

culture inter alia). The overall choice and effectiveness of diverse HRM practices is 

dependent on business strategy.7 Firms that adopt business strategies based on product market 

diversification, quality and innovation tend to be accompanied by the design of more 

complex jobs and a higher demand for skills and, subsequently, greater chances of skill 

shortages (Stahl 2013; Cedefop 2015b). The business and product market strategy selected by 

firms will thus be mirrored in differential job design, with marked implications for the 

allocation and utilisation of the skills of staff.   

Wright et al. (1994) have also suggested that the ability of organisations to systematically 

implement HPW practices is intrinsically dependent on the underlying technology of 

production. When production processes are more complex, when it is less costly to convert 

ongoing operations (e.g. as would be the case for younger aged plants) and when the quality 

rather than the quantity of output is critical, HPW practices are more likely to be adopted 

(Lazear and Oyer 2009). The ability of some firms to monitor the effort of employees and to 

sanction poor performance will also determine whether they design jobs that offer more or 

less discretion to their workforce.  

Task heterogeneity is also intimately linked to the quality of employer-employee relations.  

Complex jobs bestow some degree of autonomy to incumbent workers to allow for greater 

flexibility to respond to unpredictable occurrences. As a consequence, they must be 

dependent on high trust relationships between management and the workforce. Employers 

cannot observe or control what employees do to the same extent as in a command and control 

environment. A psychological or relational contract is therefore required between employers 

and workers, which allows employers to have confidence that workers will exercise their 

autonomy to the best interest of the organisation and employers will reciprocate by some 

                                                            
7 An employer survey in the UK, for example, indicated that 69% of establishments agreed with the proposition 
that their HR strategy is closely linked to their business strategy (UKCES 2008). 
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form of gift-exchange. More complex and autonomous jobs may therefore require profound 

changes in organisational culture that take time and commitment to be realised.  

For the aforementioned reasons, several authors have cautioned that the application of 

smart working or HPW principles is contextual and that such work practices cannot be 

universally and uniformly applied to all firms in the economy, leading to potential selectivity 

bias (Ichniowski and Shaw 2003). Furthermore, several other key issues need to be taken into 

account when assessing the effectiveness of HR practices. The drivers (i.e. why would a firm 

adopt them in the first place?), intended outcomes (is the goal to increase productivity, 

profitability, sales, employee job satisfaction etc.?) and the means of implementation (what is 

the best way of incorporating them in the existing business strategy?) are key parameters for 

determining the context under which HR strategies are beneficial for enterprises.   

  From the above it is evident that, a priori, the heterogeneity of tasks among different jobs 

in the labour market is expected to exert an independent yet contextual influence on levels of 

skill demand, with many confounding mechanisms underpinning the relationship. While the 

dataset employed for the empirical analysis in this paper does not contain information on 

several important contextual variables related to organisational strategy, it does permit 

consideration of a number of controls that had not been available in previous empirical 

studies. With the above caveats in mind, the remainder of this paper sets out to investigate the 

empirical relationship between task heterogeneity and skill requirements using data on 22 

countries from the recent OECD PIAAC survey.  

 

3. Data and descriptive statistics 

3.1 The Programme for the International Assessment of Adult Competencies (PIAAC) 

The Survey of Adult Skills is a product of the OECD’s Programme for the International 

Assessment of Adult Competencies (PIAAC) (OECD 2013). The survey is designed to 

provide valid and reliable estimates of adults’ competences in key information‐processing 

skills, including literacy, numeracy and problem solving in technology-rich environments.8 

To achieve this, the respondents undertook assessment tests specifically designed by experts 

to decouple the capacity of adults to respond to the contemporary challenges of knowledge 

economies. The survey also enables the identification of differences in skills proficiency 

between sub‐groups of the population and the impact on their life chances, as it collects 

                                                            
8 Skill scales in all three domains have been constructed using adaptive testing, while plausible values are 
calculated using Item Response Theory (IRT).   
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extensive background information on individuals’ formal and non-formal learning activities, 

educational attainment, employment status, demographic and socioeconomic characteristics.  

A key contribution of PIAAC is that it also contains modules enquiring about the frequency 

of use of several tasks (e.g. reading, writing, numeracy, ICT, cooperating with co-workers, 

instructing people, giving presentations, selling products, planning activities, solving 

complex problems, working physically) in people’s jobs and in their everyday lives.  

 

3.2 Sample used in empirical analysis 

The international public use data files were obtained for 22 countries that participated in the 

PIAAC exercise.9 These were subsequently merged to comprise a file of 152,514 individual 

cases.10  For the purposes of the analysis, the original sample was restricted to include only 

individuals in paid employment at the time of the survey. The self-employed and those 

employed in the armed forces were subsequently dropped so that the sample is only 

comprised of paid civilian employees. To avoid confounding the analysis with individuals 

whose main activity status is not predominantly paid employment, the sample was further 

restricted by relying on the self-reported activity status of individuals during the previous 

year. Cases that regarded themselves to be primarily students, apprentices, disabled, in 

retirement or in the army were deleted, as were very young individuals aged 16-19.11   

Finally, individuals with usual weekly working hours below eight (i.e. those who did not 

complete at least one day of equivalent full time work in a week) were also dropped. The 

final sample is therefore comprised of 80,602 cases. 

The empirical analysis relies only on two of the three domains of skills assessed in 

PIAAC, namely literacy and numeracy.12 The reason is that the assessment of problem-

solving skills in technology-rich environments was only administered to a subgroup of the 

population, namely individuals who reported that they had at least some computer experience 

to enable them to take the computer-based assessment. Including this domain in the analysis 

                                                            
9 Austria, Belgium (Flanders), Canada, Cyprus, the Czech Republic, Denmark, Estonia, Finland, France, 
Germany, Ireland, Italy, Japan, South Korea, the Netherlands, Norway, Poland, the Slovak Republic, Spain, 
Sweden, the United Kingdom (England and Northern Ireland) and the United States. Around 166,000 adults, 
aged 16-65, were interviewed in each country using a combination of computer-assisted and pen-and-pencil 
personal interviews. The achieved samples ranged from a minimum of approximately 4500 to a maximum of 
nearly 27300 in each country/sub-national region.  
10 http://www.oecd.org/site/piaac/publicdataandanalysis.htm  
11 Students and apprentices were excluded as they are often at the cross-roads between work and the educational 
process, often employed in part-time, informal or low-paid jobs for a limited duration of time. 
12 We use Cronbach’s alpha statistic to obtain an aggregate measure of each individual’s skill literacy and 
numeracy level on the basis of his/her ten plausible values obtained from the IRT procedure. 
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would therefore significantly reduce the sample size and introduce non-random selection 

bias. As a consequence, the measures of skills used in the paper only capture the basic 

numeracy and literacy skills of individuals. It is anticipated that if a positive association 

between task complexity and cognitive skills is found, it is reasonable to expect that this 

positive effect may also extend (or even be stronger) for other generic skills. This hypothesis 

is based on literature on HPW, which has typically shown that many of these work practices 

involve the deployment of a wide range of workers’ cognitive and non-cognitive skills in the 

workplace (e.g. problem solving, communication skills) (Whitfield 2000, p. 3). 

 

3.3 Measures of task complexity 

To derive measures of task complexity, a conventional procedure adopted in recent analyses 

in literature was followed (Spitz-Oener 2006; Autor and Handel 2013). Specifically, job tasks 

were modelled and aggregated along four broad dimensions: (i) abstract reasoning, (ii) job 

latitude, (iii) interaction/influencing tasks and (iv) physical/manual work. The information 

used to derive the dimensions of task complexity was compiled from the relevant modules of 

the PIAAC survey, which measure the frequency of use of skills at work, or directly from the 

background questionnaire. The PIAAC scales are defined on a 1-5 scale, such that a higher 

score on the scale corresponds to a higher incidence/importance of the task in terms of 

frequency or percentage of time dedicated to the task (e.g. 1 = never; 5 = everyday). 

Abstract reasoning refers to the ability of individuals to analyse information and solve 

problems on a complex, thought-based level. To engage in abstract reasoning, individuals 

require skills such as the ability to form theories about objects, ideas and processes; 

understand subjects on a complex level through analysis and evaluation; apply knowledge in 

problem-solving using theory and complex analogy and understand relationships between 

ideas and concepts.   

As in Karasek’s (1979) demand-control model of job stress, job or decision latitude refers 

to employees’ control over their tasks and how those tasks are executed. In particular, it 

captures the degree to which the job involves a variety of tasks and/or low levels of task 

repetition, including the ability of employees to influence and make decisions about their own 

job.  

Furthermore, a separate construct capturing the extent of cooperation and influencing 

other people inside or outside of the organization (e.g. clients, co-workers, other external 
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audiences) has been derived. Finally, a direct measure of the frequency of physical work for a 

long period in one’s job has also been adopted.   

To derive the respective indices of task complexity, activities associated with similar 

tasks, as contained in the PIAAC questionnaire, were grouped together, under the condition 

that Cronbach’s alpha reliability coefficient exceeded a value of 0.7. Table 1 summarises the 

process of construction of the main task complexity scales. 13 

[INSERT TABLE 1 ABOUT HERE] 

 

3.4 Indirect measures of skill demand 

Obtaining reliable measures of skill demand is a challenging endeavour. Previous literature 

has attempted to proxy for the skill requirements of jobs using somewhat indirect methods. 

These have typically relied on employment trends in broadly defined occupational or 

educational groups (Cedefop 2012b) or on the average level of educational attainment in 

occupations (Sloane et al. 1999; Groot and Maasen van der Brink 2000; Pouliakas 2012).  

Other measures have included the mean years of work experience required to perform job 

tasks adequately or self-reported measures of the frequency or importance of skills for doing 

one’s job (Cedefop 2015a).  However, most of these are indirect proxies of skill demand and 

suffer from subjectivity bias and an inability to adequately distinguish skill needs from 

endogenous labour supply/effort choice.   

This paper utilises two relatively distinct measures of skill demand, exploiting newly 

proposed measures by Pellizzari and Fichen (2013) and Allen et al. (2013). The first measure 

focuses on the skill level corresponding to workers who are well-matched to their job duties. 

The second attempts to establish a range of ‘usual skills use’ for persons with a comparable 

skill level and is, thus, a measure of the standard intensity of skill use within jobs. Both can 

be considered to constitute proxies of the depth and breadth of skills required so that workers’ 

skills are well-matched/well-utilised in their jobs. The decision to use both approaches in the 

paper as the main dependent variable has been taken given that each measure encapsulates a 

qualitatively different aspect of skill demand (Ashton and Sung 2011). Important, yet 

contentious, methodological challenges have also been identified for either of these two 

measures in literature.   

                                                            
13 The scales are robust to different methods of deriving the task constructs. For example, similar empirical 
results are obtained when the job complexity scales are derived using principal component analysis and each 
scale is derived using the items’ loadings on the first principal component (i.e. one with an eigenvalue above 1). 
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To construct what is known as the OECD measure of skill mismatch, Pellizzari and Fichen 

(2013) rely on direct indicators of workers’ skill proficiency as obtained from the purposely 

designed assessment exercise. They obtain their measure of skill requirements by relying on 

the subjective answers of respondents to dedicated questions in the survey regarding the 

match of their skills with those needed by their jobs. In particular, they assume that minimum 

and maximum thresholds of the skill level demanded in jobs (for a given skill domain) can be 

inferred by the assessed proficiency levels of workers who have self-reported well-matched 

skills i.e. workers who believe their skills correspond well to those required to perform their 

job duties.14 The authors subsequently classify individuals as (objectively) well-matched in a 

proficiency domain if their own proficiency score falls within the “typical skills range” 

required by their occupation in their country, the range defined by the minimum and 

maximum scores as described above (see Figure 1).15 

[INSERT FIGURE 1 ABOUT HERE] 

By contrast, Allen et al. (2013) argue that the OECD measure of skill requirements has 

some methodological flaws as it only takes into account the heterogeneity of skill demand 

within broad (1-digit) occupational categories. Selectivity bias is also likely to affect the 

results, given that the ‘typical skills range’ based on the subjectively matched group is 

obtained from a very small part of the whole sample of employees (9%). The skill 

requirements of this group also tend to be, on average, the lowest compared to other 

population groups (i.e. the self-reported overskilled and underskilled), raising concerns about 

the overall representativeness and unobserved characteristics of this subpopulation. For these 

reasons, the authors focus on the rich battery of questions on the self-reported frequency of 

skills use at work, although this is not without contention too.   

The OECD (2013) has argued that frequency of skill use is a different notion relative to 

the level of skill required to do a job. Nevertheless, Allen et al. (2013) have defended the 

validity of their measure by presenting significant empirical evidence that skill use is quite 

strongly correlated with skill level. However, they insist that their construct primarily 

constitutes a measure of the intensity of use of skills relative to what is usual for workers of a 

                                                            
14 This sub-set of well-matched workers is identified by a negative answer to the following two questions: “do 
you feel that you have the skills to cope with more demanding duties than those you are required to perform in 
your current job?” and “do you feel that you need further training in order to cope well with your present 
duties?”.   
15 For the purposes of this paper we have adopted the more stringent thresholds of Pellizzari and Fichen (2013), 
whereby the lower and upper thresholds of the skills distribution have been cut-off at the 5th and 95th percentiles, 
respectively. 
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given skill level. What constitutes ‘usual skills use’ for a given skill domain is given by cases 

where the difference between the (standardised) skill proficiency level and degree of skill use 

of individuals falls within the range of [-1.5, 1.5] standard deviations around the mean. It is 

thus reasonable to assume that individuals in this group utilise their skills efficiently as part 

of their job tasks. This is true regardless of whether their own skill level corresponds to the 

level most commonly required by their job. 

Utilising both of the aforementioned metrics of skill requirements of jobs is desirable for 

the purposes of our study, given that the focus is on whether task complexity has any 

significant explanatory power on the variation of skill needs between ‘otherwise similar’ 

jobs. Following the above-mentioned methodologies, the distribution of skill needs in our 

study is proxied by what may be considered as ‘normal’ ranges of skill levels and utilisation, 

obtained by individual-job pairs where the skills of persons are well-matched to or well-

exploited in their jobs. In this manner, the analysis is not distorted by the presence of 

individuals whose level of skill diverges from what is required (i.e. either over- or under-

skilled), or whose skill use is unusually high or low with respect to what one would expect 

for their skill level. Utilising this methodology, the final sample is therefore further reduced 

to include only cases of individuals who have skills matched to what is typically required by 

their jobs. For both of the numeracy and literacy skill domains it is found that the level and 

use of skills falls within the range of typical skill requirements for about 81-83% of the 

sample of employees (approximately 65-66 thousand cases).  

 

3.5 Summary statistics 

Table 2 displays descriptive statistics for some of the key variables of interest, in particular 

breakdowns for the main dependent variables used in the empirical analysis of the paper. It is 

evident that, on average, jobs that entail a higher frequency of abstract tasks, or those that 

involve a greater degree of latitude and interactivity in tasks, are associated with a higher 

level of skill requirements and a greater degree of skill utilisation. The reverse holds for jobs 

that depend more frequently on the execution of physical tasks.   

The summary statistics also reveal that there is marked heterogeneity in skill requirements 

and levels of skill use across jobs, even if these jobs are grouped under the same occupational 

or industrial titles, which are typically used in economics research as proxies of skill 
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demand.16 For instance, individuals employed in occupations classified as ‘Managerial’ or 

‘Professional’ need to possess a higher average level of skills to do their jobs relative to those 

in ‘Skilled agriculture’ or ‘Elementary’ occupations. Similarly, the mean level of skill 

demand is higher in the ‘Information and Communication’ or ‘Finance and Insurance’ 

industries compared to employees in ‘Agriculture and Manufacturing’. Nevertheless, it is 

evident that there is significant variance in skill needs within these conventional occupational 

and industrial categories. The level of skill demand is also observed to be greater in larger-

sized workplaces. Furthermore, there is an inverse U-shaped relationship with age, implying 

that prime-aged individuals are employed in more skill-intensive jobs, while individuals with 

higher levels of formal qualifications are also more likely to be in jobs with higher skill 

content.17 Jobs with more stringent hiring requirements in terms of formal educational 

credentials are also characterised by higher cognitive skill needs. 

[INSERT TABLE 2 ABOUT HERE] 

Table 2 highlights that to decouple the independent influence of job design on skill needs, 

it is necessary to account for the aforementioned job and individual characteristics. The 

variance of different tasks across jobs is correlated with these variables, for instance the 

frequency of abstract tasks and of job latitude tends to be higher in certain occupations or 

industries, while there is also significant cross-country variation in the pooled sample.   

 

4. Empirical methodology and main findings 

Following the methodology, as described in the previous section, for approximating skill 

demand and skill use, we have firstly used the information on individuals’ assessed 

competences from the PIAAC dataset in order to establish whether individuals’ skills are 

matched to their jobs. The analysis subsequently exploits the heterogeneity in the objectively-

measured skill levels of matched individuals, namely those who have well-matched/well-

utilised skills in their jobs, as a proxy for the variance of skill demand across different jobs.18  

The robustness of the procedure has been assessed by using various criteria or thresholds to 

establish whether individuals’ skills are matched to their jobs. 

                                                            
16 Although the table illustrates summary statistics for literacy skill requirements, similar patterns are observed 
in the data with respect to numeracy skills. 
17 The terms ‘skill requirements’, ‘skill needs’, ‘skill intensity’ and ‘skill content’ of jobs are used 
interchangeably in the paper. 
18 Although the PIAAC survey collects information on skills at the individual level, the procedure used in the 
paper treats the specific ‘job’ occupied by an individual in the sample as the primary unit of analysis.   
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Given the continuous nature of the dependent variables (i.e. numeracy and literacy skill 

requirement scales) the relationship between job complexity and skill needs is empirically 

estimated using ordinary least squares, on the basis of the following empirical specification:19 

jjjjjsD CXTS   321  (1) 

where SD, the demand for a given cognitive skill domain s (i.e. literacy, numeracy) in a job, j, 

is modelled as a linear function of task design (T) and of other job/individual characteristics 

(X). Country dummy variables (C) are also included in the specification to purge the effect of 

country-specific effects that may account for the variation in skill needs. ε~N(0,σ2) is a 

Gaussian random disturbance term assumed to be identically and independently distributed. 

In all empirical estimations robust standard errors clustered at the country level are estimated.  

The set of regression controls (X) included in the analysis first takes into account a 

number of demand-side characteristics, namely variables descriptive of individuals’ jobs: 

sector of economic activity (NACE), broad occupational groups (1-digit ISCO), type of 

organization (i.e. public, private, non-profit), workplace size, whether the workplace is part of 

a larger organisation, usual weekly hours associated with the job, if the job is contracted for a 

temporary duration20, if it entails supervisory duties or if formal or non-formal training is 

provided. Individual (i.e. supply side) characteristics have also been considered as follows: 

age, gender, highest level of educational attainment, total labour market experience21 and 

attitudes to learning.22   

In a partial equilibrium framework a positive correlation between task complexity and 

skill needs is likely to capture the endogenous allocation of higher skilled individuals to 

complex tasks, in accordance with their comparative advantage in the performance of such 

tasks and higher (expected) market returns. To isolate the effect of job tasks on skill demand 

and to ensure that the relation is not mediated by the greater supply of highly skilled 

applicants, the empirical estimation has also taken into account the formal recruitment criteria 

                                                            
19 A random intercept multilevel model (MLM) has also been estimated that takes into account the country-level 
variation in skill needs in the pooled sample. However, a likelihood ratio test rejects the hypothesis of 
significant differences between the MLM estimates and those of a linear regression. 
20 A temporary post used as a means of addressing short-term business needs is likely to be less critical for the 
continued operation of an establishment and will, thus, entail lower skill needs (Pellizzari 2011).   
21 The analysis has also included employer tenure as a regressor, given that job complexity is likely to be 
correlated with the years an individual is employed in his/her job. However, it was omitted from the final 
empirical specification due to its collinearity with the variable ‘total labour market experience’. 
22 Whether the job holder is a native speaker has also been taken into account, but it is not included in the final 
specification as the information is not available for Austria. 
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(usual qualifications and years of work experience) needed by current job applicants to be 

hired in the job.  

The descriptive statistics for the covariates included in the regression can be found in 

Table A1 in the Annex. 

In order to estimate equation (1), different approaches have been followed that aim to 

identify a match between workers’ skills and job requirements. These approaches enable us to 

map the information on the assessed skill levels of workers onto a given value of a skill 

requirement per job, thus identifying the population of interest for the purposes of the main 

empirical analysis (i.e. the distribution of skill needs of jobs in each country).     

 The results based on the skill domain of literacy are presented in Table 3.23 First, the 

distribution of skill needs is approximated by focusing on individuals with skills matched to 

their job duties based on their own subjective assessment (Model 1). One may argue that it is 

the individual job holders themselves who are in possession of the best information set 

concerning the correspondence of their skills with the tasks required by their jobs. The 

regression shows that jobs rich in abstract reasoning and those that allow for greater job 

latitude, as opposed to jobs involving physical work, are characterised by higher skill 

requirements.   

The self-reported measure of skills matching, used in Model 1, may be subject to self-

reporting bias and it relies on a highly truncated sample. For this reason, the analysis is 

extended to include a wider sample of individuals whose skills fall within a typical ‘range of 

matched skills’ in their occupation, as inferred by the OECD approach described in section 3. 

This methodology classifies individuals as matched if their assessed skill level falls within a 

band, defined by the minimum and maximum skill needs of their own occupation (Models 2, 

3 and 4). Model 2 confirms that the demand for literacy skills is higher in jobs that entail a 

greater degree of autonomy and frequency of abstract reasoning tasks, while it decreases in 

the frequency of physical tasks. Model 3 shows that these results are robust to the 

introduction of individual worker controls.  

Job design is likely to be correlated with other characteristics of the firms in which 

individuals are employed, such as business and product market strategy, the technological 

frontier of production, the quality of industrial relations and other HR practices. It is thus 

                                                            
23 The regression estimates for the domain of numeracy skills are provided in Table A2 in the Annex. 
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expected that the coefficient on T may overestimate the impact of job tasks on skill 

requirements.24  

To take some of these endogenous influences into account, the empirical specification 

further considers the extent to which a job involves learning work-related things from 

colleagues and supervisors (a proxy for the interpersonality of work relations and the extent 

of informal learning in the workplace); the frequency of having to keep up to date with new 

products and services (a proxy for the product market strategy of the individual’s employer); 

and the level of computer use (i.e. basic, moderate or advanced) needed to perform the job (a 

proxy for the technological frontier of the job). Moreover, the hourly earnings for wage and 

salary earners has also been considered in the regression framework as a further robustness 

check, although it is clear that this variable is endogenously related to both job tasks and 

skills. However, to the extent that the wage can be considered a posted wage (Hall and 

Krueger 2012; Brenzel et al. 2014), it would reflect the overall ability of the organization to 

pay for skills. Model 4 shows that the main empirical relation between job tasks and skill 

demand is robust to the introduction of the aforementioned additional organizational 

variables. This is true even if the magnitude of the estimated coefficients is somewhat 

reduced, as part of the effects is captured by the inclusion of these additional variables in the 

regression framework. 

Finally, the estimation is replicated on a sample of jobs in which individuals’ skills are 

effectively used, the extent of skill use measured via the self-reported frequency of tasks 

scales available in the PIAAC survey (Model 5).25 Although this derived variable is not, 

strictly speaking, a measure of the distribution of required skill levels across diverse jobs, it 

captures the extent to which an individual’s use of skills falls within a range that is normal for 

a person with a comparable skill level (Allen et al. 2013).  

In contrast to the positive impact of abstract reasoning and of job latitude on the skill 

requirements of jobs, mixed effects are found for jobs that differ according to whether they 

involve a higher frequency of interactive tasks with clients or co-workers. While such jobs 

are found to be correlated with a better utilisation of workers’ skills they are, nonetheless, 

associated with jobs of a lower cognitive skill level.26  

                                                            
24 At the same time and to the extent that tasks are measured with error the coefficient on T will be biased 
toward zero and will tend to produce a conservative estimate of the impact of tasks on skill requirements. 
25 An alternative estimation approach is to model the conditional distribution of skill use relative to the assessed 
skill level of an individual i.e. G(skill use|skill level).  Adopting such an approach confirms the empirical 
estimates as reported in section 5.  The results are available from the authors upon request.   
26 The  empirical results also bear out that required literacy and numeracy levels increase with the size of the 
workplace and are positively related to the provision of (formal or non-formal) training opportunities as part of 
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          [INSERT TABLE 3 ABOUT HERE] 

5. Robustness checks 

To check the robustness of the positive relationship between task complexity and skill 

requirements, as shown in Table 3, equation (1) has been estimated using a more refined 

occupational classification at the 2-digit level in the control set.27 It is generally observed in 

the PIAAC dataset that there is significant heterogeneity in the assessed skill levels of 

individuals and, by extension, in the skill requirements of jobs within 1-digit occupational 

groups. Table 4 confirms that the statistically significant positive coefficients of abstract 

reasoning and job latitude persist in spite of the inclusion of a finer occupational granularity 

in the regression.28   

   [INSERT TABLE 4 ABOUT HERE] 

Moreover, the measure of skill requirements based on the OECD approach has been re-

constructed so that the minimum and maximum thresholds of skills, which define whether an 

individual’s literacy skills are matched to those required by his/her job, are derived on the 

basis of the more detailed 2-digit occupational groups. This is done because the main OECD 

measure of skill requirements used in Table 3 has been criticised, on the grounds that it 

reduces the heterogeneity of skill demand to a small number of broad (1-digit) occupational 

categories (Allen et al. 2013).  

In particular, the distribution of the assessed literacy skills of well-matched individuals has 

been extracted for each country and 2-digit occupational group separately.29 Employees are 

subsequently deemed to have a literacy skill level that is matched to what their job requires if 

their assessed level falls within the ‘typical skills band’ of their respective 2-digit 

occupational group. Following this methodology, the sample of employees with matched 

skills (which is a proxy for skill needs) falls to 76%, as opposed to 83% which was the case 

with the original OECD measure. Despite this new construct, the regression coefficients in 

                                                                                                                                                                                         
the job.  The estimates show that individuals with higher educational qualifications and positive attitudes to 
learning are in jobs with high skill requirements. Also jobs requiring more years of education on behalf of 
current job applicants tend to be characterized by high skill requirements 
27 For the sake of space constraints, Table 4 only reports the outcome of the robustness tests for the skill domain 
of literacy.  The respective estimations for numeracy are available from the authors upon request. 
28 Given the limited number of observations, the regression has been executed under the condition that 2-digit 
occupational groups with at least 100 observations in each cell are taken into account.  In addition, information 
at the 2-digit occupational level only exists for 18 OECD countries, so 4 countries (Austria, Canada, Estonia and 
Finland) have been dropped from the analysis. 
29 As before, the condition that there are at least 10 observations in each cell has been applied. 
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Table 4 confirm that the positive and statistically significant impact of complex job design on 

skill demand is robust.   

Column (5) in Table 4 also contains the results of an additional test undertaken to confront 

concerns about the potential lack of representativeness of the main empirical relation 

estimated in Table 3. In particular, it may be argued that sample selection bias could arise due 

to the fact that the main regression omits cases where the informational content of people’s 

skills could not be directly translated to a measure of the skill content of their jobs. This is 

true for individuals classified as either overskilled or underskilled for their jobs, for whom it 

is not feasible to make a direct mapping of their assessed skills to the level required by their 

job. Given that the non-matched part of the sample comprises of 17% of the total population 

of adult employees in the 22 countries, we have investigated whether this missing sample 

could potentially affect the main regression estimates.  

Selectivity bias could influence the main empirical relation if the complexity of job tasks 

and other job characteristics were non-randomly distributed between workers with matched 

and non-matched skills. A cursory review of the distribution of the observable job 

characteristics in the data across the different categories of workers (matched, underskilled 

and overskilled) reveals some, albeit limited, differences. For instance, underskilled workers 

are more likely to be concentrated in high-skilled occupational groups (e.g. 24.5% are 

Professionals as opposed to 17% of matched workers), whereas the overskilled have a greater 

concentration towards semi- or low-skilled occupations (e.g. 20% are in market sales and 

services and 11% in elementary jobs, in contrast to 17% and 7% for the matched, 

respectively). Employees with matched skills also have a greater tendency to be employed in 

the public sector (31%, whereas the same holds for 27% of the overskilled and 28% of the 

underskilled).  

To take the truncated part of the sample into account, we have therefore used the values of 

the upper (for the overskilled) and the lower (for the underskilled) threshold of skills within 

each individual’s occupation as a proxy for the skill content of their job. The main regression 

of cognitive skill demands on the nature of task complexity within people’s jobs has been 

subsequently repeated, albeit with coverage of the entire sample of jobs of the employee 

workforce of the 22 countries. As can be seen in the last column of Table 4, the sign and 

statistical significance of the regression coefficients on the variables of task complexity 

remains unaffected, although the size of the effects is reduced. 

Finally, in order to explore the heterogeneity in the estimated effect further, the impact of 

task complexity on skill needs has been estimated per each 2-digit level occupational group. 
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A statistically significant coefficient of task complexity within such detailed job groupings, 

clearly defined according to the similarity of the tasks and duties performed, would reinforce 

the argument that there can be markedly different skill requirements between firms that 

employ varied job design principles.   

Table A3 in the Appendix displays the estimated OLS regression coefficients of the 

relation between job design and skill demands in each of 23 occupational groups. For the 

purposes of statistical validity, the analysis has been constrained to include only groups with 

at least 1000 observations in total (across all countries in the sample). Even when focussing 

on more homogeneous groups of professions, such as science and engineering professionals 

or personal care workers, a statistically significant positive effect of abstract reasoning and of 

job latitude prevails in the majority of cases.             

 

6. Conclusions 

This paper set out to establish a significant link between job complexity and the skill demand 

and skill utilisation of jobs. The heterogeneity of job complexity in advanced economies has 

been articulated via the adoption of four constructs, which describe people’s daily activities at 

work according to the frequency of abstract reasoning, employee latitude, interactivity and 

physical work. The skill content of jobs has been operationalised by focusing the analysis on 

jobs in which workers’ skills are matched to the level that is required to perform them. 

Using rich information collected as part of the recent OECD-PIAAC survey, the empirical 

analysis in this paper has confirmed that there exists a positive and statistically significant 

link between the degree of task complexity and the cognitive skill requirement of jobs. As the 

empirical methodology controls for the formal levels of human capital and the learning 

disposition of workers, who tend to be attracted to more complex jobs, as well as other 

important variables that mediate the relationship, it is confirmed that task complexity exerts 

an independent influence on skill demand both between and within occupations. 

Several unobserved organizational characteristics may affect the skill content of jobs, so 

the results presented in this paper should be treated as associations. The recent HRM 

literature has advanced a dynamic vision of job design that sees workers playing an active 

role in shaping (crafting) their jobs (and the tasks included). In this case, the analysis in the 

paper would suffer from reverse causation and the link found would reflect the ability of 

skilled workers to craft their jobs (Berg et al. 2013; Nielsen 2013). However, there is little 

empirical support for this thesis. HR departments of organizations usually have a tight control 
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on the way that jobs are designed and the process of bundling tasks to jobs usually constitutes 

the starting point of the job crafting process (and any changes take place at the margin). 

Moreover, while some personal characteristics have been associated with an individual 

inclination to craft own jobs, no significant correlation has been found between cognitive 

ability and the likelihood of engaging in the job crafting process (Lyons 2008). The HRM 

literature has also tended to characterise workers’ inclination towards the personalization of 

the set of their job tasks though specific avenues: (i) Extra Role Behaviour (taking up 

additional tasks outside the workers’ role in the organization) (Van Dyne et al. 1995); (ii) 

Organizational citizenship behaviour - taking up additional tasks to help colleagues (Organ 

1997; Organ et al. 2006), and (iii) Contextual performance (Borman and Motowidlo 1993; 

Motowidlo and Van Scotter 1994). A cursory review of the literature (mainly based on the 

US labor market) reveals that personality traits are generally linked to these behaviours rather 

than cognitive ability (Morgeson et al. 2005; Bakker et al. 2012) . 

Our paper has interesting policy implications. With the marked rise in educational 

attainment in developed countries and with the generalized increase in the supply of skills, 

more attention should be paid by policy makers to the issue of skills utilisation in addition to 

policies that promote further skill development (e.g. training). This requires policies that will 

support organizations in their adoption of more advanced business and product strategies and 

encourage them to adopt more complex job design (Sung and Ashton 2015). This is a worthy 

policy objective since, while some organizations make full use of the skills in their 

workforce, others “through inertia, lack of understanding or philosophical reluctance, remain 

ignorant of the benefits of smart working and the performance improvement that it can bring” 

(CIPD 2008).  Maitland and Thomson (2011) also argue that, despite the benefits the HPW, 

the diffusion of such practices across organisations can be slow given that “old habits die 

hard” and since some employers are unwilling to “shift in culture and mindset”.  In light of 

the enormous variation in managerial practices that is reported in the literature (Bloom and 

Van Reenen 2007; Bloom and Van Reenen 2010; Eurofound 2011; Syverson 2011; 

Eurofound 2012; Card, Heining et al. 2013), it therefore becomes clear that there is wide 

scope for supporting organizations in designing better and smarter jobs. 
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Table 1 Indicators of task complexity and of frequency of job tasks 

Type of tasks in job 

Cronbach’s 
alpha scale 
reliability 
coefficient 

Abstract reasoning 0.7 
How often are you usually...?  
- Faced by relatively simple problems that take no more than 5 minutes to find a good 
solution;  
- Confronted with more complex problems that take at least 30 minutes to find (think of) a 
good solution. 

 

Job latitude & control 0.8* 
To what extent can you choose or change...? 
- the sequence of your tasks; 
- how to do your work; 
- the speed or rate at which you work; 
- your working hours. 
 
How often does your job usually involve...? 
- Plan your own activities; 
- Organise your own time. 

 

Interaction & influence 0.8** 
In your job, what proportion of your time do you usually spend...? 
- Cooperating or collaborating with co-workers;  
 
How often does your job usually involve...? 
- Sharing work-related information with co-workers;  
- Instructing, training or teaching people, individually or in groups;  
- Making speeches or giving presentations in front of five or more people;  
- Selling a product or selling a service; 
- Advising people; 
- Plan the activities of others; 
- Persuading or influencing people;  
- Negotiating with people either inside or outside your firm or organisation. 

 

Physical work  
How often does your job usually involve...? 
- Working physically for a long period 

 

Notes: In your job, what proportion of your time do you usually spend on...?  1 = None of the time  5 = All of 
the time; How often does your job usually involve...? 1 = never  5 = Every day; To what extent can you choose 
or change...? ...?  1 = Not at all  5 = To a very high extent. * correlation coefficient with OECD’s (2013) 
measure of task discretion = 0.8; ** correlation coefficient with OECD’s (2013) measure of influence = 0.9; 
Source: OECD Survey of Adult Skills (PIAAC) 
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Figure 1 Distribution of assessed literacy skills and skill requirements by occupation 

 

Notes: Literacy skill requirements are based on the distribution of assessed literacy test scores of individuals 
with matched skills in each occupational group, as derived using the OEDC approach.  ISCO1 and ISCO2 
categories have been merged while ISCO6 has been dropped due to limited sample sizes. 
Source: OECD Survey of Adult Skills (PIAAC) 
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Table 2 Summary statistics (mean, s.d), skill needs and use by key variables  

 Literacy skill requirements 
Literacy 
skill use 

 
Mean 
(s.d) 

Min Max 
Mean 
(s.d) 

By task frequency 

Abstract: High 
286.1 
(34.8) 

122.6 377.9 
3.1 

(0.7) 

Abstract: Low 
269.3 
(38.3) 

88.2 373.0 
2.4 

(0.8) 

Latitude: High 
287.7 
(34.9) 

106.0 377.9 
3.1 

(0.7) 

Latitude: Low 
271.0 
(37.9) 

88.2 372.9 
2.6 

(0.8) 

Interaction: High 
286.2 
(33.7) 

147.9 372.5 
3.3 

(0.6) 

Interaction: Low 
274.9 
(38.2) 

88.2 377.9 
2.6 

(0.8) 

Physical: High 
262.5 
(36.9) 

88.2 366.9 
2.4 

(0.8) 

Physical: Low 
288.9 
(34.0) 

107.2 377.9 
3.0 

(0.7) 
By occupation 

Legislators, senior officials and managers 
297.0 
(31.0) 

185.2 377.9 
3.4 

(0.5) 

Professionals 
300.9 
(29.5) 

146.1 374.0 
3.2 

(0.6) 

Technicians and associate professionals 
284.7 
(30.4) 

163.1 354.1 
3.0 

(0.6) 

Clerks 
277.6 
(30.2) 

173.7 355.4 
2.9 

(0.7) 

Service workers and shop and market sales workers 
262.2 
(33.9) 

113.4 343.3 
2.4 

(0.8) 

Skilled agricultural and fishery workers 
232.1 
(39.7) 

94.6 313.4 
2.1 

(0.9) 

Craft and related trades workers 
258.5 
(33.6) 

118.9 331.1 
2.3 

(0.8) 

Plant and machine operators and assemblers 
255.6 
(34.6) 

119.1 343.0 
2.1 

(0.7) 

Elementary occupations 
237.5 
(37.8) 

88.2 322.4 
1.7 

(0.7) 
By sector 

Agriculture, forestry, fishing 
268.2 
(38.9) 

119.1 358.4 
2.6 

(0.9) 

Manufacturing 
273.9 
(37.2) 

137.0 367.4 
2.6 

(0.9) 

Construction 
268.6 
(36.0) 

112.1 377.8 
2.6 

(0.8) 

Wholesale & retail trade 
268.1 
(38.1) 

120.5 372.5 
2.5 

(0.8) 

Transportation & storage 
279.6 
(37.5) 

131.8 368.9 
2.7 

(0.8) 

Accommodation & food service 
284.2 
(38.5) 

106.0 375.7 
2.9 

(0.8) 

Information & communication 
294.9 
(33.6) 

130.9 370.6 
3.2 

(0.7) 
Financial and insurance activities 292.3 88.2 372.9 3.1 
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(34.6) (0.7) 

Real estate activities 
282.2 
(40.5) 

124.2 367.7 
2.9 

(0.8) 

Professional, scientific and technical activities 
286.0 
(35.5) 

130.5 373.0 
3.0 

(0.7) 

Administrative and support service activities 
286.0 
(36.3) 

112.1 369.6 
3.0 

(0.8) 

Public administration & defence 
278.7 
(36.1) 

118.9 377.9 
2.9 

(0.8) 

Education 
283.3 
(35.4) 

135.7 366.3 
2.9 

(0.7) 

Human health & social work 
276.4 
(35.5) 

113.4 365.3 
2.8 

(0.7) 

Arts, entertainment & recreation 
274.4 
(39.3) 

142.5 362.2 
2.7 

(0.9) 

Other service activities 
264.6 
(43.0) 

107.2 356.4 
2.4 

(1.0) 

Activities of households as employers 
222.8 
(36.6) 

114.6 281.7 
1.3 

(0.5) 

Activities of extraterritorial organizations and bodies 
271.8 
(33.0) 

216.6 333.6 
3.0 

(0.8) 
By firm size 

1-10 
268.4 
(37.8) 

88.2 375.7 
2.5 

(0.9) 

11-50 
275.9 
(37.3) 

106.0 377.8 
2.7 

(0.8) 

51-250 
279.5 
(37.4) 

94.6 370.6 
2.8 

(0.8) 

251-1000 
282.7 
(36.6) 

113.4 374.0 
2.9 

(0.8) 

>1000 
287.9 
(35.8) 

117.7 377.9 
3.0 

(0.7) 
By level of education 

High 
294.5 
(31.9) 

123.4 377.9 
3.1 

(0.6) 

Medium 
268.6 
(33.8) 

115.2 377.8 
2.5 

(0.8) 

Low 
242.9 
(38.0) 

88.2 357.3 
2.0 

(0.8) 

Total sample 
276.6 
(37.8) 

88.2 377.9 
2.7 

(0.8) 
Notes: A high level of task frequency is defined by scores that take a value greater than 4 in the respective 
derived scales; Literacy skill requirements are based on the distribution of assessed literacy test scores of 
individuals with matched skills in each occupational group, as derived using the OEDC approach; 
Literacy skill use is only measured for a sample of well-matched workers, based on approach of Allen et 
al. (2013) (scale range min = 1, max = 5). 
Source: OECD Survey of Adult Skills (PIAAC) 

 

   



30 
 

Table 3 The impact of task frequency on literacy skill demand and skill use 

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

Subjective 
OECD 

Only job 
OECD Job & 

Individual 
OECD 

Extra job 
Skill use 

(matched) 

Frequency of tasks           

Abstract reasoning 4.510*** 2.902*** 2.130*** 1.878*** 0.116*** 

(0.381) (0.224) (0.206) (0.192) (0.007) 

Job latitude 3.807*** 2.578*** 2.169*** 1.454*** 0.072*** 

(0.761) (0.454) (0.378) (0.397) (0.007) 

Interaction -0.448 0.009 -1.001*** -0.943*** 0.190*** 

(0.615) (0.347) (0.342) (0.282) (0.004) 

Physical work -2.094*** -1.649*** -1.617*** -1.294*** -0.039*** 

(0.284) (0.143) (0.139) (0.127) (0.004) 

Firm size      

11-50 workers 2.082* 1.346** 0.996** 0.356 0.007 

  (1.089) (0.487) (0.415) (0.532) (0.008) 

51 - 250 workers 5.175*** 2.667*** 2.168*** 1.301** 0.014 

  (1.324) (0.583) (0.469) (0.540) (0.011) 

251 - 1000 workers 4.650*** 4.161*** 3.426*** 2.193** 0.013 

  (1.420) (0.888) (0.718) (0.809) (0.017) 

> 1000 workers 6.038*** 4.809*** 3.899*** 2.620*** 0.004 

(ref: 1-10) (1.985) (0.824) (0.682) (0.706) (0.014) 
Years of education needed to get the 
job if apply today 1.717*** 1.601*** 0.890*** 0.637*** 0.035*** 

(0.215) (0.131) (0.112) (0.124) (0.002) 

Formal or non-formal training 4.260** 3.846*** 2.249** 1.139 0.158*** 

(1.526) (0.982) (0.839) (0.847) (0.006) 

Male 0.792 1.563*** 1.336*** 0.087*** 

(1.320) (0.408) (0.385) (0.007) 

Highest level of education      

Medium 14.531*** 11.984*** 10.047*** 0.126*** 

(2.561) (1.752) (1.605) (0.017) 

High 27.262*** 19.801*** 16.434*** 0.187*** 

(2.361) (1.673) (1.413) (0.020) 

Attitudes to learning 4.512*** 3.195*** 3.383*** 0.117*** 

(0.865) (0.576) (0.636) (0.005) 
Job often involves learning work-related 
things from co-workers or supervisors 3.977*** 

(ref: never) (0.979) 
Job often involves keeping up to date 
with new products and services 3.320*** 

(ref: never) (0.700) 
Level of ICT use needed to perform 
job      

Moderate 5.028*** 

(0.548) 

Complex 4.653*** 

(ref: straightforward) (0.863) 

Hourly gross earnings    √  

Occupation dummies (1-digit) √ √ √ √ √ 

Industry dummies √ √ √ √ √ 

Country dummies √ √ √ √ √ 

Constant 195.974*** 248.547*** 243.023*** 250.239*** 0.360*** 

(5.317) (2.424) (4.484) (6.244) (0.039) 

Observations 6,199 57,173 57,076 41,060 55,554 
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R-squared 0.455 0.378 0.418 0.364 0.621 
Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; additional control variables include: 
type of organization (private, public, non-profit); part of larger organisation; more than 1 year of work experience 
needed to get job; fixed-term job; job involves supervisory duties; individual’s age ( 5 age group dummies); years of 
paid work; usual weekly hours of work; column (4) also includes 9 dummies capturing hourly gross earnings in 
deciles.  
Source: OECD Survey of Adult Skills (PIAAC) 

  

 

 

Table 4: Robustness tests of the impact of task frequency on literacy skill demand 
  (1) (2) (3) (4) (5) 

 

Subjective 
OECD 

Job & Individual 
Skill use 

(matched) 

OECD  
(defined by 2-

digit ISCO 
groups) 

OECD  
(with proxy skill 

demand for non-
matched 
workers) 

Frequency of 
Tasks    

  

Abstract 
reasoning 

4.485*** 2.135*** 0.103*** 2.377*** 1.919*** 

(0.522) (0.286) (0.005) (0.201) (0.164) 
Job latitude 4.147*** 1.874*** 0.079*** 2.336*** 1.792*** 

(0.970) (0.383) (0.005) (0.453) (0.370) 
Interaction -1.046 -0.605 0.198*** -1.187*** -0.936*** 

(0.973) (0.454) (0.005) (0.301) (0.316) 
Physical work -1.913*** -1.337*** -0.031*** -1.807*** -1.563*** 

(0.241) (0.152) (0.004) (0.173) (0.138) 
ISCO 2-digit 2-digit 2-digit 1-digit 1-digit 
Constant 219.027*** 251.671*** 0.469*** 246.185*** 254.054*** 

(8.029) (7.078) (0.055) (5.595) (3.016) 
No of countries 18 18 18 22 22 
Observations 4,371 38,223 37,857 52,354 65,517 
R-squared 0.466 0.438 0.633 0.381 0.360 
Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; The regressions also include the full 
list of explanatory variables shown in Table 3. 
Source: OECD Survey of Adult Skills (PIAAC) 
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Annex 

Table A1 Descriptive statistics of key explanatory variables, pooled sample of adult 
employees (aged 20-65) in 22 countries  
Variable Mean (%) 

(s.d.) 

Sector  

The private sector  66.6% 

2 The public sector  30.4% 

3 A non-profit organisation  3.0% 

Industry  

1 Agriculture, forestry, fishing 6.0% 

2 Manufacturing 23.7% 

3 Construction 6.9% 

4 Wholesale & retail trade 6.9% 

5 Transportation & storage 4.0% 

6 Accommodation & food service 3.9% 

7 Information & communication 2.6% 

8 Financial and insurance activities 3.5% 

9 Real estate activities 3.6% 

10 Professional, scientific and technical 7.2% 

11 Administrative and support service activities 8.2% 

12 Public administration & defence 10.8% 

13 Education 5.6% 

14 Human health & social work 5.4% 

15 Other service activities 1.8% 

Occupation (1-digit) 

1 Legislators, senior officials and managers 7.8% 

2 Professionals 21.6% 

3 Technicians and associate professionals 17.3% 

4 Clerks 10.8% 

5 Service workers and shop and market sales 16.7% 

6 Skilled agricultural and fishery workers 0.7% 

7  Craft and related trades workers 9.9% 

8 Plant and machine operators and assemblers 7.8% 

9 Elementary occupations 7.4% 

Workplace size  

1 1 to 10 people  24.1% 

2 11 to 50 people  31.6% 

3 51 to 250 people  23.8% 

4 251 to 1000 people  12.3% 

5 more than 1000 people 8.2% 

Part of a larger organisation  

1 Yes 63.2% 

2 No 36.8% 

Usual weekly hours of work  
38.9  

(10.6) 

Hiring requirements: Educational qualifications (years) 
12.9  
(3.3) 

Hiring requirements: Work experience  

1 None 25.0% 

2 <1 month 5.1% 
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3 1-6 months 16.2% 

4 7-11 months 7.0% 

5 1-2 years 23.0% 

6 >3 years 23.8% 

Fixed-term contract  

1 An indefinite contract  80.2% 

2 A fixed term contract  13.3% 

3 A temporary employment agency contract  1.4% 

4 An apprenticeship or other training scheme 0.4% 

5 No contract  3.7% 

6 Other 1.0% 

Supervisory duties 

1 Yes 30.5% 

2 No 69.5% 

Training (formal or non-formal education for job-related reasons in last 12 months) 

1 Yes 

0 No 52.5% 

Human capital: Highest level of educational attainment 47.5% 

1 Low 12.1% 

2 Medium 45.1% 

3 High 42.8% 

Human capital: Work experience (years paid work) 
19.4  

(11.9) 
Gender  

1 Male 48.9% 

2 Female 51.1% 

Age groups  

1 <24 8.8% 

2 25-34 23.8% 

3 35-44 25.9% 

4 45-54 25.4% 

5 >55 16.0% 

Attitudes to learning (a = 0.9) 
3.68  

(0.71) 
Job often involves learning work-related things from co-workers or supervisors 68.9% 

Job often involves keeping up to date with new products and services 65.8% 

Level of ICT use needed to perform job  

Straightforward 32.0% 

Moderate 60.4% 

Complex 7.6% 
Notes:  The scale attitudes to learning is derived as a Cronbach’s alpha of the following items: (i) When I hear or 
read about new ideas, I try to relate them to real life situations to which they might apply; (ii) I like learning new 
things; (iii) When I come across something new, I try to relate it to what I already know; (iv) I like to get to the 
bottom of difficult things; (v) I like to figure out how different ideas fit together; (vi) If I don't understand something, 
I look for additional information to make it clearer. 
Source: OECD Survey of Adult Skills (PIAAC) 
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Table A2: The impact of task frequency on numeracy skill demand 

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

Subjective 
OECD 

Only job 
OECD Job & 

Individual 
OECD Extra 

job 
Skill use 

(matched) 
Frequency of 
tasks      

Abstract reasoning 4.547*** 3.381*** 2.442*** 2.137*** 0.092*** 

(0.404) (0.205) (0.192) (0.158) (0.005) 

Job latitude 4.138*** 3.171*** 2.626*** 1.412*** 0.112*** 

(0.720) (0.473) (0.395) (0.489) (0.006) 

Interaction -0.869 -0.471 -1.418*** -1.391*** 0.149*** 

(0.788) (0.336) (0.349) (0.299) (0.006) 

Physical work -2.449*** -1.994*** -1.916*** -1.449*** -0.071*** 

(0.284) (0.147) (0.149) (0.129) (0.005) 
Control variables 
[as in Table 3] √ √ √ √ √ 
Occupation 
dummies (1-digit) √ √ √ √ √ 

Industry dummies  √ √ √ √ √ 

Country dummies √ √ √ √ √ 

Constant 183.615*** 246.270*** 236.634*** 250.336*** 0.665*** 

 (5.421) (2.435) (3.330) (4.246) (0.054) 

Observations 6,199 57,603 57,505 41,368 55,336 

R-squared 0.488 0.400 0.439 0.389 0.444 
Notes: Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1.   
Source: OECD Survey of Adult Skills (PIAAC) 
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Table A3 Effect of task complexity on literacy skill requirements by 2-digit occupational group 

Notes: Robust s.e. in parenthesis; * p < 0.1; ** p < 0.05; *** p < 0.01; The regressions have controlled for the full set of explanatory variables as shown in Table 3. 
Source: OECD Survey of Adult Skills (PIAAC) 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Administrative 
and 

commercial 
managers

Production 
and 

specialised 
services 

managers 

Science and 
engineering 

professionals 

 Health 
professionals

Teaching 
professionals

Business and 
administration 
professionals 

Legal, social 
and cultural 

professionals

Science and 
engineering 
associate 

professionals

 Health 
associate 

professionals

Business 
and 

administratio
n associate 

professionals 

General and 
keyboard 

clerks

Customer 
services 
clerks

Abstract reasoning 0.637 1.215 1.719* 2.223*** 2.186** 2.730** 0.657 3.197*** -0.024 1.476** 0.588 -0.711
(1.219) (1.549) (0.931) (0.756) (0.785) (1.028) (0.906) (0.774) (0.927) (0.558) (0.806) (1.077)

Job latitude 3.450** 1.063 0.316 0.062 3.728*** 3.585** 1.773* -0.691 2.791** 1.901** 4.838*** 1.742
(1.590) (1.228) (1.000) (0.652) (1.034) (1.257) (1.009) (0.847) (1.159) (0.748) (0.573) (1.297)

Interaction -0.002 -2.380* -0.242 -0.453 -0.944 -3.477*** -1.646 -3.117 1.638 -2.133** -0.312 0.669
(2.102) (1.186) (1.293) (1.163) (0.929) (1.186) (1.831) (1.859) (1.503) (0.885) (1.214) (1.222)

Physical work -1.671** -2.612*** -1.835*** -2.515*** -1.259*** -1.465 -2.405*** -0.840* -0.938* -1.531*** 0.003 0.462
(0.579) (0.816) (0.497) (0.402) (0.351) (0.919) (0.669) (0.458) (0.537) (0.326) (0.627) (1.134)

Constant 275.210*** 262.219*** 284.975*** 227.096*** 238.690*** 243.589*** 280.984*** 250.840*** 256.110*** 270.692*** 243.138*** 222.627***
(13.583) (12.839) (15.745) (14.450) (13.413) (10.802) (10.629) (7.600) (13.078) (7.172) (6.100) (8.041)

Observations 1,011 1,183 1,328 1,534 3,311 1,401 1,123 1,431 1,059 2,831 1,180 750
R-squared 0.265 0.240 0.281 0.231 0.222 0.279 0.238 0.330 0.282 0.243 0.372 0.284

(13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23)

Numerical and 
material 

recording 
clerks

Other 
clerical 
support 
workers

 Personal 
service 
workers 

 Sales 
workers 

 Personal 
care workers

Building and 
related trades 

workers

Metal, 
machinery 
and related 

trades 
workers

Stationary 
plant and 
machine 
operators

 Drivers and 
mobile plant 

operators 

 Cleaners 
and helpers

Labourers in 
mining, 

construction, 
manufacturing

Abstract reasoning 2.227*** 2.404* 1.978** 2.726*** 2.427*** 2.165*** 2.061** 3.390*** 3.896*** 1.908 4.766***
(0.609) (1.332) (0.707) (0.867) (0.626) (0.508) (0.749) (0.891) (0.994) (1.208) (1.032)

Job latitude 3.028*** 2.953** 1.505 -0.540 -0.500 2.111** 0.356 3.676** 0.733 3.247*** 2.849
(0.844) (1.197) (1.104) (0.711) (0.642) (0.802) (1.393) (1.429) (1.117) (1.034) (1.641)

Interaction -1.885 -0.087 1.711 0.662 1.270 0.738 0.208 -0.696 -1.445 1.700 1.168
(1.185) (1.066) (1.187) (0.815) (0.779) (1.459) (1.891) (1.321) (1.633) (1.599) (2.493)

Physical work -1.784*** -0.585 -1.062* -0.787*** -0.422 0.306 -0.963 0.247 -1.613** -0.075 -0.609
(0.473) (0.338) (0.581) (0.267) (0.349) (1.498) (0.827) (0.987) (0.713) (1.005) (1.101)

Constant 251.137*** 225.143*** 238.778*** 243.706*** 238.860*** 210.526*** 233.944*** 228.280*** 242.873*** 199.748*** 208.134***
(7.971) (11.278) (6.557) (5.641) (7.091) (15.904) (11.992) (10.519) (6.718) (10.548) (12.891)

Observations 1,404 755 1,510 2,719 2,090 1,130 1,094 924 1,206 1,047 876
R-squared 0.288 0.295 0.315 0.279 0.271 0.243 0.229 0.346 0.216 0.221 0.235




